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Abstract: Diabetes Mellitus (DM) is a long-lasting metabolic disorder that disrupts the “body’s ability to maintain stable
blood glucose levels” and has serious adverse effects on multiple organs. It leads to life-threatening complications like
neuropathy, total kidney damage, and blindness. If DM can be detected early, patients will be able to avoid developing
long-term complications. In the past few years, “Machine Learning (ML)” has become an increasingly effective method of
clinical decision support by allowing the automated risk assessment, early disease detection, and faster diagnosis of
patients’ health status. In this research, the main objective was to develop more precise methods of predicting diabetes by
comparing traditional machine learning (ML) classifiers among Ensemble ML methods using the “PIMA Indian Diabetes
Dataset”. We implemented a structured methodology performing pre-processing activities on the data, such as handling
missing values, removing the outliers based on the “interquartile range (IQR), feature normalization, and dimensionality
reduction through the Principal Component Analysis (PCA)”. The resulting data set was split into two separate
training/test datasets, and eight ML classifiers are trained and tested using the data. The performance of models has been
assessed by means of “a variety of metrics, including Accuracy, Precision, Recall, F1-Score, ROC-AUC, Cohen’s Kappa,
MAE and RMSE”. Experimental results demonstrate that Ensemble Models for predicting diabetes is much more
successful “compared to Traditional Machine Learning Algorithms. Random Forest had the highest accuracy of 84%,
XGBoost at 83%, and AdaBoost at 81%”. These results suggest that Ensemble Learning techniques provide more
Accurate predictions, while reducing error rates, thus proving to be a More Reliable Method for Early Detection of
Diabetes.

Index terms: - Accuracy, AdaBoost, Diabetes Detection, Kappa, Machine learning, and XGBoost.

1. INTRODUCTION

Diabetes mellitus is one of the fastest rising worldwide health issues of the 21 century. Diabetes mellitus is a
metabolic condition in which the body develops resistance to the impact of insulin or does not produce enough of
this hormone to digest glucose. In turn, there is a build-up of “sugar or glucose in the body, which can lead to major
health concerns” [1-3]. “Diabetes affects persons of all ages, genders, and geographic areas, making it one of the
most prominent global causes of mortality and morbidity. Type-1, Type-2, and GDM diabetes are the most prevalent
[4]”. “Type-1 diabetes is often referred to as insulin-dependent DM. This is dubbed juvenile-onset DM, as it
frequently occurs in infancy. Diabetes with type 1 is an autoimmune condition. This occurs impaired. This type of
diabetes can be brought on by body factors. This may also develop due to difficulties with cells in the pancreas that
make insulin. Non-insulin-dependent or adult-onset diabetes is another name for type 2 diabetes. Yet it has become
frequent in children and teenagers in the last 20 years, especially since more young people are obese or overweight.
When you have type-2 diabetes, your pancreas often releases some insulin”. However, either that is insufficient, or
the body does not use it to its full potential. Type-2 DM is also comparatively milder than type-1 diabetes [5-7]. One
of the most frequent problems seen in pregnant women is gestational diabetes mellitus (GDM). “Preterm labour,
pre-eclampsia, nephropathy, delivery trauma, caesarean section, and later poor wound healing” are all possible
outcomes of GDM. Classifications of Diabetes Mellitus are shown in Fig.1. GDM also increases the risk to the
mother’s and the fetus’s health [8, 9].
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Fig.1 Classification of Diabetes Mellitus

“Blood Sugar levels rise due to insufficient insulin production by the body”, which can result in
hyperglycemia and diabetes. Over time, this can seriously harm the human body and “lead to heart disease, stroke,
kidney failure, blindness and amputation”. Diabetes is referred to be the “second killer” among contemporary
illnesses since its incidence is second only to that of cancer. Fig.2 represents the complications of diabetes mellitus.
By 2045, 700 million persons worldwide will have diabetes, “according to the International Diabetes Federation”.
As a result, early disease detection allows patients who are at risk to initiate preventative measures to decrease

disease development and improve quality of life [10, 11].
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Fig.2 Complications of Diabetes Mellitus

ML will help practitioners with future research and allow patients to easily confirm their health at an initial
stage. “Early detection and diagnosis of type-2 diabetes” is now essential for medical science. Researchers have
suggested and encouraged the “use of various ML techniques in the medical field as part of efforts to improve
healthcare for diabetic patients. These techniques have a significant impact on type-2 diabetes early diagnosis,
prediction, and prevention interventions. Various ML techniques for predicting type-2 diabetes include Decision
Tree (DT), RF, Naive Bayes (NB), Logistic Regression (LR), K-Nearest Neighbor (KNN), and Support Vector
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Machine (SVM). It can be applied to problems involving both classification and regression”. The categorization of
people based on whether they have diabetes or not, since diabetes prognosis is a classification problem. Many
“machine learning techniques” are useful for evaluating a classification problem [12, 13].

In the context, the Motivation and Contribution are as follows,

e Early detection is most in need of diabetes, and past research shows unreliable performance due to
imperfect model comparison or limited pre-processing.

e A uniform process for pre-processing was established by using a pipeline for missing values and outliers,
normalization, and feature extraction.

e Traditional and ensemble methods of machine learning will be evaluated under rigorous, controlled
experimental conditions, giving identical comparisons of the models.

e The reliability of the models will be assessed using numerous assessment metrics such as “accuracy,
precision, recall, fl-score, AUC, kappa, MAE, and RMSE”.

e The results indicate that the most reliable models for the early prediction of Diabetes are the Ensemble
model, with “RF and XGBoost” being the maximum performing models.

This paper is arranged as follows: Existing literature on “diabetes prediction using machine learning and
ensemble learning” methods is reviewed in Section 2. Section 3 defines the proposed work. The performance
comparison between the conventional ML and ensemble models is described in Section 4. Section 5 summarizes the
key challenges of this study. And, finally, the conclusions of the work are presented in Section 6.

2. RELATED WORKS

This section discusses previous studies that have researched Diabetes Prediction through traditional ML and
Ensemble learning approaches. Each of the studies that were reviewed has used “Logistic Regression, SVM,
Decision Trees, KNN, Naive Bayes classifier, RF, AdaBoost, or XGBoost”. The majority of the studies reviewed
showed that when comparing Ensemble to Single ML models, Ensemble Models generally outperform Single ML
models; however, in most studies, consistent Pre-processing was not used, most studies do not compare multiple
types of algorithms, and few studies used all performance metrics. The above illustrates that there is a need for a
unified approach to compare and evaluate diabetes detection algorithms.

Authors in [14] propose “a novel ensemble learning-based framework” for the use of lifestyle indicators in
the early prediction of Type-2 diabetes mellitus. Several ensemble learning strategies are used, including voting,
bagging, and boosting. To enhance the dataset’s quality assessment, exploratory data analysis is employed. Despite
the system’s alerts for potential diseased patients, the system is not supported to validate its ability to classify
patients in the early stages. This work [15], they suggest “a machine learning model to help in diabetes prediction.
LnR, LR, KNN, NB, (RF), SVM, and DT are some of the machine learning techniques included in the model”.
Although it remains less than the existing models. In this article [16], a very sensitive biosensor is used to detect
diabetes using a “medical deep learning model”. The invention of this extremely sensitive biosensor represents a
major advancement in the detection of diabetes. It will help “enhance the accuracy and efficacy of diabetes
diagnosis, allowing for better treatment of the illness”. The effectiveness of detection relies on accuracy and speed
limitations with the model, and as such, can impact the completeness of the diagnostic assessment.

This research [17] proposes effective frameworks for predicting diabetes mellitus based on limited data from
women aged 21-81. The proposed frameworks include preliminary stages such as “data augmentation, attribute
analysis, and missing data imputation”. They employed Shapley Additive Explanation (SHAP) to identify key
“features for fitting Extra Tree (ET), RF AdaBoost, and XGBoost models”. Though Boosted tree models, like
XGBoost and AdaBoost, are complex with respect to the SHAP method. Thus, boosted trees are likely to impede
clinical decision-making in a transparent manner. In order to classify initial stage of diabetes patients, they provide
“a fine-tuned RF algorithm with the best parameters (RFWBP) that is utilized in conjunction with the RF algorithm
and feature engineering”. They use the dataset to train both the suggested “RFWBP and traditional techniques, such
as the AdaBoost algorithm, support vector machine, logistic regression, naive bayes, multilayer perception, and a
regular RF”. However, it can produce inaccurate insulin and blood glucose data, which makes it more difficult to
identify diabetes [18].
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This article [19] proposes using “machine learning ensemble methods to predict diabetes. The ensemble
includes KNN, Naive Bayes, RF AdaBoost, and a newly developed Light Gradient Boosting Machine. The proposed
ensembles inherit LightGBM’s detection capacity to improve accuracy. Under fivefold cross-validation, the
suggested ensemble models outperform other recent models. The KNN, AdaBoost, and LightGBM models reach
90.76% detection accuracy”. However, Class imbalance issues were not fully addressed. In this article, [20] presents
“an unsupervised cluster-based feature grouping” model for detecting initial stage of diabetes using an open-source
dataset containing data from “520 diabetic cases”. The highest Accuracy for the cluster-based and entire datasets is
99.57% and 99.03%, respectively. “Multi-layer perception (MLP), RF, and K-Nearest Neighbours (KNN) have the
highest precision, recall, minimum mean square error (MSE), and F1-score (1.000). RF and support vector machine
have 0.984, RF has 0.010, KNN has 0.067, and RF has 99.20% accuracy. Although the proposed work does not
contain a user-friendly online application for real-time diabetes prognosis, it does not provide treatment
recommendations.

In this research [21], they present “an ensemble univariate short-term predictive model of subcutaneous
glucose concentration in TID” with the goal of improving the error in the “hypoglycemic region”. As a result, the
underlying basis functions are chosen to minimize the “percentage of erroneous predictions (EP) in the
hypoglycemic region”, which is assessed using “continuous glucose error grid analysis (CG-EGA)”. The ensemble
model’s basis models were chosen based on their superior performance in the “hypoglycemic range”. “The glucose
predictive model’s performance is evaluated for each patient using three metrics: (i) pure error metrics (RMSE,
MAPE, and MAE), (ii)) Time Lag, which expresses the temporal delay between actual and predicted subcutaneous
glucose concentrations, and (iii) CGEGA”, which evaluates the potential clinical impact of errors given the
“glycaemic range”. The models will have less capacity for enhancing performance with respect to the various
therapies that would be desired.

Authors in [22] propose a “robust framework for developing a diabetes prediction model to help with the
clinical diagnosis of diabetes. Spearman correlation and polynomial regression are used in the framework for feature
selection and missing value imputation”, correspondingly, from an approach that improves their respective
performances. Additionally, our created “twice-growth deep neural network (2GDNN) model, the RF model, the
support vector machine (SVM) model, and other supervised machine learning models are suggested for
classification. Grid search and repeated stratified k-fold cross-validation are used to optimise the model's
hyperparameters”. However, in this proposed work, both PIMA and LMCH datasets are limited in their use, as
neither provides a comprehensive representation of every demographic, including children, non-pregnant women,
and individuals of African descent.

In this research, [23] proposes a Hi-Le mode and a combination of highway and LeNet models for the
purpose of early and precise diabetes identification. The “Hi-Le model outperforms its separate models in accuracy,
F1-Score, precision, and recall, achieving 94% accuracy, 96% F1-Score, 94% precision, and 95% recall”. In order to
identify and forecast diabetes in its early stages, they also suggested a “hybrid model called HiTCLe that combines
Highway, Lenet, and a Temporal Convolutional Network (TCN)”. However, the synthetic sample produced by
ProWSyn may not correctly characterize the population’s clinical forms, which could lead to overfitting with both
Hi-Le and HiTCLe as examples of deep ensemble models. This article proposes [24] an “EL based on radial basis
functions and Bayesian networks”. The suggested EL technique is “compared with the performance of five ML
techniques: LR, DT classification, SVM, KNN, and RF”. The proposed model only compares conventional machine
learning algorithms, while overlooking more advanced algorithms that could produce superior results.

This research [25] proposes a “diabetes prediction model based on a fused machine learning technique. The
conceptual framework includes two types of models: Support Vector Machine (SVM) and Artificial Neural
Network”. These models evaluate a “dataset to determine whether a diabetes diagnosis is positive or negative,” and
this framework splits the data into “a 70:30 ratio between training and testing datasets”. Moreover, the overall
negative diabetes cases are 87, but still the proposed model can predict 80 cases correctly, while it did not predict
the remaining 7 cases. Authors in [26] propose a statistical-based prediction technique for data analysis. Initially, a
dataset was created and stored using IPFS after data was gathered from IoT devices. The data will next be filtered
and scaled using noise-invariant data expansion. Following the creation of an “adaptive RF technique to train data
on the training dataset”, the suggested model was used to classify individuals with diabetes. The proposed model has
limits because it has not been trained with comprehensive city-based datasets and lacks continuous monitoring and
the capability of alerting hospitals and family practices.
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This article [27] suggests a “machine learning-based method for predicting diabetes mellitus”. The proposed
work compares and uses a number of “machine learning methods for diabetes prediction”, and ultimately identifies
“the three ML classifiers with the highest accuracy: RF, GBM, and LGBM”. Two different kinds of datasets are
used to determine the prediction accuracy. This proposed system is only evaluated against two data sets and is very
reliant on data augmentation methods. This reliance means that the amount of variability represented in clinical
practice may not be a true representation, thus hindering its desirability and ability to generalize to other settings. In
this research, [28] uses a “hybrid deep learning model CNN-LSTM to classify diabetes using acceleration data from
wearable sensors positioned on the hip, knees, and ankles”. “Two convolutional layers and two LSTM layers make
up the suggested CNN-LSTM model”. CNN-LSTM can learn patterns for classification and extract significant
features by merging the two models. “Accuracy, precision, recall, F1-score, AUC, and ROC are used to evaluate the
performance of CNN-LSTM models”. However, the proposed system does not include other types of signals that
could improve its predictive capabilities and help detect diabetes-related gait abnormalities more accurately.

In this article [29], a “novel Ensemble Deep Learning (EDL) clinical decision support system for highly
accurate diabetes prediction” is presented. The proposed EDL approach combines an ensemble learning-based
stacking model with “Deep Learning (DL) architectures, such as Artificial Neural Networks (ANN), Long Short-
Term Memory (LSTM), and Convolutional Neural Networks (CNN)”. When the medical records are used in the
evaluation of the proposed framework, it’s incomplete. This research [30] introduces a “dynamic k-NN model that
modifies the ‘k’ value based on local data peculiarities, improving prediction accuracy. Two available datasets are
used in this proposed approach, such as Breast Cancer Wisconsin (BCW) and PIMA Diabetes. They analyse our
performance using some metrics, including precision, accuracy, recall, F1-score, and execution time”. Although the
k-NN method produces precise predictions, it does not provide an explanation for a particular classification. This
“lack of interpretability may hinder its adoption in clinical settings, where transparency is crucial”.

Authors in [31] propose an “e-diagnostic model for diabetes categorization using a machine learning
algorithm, which may be implemented on the Internet of Medical Things (IoMT)”. This work evaluates PIDD and
BRFSS to categorize diabetes. The proposed approach uses random oversampling to “balance classes, the
interquartile range technique for outlier detection”, and the “Boruta algorithm to choose optimal features from
datasets”. “The suggested approach uses some ML algorithms as RF, gradient boosting models, light gradient
boosting classifiers, and decision trees,” for diabetes prediction. However, this proposed work evaluates only a
single disease. In order to forecast diabetes in the “PIMA Indian Diabetes Dataset (PIDD)”, this work suggests “a
lightweight artificial neural network (ANN) named Diabetic Lite (DBLite) and a novel attention-based loss
function” [32]. Though it does not address privacy and interpretations of the models, as well as the scalability of the
models in the real world.

This research [33] proposes “AHDHS Stacking, an ensemble learning framework for diabetes mellitus
classification and diagnosis. It utilizes the harmony search (HS) algorithm and stacking, with two steps of feature
selection and base-learner optimization. The model’s overall performance is improved by selecting features based on
the average performance of all base learners”. An adaptive hyperparameter technique accelerates the iterative
process. However, the proposed system used a dataset that contains only type 2 diabetes patients, which does not
accurately reflect the circumstances of all diabetic patients. Table 1 provides a summary of the previous works.

Table 1

Summary of Existing Works

Ref Objective Algorithms/Methods Limitations

To predict early type-2 diabetes using an Ensemble learning framework, Small demographic groups are limited
[14] ensemble-based model. bagging, boosting, voting and clinical dataset validation is not

considered.

For diabetes classification to compare the LR, SVM, KNN, DT, RF, NB Accuracy is enough and incomplete pre-
(15] common ML models. processing.

To detect diabetes using the deep learning  Deep learning Scalability is limited.
[16] with bio sensor.

To enhance the diabetes prediction using RF, AdaBoost, XGBoost, Extra Still challenging to the model
(17] feature engineering and ML. Trees interpretability and reliability restricts for

small datasets.
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[18]

[19]

[20]

[21]

[22]

23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

To predict diabetes system using optimized
RF.

To using modern ensemble techniques for
enhanced diabetes detection.

To build a cluster-based feature grouping
model for diabetes prediction.

For hypoglycemic diabetic cases to design a
short-term predictor.

For correlation — based feature selection to
create a robust ML framework.

To improve  diabetes identification
introduces the hybrid deep learning.

For diabetes classification to develop the
ensemble learning using RBF and Bayesian
methods.

To present a fused ML technique combines
SVM and ANN.

To predict diabetes build an IoT-enabled
pipeline.

For diabetes prediction to compare the
GBM, LightGBM, and RF.

To use the Gait-based signals via DL for
diabetes detection.

For clinical decision support to build an
ensemble deep learning.

For medical classification to suggest a
dynamic KNN.

To using feature ranking build an IoMT-
based diagnostic model.

For diabetes detection to build a lightweight
ANN model.

To create a stacking ensemble with two-
stage feature selection.

AdaBoost, RF, SVM, MLP, NB,
LR

RF, LightGBM, KNN, NB,
AdaBoost

KNN, MLP, RF

Ensemble
model

short-term  predictive

SVM, 2GDNN, RF

CNN, Highway Networks, TCN

Bayesian Network, RBF Network

SVM, ANN

Adaptive Random Forest.

RF, LightGBM, GBM

CNN-LSTM

CNN, ANN, LSTM

Dynamic KNN

GBM, LightGBM, DT, RF

ANN

Stacking  Ensemble,
Search

Harmony

It can’t have perfect overfitting and
robustness is limited.

Insufficient ~ Tuning  process  and
incomplete class imbalance.

Due to noisy data, clustering is not stable.
Hypoglycemic range is limited.
Need for heavy pre-processing and

specific datasets are restricted.

Due to deep architecture, overfitting is
risk and misleading synthetic data.

Highly non-linear data performance is
poor.

Based on scaling features performance
are varied and generalizability is limited.

Large-scale testing is limited.
Due to the unseen data performance are
weak.

It doesn’t consider the clinical features.
Low Interpretability.
Interpretability is low and sensitive

performance based neighborhood choice.

It only focuses single-disease so multiple
dataset validation are lacked.

Scalability is limited and diverse dataset
validation is lacked.

Due to diabetes types testing is limited.

3. PROPOSED METHODOLOGY

This suggests work for “predicting diabetes utilizing ML and EL techniques” follows a clearly defined

unified pipeline. The first step in this workflow is to obtain the PIMA diabetes dataset; the next step is to perform
several pre-processing tasks that must be performed before utilizing this dataset in the model development phase.
Pre-processing tasks include dealing with missing values, outlier removal via the IQR approach, normalizing the
features in the dataset, and performing PCA on the dataset to extract the relevant features for the model development
phase. After performing these pre-processing tasks, the PIMA diabetes dataset will be separated into two separate
datasets so that an unbiased evaluation of the model can occur, Next, in controlled environment, we will implement
several traditional models (LR, SVM, DT, Naive Bayes, and KNN) as well as ensemble models(RF, XGBoost, and
AdaBoost) for evaluation purposes. Hyperparameter tuning will then take place for each ensemble model for
optimal performance during the model evaluation phase. Ultimately, all the models will be evaluated using multiple
metrics to determine which technique is the best method for predicting diabetes at an initial stage. The overall
proposed work architecture is shown in Fig.3.
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Fig.3 Overall architecture of proposed work

3.1 Dataset description

In this study, the “PIMA Indian diabetes dataset (PID) was obtained from the Kaggle ML Repository. All of
the patients in this study were adult women aged 21 or older [34]”. The outcome was chosen as the aim. It contains
information about 768 individuals who participated in the clinical study, as well as eight distinct parameters:

e Pregnancies

e Blood glucose

e Blood pressure

o Skin thickness

e Insulin

e Body mass index (BMI)

¢ Diabetic pedigree function (DPF)

o Age

3.2 Data pre-processing

“Data pre-processing” is a critical stage to make sure that predictive models are trained on reliable, meaningful
inputs. For this study, we used the following pipeline on the dataset, which involves the following, multiple stages:

e Handling Missing Data: “Missing values are a prevalent problem in data analysis and machine learning”,
resulting from the absence of values for particular “variables or attributes during data collection or
processing”. “Missing values can lead to issues such as reduced sample size, information loss, and biased
analysis results, potentially jeopardising the accuracy and reliability of data analyses and models [35] In
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order to minimize any potential data bias and guarantee that the data distribution is consistent with the
normal distribution, we used a combined mean and median filling strategy to fill in the missing values”.

o Qutlier Detection: To get reliable data analysis results, outliers-numbers in a dataset that differ
significantly from the other data values and can negatively impact the distribution, linkages, and statistical
analysis of the data-must be found and handled. For this feature to enhance the analysis quality, outlier
handling is therefore necessary. Directly remove the outliers using the Interquartile Range method.

o Feature extraction: The features with “numerical data (i.e., glucose levels, BMI) were normalized so that
all attributes were on the same scale”, improving the performance of the models for ML. Because of the
increased normalization of features, the performance and accuracy of the model were improved. The most
important components of the original dataset were extracted via ‘“Principal Component Analysis (PCA) and
used to reduce the dimensionality of the dataset” [36]. By extracting components with PCA, this procedure
reduced the chance of multicollinearity among features while also improving the computation times.

o Dataset Imbalance: Often, “hybrid sampling methods are used to address data imbalance issues seen in
different classification techniques”. The common approach of doing this with using SMOTEENN combines
SMOTE with ENN in order to increase the performance of Machine Learning models and rebalance the
Dataset. The SMOTEENN method has two stages [35]. The first stage is performed by creating synthetic
minority class samples through interpolation of “feature vectors between the minority class and its nearest
neighbors”. In order to improve upon class distribution and create a more balanced dataset. Second, the
merged dataset is subjected to the ENN method, which removes liar and ambiguous samples from both
classes. By removing samples whose nearest neighbors misclassify them, ENN increases the Quality and
Separability of the remaining dataset.

3.3 Dataset splitting

“PIMA Data set processing tasks to achieve clean & properly formatted input use by machine learning
algorithm; it’s divided to the dataset into training and testing subsets”. “70% of the available data as a training set
for ML models. The model was evaluated on unseen data using the Testing Set (30%)”. Splitting datasets correctly
guarantees that the model performs well when applied to new, untested data. “Accuracy, precision, recall, F1-score,
ROC-AUC, Kappa, MAE, and RMSE” were among the metrics used to compare the consequences of various
“machine learning models and Ensemble models”.

3.4 Diabetes detection

“Traditional machine learning methods (LR, SVM, KNN, DT, and Naive Bayes)” as well as ensemble
methods (RF, AdaBoost, XGBoost) using a pre-processed data set. All models were trained under the same
conditions to ensure that they could be compared fairly. The learning ability of the ensemble methods was improved
through hyperparameter tuning. After completing the training process on the training data set, the models were
estimated against a separate test data set using various metrics to assess each model’s capability to classify diabetic
patients. Thus, all of the models were estimated expending similar metrics regarding “accuracy, precision, recall,
F1-Score, Receiving Operating Characteristic (ROC) Area under the curve (AUC), Kappa coefficient, Mean
Absolute Error (MAE), and Root-mean-square error (RMSE)” to ascertain which predictive modeling approach
performed the best in identifying people with diabetes.

3.4.1 Traditional machine learning models

Using “Machine Learning (ML)” is a data-driven approach that enables computers to learn from the history of
the data used to make predictions, instead of having it programmed specifically. It detects diabetes; ML algorithms
can use patients’ information (such as “glucose level, BMI, age, blood pressure, and insulin levels”) to determine if
they are diabetic or not. In addition, ML provides faster and more consistent, and more automated methods of
assessing an individual’s risk of disease.

Support vector machine (SVM): “One popular machine learning method” for classifying data points is “Support
Vector Machine (SVM), which finds a hyperplane in an N-dimensional space”. Ruling the “hyperplane that
maximizes the margin between various classes is the main goal of this algorithm”. The classifier’s robustness and
generalization abilities are improved by this focus on maximizing the margin. The amount of “features determines
the dimensionality, denoted by N. Comparing two features is very simple; however, handling several features for
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categorization might be more difficult. SVM improves prediction accuracy by optimizing the margin. SVM is an
effective means of identifying Diabetes using “Supervised Classification” methods. By being able to represent the
“Boundaries” between diabetic and non-diabetic patients using only the “Support Vectors”, SVM has excellent
Predictive ability.

Decision tree: “Decision Trees (DT) are predictive models that make use of a hierarchical tree structure [37]”. “In
order to anticipate the goal value, which is found in the tree leaves, they arrange features, which are represented as
branches”. “Classification trees are used when the target parameters have a limited range of values”. In these three
models, the leaves represent class labels, while the branches show the feature specification that results in these class
labels. It provides a prominent representation of how clinical professionals make diagnoses of patients at the time of
Diagnosis and provides them with a Simple method for sorting Diabetic patients into various classes of diabetic
patients.

Naive bayes: “Gaussian Naive Bayes is a straightforward, highly functional, and computationally efficient
classification algorithm [19]. It is a variation of the Naive Bayes algorithm, which is applied when the features have
continuous values and is based on the Bayes theorem with a Gaussian or normal distribution”. Naive Bayes has
demonstrated efficiency in many other medical studies, 0-2 samples. Naive Bayes produces rapid results, which are
extremely useful in the early diagnosis of diabetes.

KNN: “KNN is a supervised learning”; a nonparametric classifier that uses K numbers of the closest “machine
learning models” to approximate a function with discrete values [38]. In order to classify the data, it first creates a
plane that has all of the training points on it, measures the distance between the query and the plane, and then
generates a classification”. KNN compares patients to their nearest neighbors that present similar picture markers for
the specified medical conditions in patients. If a cluster managed by Nearest Neighbor represents the structured
cluster of relationships based on diabetes & Kidney failure or patients affected with both conditions, then this
constitutes a strong Rationale for the identification or Diagnosis of Diabetes.

Logistic regression: A statistical method for making predictions about binary classes is called logistic regression, or
LR. It most closely resembles an “S-shaped function, which can be used to predict the outcome”. LR offers a clear
method for determining the “probability of being diagnosed as Diabetic based on each individual Clinical Feature”
in order to assist health care professionals in identifying appropriate Risk factors. It also allows healthcare
professionals access to information about individual Risk Factors to assist them in making diagnosis decisions.

3.4.2 Ensemble models

“Ensemble learning (EL)” utilizes advanced techniques of “combining the predictions of different models” to
create an improved final prediction that contains greater accuracy than any individual model. “Ensemble methods
such as RL, AdaBoost, and XGBoost” all improve upon the error rate and the degree to which they identify complex
health patterns while simultaneously improving the stability of their predictions. Ensemble learning models,
therefore, provide a more reliable result when it comes to making early diagnoses in diabetes detection.

Random forest: When it comes to ensemble techniques and hybrid models, RF is the maximum effective and
versatile “supervised machine learning algorithm” for increasing performance and prediction accuracy. The RF
technique uses bootstrapping to merge several decision trees into one ensemble model [19]. RF is extremely reliable
for diabetes prediction because it decreases overfitting, captures non-linear clinical patterns, and offers high
accuracy. Additionally, RF has the ability to identify key features (such as glucose and BMI) that have an impact on
the clinical interpretation of diabetes.

AdaBoost (Adaptive Boosting): AdaBoost is an ensemble method. This classifier fits multiple clones of the
classifier to the same dataset after first working on the original dataset [39]. The AdaBoost algorithm primarily
modifies the data distribution according to how well the training samples are classified. The lower classifier then
gets the updated weights from the modified data once all of the training classifiers have been combined. AdaBoost
struggles with noisy and outlier-containing datasets, even though it is less likely to overfit. In cases that are more
difficult or misclassified patient cases, it improves diabetes classification by giving maximum weight. This
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adjustment results in a “decrease in error as well as an increase in the likelihood of detecting borderline diabetic
cases correctly”.

XGBoost (Extreme Gradient Boosting): “XGBoost is an ensemble machine learning strategy that uses decision
trees and gradient boosting” to increase performance by correcting faults in each algorithm’s output. Compared to
other algorithms, it is a more inventive and astute way. XGBoost performs well with both small and large datasets,
although it struggles with datasets with a high number of categorical variables. XGBoost is one of the best-
performing models for detecting diabetes because it can handle noise, missing values, or complex interactions
between various clinical factors. The model’s accuracy, combined with low levels of error, makes it an ideal choice
for early-detection systems of diabetes.

3.4.3 Hyperparameter tuning

Machine learning needs to optimize model hyperparameters, which are not learnt from data. Optimal
hyperparameter change can enhance model performance, generalization, and efficiency. To optimize the model
parameters, so used the GridsearchCV approach. Ensure the model performs optimally in these parameters [40].

3.5 Confusion matrix

A confusion matrix [41], an analytics and machine learning efficiency evaluation tool, can be used to assess
the “accuracy and effectiveness of a classification model”. It carefully observes how the algorithm’s predictions
compare to the actual ground truth facts. It’s also called a “square matrix”, which shows the “total number of True
Positives (TP), True Negatives (TN), False Positives (FP), and False Negatives (FN) for each group or category in a
classification problem”.

e True positives (TP): A “positive class” was appropriately forecast by the process.

o True negatives (TN): A “negative class” was effectively forecast by the process.

e False Positives (FP): “A false positive occurs when an algorithm predicts a positive class while the actual

class is negative”.

e False Negative (FN): “A false negative occurs when an algorithm didn’t predict the negative class while

the actual class is positive”.

“Classification algorithms can use the confusion matrix” to evaluate the “performance metrics such as
accuracy, recall, and precision,” and this provides useful insights into the system performance.

4. COMPARATIVE RESULTS

This results section is to evaluate the summary of the results obtained by comparing “machine learning and
ensemble learning on PIMA diabetes data using metrics (precision, accuracy, recall, F1-score, ROC-AUC, Cohen’s
Kappa, MAE, and RMSE)” for analysis. This will give insight into how well the various models performed in detail
in predicting which patients were diabetic and which were not, and demonstrate the added value provided by
applying ensemble techniques.

Accuracy: The “accuracy of a prediction model is defined as the number of correct predictions out of the total
number of predictions” produced by the model. For “diabetes detection, the accuracy of a prediction model indicates
how accurately the classifier can classify patients into the diabetic and non-diabetic categories. Fig.4 represents the
accuracy comparison of learning models.
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Fig.4 Accuracy comparison of learning models

A higher accuracy will reduce the number of incorrect classifications by the model, ultimately reducing the
number of errors within a clinical support system. In this graph, the “Random Forest [20] classifier” had the highest
accuracy (84.18%), followed by the XGBoost (82.91%) and the AdaBoost classifiers (81.01%).

Precision: The point to which a model accurately classifies those with diabetes from the entire dataset versus
incorrectly classifying non-diabetes as diabetic is known as “precision”. Therefore, the greater the indicated
“precision”, the fewer false positives will arise from the model’s predictions. The proportion of correct positive
predictions is shown in Fig.5.
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Fig.5: proportion of correct positive predictions

The graphs illustrate which models provide better reliability in identifying those diagnosed with diabetes.
Typically, ensemble models sustain improved precision due to their boosted learning capability. The classifiers of
RF (84.8%) and AdaBoost (83.7%) had the greatest precision values.

Recall: To detect actual diabetic cases correctly, recall measures the model’s ability. In the model, can missed few
diabetes patients can represent the higher recall, which is critical in medical diagnosis. The higher recall aims to
detect the most diabetic cases. The RF (83%) or XGBoost (87%) shows the superior recall since they are more
accomplished at identifying the positive cases. Fig.6 represents the recall comparison across models.
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Fig.6 Detection rate of actual diabetic cases

FI1-Score: The “Fl-score is a balance between both recall and precision”.“F1-score is high”, it demonstrates the
performance of well-balanced prediction, and it establishes better stability in classifying diabetic and non-diabetic
classes. F1-score comparison across models is shown in Fig.7.

S @ oghok Regrevsamn 0 Decivium Tree
® andombwress @ NaveBones @ AN At Baurst

0 NG Bt

¥hsoare
<

°
b

"

f'.,/.r'f S

Fig.7 F1-score comparison across models
In this graph, the RF (84.2%) and XGBoost (83.8%) had the highest value F1-score, so it does can create a
better stability in classifying diabetes.
Table 2

Comparison of Machine learning and Ensemble learning techniques using metrics Accuracy, precision,
Recall, F1-score

Model Accuracy Precision Recall F1-score
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SVM 0.78481 0.810811 0.75 0.779221
Logistic Regression 0.772152 0.814286 0.7125 0.76
Decision Tree 0.797468 0.815789 0.775 0.794872
Random Forest 0.841772 0.848101 0.8375 0.842767
Naive Bayes 0.765823 0.802817 0.7125 0.754967
KNN 0.778481 0.8 0.75 0.774194
AdaBoost 0.810127 0.837838 0.775 0.805195
XGBoost 0.829114 0.804598 0.875 0.838323

Performance of all Machine Learning and Ensemble methods compared across core metrics of classification,
which consists of “accuracy, precision, recall, and F1-scores can be seen in Table 2. The consequences clearly show
the highest accuracy when utilizing ensemble techniques over individual machine learning models. “RF provides the
best overall accuracy (84.18%), and the F1-score is 84.27%. The highest recall was achieved by XGBoost. Logistic
Regression, SVM, KNN, and Naive Bayes are traditional Machine Learning models with moderate performance;
however, none of these traditional models outperformed the ensemble models for predicting diabetes. Overall, this
indicates that ensemble models produce the most accurate, sensitive, and balanced results for detecting diabetes.

ROC-AUC: The model’s ability to distinguish between “positive and negative classes is indicated by ROC-AUC”.
Strong discrimination ability is indicated by values nearer 1.0. According to the plot, ensemble models typically
outperform conventional models in terms of AUC, representing their resilience in classification problems. The
highest ROC-AUC is the best, so RF (92.8%) and XGBoost (91.3%) had the highest ROC-AUC values. Class
separability performance of classifiers is shown in Fig.8.
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Fig.8 Class separability performance of classifiers

Kappa: This measure assesses the “degree of agreement between predictable and actual results while accounting for
causal agreement”. Reliability is better when kappa values are higher. Ensemble classifiers are typically RF (68.3%)
and XGBoost (65.7%), exhibit higher Kappa scores, indicating reliable accuracy prediction. Fig.9 represents the
agreement level between predictions and true labels.
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MAE: “Mean Absolute Error (MAE) estimates the average magnitude of prediction errors” without regard for
direction. It is determined as the “average of the complete discrepancies between the actual and projected values”. In
this graph, the “values of Mean Absolute Error for ensemble learning and machine learning models” used for

diabetes detection, RF (15.8%), and XGBoost (17%) can achieve the lower MAE. The Model comparison of MAE
is shown in Fig.10.
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Fig.10 Average absolute prediction error across models

RMSE: “Root Mean Squared Error (RMSE) metric” for assessing regression models. RMSE provides an estimate of
the normal dissimilarity between forecast values and real values by capturing the “square root of the sum of the
squared differences divided by the number of observations”. Fig.11 explores the model comparison of RMSE.

www.phdprojects.org

For reference use only. Unauthorized use, reproduction, or distribution is not permitted.




Be phdprojectsorg@gmail.com

P h D Projects

Ideas For Growing Your Career “ +91 98946 59122

L B} @ lLagistic Regremion © Decisiom Trex @ Rantum Farot

@ Nobvee Baper @ KNN Ads Blownt @ NG Bowst

: "é )_e'. = 4 .‘
f d”{ / 3

N

s
r 1
- -

14

Fig.11 Root-mean-square error comparison of models

For diabetes mellitus classifications, lower RMSE values indicate that the outputs of the model being
evaluated are closer to the actual clinical values and therefore provide a more reliable way to “diagnose and early
predict the risk of developing diabetes mellitus”. So, this graph illustrates that the Ensemble learning techniques of
RF (39.7%) and XGBoost (41.3%) have achieved the lower RMSE.

Table 3
Comparison between the Machine learning and Ensemble learning techniques using metrics ROC AUC,
Kappa, MAE, RMSE
Model ROC AUC Kappa MAE RMSE

Sy 0.893029 0.569965 0.21519 0.463886
Logistic Regression 0.898397 0.54496 0.227848 0.477334
Decision Tree 0.797756 0.595131 0.202532 0.450035
Random Forest 0.928125 0.683544 0.158228 0.397779
Naive Bayes 0.862821 0.532245 234177 0.483919
KNN 0.884936 0.557246 0221519 0470658
AdaBoost 0.898958 0.620557 0.189873 0435745
XGBoost 0.913942 0.657789 0.170886 0.413384

Table 3 demonstrates how well the different learning models can predict outcomes using advanced
performance measurements. Ensemble models such as RF(92%) and XGBoost (91%) as indicated by their high
ROC-AUC scores which indicate very good class separation ability between Diabetic and Non-diabetic cases, their
Kappa scores indicate very high agreement with actual labels of instances, Overall low MAE score can had the RF
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(15.8%) and XGBoost (17%), and lastly RF (39%) and XGBoost (41%) had the lowest RMSE scores, meaning they
had less error in prediction and are therefore more stable. The traditional learning models had poor performance
when compared to the ensemble models with lower AUC, kappa scores, and a higher degree of prediction error.

The overall “experimental results” indicate that the ensemble methods are superior to the traditional
machine learning methods based on all of the evaluation criteria used in the study. The RF method was found to
have the best accuracy rate (84.18%) and F1-score (84.27%). The XGBoost method produced the highest precision
and recall (87.50 %). The results presented indicate that the “RF and XGBoost methods™ are the most active way to
diagnose diabetes and correctly identify those who have diabetes in less time than other methods available.
Additionally, all classifiers classified as ensemble performed best out of all classifications with regard to “ROC-
AUC, Kappa, MAE, and RMSE”. Therefore, “compared to traditional methods, ensemble models” provided more
accurate discrimination capabilities between “diabetes or non-diabetic patients”.

Consistently, ensemble learning techniques outstripped “traditional machine learning models” in terms of
minimizing errors and generalizing better to new data and stabilizing consistent classifications. It appears from our
experimental results that Ensemble learning is a better approach than traditional ML techniques for diabetes
prediction and provides the most accurate diagnostic assistance to allow for the diabetes detection for patient at
initial stage.

5. DISCUSSION

Through the experimental data collection process and analysis, it was found that there was an important
modification in how traditional ML algorithms performed in predicting diabetes as opposed to the ensemble learning
algorithms. An examination of many different types of “metrics to evaluate each algorithm’s performance (e.g.,
Accuracy, Precision, Recall, F1-Score, ROC-AUC, Kappa, Mean Absolute Error, and Mean Root Squared Error)
revealed that all the ensemble learning models” produced consistently better and more robust results than traditional
models. In particular, both RF and XGBoost exhibited excellent classification ability with greater than average
accuracies and a more even distribution of sensitivity and specificity than that of Traditional ML models.

The traditional algorithms: SVM, KNN, LR, Naive Bayes, and Decision Tree were able to provide a
performance baseline that could be considered acceptable, but did not perform very well when it came to accurately
modeling the complex interactions & non-linearities of the data. These traditional algorithms also tended to produce
higher “mean absolute errors (MAE) and root mean square errors (RMSE)”, which indicates that they performed
worse at reducing misclassifications. The ensemble methods showed much lower error rates and the highest amount
of agreement (kappa) among them, showing that these ensemble methods are much more reliable and appropriate for
use in clinical prediction.

Ensemble learning has the capacity to lower the variability of classifications made by a classifier while
increasing the capability of the classifier to more effectively differentiate between diabetic and non-diabetic patients
through its ensemble mechanisms of bagging and boosting multiple weak learners together into an enhanced
classifier. Furthermore, the recall and F1-Score metrics performed better with ensemble learning methods, as these
metrics are extremely important in medical applications, where the failure to identify a diabetic patient can result in
detrimental outcomes. Finally, Ensemble models provide a feasible option for diabetes early detection. By virtue of
their ability to facilitate complex data management, reduce variance, and improve predictive reliability, they
outperformed other methods in all the performance metrics examined. Consequently, integration of such models
within the context of decision support systems used by health professionals will result in improved accuracy and
efficiency of diagnosis.

6. CHALLENGES
Several challenges are encountered in diabetes detection, such as the following,
e The limited number of types from the “PIMA Diabetes dataset” makes it difficult to generalize; therefore,

creating predictive models is restricted, and treatment decisions are not easy to interpret from clinical
practice.

e Dimensionality Reduction of PCA provides a robust way of reducing dimensionality; however, new
features would be challenging for clinical practice to understand.
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e When using traditional ML models, the average performance was lower than ensemble-based models,
indicating that traditional ML models have difficulty with recognizing and using complex patterns.

e Outlier detection for identifying and removing outliers from datasets needs caution, as excessive outlier
removal can lead to a loss of valuable information.

e Low recall of the “Naive Bayes classifier and Logistic regression” for diabetes indicates low capabilities of
these classifiers to correctly identify true positive diabetes cases.

7. CONCLUSION

This section provides the concluding remarks of the work and suggests future enhancements to strengthen
the “model's performance”. In this conclusion, the research indicates that ensemble learning approaches tend to
outperform conventional classifiers regarding their predictive ability for diabetes detection. Utilizing the “PIMA
Indian Diabetes dataset for machine learning techniques” to “evaluate the performance metrics such as accuracy,
precision, Fl-score, recall, kappa, RMSE, and ROC-AUC”. The findings reveal that “RF produced the greatest
accuracy results at 84.18%, followed closely by XGBoost 82.91% and AdaBoost 81.01%”, thus providing further
confirmation of the utility of ensemble learning methods to model complex healthcare data. In addition, it was
notable that “XGBoost produced the highest recall score and RF produced the best F1-score”, indicating that both
models exhibited strong balanced performance. Based on these results, therefore, utilizing ensemble models could
improve the reliability of a classifier’s classification and reduce the probability of an incorrect diagnosis of diabetes,
thus making them well-suited for use as the foundation for an intelligent system that will support the early diagnosis
of diabetes. Future studies may consider using other advanced hybrid ensemble techniques and optimization
strategies to “increase prediction accuracy of diabetes detection, utilizing hybrid deep learning architectures” and
transformer-based models, in order to include a wider diversity of feature interactions from clinical datasets.
Furthermore, it would be beneficial to expand the dataset by including actual clinical records and samples of patients
treated across multiple sites to help “improve the model’s generalization capabilities”. Finally, the improvement of
real-time predictive systems, such as mobile or IoT medical monitoring systems, can produce ongoing monitoring of
diabetes risk and assist with prompt and accurate intervention.
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