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Abstract

Undiagnosed diabetes is very dangerous, and a growing public health issue around the world. We need to be able
to identify early if we want to halt the course of the disease and mitigate risks to critical organs. This project will
build a multi-faceted ML model that will increase the accuracy and efficiency of diabetes diagnosis. They use a
dataset that has health indicators such as age, BMI, insulin and glucose to train a number of machine learning
algorithms to classify the risk of diabetes. DenseNet 96.8% was the best algorithm of all algorithms and AlexNet
94.8%. Other good performers included Weighted KNN and Fine Gaussian SVM with 83.4% and 83.5% accuracy
respectively. These models were evaluated further on performance metrics such as F1 score, accuracy and recall.
For example, because of its ability to detect positive cases, DenseNet recall reached 0.97. This proposed approach
combines ensembles and sophisticated feature selection for diagnosing purposes. The model’s clinical fit is
guaranteed by statistical calculations used to confirm its fit in the real world. Finally, by offering a robust machine
learning-based early diabetes detection solution, this study makes advances in medical diagnostics and aids
clinicians to treat patients more quickly and effectively.

Keywords: Diabetes diagnosis, machine learning, predictive analytics, feature selection, decision tree, early
detection, healthcare system, ensemble techniques, diagnostic accuracy, smart healthcare

1. Introduction

Diabetes is a disease that causes high blood glucose. Diabetes over time is also very harmful to the heart, blood
vessels, kidneys, eyes, nerves, and heart. There are millions of diabetics in the world today, and many of them are
undiagnosed until an issue occurs, according to recent studies [1,2]. Diabetic management and avoiding
complications depends a lot on detection and early intervention. But many don’t realize they have it until their
symptoms worsen and leads to morbidity and mortality [3]. So, the mortality rates of diabetes could be
significantly reduced if prediction models are created that are robust enough to predict diabetes in time. [3,4]
Several advances in the recent past have been made towards making illness prediction models more accurate using
machine learning (ML) and healthcare data. Large data sets could also be mined by machine learning algorithms,
and can find complex patterns and provide early diagnostic information [5-8]. The aim of this thesis is to use the
Pima Indians Diabetes Database (PIDD), one of the most famous datasets in the medical research community, to
predict diabetes’s onset with high-powered machine learning models. This dataset from the National Institute of
Diabetes and Digestive and Kidney Diseases is loaded with diagnostic variables, such as BMI, insulin and glucose,
all of which are indicators of diabetes. [10,9]

The main purpose of this work is to create and apply predictive models for diabetes diagnosis and determine the
best machine learning technique for this. Many machine learning models such as Support Vector Machines (SVM),
Neural Networks, Decision Trees, Ensembles, etc., were proved promising for diagnosis by an exhaustive review
of the literature [11-13]. When we fit these models to the PIDD data, we will compare their performance on many
different indicators such as accuracy, precision, recall, AUC and F1-score. Optimising the best performing model
with ensemble methods to make the prediction even better.

It also aims to address some of the problems associated with prediction of diabetes such as unbalanced data and
making models generalisable through feature selection and cross-validation. Feature scaling and stratified cross-
validation guarantee that the built models are robust and can make precise predictions. The outcome of this study
could revolutionise early diabetes diagnosis to save patients and enable doctors to make better data-driven
treatment decisions in the field of diabetes.

It is formatted as follows: approach, with a review of proposed models and methods, followed by a section for the
dataset and preprocessing steps. Whereas the literature reviews how important the results are and where they
might lead for research, the results section summarizes the results and evaluation of several models. The work’s
contributions and applications to predictive analytics and healthcare are rounded off at the end.

2. Literature Survey and Related Works

There are too many people in the world with diabetes; 537 million people worldwide are diabetic today and it is
estimated that there will be 783 million in 2045. As effective as they are, other early diagnosis and prediction
approaches in diabetes, such as glucose tolerance testing and clinical evaluation, are often poor [14—16]. These
methods often entail tedious and subjective manual review of clinical data. Then again machine learning (ML)
offers a few advantages in terms of using big datasets and sophisticated algorithms to identify the patterns and
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correlations in the data. For instance, a new study shows that machine learning models can be accurate up to 90
per cent, an increase over the classical approach.

Machine learning methods for diabetes prediction boost diagnostic sensitivity and response speed so doctors can
act earlier, rather than later. Since diabetes comorbidities, such as cardiovascular disease, kidney disecase, and
blindness, can be more common, costing patients substantial amounts of healthcare and decreasing patients’
quality of life, this shift to data-driven strategies is key. Besides, machine learning systems can also handle an
abundance of demographics and risk factors to make custom predictions. [17-20] Many experiments dealing with
different ML algorithms to predict diabetes have been undertaken on these trends. These are a few related
publications that contribute to this literature:

In a private data set derived from 203 female patients in Bangladesh, and the Pima Indian Diabetes data set,
Isfafuzzaman Tasin et al. [21] developed a diabetes algorithm. They leveraged mutual information to apply feature
selection and SMOTE and ADASYN to correct for class inequity. XGBoost with ADASYN classifier with 81%
accuracy, F1 of 0.81 and AUC of 0.84 was the most accurate against other models. Model interpretation was made
through explicable Al (LIME, SHAP), which provided the reasoning behind predictions. The paper shows how
important it is to control the data imbalance and make smart features selections.

From data from a Taipei Municipal hospital, Chun-Yang Chou et al. [22] trained a diabetes prediction model on
15,000 women aged 20 to 80. They studied two-class logistic regression, neural networks, decision forests and
enhanced decision trees with Microsoft Machine Learning Studio, on traits such as plasma glucose, insulin, BMI,
and age. Two class boosted decision tree was the most effective and predicted fairly well with AUC 0.991. The
article highlights challenges to keep various types of data features up to date and the promise of machine learning
for early diabetes detection.

Salliah Shafi Bhat et al used the Pima Indian Diabetes Dataset (PIDD). [23] for Diabetes Mellitus Risk Assessment
and Prediction Framework Using Machine Learning Algorithms to predict diabetes from various ML models, like
Decision Tree, Gradient Boost, and Logistic Regression. 91 % accuracy, 96 % precision, 92 % recall, and a 94%
F1 score the Decision Tree model was quite successful as it was all about improving prediction accuracy using
Feature Engineering. It also mentions performance requirements for feature selection and data distribution, and
diabetes predictive systems.

Sandip Kumar Singh Modak and Vijay Kumar Jha’s "Diabetes Prediction Model Using Machine Learning
Techniques" [24] attempted to better diagnosis of diabetes through different machine learning models. It used
advanced ensembles such as XGBoost, LightGBM and CatBoost along with algorithms such as Logistic
Regression, SVM, Nave Bayes and Random Forest. The authors showed prediction accuracy with Kaggle data
and python implementation. CatBoost reached the highest accuracy of 95.4% and AUC-ROC value of 0.99
proving that it was accurate at detecting early diabetes.

What Fayroza Alaa Khaleel and Abbas M. Al-Bakry are seeking in "Diagnosis of Diabetes Using Machine
Learning Algorithms" [25] is to make diabetes diagnosis earlier using machine learning. Its primary purpose is to
predict the onset of diabetes using the diagnostic data in the Pima Indian Diabetes Dataset (PIDD). The three ML
techniques were implemented and compared by the authors: K-nearest Neighbour (KNN), Nave Bayes (NB) and
Logistic Regression (LR). The results were that with 94% prediction accuracy, Logistic Regression beat Nave
Bayes (79%) and KNN (69%). That means that LR is useful in diagnosing diabetes accurately.

Table 1 Literature Survey Summary on Diabetes prediction using Machine Learning

(2022) [21]

dataset and additional samples
with various ML models.

Android app for real-time
predictions.

Author(s Paper Description Merits/Numerical Results Challenges
p P g
Developed an automatic diabetes Achieved 81% accuracy with Managing class imbalance
Isfafuzzaman L . . XGBoost using the ADASYN using SMOTE and
Tasin et al. prediction system using Pima approach; provided website and | ADASYN; ensuring

robustness across diverse
data samples.

Chun-Yang
Chou et al.
(2023) [22]

Analyzed the prediction of
diabetes in Taiwan using neural
networks and other ML models
with patient data from medical
centers.

Best results with two-class
boosted decision tree achieving
AUC of 0.991, indicating high
predictive performance.

Adapting the model to
various patient
demographics; data
preprocessing and
handling class imbalance.

Salliah Shafi
Bhat et al.
(2023) [23]

Developed a risk assessment
framework for diabetes using
PIDD and ML algorithms like
Decision Tree, Logistic
Regression.

Decision Tree achieved the
highest accuracy of 91%,
precision of 96%, recall of 92%,
and F1 score of 94%.

Addressing overfitting and
optimizing feature
selection for better model
performance.

Sandip
Kumar Singh
Modak et al.
(2023) [24]

Proposed a diabetes prediction
model using various ML and
ensemble learning techniques
with real-world data from
Kaggle.

CatBoost achieved 95.4%
accuracy and AUC-ROC of 0.99,
outperforming other ensemble
methods like XGBoost (94.3%).

Computational complexity
of training ensemble
models; ensuring
scalability for real-world
applications.

Fayroza Alaa
Khaleel &
Abbas M.

Developed a model using LR,
NB, and KNN to predict diabetes
onset using PIDD.

Logistic Regression achieved
94% accuracy, making it the
most effective among the tested
models.

Balancing model precision
with recall; optimizing
model performance for
different types of diabetes.
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Al-Bakry
(2021) [25]

Table 1: A quick summary of the key conclusions from several ML studies on diabetes prediction — the
methodologies, the results, and the challenges to implement them. There are many issues in the studies of ML for
Diabetes Prediction: class imbalance in data sets, feature selection and data preparation, models that are hard to
read. Also, a lot of models are not very generalisable across a wide range of patient groups. The work we propose
here would try to solve such problems by using advanced data preprocessing to overcome class imbalance, feature
engineering to optimize the model performance and machine learning/ensemble combinations to ensure accuracy
and computational efficiency. Our long-term aim is to design a generic, robust diabetes prediction system that can
be easily incorporated into medical practices and enhance patient care.

3. Methodology: Multi-strategy Machine Learning model for diabetes predcition

A set of important procedures is included in the prediction of diabetes onset using Pima Indians Diabetes Database
to give a robust analysis. Data preprocessing, for cleaning up the data to analyse it, is done first to remove missing
values. Then comes the data integration, transformation, reduction and feature scaling. This is followed by
partitioning of data, especially stratified fivefold cross-validation to retain the distribution of the outcome variable
across the training and test datasets. The training data is then fed to different models of machine learning like
neural networks, decision trees and support vector machines. Performance of such models is based on parameters
such as Fl-score, accuracy, precision and recall. They evaluate algorithms that are the best. An ensemble of
weighted score is then implemented for better prediction, and optimal weights are calculated for each model for
each cross-validation fold. Then the test set is exposed to the trained ML/Ensembl models and result evaluation
can be done with accuracy. With a robust early diabetes detection system in place, this discipline can lead to
improved outcomes in healthcare long-term. The general procedure is plotted visually in Figure 1.

Training and
ata Preprocessing Valid 9
- + Find Missing Data
* Data Integration Data Portioning
Diabetes + Dats Transformation (Stratified Cross
Dataset + Data Reduction Validation)
« Feature Scaling
Testing S
sting Samples ML Models
m Result and Select best ML
Evaluation Algorithms

3.2 About Dataset

A famous diabetes development estimate dataset is the Pima Indians Diabetes Database. It contains several
medical risk factors that determine a patient’s likelihood of developing diabetes. Especially data from female
patients aged at least 21 and of Pima Indian origin. Its major aim is to assign patients to a category for diabetes,
or lack of diabetes, based on these criteria. The data — its properties are represented in Table 2 — can be used to
develop machine learning models to target early diagnosis and management of diabetes, thus improving public
health by the way.

Figure 1 Overview of the Proposed Diabetes Prediction System Model

Table 2 Summary of Attributes in the Pima Indians Diabetes Dataset.

Attribute Description Type
Pregnancies Number of pregnancies Numeric
Glucose Plasma glucose concentration (mg/dL) Numeric
Blood Pressure Diastolic blood pressure (mm Hg) Numeric
Skin Thickness Triceps skin fold thickness (mm) Numeric
Insulin 2-Hour serum insulin (mu U/ml) Numeric
BMI Body mass index (kg/m?) Numeric
Diabetes Pedigree Function | Family history likelihood of diabetes Numeric
Age Age of the patient (years) Numeric
Outcome Presence (1) or absence (0) of diabetes Categorical

Step 1: Data Preprocessing

The Pima Indians Diabetes Database Data preparation phase starts with some statistical steps that ensure that the
dataset is properly cleaned, combined, transformed, compressed and scaled for data analysis and modeling. This
process can be numerically represented with the following equations.
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1. Finding Missing Values: Let D = {d;, d,, ..., d, Jrepresent the dataset containing (n) instances. If any instance
(d;) has missing values denoted as m; € d;, we can define a function f: D — D', that imputes these missing entries.
One common method for imputation is using the mean of the respective feature (X;):
b if m; is missing
f(dy) = {mj otherwise

n
1 ) . . . .
where y; = o E . Xyjand (nj) is the number of non-missing entries in feature (j).
=1

2. Data Integration: If we have multiple datasets (Dq, Dy, ..., Dx), we integrate these datasets into a single dataset

D integrated aS follows:
k
Dimegrated = U Di
i=1

Additionally, if we consider merging on a common attribute (A), we can denote the integration process as:

k
Dimegrated = U(Dl ™ A)
i=1

3. Data Transformation: To transform the integrated data into a suitable format, we apply a transformation function
T: Dingegrated — Diransformed. For instance, normalizing the features (X;) in (D) to the range [0, 1] can be defined
mathematically as:
X; = Xij = Xmin,j
Xmax,j - Xmin,j
where Xi',- is the normalized value, and Xminjand Xmaxjare the minimum and maximum values of feature (j) in the
dataset.
4. Data Reduction: To reduce the dimensionality of the dataset, we can apply Principal Component Analysis
(PCA). If (X) is the original dataset represented as X € R™*"(where (m) is the number of instances and (n) is the
number of features), the PCA transformation is given by:

Y= XVk
where (Vi) is the matrix of the top (k) eigenvectors obtained from the covariance matrix X = ﬁXTX

5. Feature Scaling: Finally, we scale the features in (D) to ensure they have similar ranges. One common scaling
method is standardization, which transforms the data into a distribution with a mean of 0 and a standard deviation
of I:

Xij — B

0j

Zij =

m m
where ; = iz Xjjis the mean of feature (j), and (Gj = \/lz Xi5 — pj)zis the standard deviation of
i=1 M Lij=1

feature (j).Combining all these mathematical representations, the overall preprocessing step can be summarized
as follows:
Dpreprocessed = T(f(Dintegrated)) UYUZ
Where Dpreprocessed 18 the data after all the preprocessing (imputation of missing values, integration, transformation,
reduction, and scaling). This preprocessing step is important for getting the Pima Indians Diabetes Dataset ready
for Machine Learning analysis and training of models.
Step 2: Data Partitioning (Stratified Five-Fold Cross-Validation)
After preprocessing, Pima Indians Diabetes Database need to split up the data into training and testing sets with
the goal variable distribution (Diabetes outcome) kept at all folds. These are steps that we can quantify in terms
of numbers the stratified 5x cross-validation process.
1. Dataset Definition: Let Dpreprocessed = {d1, dz, -, A Jrepresent the dataset after preprocessing, where (m) is the
total number of instances. The target variable Y € {0,1}indicates the presence (1) or absence (0) of diabetes.
2. Stratification: We first need to determine the distribution of the target variable in the dataset. Let (no) be the
number of instances where (Y = 0) (no diabetes) and (n;) be the number of instances where (Y = 1) (diabetes).
Therefore:
[ny + n; = m]

The proportions can be calculated as:

Ny Ny

[po=a, Pr =

where (po) and (p:) are the proportions of each class in the dataset.
3. Fold Creation: The dataset (Dpreprocessed) 1S then divided into (k = 5) folds, ensuring that each fold maintains the
same proportion of class labels as the original dataset. Each fold can be represented as:

[Fi = {fi,l' fi,Zl -"'fi,ni} fori= 1,2, ,5]
where (n;) is the number of instances in fold (F;).
To ensure stratification, the number of instances in each fold can be calculated as:

[ng; = floor(pg - ;) and  ny; = n; —ng;]

where No,iand N1,irepresent the number of instances in fold (F;) for classes 0 and 1, respectively.
4. Cross-Validation Procedure: The cross-validation process consists of training the model on (k-1) folds and
validating it on the remaining fold. This can be mathematically expressed as:

]
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[Traini = Dprcproccsscd \ Fi and Tes'[i = Fi]
where Train; is the training set composed of the data from all folds except (F;), and Test; is the test set composed
of the data in fold (F;).
Step 3: Model Application and Ensemble Development
This stage involves applying several machine learning (ML) models to the Pima Indians Diabetes Database,
identifying the top-performing models, and creating an ensemble technique with a weighted score for each fold.
During the assessment process, the weights that are optimised are decided to yield the maximum accuracy. The
following is the mathematical expression for the process:
1. Model Selection: Let M = {m;, m,, mj, ..., my }be the set of ML algorithms applied to the training data (Train;)
from each fold (Fi). The ML algorithms include:
Logistic Regression (m;)
Decision Tree (my)
Support Vector Machine (m3)
Random Forest (m4)
K-Nearest Neighbours (ms)
Neural Networks (me)
For each model m; € Mwe train the model on Trainjand evaluate its performance on Test; using the following
performance metrics:
TP + TN,

Accurac .=
ym]',l n;

1
2. Best Model Selection: After training and evaluating all models on the test set for each fold \( F_i\), we identify
the best-performing model based on accuracy:
Mpesej = arg Ig}zeil\)/([Accuracymj,i

The best model for each fold is recorded, along with its accuracy.
3. Weighted Score Ensemble Method: For each fold (F;), we develop a weighted ensemble model (E;) that
combines the predictions of the selected models. Let (w;) be the weight assigned to model (mj), which reflects its
importance based on accuracy. The weights are optimized to maximize accuracy on the training set. The optimized
weights are calculated as:
Accuracy .
— r P
wj = = forj=1,2,..,n

Accuracy

k!

k=1
The final prediction for each instance (xx) in the test set (Test;) can then be expressed as:
n

VEi = Z Wi * Vimy k where Ymjk is the prediction from model m;
=1
4. Training the Ensemble Model: The ensemble model (E;) is trained on the predictions from the individual models
for each fold. The ensemble prediction can be defined as:

n
Ei(x) = arg yggﬁZ Wi - I(Ymx =)
j=1
where (I) is an indicator function that outputs 1 if the prediction matches (y).

5. Application on Test Set: After training the ensemble model (Ei), it is applied to the test set to predict the outcome:

Yensemblei = Ei(Xi)for all instances Xy, in the test set
6. Result Evaluation: The results of the predictions from the ensemble model are evaluated using performance
metrics such as accuracy, precision, recall, and F1 score:

Overall Accuracy:
5
i=1 TPensemble,i + TNensemble,i
Overall Accuracy = =
2 . n;
i=1"1
Precision:
5
.. Z i=1 Tpensemble,i
Precision = —< =
i=1 TPensemble,i + Z i=1 FPensemble,i
Recall:
5
Recall _ Zi:l TPensemble,i
- 5 5
i=1 TPensemble,i + Z i=1 FNensemble,i
F1 Score:

Precision - Recall
F1=2

Precision + Recall
The step in short is: apply a few machine learning models, select the optimal models, generate a weighted score

ensemble method for each fold and test the ensemble model performance against the test set. Using the Pima
Indians Diabetes Database, this process makes diabetes prediction more accurate and robust.
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4. Experimental Setup and Results

This research design is experimental: The model in this study is predicted by diabetes using MATLAB 2024. The
Pima Indian Diabetes Dataset (PIDD) consisting of 768 samples divided in 70 % training and 30 % testing is the
dataset that was used for this study. This is done by identifying the eight input parameters (age, blood pressure,
glucose level) as diabetic and non-diabetic. We apply Min-Max normalisation to assure consistent feature scaling.
It is performed for all ML algorithms like Random Forest, SVM, KNN, Decision Tree, Logistic Regression etc.
Validation for model correctness (5-fold cross-validation) and class imbalance is handled with SMOTE, etc. In
order to get best possible model performance during training, hyperparameters such as learning rate and number
of epochs are changed. Accuracy, precision, recall, F1-Score, AUC-ROC are the tests that are applied to determine
models’ performance. The machine with an Intel Core i7 CPU and 16GB of RAM runs simulations. In table 3
below we have included the key parameters for the simulation.

Table 3 Simulation Parameter for the proposed system models experimental setup

Parameter Value/Range

Dataset Pima Indian Diabetes Dataset (PIDD)
Number of Samples 768

Training-Testing Split 70% Training, 30% Testing

Input Features 8

Output Classes 2 (Diabetic, Non-Diabetic)

Feature Scaling Min-Max Scaling (0, 1)

Logistic Regression, SVM, KNN, Decision Tree,

Machine Learning Models Random Forest, XGBoost, CatBoost

Validation Technique 5-Fold Cross Validation

Learning Rate 0.01

Number of

Iterations/Epochs 100-500

Batch Size 32

Evaluation Metrics Accuracy, Precision, Recall, F1-Score, AUC-ROC
Balancing Technique SMOTE

Regularization L2 Regularization

Programming

s MATLAB R2023a
Environment
Computational Hardware | 16 GB RAM, Intel Core i7 CPU

Training Performance of various ML Models on Diabetes Prediction: Accuracy and Loss
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Figure2 Training Performance of various ML models on diabetes prediction

Figure 2: Performance in terms of accuracy and loss measures of four MLM models, Support Vector Machine
(SVM), K-Nearest Neighbours (KNN), Random Forest, and DenseNet. All models are plotted as 4x2 subplots
where the prediction error (the right column) and loss (the left column) in the training and validation phases are
respectively. Other machine learning methods were trained as well in the study apart from the highlighted models.
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These were Logistic Regression, Decision Trees (medium and fine), Quadratic and Linear SVM, Coarse Gaussian
SVM, Cubic SVM, Fine Gaussian SVM, Neural Network in different configurations, KNN and Random Forest.
In the DenseNet model, the accuracy of this model was highest out of all the models analyzed, so deep learning
architectures were particularly helpful here.

Confusion Matrices for ML Models
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Figure 3 Confusion matrix of the various trained and tested ML models in diabetes prediction

Figure 3 Confusing matrix for the Support Vector Machine (SVM), K-Nearest Neighbours (KNN), Random Forest
and DenseNet machine learning models. Confusion plot — Each subplot has numbers indicating how many of the
classes’ True Positives (TP), True Negatives (TN), False Positives (FP), and False Negatives (FN) are TP, True
Positives, and True Negatives, respectively. You can see the prediction percentages in the normalised graphs, so
that you can compare the performance of the models. While KNN got TP of 92 and FN of 8, SVM got TP of 95
and FN of 5. Compared to DenseNet (TP 112), Random Forest (FN 6), Random Forest had TP 90 and FN 6. These
matrices indicate model predictive accuracy and DenseNet’s reduced false negative rate.
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Figure 4 Comparative Analysis of AUC for TPR of the various ML models in diabetes prediction
This comparison of TR AUC (Area Under the Curve) of most machine learning models in Figure 4 show how
well algorithms work for diabetes prediction. CNN models (DenseNet, and AlexNet in particular) outperform the
other models considered: AUC-TPR = 0.97, 0.95 respectively. These results are far superior to standard ML
methods such as Random Forest (0.86), SVM (0.83 for Quadratic SVM) and Logistic Regression (0.83). AUC -
TPR value of CNN model that accurately classified diabetic patients. This shows how machine learning could be
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used to improve diagnosis performance in medical applications. All of the results indicate that patient assessments
can be more accurate and reliable when CNN architectures are introduced to diabetes prediction models.

Diabetes Prediction ML Models AUC-TNR Comparison
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Figure 5 Comparative Analysis of AUC for TNR of the various ML models in diabetes prediction

Figure 5 shows Comparison of the TNR Area Under the Curve (AUC) between different machine learning models
to see how well the algorithms can pick out non-diabetic cases. The CNN architectures are the most prominent in
this study, DenseNet received an AUC - TNR value of 0.97 and AlexNet got 0.95. These values are a good deal
higher than typical ML models like SVM (0.83 for Quadratic SVM) and Logistic Regression (0.83). As the CNN
models have better AUC-TNR ratings, they do a better job at eliminating false positives so you don’t miss
diabetics. That is why deep learning methods can be used to enhance the accuracy and reliability of medical
diagnosis — and why it is particularly important for diabetes detection. Overall, the evidence suggests that CNN
architectures can help to hone in on non-diabetic patients for much more accurate and efficient patient assessment.

Diabetes Prediction ML Models Accuracy Comparison
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Figure 6 Comparative Analysis of Accuracy of the various ML models in diabetes prediction
Important variations in prediction efficiency are shown in Figure 6, when comparing accuracy of different machine
learning models, and the use of CNN architecture is highlighted as well. DenseNet is the most accurate with
96.8%, AlexNet is next closest with 94.8%. The efficiency of traditional ML models, such as various SVM settings
and Logistic Regression (75.5%) are also less. As per the Fine Gaussian SVM model, the best performing SVM
model is an 83.5% accurate one. This is evidence of CNN architectures better predictive ability on diabetes
prediction problem, and it highlights CNN architectures’ great value as diagnostic tools. The extreme disparities
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in the accuracy underscore CNNs’ ability to help with diabetes early detection and treatment approaches that will
eventually lead to better patient care and simplified delivery of care.

] Recall, Precision, and F1 Score for Different Models
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Figure 7 Performance Metrics Comparison of Different Machine Learning Models on diabetes prediction

The work employed Logistic Regression, Decision Trees (Medium and Fine), Support Vector Machines
(Quadratic, Linear, Coarse Gaussian, Cubic, and Fine Gaussian), K-Nearest Neighbours (Weighted and Fine),
Neural Networks (NNN, Trilayer, MNN), Random Forest, DenseNet, AlexNet. Figure 7 Recall, Precision and F1
Score of these models. The combined bar chart where scores are shown by a y-axis from 0 to 1 allows visual
comparison of models. We’re seeing notable recalls in DenseNet (0.97) and AlexNet (0.94) which indicate these
networks are pretty good at recognising positive examples. DenseNet is the most Precision scoring classic model
(095), but KNN: Weighted KNN is OK (084). We find DenseNet and AlexNet with highest F1 Score (0.96) and
0.93, respectively for recall and accuracy. In this screenshot, you can see how CNN architectures (DenseNet and
AlexNet in particular) were able to handle the classification task better than older ML-based approaches. Table 4
—Key performance indicators of each machine learning model evaluated in this study: Accuracy, Recall, Precision,
F1 Score, True Positive Rate (TPR), and True Negative Rate (TNR). These metrics are useful in understanding
the accuracy of each model in discriminating positive and negative cases in the dataset.

Table 4 Comparison of performance metrics for ML models for diabetes prediction Table 4 Comparison of
performance metrics of ML models in diabetes prediction.

Model ‘(A(‘,/coc)“racy AUC-TPR | AUC-TNR gclore Fecal Emis“’
Logistic Regression 75.5 0.83 0.83 0.75 0.76 0.75
Tree: Medium Tree 78.6 0.82 0.85 0.77 0.79 0.76
Tree: Fine Tree 79.2 0.84 0.8 0.78 0.8 0.76
Quadratic SVM 76.4 0.83 0.83 0.76 0.76 0.76
Linear SVM 76.6 0.83 0.83 0.76 0.76 0.76
Coarse Gaussian SVM 76.7 0.84 0.84 0.76 0.77 0.76
Cubic SVM 77.2 0.81 0.81 0.76 0.76 0.76
SVM: Fine Gaussian SVM 83.5 0.91 0.91 0.83 0.84 0.83
Random Forest 80.8 0.86 0.8 0.79 0.8 0.78
KNN: Weighted KNN 83.4 0.95 0.92 0.83 0.84 0.82
KNN: Fine KNN 83.6 0.81 0.96 0.82 0.84 0.8
Neural Network: NNN 77.4 0.84 0.84 0.76 0.76 0.76
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Ef\}“al Network:  Trilayer | ¢, 5 0.84 0.84 0.8 081 |0.79
Neural Network: MNN 81.8 0.82 0.82 0.79 0.8 0.78
DenseNet 96.8 0.97 0.97 0.96 097 | 0095
AlexNet 94.8 0.95 0.95 0.93 094 | 092

5. Conclusion

Conclusion: This paper proves the performance of different ML algorithms for diabetes prediction i.e CNN are
better than traditional machine learning algorithm in this case. The study was done on a big dataset and it has
evaluated models like DenseNet with 96.8% accuracy and AlexNet with 94.8% accuracy. These models ranked
well with precision 0of 0.95 and 0.95, recall 0f 0.97 and 0.94, and F1 0f 0.96 and 0.95, respectively. The old models,
such as SVM, KNN and Random Forest, were in contrast inaccurate (83.5% for SVM (Fine Gaussian), 83.4% for
KNN (Weighted), and 80.8% for Random Forest). Our findings indicate that CNN designs could potentially be
applied to clinical settings for the detection of diabetes early, as they are better at prediction accuracy and detection
of diabetic patients. It’s clear that sophisticated models can be better than others, which shows the importance of
deep learning for diagnosis. To make the model more performance and generalisable, further studies will need to
explore the possibility of incorporating additional features and advanced methods like ensemble. All in all, this
paper contributes to the burgeoning body of knowledge in medical diagnosis by recommending machine learning
to help doctors make informed decisions about diabetes treatment.
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