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Abstract

Machine learning models for diabetes classification frequently encounter issues
with data leakage and inconsistent validation methodologies, rendering perfor-
mance evaluations unreliable. This study presents a machine learning framework
that mitigates data leakage and integrates fold-contained pre-processing with
multi-seed stratified 10-fold cross-validation to guarantee fair evaluation. We
examined six models: Logistic Regression, Random Forest, Feedforward Neural
Network, Backpropagation Neural Network, General Regression Neural Network
(GRNN), and Artificial Bee Colony Optimised Feedforward Neural Network.
We conducted analyses on the Pima Indians Diabetes Dataset and the Early-
Stage Diabetes Risk Dataset. In Dataset 1, models attained ROC–AUC values
ranging from 0.76 to 0.84, with the GRNN model demonstrating the highest
performance (AUC = 0.837 ± 0.002). Logistic Regression (AUC = 0.832) and
Random Forest (AUC = 0.829) produced similar outcomes. Dataset 2 exhib-
ited superior performance, with GRNN achieving an AUC of 0.998, followed by
ABC-FFNN (AUC = 0.991) and FFNN (AUC = 0.982). The calibration results
indicated that GRNN excelled in probability estimation.
Statistical analysis confirmed notable performance differences among selected
model pairs. The proposed framework enhances the reliability and reproducibility
of diabetes classification research, facilitating a more comprehensive machine
learning evaluation in healthcare environments.

Keywords: Diabetes Prediction, Machine Learning, Data leakage, Statistical model
comparison.
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1 Introduction

Diabetes mellitus is a major public health concern worldwide because it is becoming
more common and can lead to serious long-term problems with the heart, kidneys,
and metabolism. It’s important to find risky people early on so that their health can
be kept in check and problems can be avoided [1]. Recently, researchers have been
looking into how machine learning can be used to predict diabetes based on clin-
ical data that is collected on a regular basis. Neural network models have shown
their usefulness in sorting data on benchmark datasets like the Pima Indian Dia-
betes Dataset [2],[3]. People are worried about how reliable and reproducible medical
machine learning results are, especially when experimental pipelines allow data leak-
age, selective reporting, or not enough of a difference between model tuning and
testing [4]. These kinds of methodological problems can make performance estimates
too high and make predictive models less useful in the real world. This study presents
a machine learning evaluation framework that is impervious to leaks and evaluates the
effectiveness of foundational machine learning models and neural network architec-
tures in systematically forecasting diabetes risk. The study investigates models that
utilise two frequently used public datasets: the PIMA Indian Diabetes dataset and the
Early-Stage Diabetes Risk dataset.

The next part looks at research that uses baseline machine learning models and
neural networks to predict diabetes. This summary talks about the latest changes in
predictive modelling and gives a list of some of the most common algorithms and how
to test them.

It also talks about the problems with the methods used in earlier studies. This
review looks at these studies to come up with the theoretical and methodological
framework for the current research:

Machine learning has changed the way diabetes is managed, going from static
classification to dynamic, cloud-based decision support and remote monitoring systems
[3],[4],[5]. These frameworks focus on scalability and real-time risk assessment, and
they often use ML fusion techniques to combine predictive power from different clinical
settings [4],[5]. However, even though the technical infrastructure for deployment has
improved, the methods used often put raw predictive performance ahead of the strict
validation needed for clinical safety. This focus has made the field more scattered, with
reports of high accuracy but no proof that the models work well in the real world.

A lot of recent research has been about making input data more reliable by using
advanced pre-processing and feature engineering. For example, K-Nearest Neighbour
imputation and tri-ensemble models have been used to deal with the common problem
of missing medical records [6]. Other researchers have used gender-specific cohorts
or community follow-up data to find unique risk patterns [7],[8]. A growing number
of studies have combined ”black-box” models with clinical trust to close the gap.
Explainable AI and SHAP-based interpretability can help find clinically important
features [9],[10],[11],[12]. Even though there have been advancements in how data is
handled and how clear it is, there is still a major methodological gap: data leakage
and model calibration are not always taken into account.

The ”reliability gap” is most apparent in the reporting of performance metrics
across standardised datasets such as PIMA [8],[13],[14]. Many studies are exceptionally
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accurate, but a systematic review of 40 progression models found that less than 2% of
published papers report important clinical metrics like calibration scores (MCE/Brier
Score). This implies that most of the models which are currently available are best
at telling the difference between things (accuracy) but don’t make sure that their
predicted probabilities match actual clinical risk [15].

Early diabetes prediction is essential for avoiding serious problems like kidney fail-
ure and heart disease, which is why it is a major focus of ML applications [10],[16].
This literature review discovers that leakage-free validation, calibration analysis, and
formal statistical testing are not always used, even though ML is widely used because
it can map non-linear physiological patterns. ”Optimal bias” and a lack of statistical
rigour slow down the move from research to clinical practice without these. The cur-
rent study specifically addresses this fragmentation by providing a machine learning
framework that doesn’t leak and systematically tests six baseline and neural network
models on two diabetes datasets using multi-seed stratified 10-fold cross-validation
with fold-contained preprocessing. This work sets a new standard for openness and
reproducibility in the creation of clinically useful diabetes risk assessment tools by
combining Brier scores for calibration and DeLong/McNemar tests for statistical sig-
nificance. Below is a comparison of different ways to predict the risk of diabetes (see
Table 1).

Table 1 Comparison of Recent Diabetes Classification Studies and the Present Study on diabetes risk prediction with
the proposed leakage-free machine learning framework.

Study Datasets Models Used Evaluation Strategy Calibration Analysis Statistical Test Best Model

[10] DS 22 Ensemble Split (80/20) Not Reported Yes Acc:98.2%
[16] DS 11 RNN Split (70/30) Not Reported Not Reported Acc:89.2%
[13] DS 1 Random Forest 10-Fold CV Not Reported Not Reported Acc:79.1%
[5] DS 3 3 SVM Split (80/20) Not Reported Not Reported Acc:94.8%
[15] DS 1 Random Forest 10-fold CV Not Reported Not Reported Acc:95.3%
[14] 40 Papers Various ML Mixed Rare (≤2) Not Reported Varied
Current DS 1/DS 2 LR,GRNN, Leakage-Free 4 Yes Yes Acc:99.8%

1Pima Indians Diabetes
2Early-Stage Diabetes Risk
3Standard Diabetes Dataset
4Leakage-Free Multi-Seed Stratified 10-Fold CV

The comparison in Table 1 clearly demonstrates the ”reliability gap” in current
diabetes prediction research that this paper seeks to address. Many of the recent
studies, like those by Laila et al., Reddy et al., and Ramesh et al., report impressive
performance metrics. However, they often use standard train/test splits or basic cross-
validation strategies that are prone to data leakage and optimistic bias.

The table makes it clear that clinical calibration, that is essential for healthcare
purposes, is almost never mentioned in recent literature. Nazirun et al. discovered that
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it was used in less than 2% of the papers that they examined. Conversely, the cur-
rent study stands out because it uses a leakage-free evaluation framework that goes
well beyond simple accuracy metrics by integrating calibration analysis and formal
statistical significance testing. This ensures that the GRNN model’s outstanding per-
formance on Dataset 2 (AUC: 0.998) is based on a stringent, consistent, and clinically
validated method, which creates a higher standard for transparency in the field.

2 Methods

This section discusses how the dataset was prepared, the ways it was preprocessed,
exactly how the model architectures were set up, the way the validation framework
was set up, precisely how the performance was measured, and the ways the statistical
comparison was performed, in addition to how reproducibility procedures were set up
to validate diabetes classification models in a design that didn’t allow any leaks. We
implemented a strict validation protocol that prevented all information from testing
subsets from affecting the training process. This was valid for all preprocessing and
model evaluation steps.

2.1 Dataset Description

The current study used two publicly accessible diabetes datasets to evaluate the pro-
posed framework. The initial source is the Pima Indians Diabetes Database [17], which
contains 768 records from women who are 21 years old or older and live near Phoenix,
Arizona. The dataset includes physiological measurements like glucose concentration,
blood pressure, insulin level, body mass index (BMI), skin thickness, diabetes pedigree
function, age, and number of pregnancies. It additionally includes a binary outcome
variable that shows whether or not diabetes is present. This dataset is composed
of standard clinical measurements performed in a lab and is often used to compare
different diabetes classification models.

The second dataset is the Early-Stage Diabetes Risk Dataset [18], which contains
520 records of individuals who were checked for early signs of diabetes. This dataset is
different from the PIMA dataset because it focuses on symptom-based indicators and
demographic information, such as polyuria, polydipsia, sudden weight loss, weakness,
polyphagia, genital thrush, visual blurring, itching, irritability, delayed healing, partial
paresis, muscle stiffness, alopecia, obesity, age, and gender. The outcome parameter
shows whether a person has diabetes or not, which allows for a binary classification
of early diabetes risk.

A summary of both datasets is provided in Table 2.

4



Table 2 Summary of datasets used in the study

Dataset Samples Features Type of Variables Target

DS 11 786 8 predictors Clinical measurements Diabetes (0/1)
DS 22 520 16 predictors Symptoms + demographic Diabetes (0/1)

1Pima Indians Diabetes
2Early-Stage Diabetes Risk

2.2 Dataset Pre-Processing

Since two datasets with different types of characterized were used, pre-processing
was done separately for each dataset, while maintaining a consistent, leakage-free
evaluation framework.

2.3 Pre-Processing of the PIMA Indians Diabetes Dataset

The PIMA Indians dataset contains eight continuous clinical variables and one binary
target variable, indicating whether an individual has diabetes or not. Before training
the model, the following steps were taken to prepare the data:

1. The values that were missing or did not make sense from a biological point of
view (like glucose, BMI, or blood pressure) were treated as missing.

2. To avoid data leakage, these values were handled using the right imputation
procedures based on the training data in each cross-validation fold.

3. We used min-max normalization to scale all of the numeric variables. The scaling
parameters were only estimated from the training data of each fold and then used
on the test fold that went with it.

This fold-wise preprocessing ensured that no information from the test data
influenced model training.

2.4 Pre-Processing of the Early-Stage Diabetes Risk Dataset

The Early-Stage Diabetes Risk dataset mainly has demographic and categorical symp-
tom indicators that are useful for finding diabetes early. The following preprocessing
steps were applied:

1. Binary symptom indicators were encoded using numerical representations (0/1).
2. Categorical variables, such as gender, were encoded using appropriate schemes.
3. Continuous variables such as age were normalized using min–max scaling.

As with Dataset 1, all preprocessing steps were done in each cross-validation fold.
This made sure that the test data was never seen during training.
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2.5 Hyperparameter Configuration

Model Type Hyperparameter Configuration Selection Rationale

Logistic Regression Regularization L2 Stability and preventing
overfitting.

RF Number of Trees 100 Balanced computational
cost and performance.

FFNN / BPNN Hidden Layer Size Predefined input Optimized for input
feature space.

FFNN / BPNN Activation Function Sigmoid Standard for binary
classification tasks.

GRNN Spread Parameter Empirically Selected Maximizing local
generalization.

ABC-FFNN Population Size Predefined Based on ABC
optimization standards.

ABC-FFNN Iteration Count Fixed across runs Ensuring reproducibility
and convergence.

Table 3 Hyperparameter Configuration for Evaluated Models

All hyperparameters remained constant across folds to ensure consistent evalua-
tion.

2.6 Leakage-Free Evaluation Protocol

In order to make sure that the model evaluation was accurate, all of the preprocessing
steps were done after the training–testing split in each cross-validation fold. This
protocol makes sure that no information from the test folds affects preprocessing,
training the model, or tuning the hyper-parameters.

Specifically:

1. The dataset was first partitioned using stratified K-fold cross-validation.
2. Preprocessing parameters were learned only from the training subset.
3. These parameters were then applied to the corresponding test subset.
4. Model training and evaluation were performed independently for each fold.

This procedure prevents information leakage and ensures an unbiased estimate of
model performance.
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Algorithm 1 Leakage-Free Preprocessing and Model Evaluation

1: Input: Dataset D = (X, y), number of folds K
2: Output Cross-validated model performance metrics

1. Partition the dataset D into K stratified folds.
2. For each fold k=1,. . . ,K :

• Define training set The training set is denoted as Dtrain and test set Dtest

• Estimate normalization parameters from training data:

Xnorm =
X −Xmin

Xmax −Xmin

(1)

where Xmin and Xmax are computed only from Dtrain

3. Apply the learned transformation to both:
• Dtrain

• Dtest

4. Train the machine learning model using normalized Dtrain

5. Evaluate the model using unseen Dtest

6. Store performance metrics (Accuracy, Sensitivity, Specificity, AUC, F1-score)
7. Repeat across all folds and random seeds
8. Report mean ± standard deviation across runs

This evaluation strategy prevents information leakage between training and testing
data and ensures reliable estimation of model generalization performance [19].

The leakage-free preprocessing and evaluation procedure adopted in this study is
illustrated in Figure 1, which contrasts the typical machine learning evaluation pipeline
with the fold-wise preprocessing strategy used in this work.
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Fig. 1 Illustrates the difference between a typical machine learning evaluation pipeline and the
leakage-free evaluation framework adopted in this study.

2.7 Machine Learning Approaches

2.7.1 Back Propagation Neural Network

A lot of neural network models use a multi-layer feedforward network. BP usually
takes place on the output layer. The weights and thresholds are changed by sending
errors from the output neurons back to the input layer and using them to change the
weights of the input layer. This gives you the errors of the hidden layer and the least
error sum of squares [20].

2.7.2 Generalized Regression Neural Network

GRNNs, however, don’t need to be trained again and again like back-propagation
networks do. It determines a random function over the input-output pairs and employs
the training data to determine what the function represents. Additionally, as the size
of the training set grows, the error goes down, leaving only small functional limits.
There are usually four layers in a GRNN: input, pattern, summation, and output [21].

2.7.3 Feed Forward Neural Network

A conventional neural network is based on machine learning technologies that work
well and can learn from a lot of data. Feed-forward neural networks take data from
the input layer and move it through the network’s hidden layers until it gets to the
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output layer. Neurons that hold two values, a bias and weights, transmit data values
across a network from one layer to the other. The neurons interconnect the nodes in
a layer to the next layer. Additionally, there are no connections between the (n+1)
layer and the (n) layer in a Feed Forward Neural Network. In this case, there is no
feedback between the layers, and data is stored and mapped in the forward direction
without returning to the previous layer’s data status [22].

2.7.4 Logistic Regression

Logistic Regression (LR) is a statistical classification model that is frequently employed
in medical prediction tasks, as it is simple to comprehend and can predict the proba-
bility of a binary outcome. The model employs a logistic sigmoid function to turn the
log-odds of the target variable into probabilities ranging from 0 to 1. It does this by
linearly combining the input features. Logistic Regression is widely utilized in clinical
risk prediction models due to its provision of clear decision boundaries and inter-
pretable feature contributions. In this study, we used Logistic Regression as a baseline
classifier to set a simple but useful standard for judging how well neural network mod-
els can predict outcomes in the same cross-validation framework without any leaks.
The researchers utilized similar methods in studies that use clinical datasets to predict
diabetes using machine learning techniques [23].

2.7.5 Random Forest

Random Forest (RF) is an ensemble learning method that builds several decision
trees during training and incorporates their predictions to make classification more
accurate and stable. Each tree is trained on a bootstrap sample of the dataset, as well
as when the nodes are split, random feature subsets are used. This results in trees
less correlated and allows them to generalise better. Random Forest models can find
nonlinear relationships and complex interactions between features that are often found
in clinical datasets. Random Forest algorithms have been widely used in healthcare,
including predicting diabetes risk, because they are exceptionally effective at making
accurate predictions and tend to overfit. This study utilised Random Forest as a
nonlinear baseline model for comparison against neural network architectures within
the identical, leakage-free evaluation framework [24].

2.7.6 Cross-Validation Strategy

Amulti-seed stratified 10-fold cross-validation strategy was employed for both datasets
to obtain reliable and unbiased estimations of how effectively a model performed.
The application of machine learning studies typically suggest employing stratified
cross-validation to obtain reliable outcomes when testing models [25].

Stratified partitioning: The original class distribution remained unchanged while
splitting each dataset into 10 folds.

Training and testing: In each iteration, 9 folds were used for training, and 1 fold
was used for testing, ensuring that every sample served as test data exactly once.
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Multi-seed evaluation: The cross-validation process was carried out additionally with

multiple random seeds in order to make the evaluation more reliable.

• 20 seeds: Logistic Regression, Random Forest, Plain FFNN, GRNN.
• 5 seeds: BPNN, ABC-FFNN.

This resulted in:

• 20 × 10-fold = 200 model evaluations for baseline models and FFNN/GRNN.
• 5 × 10-fold = 50 model evaluations for BPNN and ABC-FFNN.

In addition, the model evaluation details are illustrated in Table 4.

2.8 Leakage-free Preprocessing and Evaluation Algorithm

All preprocessing steps (median imputation and min–max normalization) were fitted
only on the training folds and then applied to the corresponding test fold. The complete
evaluation process, including the algorithm, is summarized below:

Algorithm 2 Leakage-Free Model Evaluation

1: Input: Dataset D = (X, y), number of folds K
1. Partition the dataset into stratified folds
2. For each fold:

• Define training and testing sets
• Estimate preprocessing parameters from training data
• Apply transformations to testing data
• Train model
• Evaluate predictions

3. Store performance metrics
4. Repeat across seeds
5. Report mean ± standard deviation

This algorithm ensures complete separation between training and testing data.
Consistency across datasets: The same evaluation protocol was applied to both

Dataset 1 (Pima Indians Diabetes Dataset) and Dataset 2 (Early-Stage Diabetes Risk
Dataset) to ensure a fair comparison despite differences in data characteristics.

No test data were used during tuning. All models were executed under multiple
independent random seeds, and performance is reported as:
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M = m̄± σ (2)

Where:

• m represents the mean performance metric across seeds
• σ represents the standard deviation across seeds

2.9 Statistical Analysis

Statistical comparisons were conducted using:

• DeLong Test — AUC comparison
• McNemar Test — classification accuracy
• Paired t-test
• Wilcoxon signed-rank test

Statistical significance was defined as:

p < 0.05 (3)

These tests were used to verify whether observed performance differences were
statistically meaningful.
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2.10 Leakage-Free Diabetes Prediction Workflow

Fig. 2 Workflow of the proposed leakage-free diabetes classification framework. Multi-seed stratified
10-fold cross-validation was used to split the datasets into groups. To keep information from leaking,
all preprocessing steps were done only on training folds. We used classification, discrimination, and
calibration metrics to evaluate the models, and then we used statistical testing to make sure that the
comparisons between models were reliable.

2.11 Model Evaluation

Evaluation of both classical and neural network models using an identical leakage-free
preprocessing and cross-validation framework facilitates an equitable comparison of
their predictive performance. It provides an overall view of how effectively the model
performs in predicting diabetes.
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Table 4 Model Architectures and Configuration Parameters for Both Datasets

Model Datasets Arch (I–H–O) Training Algorithm Seeds Key Parameters

LR Dataset 11 16-1 LBFGS 20 L2 reg, max iter = 1000

LR Dataset 22 8-1 LBFGS 20 L2 reg, max iter = 1000

RF Dataset 1 8→T→1 Bagging 20 Trees=200, Min leaf=5, all
predictors

RF Dataset 2 16→T→1 Bagging 20 Trees=200, Min leaf=5

FFNN Dataset 1 8–200–1 SCG 20 Cross-entropy, 85/15 split

FFNN Dataset 2 16–200–1 SCG 20 Cross-entropy, 85/15 split

BPNN Dataset 1 8–200–1 LM 5 Mean squared error loss

BPNN Dataset 2 16–200–1 LM 5 Mean squared error loss

GRNN Dataset 1 8–200–1 RBF 20 Spread parameter = 0.2

GRNN Dataset 2 16–200–1 RBF 20 Spread parameter = 0.2

ABC-FFNN Dataset 1 8–200–1 ABC + FFNN 5 ABC for initial weights

ABC-FFNN Dataset 2 16–200–1 ABC + FFNN 20 Hidden neurons = 200

1Pima Indians Diabetes
2Early-Stage Diabetes Risk

Table 4 demonstrates that baseline models such as logistic regression and random
forests do not employ hidden layers. This implies that their architectures are only
based on the total number of input features and the output prediction. Neural network
models had one hidden layer with 200 neurons. This indicates the aforementioned
PIMA dataset had architectures of 8–200–1 and the Early-Stage Diabetes Risk dataset
had architectures of 16–200–1. The size of the hidden layer was chosen based on
early tests and the most common configurations used in neural network-based medical
prediction studies.

To evaluate model stability and mitigate the influence of random initialization,
experiments were conducted using various random seeds. 20 seeds were used to test
baseline models and feed-forward neural networks. 5 seeds were used to test more
complex models like BPNN and ABC-FFNN.

2.12 Performance Metrics

Performance was evaluated using accuracy, sensitivity, specificity, F1-score, ROC-
AUC, Brier score, calibration intercept, and Calibration slope. Uncertainty was
quantified using 2000 bootstrap resamples of pooled out-of-fold predictions. [26].

These metrics were computed as:
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Accuracy =
TP + TN

TP + TN + FP + FN
(4)

Sensitivity =
TP

TP + FN
(5)

Specificity =
TN

TN + FP
(6)

F1 =
TP

TP + FP + FN
(7)

BS =
1

n

n∑

i=1

(pi − yi)
2 (8)

This is the most common form, where n is the number of predictions, pi is the
predicted probability, and yi is the actual outcome (0 or 1)

Calibration intercept and slope were estimated using logistic recalibration: α β

(logit(P (yi = 1|πi)) = α+ β · logit(πi) (9)

Performance metrics were calculated for each seed and fold combination. The final
reported results correspond to the mean and standard deviation across seeds, expressed
as Metricmean ± SD.

In addition to these classification metrics, Receiver Operating Characteristic
(ROC) analysis was conducted, and the Area Under the ROC Curve (AUC) was com-
puted to evaluate the models’ ability to discriminate between diabetic and non-diabetic
cases across different decision thresholds.

The same evaluation metrics and reporting procedure were applied to both datasets
to ensure a consistent and fair comparison of model performance.

3 Result

3.1 Experimental Evaluation Overview

This section presents the results of the tests that were done to see how well the
proposed machine learning framework for diabetes risk prediction works without any
leaks. The analysis compares baseline machine learning models with neural network-
based methodologies using two datasets: the Pima Indians Diabetes dataset (Dataset
1) and the Early-Stage Diabetes Risk dataset (Dataset 2). A leakage-free multi-seed
cross-validation framework was used to test the model’s performance using several
discrimination, classification, and calibration metrics. We examined a range of various
metrics to see how well the model worked, such as accuracy, sensitivity, specificity,
F1-score, ROC–AUC, Brier score, and calibration statistics. The subsequent sections
show the results in terms of how effectively the models can identify differences between
the two groups, how effectively the models can calibrate, precisely how well they can
compare models using multiple metrics, and how accurately they can test for statistical
significance between models that are competing with each other.
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3.2 Model Discrimination Performance

The receiver operating characteristic (ROC) curve and the area under the ROC curve
(AUC) were used to see how well the models could tell the difference between things.
These metrics gauge the models’ capacity to differentiate between diabetic and non-
diabetic cases at various classification thresholds.

Figure 3 shows the ROC curves for the models that did the best on both datasets.
The models for Dataset 1 (PIMA) show moderate discrimination ability, with AUC
values between about 0.76 and 0.84. The mean AUC value for Logistic Regression was
the highest (0.832), followed closely by GRNN (0.831) and Random Forest (0.829).
This shows that the top models don’t perform very differently from each other.

Fig. 3 ROC Curves for the top-performing models on Dataset 1 and Dataset 2 are presented. All
evaluated models achieved AUC values exceeding 0.97.

In contrast, Dataset 2 showed much better discrimination performance, with all
of the models tested obtaining AUC values higher than 0.97. The AUC value for
GRNN was the highest (0.9976), followed closely by the AUC values for ABC-FFNN
and Random Forest. Statistical comparisons, however, showed that not all pairwise
differences between models were statistically significant (Table 5). This means that
the differences in performance that were seen should be taken with a grain of salt.

15



To further illustrate cross-dataset differences, Figure 4 summarizes mean ROC–
AUC values across models. In the two datasets, Dataset 2 consistently showed better
discrimination performance than Dataset 1. This difference probably indicates that
the symptom-based dataset has better class segregation than the clinical-measurement
dataset.

Fig. 4 Model Discrimination Performance across Two Diabetes Datasets, where Dataset 2 shows
outstanding performance compared to Dataset 1 on each model.

Overall, these results indicate that several models achieved comparable discrimi-
nation performance on Dataset 1, while GRNN demonstrated the highest numerical
discrimination performance on Dataset 2.
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3.3 Calibration Performance

Calibration analysis was conducted to evaluate the reliability of predicted probabil-
ities. Calibration curves and reliability diagrams are presented in Figure 5, while
quantitative calibration statistics were assessed using Brier score, calibration slope,
and intercept metric.

Fig. 5 Calibration Curves and Predicted Probability Distributions. The calibration curves show
that high discrimination does not necessarily imply perfect probability calibration. While several
models achieved strong AUC values, deviations from the diagonal reference line indicate residual
miscalibration, particularly for some neural network models.

For Dataset 1, logistic regression demonstrated relatively stable calibration
behaviour with predicted probabilities closely aligned the ideal calibration line across
several probability bins. The GRNN model achieved the best Brier score (0.157 ±

0.001) and a calibration slope of 0.936 ± 0.007, indicating well-calibrated probability
estimates.

For Dataset 2, the calibration curves indicate that most models produce highly
confident predictions due to the strong separability of the dataset. The predicted
probability distributions show clear clustering near the extremes of the probability
range, reflecting the high classification performance observed in this dataset.

Overall, calibration analysis shows that the GRNN model gives accurate probabil-
ity estimates in both cases.
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3.4 Multi-Metric Model Comparison

To provide a comprehensive comparison of model performance across multiple evalua-
tion metrics, a radar chart visualization was generated for the top-performing models.
This visualization simultaneously presents six performance metrics: accuracy, sensi-
tivity, specificity, F1-score, ROC-AUC, and calibration performance. The radar chart
shown in Figure 6 compares the performance of four representative models: logistic
regression, random forest, GRNN, and ABC-FFNN, across both datasets.

Fig. 6 Presents a radar chart comparing the top-performing models across six evaluation metrics
for both datasets. The metrics include accuracy, sensitivity, specificity, F1-score, ROC–AUC, and
calibration performance.

For Dataset 1, the GRNN model exhibits the most balanced performance across
all metrics, particularly in sensitivity and F1-score, which are important indicators
for identifying positive diabetes cases. Logistic regression and random forest demon-
strate comparable performance, while the ABC-FFNN model shows slightly lower
performance across several metrics.

For Dataset 2, the radar chart indicates that all models achieve consistently high
performance across all metrics, reflecting the strong predictive signal present in the
dataset. However, GRNN again demonstrates the most consistent performance across
the evaluation dimensions.
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These results highlight the robustness of the GRNN model and confirm its abil-
ity to achieve strong predictive performance across both clinical and symptom-based
datasets.

3.5 Statistical Significance of Model Comparisons

To determine whether observed performance differences between models were statis-
tically significant, several paired statistical tests were conducted.

Pairwise statistical comparisons were conducted using DeLong’s test for ROC–
AUC differences and McNemar’s test for classification accuracy differences. Pairwise
significance matrices for Dataset 1 and Dataset 2 are presented in Figures 8 and 9.
These heatmaps visualize pairwise p-values obtained from DeLong tests comparing
the ROC–AUC scores of different models, while detailed comparison statistics are
summarized in Tables 5 and 6.

The heatmap in Figure 7 illustrates pairwise comparisons of ROC–AUC values
between all evaluated models. Lower p-values (warmer colours) indicate statistically
significant differences between model discrimination performances, while higher p-
values (cooler colours) indicate comparable performance. For Dataset 1, most pairwise
comparisons yielded moderate to high p-values, indicating relatively similar discrim-
ination capability among several models. However, statistically significant differences
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Fig. 7 Statistical Significance Matrix (DeLong Test p-values) on Dataset 1 (PIMA)

p < 0.05 were observed between selected neural network models and baseline classi-
fiers, suggesting localized performance improvements rather than uniformly superior
performance.
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Table 5 Statistical comparison of models on Dataset 1 (PIMA)

Model Com-
parison

∆AUC DeLong z p-value Acc. Diff McNemar
p-value

Interpretation

LR vs RF −0.003 0.370 0.711 0.003 0.916 Not significant

LR vs FFNN −0.018 1.800 0.072 −0.020 0.159 Not significant

LR vs BPNN −0.032 2.683 0.007 −0.020 0.164 LR better

LR vs
GRNN

−0.001 0.147 0.883 −0.005 0.689 Not significant

LR vs ABC-
FFNN

−0.067 4.572 < 0.001 −0.050 0.003 LR better

RF vs FFNN −0.015 1.393 0.164 −0.022 0.143 Not significant

RF vs BPNN −0.028 2.615 0.009 −0.022 0.115 RF better

RF vs
GRNN

0.002 0.271 0.787 0.003 0.921 Not significant

RF vs ABC-
FFNN

−0.064 4.899 < 0.001 −0.052 0.001 RF better

FFNN vs
BPNN

−0.014 1.209 0.227 0.000 0.921 Not significant

FFNN vs
GRNN

0.017 1.680 0.093 0.025 0.079 Not significant

FFNN vs
ABC-FFNN

−0.049 3.416 < 0.001 −0.030 0.064 FFNN better

BPNN vs
GRNN

0.031 2.821 0.005 0.025 0.088 GRNN better

BPNN vs
ABC-FFNN

−0.035 3.093 0.002 −0.030 0.047 BPNN better

GRNN vs
ABC-FFNN

−0.066 4.911 < 0.001 −0.055 0.001 GRNN better
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Fig. 8 Statistical Significance Matrix on Dataset 2 (Early Diabetes Risk)

The heatmap in Figure 8 visualizes pairwise statistical comparisons of ROC–AUC
performance across all evaluated models. Lower p-values indicate statistically signif-
icant differences in discrimination ability, while higher values indicate comparable
model behaviour. In contrast to Dataset 1, Dataset 2 exhibits fewer statistically
significant differences across many model pairs, reflecting the consistently high pre-
dictive performance achieved across models. Nevertheless, statistically significant
improvements were observed for selected neural network architectures, particularly
in comparisons involving the GRNN model, highlighting its superior discrimination
capability in the symptom-based dataset.
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Table 6 Statistical comparison of models on Dataset 2 (Early Diabetes Risk)

Model Com-
parison

∆AUC DeLong z p-value Acc. Diff McNemar
p-value

Interpretation

LR vs RF −0.005 0.392 0.695 0.015 0.216 Not significant

LR vs FFNN 0.002 0.201 0.841 0.023 0.045 FFNN better

LR vs BPNN 0.031 2.363 0.018 0.023 0.052 BPNN better

LR vs
GRNN

0.013 0.811 0.417 0.019 0.144 Not significant

LR vs ABC-
FFNN

0.018 1.413 0.158 0.023 0.082 Not significant

RF vs FFNN 0.007 0.650 0.516 0.008 0.455 Not significant

RF vs BPNN 0.036 2.577 0.010 0.008 0.524 BPNN better

RF vs
GRNN

0.018 1.042 0.297 0.004 0.845 Not significant

RF vs ABC-
FFNN

0.023 1.707 0.088 0.008 0.524 Not significant

FFNN vs
BPNN

0.029 2.638 0.008 0.000 1.000 BPNN better

FFNN vs
GRNN

0.011 0.755 0.450 −0.004 0.791 Not significant

FFNN vs
ABC-FFNN

0.016 1.578 0.115 0.000 1.000 Not significant

BPNN vs
GRNN

−0.018 1.180 0.238 −0.004 0.804 Not significant

BPNN vs
ABC-FFNN

−0.013 1.164 0.244 0.000 1.000 Not significant

GRNN vs
ABC-FFNN

0.005 0.324 0.746 0.004 0.815 Not significant

3.6 Confusion Matrix Analysis

To further examine class-wise diagnostic behavior, pooled confusion matrices were
constructed across all outer test folds and random seeds under the leakage-free eval-
uation framework. Figure 9 illustrates the row-normalized confusion matrices for all
evaluated models, highlighting class-specific prediction behavior.

For Dataset 1, Logistic Regression demonstrated strong identification of non-
diabetic cases 87.9%, while Random Forest achieved the highest detection of diabetic
cases 63.0%. GRNN achieved the highest specificity 91.4% but comparatively lower
sensitivity 48.0%, indicating strong identification of non-diabetic individuals but
reduced detection of positive cases.
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Fig. 9 Row-normalized confusion matrices for baseline and neural network models under leakage-
free multi-seed cross-validation. Percentages represent class-wise prediction proportions, and counts
in parentheses indicate pooled observations aggregated across folds and random seeds.

Fig. 10 Row-normalized confusion matrices for baseline and neural network models on the Early-
Stage Diabetes Risk dataset under leakage-free multi-seed cross-validation. Each cell represents the
proportion of predictions for the corresponding true class.

For Dataset 2, all evaluated models demonstrated high sensitivity and specificity
values. GRNN and ABC-FFNN achieved balanced classification performance, with
sensitivity and specificity values exceeding 0.95. These results are consistent with the
strong discrimination performance observed in Dataset 2.
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Overall, confusion matrix analysis highlights meaningful differences in class-
wise diagnostic behavior and emphasizes the importance of considering sensitiv-
ity–specificity trade-offs in model evaluation.

3.7 Decision Curve Analysis

Decision curve analysis was conducted to evaluate the potential decision relevance
of selected models across clinically relevant threshold probabilities. The results are
presented in Figure 11.

Fig. 11 Decision Curve Analysis Evaluation Across Clinically Relevant Threshold Probabilities for
both Datasets.

For Dataset 1, Net Benefit values remained relatively modest across threshold
ranges, reflecting the moderate discrimination performance observed in this dataset.
Logistic Regression and Random Forest demonstrated slightly improved Net Benefit
compared with alternative models at intermediate thresholds.

For Dataset 2, higher Net Benefit values were observed across a broader range of
threshold probabilities, reflecting the strong predictive signal present in the symptom-
based dataset. GRNN and ABC-FFNN demonstrated slightly higher Net Benefit
across several threshold values compared with baseline models.
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However, these findings should be interpreted as preliminary evidence of potential
decision relevance rather than definitive clinical utility. External validation on inde-
pendent datasets is required before drawing conclusions regarding real-world clinical
implementation.

4 Discussion

4.1 Interpretation of Model Performance Across Datasets

This study evaluated the performance of multiple machine learning and neural net-
work models for diabetes classification using a leakage-free multi-seed cross-validation
framework across two publicly available datasets. The results demonstrate that sev-
eral models achieved comparable predictive performance on Dataset 1 (Pima Indians
Diabetes dataset), while consistently higher discrimination performance was observed
on Dataset 2 (Early-Stage Diabetes Risk dataset).

For Dataset 1, performance differences among Logistic Regression, Random For-
est, and GRNN were relatively small. Logistic Regression achieved the highest mean
ROC–AUC value, while GRNN demonstrated competitive classification performance,
particularly in terms of specificity and Brier score. However, statistical testing indi-
cated that the discrimination difference between Logistic Regression and GRNN
was not statistically significant (p = 0.883), suggesting that these models exhib-
ited comparable predictive capability. These findings emphasize that classical baseline
models remain competitive when evaluated under leakage-free conditions and robust
validation schemes.

In contrast, substantially higher performance levels were observed across all models
for Dataset 2. GRNN achieved the highest numerical ROC–AUC and strong calibration
performance, although multiple pairwise comparisons did not demonstrate statisti-
cally significant differences between leading models. These results suggest that while
GRNN demonstrated favorable performance characteristics, superiority claims should
be interpreted within the broader context of dataset characteristics and statistical
uncertainty.

4.2 Influence of Dataset Characteristics on Model Performance

Comparing Dataset 1 and Dataset 2 gives us significant information about how the
structure of data affects how well it can predict outcomes. Dataset 1 mainly consists
of clinical measurements, such as physiological and biochemical variables, that might
have distributions that are similar for both diabetic and non-diabetic people. This
natural overlap is probably what makes the models’ discrimination performance just
moderate.

Dataset 2, on the other hand, has indicators based on symptoms,including polyuria,
polydipsia, abrupt weight loss, and weakness. These characteristics are closely related
to diabetes status, which means that classes can be easily separated. Because of this,
almost all the models did a great job in separating Dataset 2, with ROC–AUC values
above 0.97. These results show that there is a strong predictive signal in the dataset,

26



but they also show that the distance between features and targets may have an effect,
where highly predictive symptoms might make classification tasks easier.

It is important to note that near-perfect performance in dataset 2 does not mean
that the model can predict anything. Instead, these results show how important it is
to test prediction models on different datasets that have different demographic details
and distinctive feature complexity.

4.3 Calibration and Reliability of Probability Estimates

Beyond discrimination performance, calibration analysis demonstrated that several
models produced reliable probability estimates across both datasets. Logistic Regres-
sion demonstrated stable calibration behavior, consistent with its well-established
probabilistic formulation. GRNN achieved favorable Brier score values and calibration
slope estimates, indicating reliable probability predictions in both datasets.

These findings underscore the importance of evaluating calibration alongside dis-
crimination metrics, particularly in medical decision-making contexts where predicted
probabilities inform clinical judgment. Models that demonstrate strong discrimination
but poor calibration may still produce unreliable risk estimates, highlighting the need
for comprehensive performance evaluation.

4.4 Statistical Significance of All Model Comparisons

The observed differences in performance were clarified using various statistical meth-
ods.These included DeLong’s test to compare ROC–AUC values and McNemar’s test
to assess classification accuracy.

In Dataset 1, only a few statistically significant differences were found among
the best-performing models. The results indicate that the algorithms, when evalu-
ated using consistent validation methods that prevent data leakage, showed similar
predictive abilities.

Dataset 2 showed more statistically significant differences, particularly when
comparing certain neural network models.

However, comparisons between Logistic Regression and GRNN not show statis-
tically significant differences, indicating that these models performed similarly, even
though their ROC–AUC values were different.

The results highlight the importance of using statistical tests when comparing
machine learning models. Relying solely on differences in numerical performance can
lead to incorrect conclusions about which model is better.

4.5 Decision Curve Analysis and Potential Decision Relevance

We used decision curve analysis to see if the evaluated models could help make deci-
sions at clinically relevant threshold probabilities. The results demonstrated that a few
models had a higher net benefit than baseline strategies in certain threshold ranges.

In Dataset 2, GRNN and ABC-FFNN showed a little more net benefit across inter-
mediate threshold values than the baseline models. However, these results should be
taken with a grain of salt because decision curve analysis only provides us a rough
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estimate of the potential significance of a decision, not solid proof of its clinical
usefulness.

It’s important to note that the datasets used in this study are retrospective bench-
mark datasets, not clinical cohorts that were collected in the future. Before any model
can be used to help with clinical decisions in the real world, it must be tested on
different populations.

4.6 Comparison with Previous Studies

The findings of this study are broadly consistent with prior research demonstrating
strong predictive performance of machine learning models for diabetes classification
tasks. However, many earlier studies have relied on simplified validation procedures,
including single train–test splits or preprocessing applied before cross-validation, which
may introduce optimistic bias.

In contrast, the present study employed a leakage-free evaluation framework in
which preprocessing operations were restricted to training folds and applied inde-
pendently to test data. This methodological design reduces the risk of data leakage
and provides more reliable estimates of model generalization performance. Addition-
ally, the use of multi-seed repeated cross-validation and statistical comparison testing
provides a more rigorous evaluation framework compared with many prior diabetes
prediction studies. These methodological differences represent an important contri-
bution of the present work and support more transparent comparison of predictive
algorithms.

4.7 Study Limitations

There are certain considerations to keep in mind when looking at the results of this
study.

First, the datasets utilised in this study are publicly accessible benchmark datasets
that may not comprehensively reflect real-life clinical samples. The strong predictive
performance seen on Dataset 2 may be due to the inclusion of symptom-based variables
that are quite effective at demonstrating if someone has diabetes or not. This particular
type of feature-target proximity may make classification easier and make it harder to
apply to other screening scenarios.

Second, different types of conventional models had different numbers of repeated
training seeds because of limits on how much computing power they could use. This
design made it easy to evaluate models, but different numbers of repetitions may affect
how accurate performance estimates are across model families. Third, we chose the
hyperparameter settings based on early tests and values that have been reported in
other studies. While these settings generated consistent performance results, varying
parameter values might produce divergent performance outcomes.

Fourth, this study was more about binary classification of diabetes status than it
was about predicting future disease risk over time. So, the results should be looked at
in terms of classification instead of long-term risk prediction.
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Future studies should use larger, prospectively collected clinical datasets to test
these models and add nested hyperparameter optimisation to make the methods even
more rigorous.

4.8 Implications for Future Research and Model Evaluation

The study’s results highlight how crucial it is to adopt validation methods that don’t
let any leaks happen in medical machine learning research. Even tiny errors in prepro-
cessing can lead to overly optimistic performance predictions, especially when datasets
have features that are highly effective at predicting.

In order to make sure the model’s evaluation is accurate and reliable, future
research must focus on external validation, calibration assessment, and statistical
comparison of competing models. Also, adding explainability methods and clinical
workflow concerns could make predictive models more useful in healthcare settings.

The results reveal that differences in model performance are often caused by the
dataset. This means that we need to evaluate prediction algorithms on more than one
benchmark dataset.

Table 7 Performance comparison of models on Dataset 1 (PIMA) and Dataset 2 (Early-Stage Diabetes Risk)

Model Dataset Accuracy Sensitivity Specificity F1-score ROC
AUC

Brier
Score

Cal.
Slope

Cal. Int.

LR DS 1 0.7680 ±

0.0038
0.5606 ±

0.0078
0.8792 ±

0.0033
0.6278 ±

0.0068
0.8371 ±

0.0023
0.1569 ±

0.0005
0.9364 ±

0.0074
-0.0336 ±

0.0050

LR DS 2 0.9231 ±

0.0044
0.9331 ±

0.0048
0.9070 ±

0.0068
0.9372 ±

0.0036
0.9730 ±

0.0029
0.0605 ±

0.0019
0.7830 ±

0.0291
-0.0425 ±

0.0272

RF DS 1 0.7663 ±

0.0054
0.6297 ±

0.0115
0.8395 ±

0.0061
0.6528 ±

0.0085
0.8323 ±

0.0036
0.1584 ±

0.0017
0.8201 ±

0.0189
-0.0808 ±

0.0130

RF DS 2 0.9476 ±

0.0059
0.9475 ±

0.0057
0.9477 ±

0.0119
0.9570 ±

0.0048
0.9871 ±

0.0026
0.0413 ±

0.0023
1.2380 ±

0.1085
0.2613 ±

0.0660

P-
FFNN

DS 1 0.7428 ±

0.0159
0.5825 ±

0.0312
0.8287 ±

0.0341
0.6124 ±

0.0156
0.7994 ±

0.0193
0.1840 ±

0.0172
0.4599 ±

0.2098
-0.2840 ±

0.1793

P-
FFNN

DS 2 0.9553 ±

0.0069
0.9595 ±

0.0082
0.9485 ±

0.0106
0.9635 ±

0.0056
0.9889 ±

0.0037
0.0357 ±

0.0065
0.5393 ±

0.0803
0.1184 ±

0.1655

BPNN DS 1 0.7440 ±

0.0116
0.5418 ±

0.0417
0.8524 ±

0.0110
0.5957 ±

0.0280
0.7973 ±

0.0173
0.1824 ±

0.0116
0.4718 ±

0.2025
-0.2149 ±

0.1205

BPNN DS 2 0.9508 ±

0.0119
0.9531 ±

0.0193
0.9470 ±

0.0115
0.9597 ±

0.0101
0.9870 ±

0.0027
0.0385 ±

0.0074
0.5579 ±

0.0626
0.2224 ±

0.2286

GRNN DS 1 0.7629 ±

0.0036
0.4804 ±

0.0102
0.9143 ±

0.0042
0.5857 ±

0.0081
0.8323 ±

0.0021
0.1626 ±

0.0007
1.3266 ±

0.0301
0.2724 ±

0.0163

GRNN DS 2 0.9701 ±

0.0053
0.9670 ±

0.0082
0.9750 ±

0.0040
0.9755 ±

0.0045
0.9976 ±

0.0009
0.0247 ±

0.0034
0.3402 ±

0.0162
0.9427 ±

0.1485

ABC-
FFNN

DS 1 0.7156 ±

0.0039
0.5821 ±

0.0183
0.7872 ±

0.0092
0.5881 ±

0.0093
0.7636 ±

0.0063
0.2177 ±

0.0016
0.2293 ±

0.0149
-0.3764 ±

0.0195

ABC-
FFNN

DS 2 0.9608 ±

0.0044
0.9631 ±

0.0026
0.9570 ±

0.0084
0.9680 ±

0.0036
0.9906 ±

0.0018
0.0360 ±

0.0038
0.3001 ±

0.0109
0.3923 ±

0.0851
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Table 7 summarizes the predictive performance of the evaluated baseline and neural
network models on the two diabetes datasets under the proposed leakage-free multi-
seed stratified cross-validation framework. The values are reported as mean ± standard
deviation across repeated multi-seed stratified 10-fold cross-validation runs.

5 Conclusion

This study introduced a leakage-free machine learning framework for reliable diabetes
classification across heterogeneous datasets. The framework integrates fold-contained
pre-processing, multi-seed stratified cross-validation, calibration analysis, and statis-
tical testing to improve evaluation reliability.

On Dataset 1 (Pima Indians Diabetes Dataset), models demonstrated moderate
discrimination performance (ROC–AUC ≈ 0.76–0.84), with GRNN achieving AUC =
0.837 ± 0.002, Logistic Regression AUC = 0.832, and Random Forest AUC = 0.829,
with small performance differences across top models. On Dataset 2 (Early-Stage Dia-
betes Risk Dataset), all models demonstrated high discrimination (ROC–AUC≥ 0.97),
with the GRNN achieving an AUC of 0.998. However, several pairwise comparisons
were not statistically significant, indicating comparable performance among leading
models.

The high performance observed on Dataset 2 likely reflects strong feature–target
relationships and may not generalize to broader clinical settings. Therefore, external
validation remains essential. Overall, the primary contribution of this work is the
development of a reproducible and statistically grounded evaluation framework for
diabetes classification studies. Future work will focus on external validation, expanded
datasets, and improved interpretability.
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