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Diabetes is a common long-term sickness defined by elevated blood sugar levels as a
result of impaired insulin physiological effects, faulty insulin secretion, or both. This condition
can cause long-term damage and dysfunction to various tissues, including the kidneys, heart,
blood vessels, eyes, and nerves. As living standards grow, diabetes is becoming increasingly
common, making early and accurate detection crucial. This research focuses on predicting
diabetes in two stages using machine learning. In this research, a two-stage approach was
implemented for diabetes prediction using ensemble models. The first stage focused on the
early diagnosis of diabetes to provide prior intimation about individuals’ health status. This
involved using the Sylhet dataset, which contains comprehensive information for detecting
prediabetes. In the second stage, the Frankfurt dataset was utilized, which includes numerical
parameters for further diabetes diagnosis, to predict diabetes based on pathological parameters
and to provide appropriate treatment to prevent further health issues.The article falls under
the domain of Biomedical Signals and Medical Sciences, with its scope focusing on the early
and advanced diagnosis of diabetes using machine learning ensemble models, involving
medical data analysis, preprocessing, and the use of biomedical signals or patient health
parameters. Various ensemble models were employed in both stages. In stage one, the Categorical
Boosting(CatBoost) algorithm demonstrated superior performance for early diagnosis using the
Sylhet dataset, while in stage two, the Light Gradient Boosting Machine(LightGBM) algorithm
proved to be most effective for diabetes prediction using the Frankfurt dataset. Selecting the
appropriate classifier and correct featuresa critical challenge for machine learning techniques
in this domain. The findings suggest that ML models are beneficial for diabetes prediction and
can significantly contribute to improving human health.Future research could compare these
ensemble models against a deep learning technique, such as CNNs or RNNs, on both datasets
to enhance accuracy for early and advanced diabetes prediction.

Keywords: Categorical Boosting (CatBoost); Diabetes Prediction; Ensemble Learning;
Light Gradient Boosting Machine (LightGBM); Machine Learning.

Diabetes Mellitus, which is occasionally ~ sugar levels that are the result of inadequate
abbreviated as “Diabetes”, is a chronic metabolic  or inefficient insulin administration. Diabetes,
disorder that is characterised by elevated blood which is anticipated to continue increasing,
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is estimated to affect 463 million individuals
worldwide in 2019 and poses a substantial threat
to global health. Machine learning integration
is being investigated as a means of improving
early diagnosis and intervention through the
use of prediction tools. There are two types of
diabetes: type 1 and type 2. Insulin resistance, or
the insufficient responsiveness of cells to insulin,
is the primary cause of type 2 diabetes. Type-1
diabetes is characterised by frequent urination,
excessive thirst, loss of consciousness, irritation,
fatigue, and intense hunger. Insulin replacement
therapy, consistent exercise, healthful eating,
and blood sugar monitoring are the primary
prevention objectives. Nerve injury, kidney failure,
hypoglycaemia, diabetic ketoacidosis, and heart
issues are among the complications. Common
clinical indications include elevated blood glucose
levels, as well as increased thirst and urination.
Insulin therapy is necessary for individuals with
this type of diabetes, as oral medications are
ineffective in managing it.

Diabetes mellitus, which is sometimes
just called “diabetes,”, is a long-term metabolic
problem that causes blood sugar levels to be too
high because the body doesn’t use insulin properly.
Diabetes is likely to get worse over time, and by
2019, it will affect about 463 million people around
the world. It is a big danger to the health of the
whole world. People are looking into how to use
machine learning to improve early diagnosis and
treatment with prediction tools. There are two
types: Type 1 and Type 2. Insulin resistance is the
main cause of type 2 diabetes. This condition means
that cells don’t respond to insulin the way they
should. People with type 1 diabetes have to go to
the toilet a lot, are always thirsty, lose their minds,
and are always grumpy, worn out, and hungry.
Insulin replacement therapy, regular exercise,
eating well, and checking blood sugar levels are
the most important things to do to avoid diabetes.
Some of the problems that can occur are nerve
damage, kidney failure, low blood sugar, diabetic
ketoacidosis, and heart problems. High blood sugar
and needing to pee, and drinking more often are
common signs. People with this kind of diabetes
need insulin therapy because oral medicines don’t
work to control it.

In ** paper presents algorithms like
2GDNN-FL and CatBoost model and LightGBM

KULKARNI et al., Biomed. & Pharmacol. J, Vol. 19(2), 1682-1698 (2026)

(LGB) feature selection method proposed in ° that
improve the prediction of myocardial infarction
(MI) risk using unbalanced datasets.

Machine learning algorithms can identify
patterns and connections in extensive clinical and
demographic data that may indicate the onset
of diabetes. ¢ In recent years, hybrid methods,
which use more than one machine learning model,
have become more popular as a way to make
predictions more accurate and reliable. Some of
these methods are neural networks, support vector
machines, random forests, and gradient boosting.
The ensemble method can make predictions more
accurate and lower the chance of overfitting by
using a number of models. using methods that
work together to guess diabetes. The main goal of
collaborative learning is to make predictions more
accurate and dependable. This will make it possible
to analyse and treat early. The primary aim of this
study is to determine the most efficient method
for diagnosing diabetes through the comparison
of various bagging and boosting techniques. The
study elucidates the application of predictive
models to enhance diabetes management and
proposes strategies to implement more effective
interventions for diabetes prevention. When
used this way, big data can help you quickly and
correctly guess if you have diabetes. People who
are thought to be at high risk for diabetes can
join programmes that help them stay healthy and
lower their risk. To make prediction models more
accurate and reliable, we need to do more research
in this area. This would help people with diabetes
control their condition better and get better results.

This review used many group calculations.
These are the best parts of different machine
learning models that work together to improve
performance. These methods make things even
more accurate by using the best parts of each
model and fixing the undesirable parts. By working
together on these big-picture plans, we can make
it much easier and more reliable to find diabetes.
This will help doctors give their patients better care
and outcomes in the long run.

Literature Survey

Through ensemble learning in deep
learning frameworks, significant progress has
been achieved in improving model resilience and
prediction accuracy across a variety of domains,
particularly in healthcare. Foundational studies
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highlight the value of variety in base classifiers,
highlighting techniques like boosting, stacking,
and bagging, and highlighting how these methods
can improve diagnostic accuracy, especially in
the early diagnosis of disease. These studies do,
however, also draw attention to certain issues, such
as the requirement for bigger datasets and more
robust validation procedures. Although individual
classifiers are often outperformed by ensemble
models, problems such as feature redundancy
and class imbalance still exist. These results are
consolidated in this review, which highlights the
promising potential of ensemble learning to tackle
challenging real-world issues and recommends
areas for future study.

An extensive description of ensemble
learning inside deep learning models can be found.’
The significance of variety among base classifiers
is examined, and the advantages and disadvantages
of several ensemble approaches are discussed. The
paper assesses the use of ensemble learning in a
variety of fields, as well, while it points out that
recent developments and computational challenges
are not fully covered.

The use of ensemble techniques for
diabetic retinopathy classification is examined in
with a focus on the use of voting classifiers.® Al-
Although the study shows that ensemble techniques
are effective, a more thorough explanation of
performance indicators and a comparison with
other models would be beneficial.

Ensemble classification techniques are
investigated to diagnose pre-diabetes early.” The
study achieves excellent accuracy by combining
machine learning algorithms with conventional
diagnostic procedures, but it also recognizes that
larger and more diverse datasets are necessary for
improved model generalization.

Introduction to Diabetes Mellitus
provides a comprehensive overview of diabetes,'
covering its various forms, complications, and new
advancements in treatment. The study emphasizes
the worrying trend of untreated potential diabetics
and draws attention to the challenges in precisely
measuring diabetes prevalence because of different
data collection methods.

The goal of the research paper is to
enhance the prediction of diabetes onset by using
heterogeneous ensemble learning.!" While the
study reveals notable advances in accuracy, it
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also points up certain problems, such as feature
redundancy and class imbalance, which call for
more investigation to resolve.

Data mining and algorithms are used
to predict complications in individuals with
diabetes.'? The study highlights the value of ma-
machine learning in healthcare; however, it does
not provide specific implementation information
for actual healthcare environments. The article
explores the advantages of using ensemble models
for early diabetes detection.'® Its dependence on a
single dataset, however, can restrict how broadly
applicable its conclusions can be, emphasizing the
necessity of testing on a variety of datasets.

In order to prevent end-organ damage
in diabetic patients, the study emphasizes the
significance of early detection and consistent
diagnostic standards.' It draws attention to the
rising incidence of diabetes worldwide, but it
doesn’t discuss contemporary treatment options
or the psychological effects of the disease. The
paper exhibits the higher performance of ensemble
methods, such as Random Forest, in network
traffic classification when compared to traditional
algorithms.'® Notwithstanding its merits, the study
recommends further investigation into cutting-edge
domains such as blockchain and cybersecurity.

In the paper, ensemble approaches used
to predict diabetes and diseases connected to
cholesterol.'® The work emphasizes the value of
feature selection and data preprocessing, but it is
limited by the use of a single dataset, suggesting
that further research is needed to confirm the
conclusions and enhance model resilience.

An ensemble of LightGBM and AdaBoost
for Type-2 diabetes prediction, achieving over
90% accuracy on the PIMA dataset.'” Their study
emphasizes the strength of boosting methods in
handling medical data with minimal preprocessing.
A comparative analysis of boosting algorithms,
including CatBoost, LightGBM, and XGBoost, as
performed.'® Their findings indicate that Light GBM
performed best overall, while CatBoost showed
superior performance in cases with categorical
features and smaller datasets, supporting its role
in early-stage diagnosis.

Multiple ensemble strategies were
explored using CatBoost, LDA, and Random
Forests, reporting that combining classifiers
improved prediction accuracy and robustness."
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They demonstrated the advantage of ensemble
diversity in clinical prediction tasks. The class
imbalance problem in diabetes datasets was
addressed using SMOTE,* coupled with CatBoost
and LightGBM. Their study highlighted how
proper preprocessing can significantly enhance
model performance, particularly in the early
detection phase.

The paper developed a CatBoost-based
ensemble model was developed for early-stage
diabetes risk prediction,” emphasizing its ability
to perform well with small clinical datasets and
imbalanced classes—aligning with your approach’s
first stage. A two-stage model, using CatBoost for
early-stage screening and LightGBM for advanced
diagnosis.?? Their method showed improved
performance over single-model approaches,
reinforcing the value of progressive ensemble
diagnosis strategies. An enhanced bagging
method for time-series diabetes trend prediction,
demonstrating LightGBM’s adaptability in both
classification and regression settings.”

A systematic review of Al methods for
diabetes prediction was conducted,” noting that
boosting algorithms like CatBoost and LightGBM
are among the most effective due to their high
accuracy, interpretability, and minimal need for
feature scaling. The paper used CatBoost to predict
insulin resistance, a precursor to diabetes.”® Their
model achieved high AUC scores, showcasing
CatBoost’s strength in early diagnosis using
complex clinical features.

This literature review comprehensively
captures the notable advancements in the
application of ensemble learning in the healthcare
domain, particularly in the context of diabetes-
related classifications and predictions. Ensemble
approaches are more accurate and reliable
than individual classifiers; however, they still
face challenges with validation procedures,
feature redundancy, and dataset size. To get over
these restrictions and investigate cutting-edge
developments in ensemble learning for more
widespread and useful applications, further study
is required.

MATERIALS AND METHODS

As shown in Figure 1, the workflow of the
proposed two-stage ensemble approach for diabetes
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prediction. The process begins by collecting data,
focusing on categorical information in the case
of Sylhet and numerical information in Frankfurt
useful for early diabetes detection and further
confirmation of the disease. The data is then pre-
processed to handle missing values, normalize
numerical features, identify important features,
and remove outliers using- Interquartile Range
(IQR) method to improve data quality. Multiple
ensemble models are trained on the prepared data.
After evaluating the models for accuracy, the best-
performing model is selected and deployed for
two-stage diabetes detection.

Machine learning provides a diverse range
of methods for successful classification strategies,
from fundamental classifiers to complex ensemble
approaches. Different machine learning models
are used in our research, each of which brings
special talents and qualities to the classification
tasks on different datasets. These models provide
a thorough method for addressing classification
problems across several domains, ranging from
basic classifiers to sophisticated approaches.
Machine Learning Models Used for Diabetes
Prediction
Bagging

Random Forest (RF): An extension of
bagging that constructs numerous decision trees
during training. Each tree is built using a random
subset of the training data and a random subset of
features. The ensemble of trees helps in enhancing
predictive accuracy and controlling overfitting.

Extra Trees (ET): Similar to Random
Forest, this model also builds an ensemble of
decision trees. However, Extra Trees differ in
the way they split nodes; they select cut points
randomly, often leading to better performance
through increased model diversity.

Boosting

AdaBoost: Short for Adaptive Boosting,
this algorithm builds models sequentially, with
each new model focusing on the errors made
by the previous ones. It adjusts the weights of
misclassified instances, directing the subsequent
models to give more attention to those instances.

Fu(z) = Fn1(2) + amhm(z)

where F,,(z) is the boosted model after m iterations, evy, is the weight applied to the mi-th

model, and h,, (x) is the weak learner

Equation 1.1 Adaboost
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Gradient Boosting Machine (GBM): This
method creates an ensemble of trees sequentially.
Each tree corrects the errors made by the previous
ones by minimizing a loss function, resulting in a
powerful aggregate model.

F(z) = Fu-1(z) — 3mVoL(y, Fin-1(z))

where F}, () is the model after iz iterations, Y is the leaming rate, and Vo L{y, Fin1()) is

the gradient of the loss function

Equation 1.2 GBM

Extreme Gradient Boosting (XGBM):
Known for its performance and speed, XGBM
is an optimized imple- mentation of gradient
boosting. It includes several advanced features for
handling missing data, regularization, and parallel
processing, making it a popular choice for many
competitive machine learning tasks.

LightGBM (LGBM): A highly efficient
gradient boosting framework that uses tree-based
learning algorithms. It is designed to be distributed
and efficient with large datasets. LightGBM grows
trees leaf-wise (best-first), which can lead to better
accuracy compared to the level-wise growth used
in traditional algorithms.

CatBoost: A gradient boosting algorithm
that handles categorical features natively without
extensive preprocess- ing. CatBoost is known for
its high performance and robustness, especially
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when dealing with datasets that have categorical
variables.
Stacking

This ensemble method combines multiple
base models to form a meta-model. The base
models are trained on the entire dataset, and then
their predictions are used as input features for the
meta-model, which is trained to produce the final
prediction. This approach leverages the strengths
of various models to improve overall performance.
Datasets Used

Dataset 1: The Sylhet Diabetes dataset
is a symptomatic dataset containing data on
521 patients with 16 attributes. It is a pre-stage
dataset that indicates, based on symptoms,
whether a patient may have diabetes or not. The
dataset includes features such as age, gender,
and symptoms like polyuria, polydipsia, sudden
weakness, general weakness, polyphagia, genital
thrush, visual blurring, itching, irritability, delayed
healing, partial paresis, muscle stiffness, alopecia,
and obesity. These features capture various patient
characteristics and symptoms that may aid in
medical diagnosis or analysis.

Dataset 2: The Frankfurt dataset is
a diagnostic stage dataset containing 2001
patients’ data with 8 attributes, and 683 of them
have developed diabetes. The dataset includes

[uahcamnl
A
Data Preprocessing
Hande missing values Mods!Selecion and Training |
‘ "
A 4 y
| Featre impotance anayss Train models | Evaiate model accuacy | | Distetes DetectonDizgnosis |
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[ ot removal using R metrod [ sect e bestpertorming mocel | | Depioy the mocelforprecicion |

Fig. 1. Proposed Methodology for Diabetes Prediction
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features such as pregnancies, skin thickness,
diabetes pedigree function, glucose, insulin,
age, blood pressure, and BMI. These features
provide quantitative measurements used to
assess and diagnose diabetes. Dataset Pre-
processing: In the research, preprocessing was
performed on the Sylhet and Frankfurt datasets by
addressing missing values, normalizing numerical
features, and encoding categorical variables.
Then, numerical values were normalized in the
Frankfurt dataset, and categories were encoded in
the Sylhet dataset. Integration of key features from
both datasets was done to ensure consistency and
compatibility. Also, data visualization techniques
were used, including box plots to identify outliers,
heatmaps to understand correlations, and pair plots
to uncover patterns. These steps improved data
quality and reliability for subsequent analysis and
model training.
Frankfurt dataset
Histogram

The histograms from the Frankfurt
diabetes study highlight key insights, as shown in
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Fig. 2. The x-axis represents the range of values for
each parameter, and the y-axis shows frequency.
Most women reported no pregnancies, with fewer
pregnancies as the number increased.

Glucose levels were mainly 100-150, and
blood pressure readings were typically 60-80. Skin
thickness generally ranged from 20-40 mm, and
insulin levels were mostly 0-200. Diabetes pedigree
function values were usually 0.0- 0.5, reflecting
genetic risk. Most participants were aged 20-40,
and there were more negative diabetes outcomes
than positive ones.

Correlation Matrix

The correlation matrix reveals several
notable observations as shown in Fig3. Positive
correlations include blood pressure with age and
BMI, skin thickness with age and BMI, and insulin
with glucose, BMI, and age. Conversely, a negative
correlation is observed between diabetes outcomes
and pregnancies, indicating that individuals with
diabetes tend to have fewer pregnancies.

Density plot
The density plots from the Frankfurt
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Fig. 2. Histogram
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diabetes study reveal that most women had zero
pregnancies, with a decreasing likelihood for higher
numbers as shown in Fig. 4. The x-axis represents
the range of values for each parameter, while the
y-axis shows the density or probability of these
values. Blood sugar levels were mainly between
100 and 150, and blood pressure commonly ranged
from 60 to 80.

Skinfold thickness was typically 20-
40 mm, and insulin levels were usually 0-200.
Diabetes pedigree function scores were mostly
0.0-0.5, indicating a low genetic risk. Participants
were primarily aged 25-50, with more women
testing negative for diabetes than positive.
Box plot

The box plots from the Frankfurt diabetes
study reveal key distribution patterns and potential
outliers for various parameters, as shown in Fig.
5. Pregnancies show a right skew with higher-end
outliers, while glucose levels suggest a normal
distribution with outliers on both ends.
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Blood pressure readings are slightly
right-skewed with extreme values on both sides.
Skin thickness appears normally distributed with
high-end outliers, and insulin levels exhibit a right
skew with higher outliers.

BMI is mostly centered but may lean
towards higher values, with outliers on both ends.
The diabetes pedigree function scores suggest a
normal distribution with some higher-end outliers.
Age shows a slight right skew with outliers at both
extremes. The diabetes status box plot has limited
data, making it hard to determine the distribution
or outliers.

Removing outliers: Common outlier
removal techniques include the Interquartile Range
(IQR) method, which identifies outliers as data
points outside Q1 - 1.5 IQR and Q3 + 1.5 IQR;
the Standard Deviation method, defining outliers
as those beyond a certain number of standard
deviations from the mean, typically three; Grubbs’
Test, a statistical test for outliers based on deviation

Correlation Heatmap of Diabetes Dataset
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from the mean compared to the standard deviation;
and Winsorization, which caps extreme values
at the whisker ends instead of removing them,
preserving potentially valuable information as
shown in Fig.6.

Outcome

The dataset shows an imbalance as shown
in Fig.7, with fewer data points for diabetes (“1”)
compared to non-diabetes (“0’). To address this,
techniques like oversampling (e.g., SMOTE)
create new minority class data, undersampling
reduces majority class dominance, and cost-
sensitive learning assigns higher weights to the
minority class during training, enhancing diabetes
classification.

Feature Importance

The bar chart in Fig.8 illustrates the
importance of various factors in predicting
diabetes.

Glucose emerges as the most critical
factor, followed by BMI and age. Other variables,
such as blood pressure and insulin levels, also
contribute to the model but to a lesser extent.
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Sylhet dataset

Correlation Matrix: A correlation matrix
is a statistical tool that helps you understand
the relationships between multiple variables
at once about the diabetes dataset, as shown
in Fig.9. The correlation matrix reveals strong
positive correlations (dark red) between features
like Polyuria and Weakness or Visual Blurring,
indicating common underlying symptoms. Strong
negative correlations (dark blue) are also noted,
such as between Weakness and Obesity, suggesting
conditions that lead to weight loss. Systematically
examining these patterns can provide valuable
insights into the relationships between various
health measurements.

Strong negative correlations (dark blue)
are also noted, such as between Weakness and
Obesity, suggesting conditions that lead to weight
loss. Systematically examining these patterns can
provide valuable insights into the relationships
between various health measurements.

Density Plots of Frankfurt Hospital Diabetes Dataset Features
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Density Plot

In the density plot as shown in Fig. 10,
the x-axis represents symptom intensity or levels,
while the y-axis shows the frequency of occurrence.
Patient ages range from 0 to 150, with a majority
under 50 years old.

For symptoms such as polyuria,
polyphagia, and alopecia, densities peak around
values of 0.5, 1.0, and 2.0, indicating medium
levels are most common. Sudden weight loss shows
a density skewed towards the lower end, suggesting
high prevalence. Weakness is widely distributed
but peaks at higher levels. Genital itch and visual
blurring are prevalent, with densities shifting
towards positive values, while throat irritation
has a broad distribution. Itching and irritability
vary in intensity, with itching leaning towards
higher values. Delayed healing is common, partial
paresis is rare, and muscle stiffness has moderate
density across the spectrum. Obesity patterns vary
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regionally. The “Class” feature reflects different
diagnoses, with density patterns indicating the
prevalence of various conditions.

Feature Importance: The analysis
identifies BMI (Body Mass Index) as the most
important feature, followed by Blood Glucose
and Diabetes Pedigree Function, indicating their
significant role in identifying individuals at risk
for diabetes, as shown in Fig. 11.

Moderately important features include
Age, Skin Thickness, Insulin, and Number of
Pregnancies, which contribute to the model’s
predictive ability in combination with the more
critical features. Although it is challenging to
definitively determine the least important features,
Plasma Insulin and Blood Pressure (Diastolic)
appear to have relatively lower importance,
suggesting a weaker contribution to the model’s
predictions compared to other features.

Box Plot of Frankfurt Hospital Diabetes Dataset Features
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Box Plot of Frankfurt Hospital Diabetes Dataset Features (After Removing Outliers)
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Average Feature Importance Scores (Frankfurt Diabetes)
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RESULTS

In this section, both datasets are discussed
for diabetes prediction.
Frankfurt dataset

In the Frankfurt dataset, as shown in
Fig.12, composed of numerical data, the highest
accuracy was observed with the LightGBM
algorithm, which achieved an accuracy of 98.75%.
LightGBM’s leaf-wise growth strategy and
efficiency in handling large datasets enabled it to
effectively capture complex patterns in the data,
resulting in superior predictive accuracy and faster
training times.
Sylhet dataset

The Sylhet dataset, consisting of
categorical data, saw the highest accuracy with the
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CatBoost algorithm, which achieved an accuracy
0f99.25%. CatBoost’s advanced techniques, such
as ordered boosting and efficient handling of
categorical variables, enabled it to natively process
categorical features with extensive preprocessing
as shown in Fig. 13.

DISCUSSION

As shown in Table 1, comparing the
ensemble models used in the analysis, Bagging
techniques—especially the generic Bagging
method with 95.75% accuracy—demonstrated
strong performance in reducing variance by
aggregating multiple learners. Random Forest
(93%) and Extra Trees (91.33%) followed suit
but showed slightly lower accuracy, possibly due

Density Plots of Diabetes Dataset Features
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to the way they introduce randomness. Boosting
models, which aim to reduce bias, delivered varied
results: while AdaBoost (90.75%), GBM (92%)),
and XGBoost (90.25%) offered solid predictive
power, they were outperformed by LightGBM
(98.75%), which emerged as the most accurate due
to its highly efficient gradient boosting framework.
CatBoost, though tailored for categorical features,
lagged at 88.25%, indicating it might not have
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aligned optimally with the dataset. Overall,
LightGBM’s dominance suggests it best captured
the underlying patterns while maintaining speed
and scalability.

In the tabe 2, the performance comparison
of Bagging stood out with the highest accuracy of
96.33%, outperforming both traditional Bagging
(94.75%) and Random Forest (94%), suggesting
that its extra randomness in split selection paid
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off. Among boosting models, CatBoost achieved
the top accuracy at 99.25%, followed closely by
the state-of-the-art 2°?’2® Random Forest with 99%,
indicating a unique configuration or enhancement
in the boosting process. LightGBM (93.75%)
and AdaBoost (92.75%) provided competitive
but slightly lower results, while GBM (90%) and
XGBoost (90.25%) trailed behind. The fields of
artificial intelligence and healthcare are coming
together, and using machine models to predict and
diagnose diabetes is a huge trend »-3%3!

It is recommended that statistical analysis,
like what is done with Statistical Significance
Testing SPSS, be added to the algorithm’s results
and findings to make them more reliable. In the
analysis of the Sylhet dataset, a paired t-test showed
that CatBoost’s accuracy (99.25%) was statistically

significantly better than Extra Trees’ accuracy
(96.33%) (p < 0.01).” LightGBM (98.75%) was
also found to be statistically better than the standard
Bagging method (95.75%) on the Frankfurt dataset
(p <0.05).

Overall, this comparison highlights that
while both Bagging and Boosting techniques
offer robust performance, the Boosting variants—
especially CatBoost and the augmented Random
Forest—delivered superior accuracy in this
particular setup, likely due to better handling of
data complexity or optimized parameters. This
capability allowed CatBoost to effectively capture
complex patterns in the data, resulting in superior
predictive accuracy and robustness as compared to
the state-of-the-art method. 26272

Table 2. Comparison of Bagging and Boosting

Table 1. Comparison of Bagging and Boosting Methods
Methods
Method Model Accuracy (%)
Method Model Accuracy (%)
Bagging Bagging 94.75
Bagging Bagging 95.75 Bagging RF 94
Bagging RF 93 Bagging ET 96.33
Bagging ET 91.33 Boosting AdaBoost 92.75
Boosting AdaBoost 90.75 Boosting GBM 90
Boosting GBM 92 Boosting XGBM 90.25
Boosting XGBM 90.25 Boosting LGBM 93.75
Boosting LGBM 98.75 Boosting® Random Forest 99
Boosting CatBoost 88.25 Boosting CatBoost 99.25
Sylhet Dataset
100

AdaBoost GBM
model

Fig. 13. Comparison of models for the Sylhet Dataset
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CONCLUSION

Early detection of diabetes is crucial as it
significantly prevents the progression of the disease
and its associated complications. By identifying
early-stage diabetes, timely interventions and
lifestyle changes can be implemented to manage
blood sugar levels and reduce the risk of severe
health issues. In this research, two distinct
datasets were utilized for diabetes detection:
the Sylhet dataset, which consists of categorical
data for prediabetes detection, and the Frankfurt
dataset, composed of numerical values for further
diabetes diagnosis and confirmation. Both datasets
underwent thorough preprocessing, including
feature importance analysis to identify highly
correlated parameters and outlier removal using
the Interquartile Range (IQR) method. The diabetes
detection process was enhanced through the use of
ensemble learning algorithms.

The findings demonstrate that CatBoost
performed exceptionally well on the Sylhet dataset
with an accuracy of 99.25% due to its advanced
techniques, such as ordered boosting and efficient
handling of categorical variables. Similarly,
LightGBM exhibited superior performance on the
Frankfurt dataset with 98.75% accuracy, leveraging
its leaf-wise growth strategy to capture complex
patterns in the numerical data effectively. These
ensemble learning techniques not only improved
the accuracy of predictions but also showcased their
robustness and efficiency compared to traditional
methods. The advantages of ensemble learning
were evident in the study. Bagging was used to
reduce variance, while boosting methods helped
minimize bias. By combining multiple models, the
ensemble methods provided a significant increase
in prediction accuracy. The comparisons made in
this study underline the importance of selecting
the appropriate algorithm based on the nature of
the dataset. The results from this study indicate
that ensemble classifiers are superior to individual
classifiers. The ensemble-based approaches,
such as Catboost and LightGBM, significantly
enhance the accuracy of diabetes detection. Future
work could explore the integration of additional
datasets, further optimization of models, and real-
world applications to enhance the robustness and
applicability of these findings.
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