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ABSTRACT

Diabetes is a prevalent chronic disease with significant health implications worldwide. It
is usually prolonged in a patient for their entire vitality. Early detection and intervention
are vital for successfully managing and preventing any complications. Diabetes can lead to
complications if not recognized and diagnosed early enough. In this dissertation, I will be
talking about how machine-learning methods are crucial for predictive modeling. Aimed
at early detection of diabetes. These models will be based on different factors, including
demographic, clinical, and lifestyle, among others, with large datasets being used to come
up with them. Therefore, the author prefers using machine learning methods such as SVM,
KNN, ANN, Naive Bayes, logistic regression, XGB Classifier, and Decision Tree. The
results are evaluated using performance measures including recall, accuracy, precision, and
the F-measure, which are computed from the confusion matrix. | designed a predictive
model to identify whether a patient will develop diabetes, utilizing specific diagnosis
measurements in the dataset. This project tries to find a way to improve healthcare

outcomes by enabling early intervention and enhanced disease management.
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CHAPTER1

Introduction

1.1 Introduction:

Diabetes is a long-term metabolic condition that afflicts millions of people all over the world. It is
a serious condition in the body when our body cannot produce insulin on its own or if produced, it
doesn't work effectively.. Asa result, the level of sugar or glucose in the blood becomes higher than
normal. [1]Diabetes is a disease that is caused by other disorders such as heart attacks, blindness,
cardiovascular system disease (CVD), and kidney problems. According to Wikipedia, as of 2021,
an estimated 537 million individuals worldwide have diabetes. Type 2 accounts for 90% of
occurrences, and it affects 10.5% of the adult population. It is estimated that by 2045,
approximately 783 million adults will have diabetes, a 46% increase. The prevalence is highest in
low- and middle-income countries, with annual healthcare expenditures of $760 billion. Although
there is no long-term treatment for diabetes, it can be controlled and prevented with accurate early
prediction of the most challenging tasks is the prediction of diabetes. Prediction in, and prevention
of, diabetes occupies prime importance in the domain of public health, and the development of
accurate predictive models has been commendable using complex relationships in data with the
application of ML techniques in this area.. Machine learning (ML) has various forms, including
classification, regression, and clustering, each with its impact. My focus is on classification
methods, which are used in medical domains, particularly in diagnosing diseases like diabetes.
Common ML classification algorithms include SVM, KNN, ANN, Naive Bayes, logistic regression,
and decision trees, which are used to identify diabetes patients early. These methods provide high
accuracy and performance in predicting future activities or information from a given dataset. This
paper is focused on the development of a diabetes prediction model, mainly to determine whether a
patient is capable of having the disease, and explores techniques that enhance model accuracy
statistically meaningful only when the segmentation problem gets more challenging and when less
target training datais available. [2] There are mainly two types of diabetes: type 1 and type 2
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Type-1 Diabetes

This is the case when the liver completely stops producing insulin. Insulin is a hormone that needs
to be present for the body to absorb the amount of glucose in the blood flow and further use this
glucose for the building of the body. On the other hand, the absence of insulin in the body will cause
the blood sugar level to go up, thus leading to type 1 diabetes. It is usually present in children and
adolescents. This disorder mostly happens because of genetic disorders. It is, for the most part,
called juvenile disorder. Its usual symptoms comprise frequent urination. Weight loss, thirst
increase, blurred vision, and nerve problems are the consequences of dieting. This can be the
solution to the problem with insulin therapy.

Type-2 Diabetes

It is a metabolic condition that normally affects adults over the age of 40 and persists for a long
time. Itis evident in the conditions of high blood sugar and insulin resistance. The primary causes
of obesity and lack of exercise are obesity and the fast pace of life. This unhealthy lifestyle can
cause glucose to be deposited in the blood, which can be the reason for diabetes. [3]Type 2 diabetes
has an impact on about 90% of people. Metformin is applied to the treatment of insulin resistance

and thus it is possible to get rid of it.

Although no cure exists for diabetes, it can be controlled and prevented by the early prediction that
is very accurate. Nowadays Computer Aided Diagnosis is a very fast-growing, dynamic area of
research in the medical industry. Diabetes prediction is a difficult issue. Diabetes prediction and
prevention are the most important public health issues and computational techniques have proved
to be very useful by creating prediction models that are based on complex data relationships.

Including Machine learning, Ensemble Learning, Deep Learning, Fuzzy logic, Ontology, and NPL.

1.2 Motivation:

The invention of ever-new methods in the field of medicine to advance the diagnostic process is
much more than a simple quest for methods. Itis about care; it helps you serve a patient and improve
the health of society. In the case of chronic diseases, diabetes being one of them poses a great
danger, and therefore detection needs to be done earlier on before any interventions are made. So,

we’re employing sophisticated computer systems to anticipate who will get diabetes before it’s too
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late. We may make better assumptions about who is at risk by looking at a variety of factors such
as age, weight, family history, and lifestyle choices In artificial intelligence, machine learning is a
revolution, which is at the heart of it and allows the model to learn from large sets of data so that it
can predict diabetes. These supervised learning methods, well known for their efficiency in data
processing, are the main technical instruments of this expedition. Through a scrupulous examination
of many machine learning algorithms, not just accurate prediction of diabetes diseases will be
achieved but also principal risk factors will be recognized. The study undertakes this ambitious
comparative analysis to reveal the most effective strategies, and thus it shows us how to take the
first step towards a revolutionary change in diabetes diagnostics and, at the end of the day, raise the

level of healthcare worldwide.

1.3 Rational of the Study:

This work, “Predictive Modeling For Early Detection of Diabetes Using Machine Learning:
Comparative Analysis of Supervised Learning Techniques,” is necessitated by the need to solve
some of the major predicaments hampering the prediction and management of diabetes. Diabetes is
one of the key health challenges worldwide, and early, accurate prediction efforts could be of
immense help in formulating effective treatment and prevention measures. Machine learning is a
very powerful tool of artificial intelligence that can be used in attempting to enhance the model's
ability by identifying diabetes risk based on patterns. It applies different techniques of supervised
learning, which are well known for the efficiency of data analysis. It is not only to predict diabetes
at this level; it is also required to understand what risk factors among the total are the most
important. Comparing different machine learning algorithms, it was of interest to know which of
the proposed methods would be better at predicting diabetes. The essence of this comparative
analysis is, therefore, very related to the enhancement of current prediction tools and the
development of more accurate and reliable systems. In the study, the strengths and weaknesses of
each approach will be discussed constructively to give valuable insights into refining diabetes
prediction methods. Ultimately, this would lead to enhancing the precision and efficiency of
predictions in diabetes diagnostics. More specifically, by enriching the current knowledge on how
machine learning can best fit in this respect, it aspires to deliver its contribution to academic
knowledge and real-world healthcare, in which better prediction tools can result in palpable

differencesfor patients and outcomes related to public health. An integral complement to the further
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development of existing diagnosing tools as well as for fostering more accurate and trustworthy
systems.

1.4 Research Questions:

Among the key questions that this research hopes to answer fall within the domain of "Early
Prediction of Diabetes Using Machine Learning: Comparative Analysis of Supervised Learning
Techniques." On its part, the guiding research to the full understanding of intricacies involved in
leveraging the advanced machine learning techniques for enhanced diagnostic output in medicine
has therefore posed some questions. Broadly, the following are propounded for the research

questions:

1. Which machine learning algorithms ( logistic regression, KNN, ANN, SVM, random forests,
neural networks) best suit this research?

The question speaks to the core role of different algorithms in machine learning in improving the
accuracy and efficiency of predicting diabetes. The research will, therefore, help in how these
techniques optimize the process of such a prediction to enable an improved understanding of their

effectiveness in medical diagnosis. It speaks to which model is more efficient and more reliable for
this project.

2. How well can the various supervised learning models predict diabetes, and how dothey contribute

to the entire process?

The question points to the individual contributions of various supervised learning models in the
processes used for diabetes prediction. It specifically aims to assess their performance about each
other, which gives representation on how it can improve the overall diagnosis capability and opens

further research into improvement through design studies of predictive modeling.

3. How do the sensitivity and specificity of diabetes prediction go in contrast across traditional

methods and integrative approaches in feature selection under machine learning models?

Ittries to addressthe question of how combining feature selection techniques with machine learning

models affects sensitivity and specificity for diabetes prediction and compares their performance
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against traditional methods. The focus is on measuring diagnostic accuracy using state-of-the-art
techniques to reveal possible improvements and challenges.

4. What are the most important risk factors determined by machine learning models for the motive
of early diabetes prediction, and how have these factors contributed to this prediction?

It identifies key risk factors that the machine learning models are using and describes their
contribution to the prediction process. The aim of this study on explanation would be "Critical risk

factors in early diabetes prediction,” which gives insight into the embedded patterns.

5. What are the strengths and weaknesses of different supervised learning algorithms in diabetes
prediction, and how could such knowledge be used in the construction of more robust and accurate

predictive models?

This question encompasses an in-depth review of the strengths and limitations intrinsic to different
supervised learning techniques. By identifying and understanding these factors, it was intended that
the study would inform the development of predictive models by guiding future efforts toward the
comparative analysis of different supervised learning techniques that contribute to the refinement

of existing predictive methodologies and the advancement of state-of-the-art diabetes prediction.

1.5 Expected Output:

In our efforts to reform diabetes diagnosis, our work is set to provide significant improvements that

could change the field of healthcare intervention. Here is a look at the projected outcomes:

1. The current research methodically creates an approach for predicting diabetes.

2. The objective is to reduce the number of early fatalities caused by diabetes.

3. This study's findings might help the medical community create reliable patient diagnosis and
treatment prediction models.

4. By employing the most efficient algorithms, we can create trustworthy models to enhance patient
outcomes by including the appropriate elements.

5. Increase public awareness of diabetes after prediction.

6. Development of Robust Predictive Approach

7. Reduction in Early Diabetes-Related departed.
©Daffodil International University, Bangladesh



8. Algorithms Optimization for Improved Patient Outcomes.

1.6 Project Management and Finance

Full-cycle project management and careful control of the financial activities are the two pillars on
which the success and sustainability of any initiative rest. Project management incorporates detailed
planning, organizing, and execution of activities from collected datato train the model and evaluate
in the proposed study of 'Predictive Modeling for Early Diabetes Detection Using Machine
Learning." A properly structured project plan will be devised that turns a spotlight on all pivotal
milestones, resource allocation, and establishing timelines for work to ensure a disciplined yet
efficient workflow. Equally important is sound financial management, which will be the backbone
of this project. This includes a proper allocation of resources to data collection and computational
resources, collaborative research, and a well-planned and frugal financial strategy for optimal
resource use. These combined management and financing models will be set to spearhead the
researcher through the intricacies of the study by ensuring that funds allocated are matched against

the set objectives of the research and seamlessly steer the progress of the process toward the
intended outcomes.

Table 1.6.1: Project Cost Breakdown Table

Budget Item Description Estimated Cost Actual cost

Hardware Computational 6000 5000
Resources

Training and | Professional 7000 5500

Workshops development for

members.  (machine

learning workshop)

Travel Travel expenses for [ 2000 1500
conferences and
meetings

Publication Fees Fees for publishing

©Daffodil International University, Bangladesh



the research in a

journal.
Software & tools Expenses for | 3000 2500
necessary software
Various Expenses Other expenses 1500 2000
Total =19500 =16500

1.7 Report layout

The proposed report shall have a comprehensive layout that guides readers through the research
process, its findings, and the implications of the research. Each chapter thus serves a purpose that

makes the document coherent and deep.

Chapter 1: Introduction

The introductory chapter sets the scene for the research with a background on early diabetes
detection, applications of machine learning models, and creating a felt need to do predictive

modeling. It incorporates the research questions, objectives, and framework of the study.

Chapter 2: Background

The background chapter critically reviews the literature concerned with past research on the chosen
subject. This part, elaborately explains the theoretical backgrounds, approaches, and technologies
used in diabetes prediction and machine learning. This chapter provides the grounds for the present

study and exposes existing knowledge gaps.

Chapter 3: Research Methodology

The methodology chapter is a brief outline of how the study is to be conducted, detailing insight
into the research design, techniques of data collection, model architecture, and rationales upfront in
the choice of methodologies for the study. The chapter will also go on to discuss some ethical

considerations and limitations that may affect the study.
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Chapter 4: Experimental Result

In this chapter, we will go through the results of the experiments conducted for the early diabetes
prediction model on individuals using machine learning models. The performance of various
predictive models under study will be presented with appropriate visual displays and statistical

measures, all put together in support of the results.

Chapter 5: Impact on Society

The chapter on the impact on society elaborates on and discusses the broader implications of the
findings of research in healthcare and medical diagnosis. It looks into how a refinement in diabetes
prediction methodologies could affect patient care, treatment, and general public health.
Consideration is also made for probable future technological improvements and their eventual, but

consequent social impact.

Chapter 6: Summary, Conclusion, Recommendation, and Implications for Future

Research

This last chapter is, in some sense, a synthesis of the whole report. In this, key findings of
the study are summed up, conclusions from the research restated, and recommendations made
in terms of practical application and further studies. The discussion encompasses future
research implications, therefore providing a kind of roadmap for any future researcher who

desires to build on the current study.

That means the information will be in a logical order, basically helping any reader through
the research journey from the introduction to the broader implications and recommendations.
One will be better placed to gain insight into the process of the research and its likely effect
on the early prediction of diabetes with an academic as well as practical disposition using
Machine Learning methods. This discussion therefore provides a roadmap for persons

interested in expanding upon this study.
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CHAPTER 2
Background

2.1 Preliminaries/Terminologies

This chapter sets up the preliminaries and clarifies the terminologies in use for a clear
understanding of the key concepts and methodologies applied in this research on "Predictive
Modeling for Early Detection of Diabetes Using Machine Learning.". Machine learning
forms the prime backbone of artificial intelligence and is the main concept holding this study
together. ML helps models learn patterns from data and predict without being explicitly
programmed. This approach is, hence, very important in analyzing such huge data sets of
health attributes for the efficient and accurate prediction of diabetes risk. Predictive modeling
refers to statistical techniques and ML algorithms for predicting the occurrence of future
events from historical data. In diabetes prediction, predictive modeling would involve
developing models that can establish the probability of any person developing diabetes, given
health data. Feature selection is the process of selecting pertinent variables from data that
significantly reward the predictive power of themodel. This step is, therefore, very important
to improve model accuracy and reduce computational complexity. Training datais the data
used to train the relationships and patterns within the data for the ML model. It consists of a
wide array of health metrics and historical information about patients that the model needs to
learn from in order to understand and predict diabetes risk. Testing data: Another set of data,
usually containing a small portion of the whole dataset, is used to test model performance,
more precisely, generalizability to new, unseen data. This is a very important assessment for
the real-world effectiveness of the model that will be trained. It is in ML that models get
trained based on labeled data, which means the input data is paired correspondingly with a
comprehensive output. In this study, techniques of supervised learning are used to train the
model to recognize the pattern associated with the onset of diabetes. Classificatory
algorithms, such as logistic regression, decision trees, or support vector machines, are used
for putting data into pre-defined classes. Nodes could be diabetic or nondiabetic. These
algorithms may be chosen for handling complicated and nonlinear relationships between

variables. These terminologies have been used throughout this research in efforts to draw
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synergies between machine learning approaches and the early prediction of diabetes.
Preliminaries about these terminologies are essentially only established for a better
understanding of the intricacies of the study and the nuances of advanced techniques
employed in diabetes prediction. It is this foundational knowledge that will guide how such
exploration into machine learning may revolutionize diagnosis for the betterment of patient

outcomes through early interventions in diabetes.

2.2 Related Works

Machine-learning approaches have been used in recent studies to identify diabetes patients based
on their symptoms. For this study, | explore several papers related to predicting diabetes. The
authors build several models to predict diabetes and its risk factors. They several techniques in
their research. Authors Edgar et al [2] apply 11 different machine learning algorithms to four
datasets for the prediction of diabetes with increased precision. They used k-fold cross-validation
to evaluate performance across performance metrics: They referred to the Mendeley dataset, the
(PIDD) dataset, the Diabetes Early Stage (DES) dataset, and the VVanderbilt dataset, with emphasis
on the leading 2, top 3, and all attributes adopted. The best accuracy among the three classifiers
was achieved by the random forest C, which had an accuracy of 99%. 67% for the Mendel dataset.
The highest value for the random forest and logistic regression with 99. 68% The kernel SVM
model shows the highest accuracy, 82% over the 4% for the PIDD dataset. The best performer is

the random forest, accuracy of 98 %. DES dataset provides The neural network architecture of
multi-layer perceptron had the highest accuracy rate (96. 52 %).

Ganie and Malik [3] suggested an ensemble learning-based framework for the early prediction of
type 11 diabetes mellitus. The authors employed eight different machine learning algorithms that
are based on ensemble methods and were applied using 10-fold cross-validation for the prediction
of the disease. The authors gather raw data from different hospitals in Jammu and Kashmir, UT.
The dataset had 1939 records and 11 parameters. The bagged decision tree was better than all
other classification algorithms in terms of accuracy (99%). 41%), precision (99.13%), recall
(95.83%), specificity (99.11%), and F1-score (99.15%).

©Daffodil International University, Bangladesh
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Zhang et al. [4] The study in the paper applied ML/EL techniques to predict the risk of type 2
diabetes mellitus (T2DM), which include logistic regression (LR), classification and regression
tree (CART), artificial neural networks (ANN), support vector machines (SVM), random forest
(RF), and gradient boosting machine (GBM) models. The data was obtained from the Henan rural
cohort, which consisted of 36652 cases and 10 parameters. The GBM obtained the highest
accuracy (81.2%).

Massari et al. [5] The research compares different ML/Ontology techniques like Logistic
Regression, Decision Tree, Random Forest, Support Vector Machine, XGBoost. The authors used
the Pima Indians Diabetes Database (PIDD), originally sourced from the National Institute of
Diabetes and Digestive and Kidney Diseases. The data set consists of 768 instances and 8
attributes. The Naive Bayes and Random Forest classifiers got an accuracy of 80% and The

ontology classifier has the highest Precision of 81. 2% for both the test and the practice modes.

The authors of this paper, Sneha et al. [6], are looking for a way to use significant features, create
a prediction algorithm using Machine Learning, and select the best classification to provide
medically useful outcomes. They used SVM, NB, KNN, Random forest, and Decision tree
framework to predict diabetes from Diabetes dataset where instances are 2500 and 15 attributes.
The decision tree algorithm and Random forest are the ones giving the highest accuracy of 98.
20% and 98. 00%, respectively.

Ahmed et al. [7] suggested a model based on the fused machine learning approach for diabetes
prediction. They created conceptual frameworks for SVM and ANN models. The output of these
models will be the input membership function to the fuzzy model, and at last, fuzzy logic decides
whether diabetes is positive or negative. If the results of ANN and the SVM model are positive,
then the diabetes becomes positive. In case of positive results from ANN models and negative
from SVM models, then it is negative diabetes 1. If the result is negative from both ANN and
SV M, thenit is diabetes negative 1. There are 520 instances and 17 attributes based on diabetic
symptoms. The proposed fused machine learning model showed an accuracy of 94.87%. R.
Rahman et al. [8] The authors gathered 520 instances with 16 features called attributes: age, sex,
polyuria, polydipsia, sudden weight loss, weakness, polyphagia, genital thrush, visual blurring,

©Daffodil International University, Bangladesh
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itching, irritability, delayed healing, partial paresis, muscle stiffness, and alopecia. Which are
collected from the direct questionnaires of the patients of Sylhet Diabetes Hospital in Sylhet,
Bangladesh. They have the best accuracy at 97%. 4% with Random Forest using the cross-
validation technique.

Joti et al. [9] The authors suggested different classification algorithms that were examined to
predict diabetes, such as J48, Naive Bayes, CART, k-Nearest Neighbors, Logistic Regression,
Decision Tree, Random Forest, and Support Vector Machine (SVM). the biggest accuracy at 99%
is then the Decision Tree. The diabetes dataset for the prediction consisted of 2000 cases with nine
features. The study employed machine learning algorithms for the diagnosis of diabetes at an early

stage, and the Decision Tree method had the highest accuracy.

2.3 Comparative Analysis and Summary

According to IDF projections, in 2045, one in eight adults, or almost 783 million people will be
affected by diabetes—an increase of 46 per cent. More than 90 per cent of diabetes patients-those
with type 2 diabetes-are caused by socioeconomic, demographic, environmental and genetic
variables. In 2019, this was 8.4 million for Bangladesh subjects aged 20 to 79 years, and by 2045 is
almost expected to quadruple to 15.0 million. Since it is an incurable disease, early prediction of
Diabetes can save so many lives. Artificial Intelligence and machine learning techniques seem to

work pretty well in this respect. Several researchers have built their models to predict this disease.
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Table 2.3.1: Comparative Analysis Table

SL Author Name Used Algorithm Best Accuracy
No with
Algorithm
1. , Edgaretal. [1] Random Forest Classifier,  |Kernel SVM
Logistic Regression XGBoost,[=82.4%(PID)
Decision Tree Classifier, SVC|[Random
(linear kernel, Kernel SVM, [Forest=98.12%(
Naive Bayes, AdaBoost DES)
Classifier, KNN, Quadratic [Random
Discriminant Analysis, Multi-[Forest=99.67%(
Layer Perceptron. Mendeley)
2. Malik etal. [2] Bagging, Boosting, and Bagged
Voting technique decision
tree=99.41%
3. Zhangetal. [3] Logistic Regression,, CART, | GBM=81.2%
ANN, SVM, Random forest,
and GBM.
4, Massari. et al. [4] Logistic Regression, Random
Decision Tree, Random = ast=80%
Forest, SVC, XGBoost,
NB Naive
Bayes=80%
5. Sneha. etal. [5] VM, NB, KNN, Random | Random
Forest, Decision tree Forest=98.2
%
6. Ahmed. etal. [6] SVM, ANN, Fuzzy Logic 94.84%
7. Rahman al. [7] Logistic Regression, KNN,
Random Forest, SVM, NB Random
Forest=97.4%
8. Jotietal. [8] including J48, NB, CART, Decision
knn, Logistic Regression, tree=99%
Decision Tree, Random
Forest, and SVC
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2.4 Scope of the Problem

We read some papers that address Diabetes. We found out that while some researchers were very
successful in their studies, others did not match the learning objectives. We find out a few widely
used techniques for predicting diabetes, including Machine learning, Deep learning, Ensemble
techniques, and Fuzzy Logic. The existing research can improve the overall effectiveness of
predicting Diabetes in the early stage. But there are also a few promising areas to explore.
Developing interpretable Al models with the assistance of medical experts, automating diabetes
analysis, Build real-time diabetes predictors, especially apps or sites. Few diabetic predictor apps
and sites already exist but user-friendly sites or apps should be developed from a Bangladeshi

perspective. And Develop ML models that consider Bangladeshi dietary patterns, genetic
predispositions, and environmental factors that might influence diabetes risk.

2.5 Challenges

To realize an accurate, reliable, and practically applicable approach to the early prediction of
diabetes using machine learning, several challenges need to be resolved. One of them is related to
the quality and availability of the available data. The prediction of diabetes demands very rich
datasets that contain highly informative data in terms of patients, their medical history, life habits,
and genetic predispositions. The construction of such large, high-quality datasets is difficult to
obtain for some reasons: concerns about privacy, fragmentation of dataacross a large number of
healthcare systems, and variability in recording practice. Another challenge is within the feature
selection and preprocessing stages. The diversity and complexity of factors leading to diabetes
demand that only the most relevant features be identified and suitably preprocessed to avoid bias or
noise in the model. This relates to the treatment of missing values, data normalization, and class
balancing issues that may have a strong influence on model performance. Model interpretability is
another critical challenge while machine learning models, especially complex ones like neural
networks, attain high accuracy, their inner mechanisms of decision-making are pretty obscure.
Gaining the trust of healthcare providers and patients requires that these models be interpretable
and transparent. This means coming up with techniques for explaining model predictions and

ensuring that the models conform to medical knowledge and reasoning.
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The challenges persist in a clinical setting when machine learning models are deployed. Such
machine learning models will have to interact seamlessly with electronic health record systems and
make predictions in real-time to be integrated into the current healthcare workflows. In diverse and
dynamic clinical environments, models also need to be highly robust and reliable, handling
variations in patients' demographics and clinical practices. Lastly, there are the ethical
considerations: how to make sure the privacy of patient datais maintained, get informed consent
for the use of data, and iron out possible biases in the models. In this regard, machine learning
models should always be engineered with a focus on fairness, accountability, and transparency to
prevent some far-reaching perils and inequities in health outcomes that might result.

Hence, the way to overcome the challenge is to address it so that machine learning models for early
diabetesprediction can be successfully applied and there are advanced medical diagnostics for better

patient outcomes.
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CHAPTER3
Research Methodology

3.1 Research Subject and Instrumentation

This study focuses on the application of machine learning for early diabetes prediction. The
objective is the successful development of an effective, quick predictive modeling system that can
apply to any population at risk of developing the disease. These advanced machine-learning
frameworks include logistic regression, decision trees, support vector machines, and random forests.
Standard methods of data preprocessing and feature engineering are needed to improve the model's
performance. Examples of techniques include normalization, handling missing values, and selecting
relevant features for diabetes prediction. In the process of training and tuning, all of these machine
learning models make use of different algorithms and their parameters as a function of the diabetes
dataset. The performance of these predictive models is measured by accuracy, precision, recall, and
F1-score, which portray the magnitude of the success in identifying those who are at risk. These
metrics were derived after running a series of experiments on a validation set and another
independent test set to show the effectiveness of the model in real-world, unseen cases. This
research is envisioned to positively impact the development of optimal practices for the early
detection of diabetes and to further improve the implementation of machine learning strategies in
healthcare. It aims to [preview video] enable the potential premature intervention and better
handling of diabetes withimproved predictive accuracy, hence improving and enhancing the quality

of life and health of the public at large.

Instrumentation:

This project was concerned with assessing the techniques of machine learning algorithms for
predicting diabetes risk. All experimentation was done in a Jupyter Notebook environment using
Python. Explore machine learning techniques. This involved the evaluation of various machine
learning algorithms for their effectiveness in diabetes prediction, among which were the following:
Support Vector Machine (SVM), K-Nearest Neighbors (KNN), Artificial Neural Networks (ANN),
Logistic Regression, Decision Tree, Random Forest, and XGBoost Classifier. These algorithms are
chosen because of their quite different approaches to learning and their established performance for

a wide range of classification tasks. In the implementation of models and analysis, Python libraries
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were used. Where the original study was done using a highly advanced environment from Google

Colab with a GPU, this project is done with Python libraries in a Jupyter Notebook, which runs
reasonably on a local machine.

3.2 Data Collection Procedure

Datasets

This study was undertaken to collect full dataabout diabetic patients from Sylhet Diabetes Hospital,
Sylhet, Bangladesh. The data used in the research are collected directly through questionnaires
designed with much importance placed on extracting information about patient's medical history,
lifestyle, and management of their diabetes. This approach instilled confidence in collecting high-
quality data, which would make a valuable contribution to the existing knowledge of the diabetes
landscape in this region. The questionnaires were designed with the help of medical professionals
to capture all the views on diabetes management and lifestyle practices of patients. Both open- and
closed-ended questions were included to elicit quantitative as well as qualitative responses. The
mixed-method approach ensured more profound insight into each patient's condition and
management strategies. Participants were selected using a random sampling technique to ensure the
sample was representative of the larger patient population in the hospital. This entailed patients who
had been drawn from different wards and clinics within the hospital, thereby ascertaining that they
were drawn from background experiences varied by age, sex, and socio-economic status. And this

dataset was collected from Kaggle.com for my experiment.
Process of Experiments

The need for the accurate prediction of diabetes has been very critical because it gives room for
early intervention and effective management. This paper, therefore, focuses attention on the use of
machine learning algorithms in predicting diabetes with a dataset from Kaggle. The dataset had 520
instances and 17 features that consisted of demographic and symptomatic variables. Support Vector
Machine, K-Nearest Neighbors, Artificial Neural Networks, Logistic Regression, Decision Tree,

Random Forest, and XGBoost Classifier were used and compared in this study.
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Dataset Descriptions

The dataset contains the following features

sudden Genital  visual delayed partial

Age Gender Polyuria Polydipsia well'?:st weakness Polyphagia thrush blurring ltching Irritability healing paresis

0 40 Male Nao Yes No Yes Mo No No Yes Mo Yes No
1 58 Male No No No Yes No No Yes No No No Yes
2 4 Male Yes No No Yes Yes No No Yes Mo Yes Mo
3 45 Male Na Nao Yes Yes Yes Yes No Yes Mo Yes Mo
4 60 Male Yes Yes Yes Yes Yes No Yes Yes Yes Yes Yes

df.info()

<class 'pandas.core.frame.DataFrame’>
Rangelndex: 528 entries, @ to 519
Data columns (total 17 columns):

#

= I I s R R R T e

Column

bLge

Gender
Polyuria
Polydipsia

sudden weight loss

weakness
Polyphagia
Genital thrush
visual blurring
Itching
Irritability
delayed healing
partial paresis
muscle stiffness
Alopecia
Obesity

class

Non-Null Count

528
528
526
26
26
526
528
528
528
528
526
26
26
526
528
528
528

non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
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Table 3.2.2: sample attribute with a value

Attribute Name Convention Values
Age age Numeric
Gender gender Object
Polyuria polyuria Object
Polydipsia polydipsia Object
sudden weight loss Sudden_weight _loss Object
Weakness weakness Object
Polyphagia polyphagia Object
Genital thrush genital_thrush Object
Visual Blurring visual_blurring Object
Itching itching Object
I'rritability irritability Object
delayed healing delayed _healing Object
partial paresis Partial_paresis Object
Alopecia alopecia Object
Obesity obesity Object
Class class Numeric
Methodology

Data Collection and Preprocessing:

The dataset was drawn from Kaggle, one of the largest data science competition platforms. The
initial preprocessing steps included handling missing values, encoding categorical variables, and
normalizing numeric features so that all of them were on the same scale.

Feature Selection:

All 17 features were used in this analysis to capture all types of information provided by the dataset.
During the model evaluation phase, feature importance analysis was used to determine which
variables impact the predictions the most.
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Machine learning algorithms

The following algorithms were used to develop predictive models involving the development of the
Support Vector Machine, K-nearest neighbors, and Artificial Neural Networks.

SVM: It finds out the best-separating hyperplane of classes in the feature space. Thus, it is very
effective in high-dimensional spaces and robust to overfitting.

KNN: K-nearest neighbor gives the majority class for the K-nearest neighbors of a data point. This
algorithm has the advantage of simplicity in implementation and interpretability. However, it is
computationally time-consuming when dealing with large datasets.

Artificial Neural Networks

A great deal of similarity exists between ANN models and the human brain, in which neurons are
also interconnected through layers. They can manage hard patterns and nonlinear relations in data.
Logistic Regression

Logistic regression offers a way to estimate probabilities of a binary outcome from one or more
predictor variables. This results in an easily interpretable model for binary classification in a very
direct way.

Decision Trees

Decision Trees are a recursive data-splitting method on the feature values in the data to predict the
target variable. It gives an easily interpretable and visualizable model but is prone to overfitting.
Random Forest

Itis an ensemble learning method where many decision trees vote to give a more accurate and robust
prediction. This can help reduce overfitting by averaging out the predictions across many trees.
XGBoost Classifier

XGBoost An advanced gradient boosting algorithm that ensembles decision trees sequentially so
that each subsequent tree minimizes the previous tree's prediction error. It is highly efficient and
often has better predictive accuracy than other algorithms.

Experiment and Results

Data Split:

It was then split into a training set containing 78% of the dataand a test set containing 22%. This
split allowed the models to have enough data to learn from while providing a good test set for

evaluating their performances.
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Model Training and Evaluation

Each trained algorithm is tested on the test set after training on the training dataset. Measured and
compared models in performance include evaluation metrics using accuracy, precision, recall, and
F1-score. Cross-validation was also done to guarantee the robustness of the results.

Performance Comparison

Preliminary results indicated ensemble methodsto perform very well with high accuracy and high
F1 scores, including Random Forest and XGBoost. Moreover, strong performance was observed in
SVM and ANN. Simpler models like logistic regression and KNN gave good benchmarks for the
comparison.

Conclusion:

In this work, various machine learning algorithms were tested for the ability to diagnose diabetes
based on a complete set of features. Of these, ensemble methods were the top performers: Random
Forest and XGBoost both showed a special ability to deal with complex datasets highly accurately.
These results would be very useful in helping to create more sophisticated predictive models and
inform strategies for early detection and management of diabetes.

Healthcare researchers have the potential to improve predictive analytics by using several machine
learning techniques, allowing clinicians to conduct their duties efficiently and leading to better

patient outcomes.

3.3 Statistical Analysis

This statistical analysis within this research forms an essential tool through which meaningful
interpretations of results are derived. Barring the performance of different machine learning
algorithms used in diabetes prediction, rigorous statistical methods quantify and attain
assessment. Descriptive statistics in terms of mean and standard deviation summarize central
tendencies followed by variability in the obtained data. What is more, the methods based on
inferential statistics provide tests of hypotheses and confidence intervals for evidence about
observed differences and similarities among the different methodologies. The essence of the
statistical analysis is to establish the nature of the findings, and thus provide a quantitative
basis through which one can be in a better position to compare the efficacies of algorithms

such as Support Vector Machine, K-Nearest Neighbors, Artificial Neural Networks, Logistic
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Regression, Decision Tree, Random Forest, and XGBoost in diabetes prediction. They not
only validate the robustness of the experimental results but provide grounds for generalizing
the findings to a broader population of patients.

age gender polyuria polydipsis
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Figure 3.2.1: Histogram plot for every feature.

sudden

Age Gender Polyuria Polydipsia wollg:: weakness Polyphagia %::’J:.: bl:::it:: Itching  lrritability dbo.lg'y';:

count 520.000000 520 520 520 520 520 520 520 520 520 520 520
unique NaN 2 2 2 2 2 2 2 2 2 2 2
top NaN Male No No Na Yes No No No No No No
freq NaN 328 262 287 303 305 283 404 287 267 394 281
mean 48028846 NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN
std 12151466 NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN
min 16 000000 NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN
26%  39.000000 NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN
50% 47500000 NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN
75%  57.000000 NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN
max  $0.000000 NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN

Figure 3.2.2:Description of Features.
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More than this, statistical insights will be important in understanding the full comparative
study for any trends, patterns, or possible correlations in the differences between the
numerous data points. Statistical rigor permits examination in a trustworthy and objective
format of the different approaches that increase credibility and validity for research.
Essentially, statistical analysis is the process of gaining key knowledge regarding empirical
datato improve the current understanding of the efficacy of various approaches within this

overly complicated domain of diabetes prediction.

3.4 Proposed Methodology

Bringing the prediction's whole modeling, the early stage of diabetes by machine learning was
recognized to require steps that should be taken ruthlessly and methodically to have the correct
classification be made reliable. Several very important research steps are data collection, model
validation, and assessment, all carried out with extreme caution aimed at ensuring that the
predictions are robust and accurate. In this regard, the proposed methodology acknowledges the
variability in patients' data, the paucity of labeled data, and the generalization of the model; it
includes detailed data preprocessing, feature selection, and validation to get optimized results. So,
we followed a systematic process to enhance valuable insight into the field of diabetes prediction
by giving useful recommendations to health professionals.

Frequency of Diabetes

While this had been our objective to develop a predictive model for diabetes the class imbalance
that characterizes this dataset must be highlighted. The class distribution for this dataset is therefore
as follows:

Class 1: This class consisted of about 320 labeled instances as 1, consequentially meaning that the

outcome was positive or affected by diabetes.

Class 0: This class characterizes a negative outcome or no case of diabetes, and the dataset contains

around 200 examples annotated as 1.
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This becomes important during the development and evaluation of this model because class balance
may impact the performance of the model. The rectification of class balance, therefore, is very
critical tocorrect and reliable prediction. These techniques include resampling, creation of synthetic
data, or adjustment of algorithms so class-balance effects are adjusted on the analysis applied.

Figure 3.4.1:Distribuation of diabetic and non diabetic patient.

Proposed Methodology Steps

Data Collection: In this research, this dataset has been collected with utmost care from Sylhet
Diabetes Medical Hospital using questionnaires. The dataset comprised 17 different features under
the proper guidance of medical experts so that the dataset becomes accurate and reliable. Besides,
it contains 520 instances that can contribute to developing a complete model for analysis.

A dataset such as this would therefore have a set of features: personal information, case history,
habits in terms of lifestyle, and multiple clinical measurements relating to diabetes. This rich dataset,
detailed and expert-verified, is a very sound basis for any training and validation of models toward
the early prediction of diabetes.

Data Preprocessing: This stage cleans up the dataset, handles missing values in a dataset,
normalizes data, or encodes categorical variables. This step ensures that the best input data is used
for training machine learning models.
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Feature Selection:

Feature selection is done to identify the most relevant features, which have predictive power about
Diabetes. Variable Selection: Techniques confirmation of the hypothesis, Importance Ranking.
Correlation Matrix
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Figure 3.4.2 The Correlation between Features.
A correlation matrix is simply a table that displays a summary of the correlation coefficients
of each pair of features in your dataset. A correlation coefficient is a value between -1 and 1
indicating both the strength and orientation of the linear relationship between variables. With
the correlation matrix, we can gain meaningful insights about how the features are related to
one another in our dataset. This is information that can be utilized in many ways, from data

cleaning to feature selection and model building. In this figure shows the correlation between
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each feature.

Model Selection:

Many machine learning algorithms will be sampled during this study, such as the Support Vector
Machine, K-Nearest Neighbors, Artificial Neural Networks, Logistic Regression, Decision Tree,
Random Forest, and XGBoost. Initial performance metrics are used in selecting the best model.

Model Training:

The chosen model gets trained on the labeled dataset by appropriate training techniques. Transfer
learning can be applied when using pre-trained models, and the tuning of hyper-parameters was
done to optimize the model's performance. This is followed by a split of data into training and test
sets, wherein 22% of data will be used to test.

Model Evaluation:

The trained model is evaluated concerning a validation set consisting of at least one performance
metric: accuracy, precision, recall, or F1-score. This test is important for fine-tuning your model
and knowing where to improve in.

Testing Model

The model is then tested on another independent test set to ensure that it generalizes well to
completely new data. Thus it would confirm that this model correctly predicts diabetes in practical

scenarios and produces accurate and reliable results.
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Figure 3.4.3: Proposed Model Diagram

Accuracy:

Performance Evaluation
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Accuracy measures the proportion of correctly classified cases from among the total cases.

Itis given by:

Accuracy=(TP+TN)/(TP+TN+FP+FEN )---r-necmmnemee e emeecmcmm oo ece e ()
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Precision:
Precision is the ratio of correct identifications. This is useful in cases where the cost of false
positives might be high. It is formally calculated as:
Precision=TP/(TP+FP)---- === cmm omm e oo ()

Recall:
The recall represents the ratio of actual positives that go unidentified. It is of utmost

importance in those cases where the cost of being a false negative is high. Recall is defined
as:

T o =Y~ Y 1)

F-1 Score:
The F1-score represents the harmonic mean between precision and recall and, therefore, it
gives a balanced measure of both. It is defined as:

F-1 Score=2*(Precision*Recall)/(Precision + Recall)---------------=---=m s cme e eee - (iV)

All these metrics are summarized in the confusion matrix, which enables a direct evaluation of
values such as TP, FP, TN, and FN.

3.5 Implementation Requirements

Some of the key resources and tools that would be required in implementing the proposed
methodology of predictive modeling for early prediction and diagnosis of diabetes using machine
learning techniques are as follows:

Computing Resources: High-performance computing, like GPUsor TPUs, is an essential tenet in
effectively training models for inference. These supportive resources will help fine-tune and run
complex machine-learning models.

Machine-Learning-Libraries:  Deep learning architectures-based ML libraries, such as
TensorFlow, and Keras, among others, would be required in the development, training, and
evaluation of the predictive models. These libraries will provide the required modules for the
construction of complex algorithms and neural networks.

Data Processing Libraries: Other libraries like NumPy and pandas are applied for mathematical
computations and dataprocessing. Scikit-learn is also applied in the implementation of conventional

machine-learning algorithms with evaluation metrics.
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Data Preprocessing: Inventing a diverse dataset with good labeling and comprehensive health
metrics is required for training and testing models. A wide variety of patient demographics and
indicators of health should be involved in the dataset for the robust performance of models. Data
preprocessing techniques are applied, which involve normalization, handling missing values, and

feature selection to prepare a dataset that will further be used for model training.

Experimental Platform: Google Colab and Jupyter Notebook will be used for the experiments as
a cloud-based platform that has enough computational power to carry out experiments. It also
provides integrated tools for carrying out implementation processes and progress reporting, which

is also useful for reporting the results of this implementation.

Reporting and Communication: The results of the projects are effectively communicated through
text processing tools and documentation across Google Colab and Jupyter Notebook. This enables

clear reporting on the methodologies applied, the experimental setup, and the results.
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CHAPTER4

Experimentand Result Discussion

4.1 Experimental Setup

Given this fact, an attempt was made to systemically design an experimental setup for this research
on predictive modeling for the early detection of diabetes using machine learning so that a thorough
model evaluation process is followed up with its performance assessment. Experiments were
conducted bothin Jupyter Notebook and Google Colab to make use of availed robust computational
resources, which included even Tesla GPUs from the Google Colab environment, which very
instrumental in efficiently training and running a model that was key to running due to the

complexity of the tasks of machine learning.

The dataused in this study was quite diverse, ranging from a wide variety of health metrics to patient
demographic information, which is very important in robust predictive model building. Some data
preprocessing activities include normalization to scale the features and treating missing values for
completeness, along with feature selection aimed at choosing only the most relevant attributes that
increase the probability of predicting diabetes. Therefore, such data preprocessing methods were
put in place to ensure the availability of a good dataset for training these models and generally

improve overall model performance.

In this paper, various machine learning algorithms were involved, including Logistic Regression,
Decision Trees, RandomForests, SVM, KNN, ANN using TensorFlow and Keras, and the XGBoost
Classifier. Each algorithm was implemented using Python machine learning libraries like
TensorFlow, Keras, and sci-kit-learn so that all predictive methods will be covered
comprehensively.

Individual model performance metrics were standard, consisting of accuracy, precision, recall, and
the F1-score. It was computed through a set of validation and test experiments on an independent

test set to show the effectiveness of the models in real-world and unseen cases.

During the experimental process, Google Colab and Jupyter Notebook provided an interactive and

collaborative environment wherein to code, debug, and document. These platforms helped in clearly
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reporting about the implementation process, progress, and results, with effectual communication of

the project result.

In essence, the experimental setting was carefully devised to use modern computational resources
with robust data preprocessing techniques and a suite of machine learning algorithms to build an

accurate and reliable system of predictive modeling to be used in early diabetes detection.

4.2 Experimental Results & Analysis

Result of Experiment

The results for early diabetes detection predictive modeling using applied machine learning
algorithms show different models with various levels of accuracy. For this study, the following
models have been taken into consideration: Logistic Regression, Decision Tree, Random Forest,
Support Vector Machine, K-Nearest Neighbors, Artificial Neural Network from TensorFlow and

Keras, XGBoost, Naive Bayes; the performance was evaluated in terms of accuracy.

It also yields an accuracy of 0.9913 from random forest and XGBoost. Probably the most consistent
takeaway from these results is that ensemble methods—random forest and XGBoost—have very
good performance on this dataset. Their strength could be related to their ability to handle complex
interactions between features and reduce overfitting by making aggregation of trees' predictions.
On the other hand, the Decision Tree model also performed well, with an accuracy of 0.94, thus
proving that it captured relevant patterns from the data. But unlike ensemble methods, it suffered
from lagging a little behind, thereby suggesting that one single decision tree might prove to be less

powerful as opposed to a forest of trees.

These models' accuracies were a little below the baseline, at 0.935 for Logistic Regression, 0.93 for
SVM, and 0.93 for Naive Bayes. Of course, all of these models have the advantages of simplicity
and relative efficiency, so they are suitable for the very first tests of models to compare against a
baseline. Although their performances were relatively high, they were outperformed by more
complex ensemble methods. The K-Nearest Neighbors model returned an accuracy of 0.91. Though
it is a very simple, interpretable algorithm, it can be pretty sensitive to the choice of hyperparameters
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and how the dataset is scaled. It worked fairly well in this case but didn't do quite as well as the
best-performing models. The ANN returned the lowest accuracy of 0.85. Although ANN is a very
powerful and flexible model, its performance is fully dependent on the chosen architecture and
hyper-parameters together with the quality and size of data. The relatively lower accuracy may

perhaps indicate that more tuning may be necessary, probably using larger datasets.

Table 4.2.1: Performance Summary of Model: Training vs. Test Accuracy for Early

Prediction of Diabetes.

Architecture Training Accuracy Test Accuracy
SVM 94% 93.91%
Logistic-Regression 93.58% 93.51%
Naive-Bayes 88.88% 93.04%
XGBoost 97.77% 99.13%

KNN 93.33% 91%
Random-Forest 100% 99.13%
Neural-Network 88.15% 85.22%
Decision-Tree 93.34% 94%

Table 4.2.2: Precision, Recall, F1-Score, and Support Classification Report.

SVM
Precision Recall F1-Score | Support
Normal 0.95 0.89 0.92 47
Diabetes-Prediction 0.93 0.97 0.95 68
Accuracy 0.94 115
Macro Avg 0.94 0.93 0.94 115
Weighted Avg 0.94 0.94 0.94 115
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Logistic-

Regression
Precision Recall F1-Score Support
Normal 0.89 0.95 0.92 44
Diabetes-Prediction 0.97 0.93 0.95 71
Accuracy 0.94 115
Macro Avg 0.93 0.94 0.94 115
Weighted Avg 0.94 0.94 0.94 115
Naive-Bayes
Precision Recall F1-Score Support
Normal 0.85 0.98 0.91 41
Diabetes-Prediction 0.99 0.91 0.94 74
Accuracy 0.93 115
Macro Avg 0.92 0.94 0.93 115
Weighted Avg 0.94 0.93 0.93 115
XGBoost
Precision Recall F1-Score Support
Normal 0.98 1.00 0.99 47
Diabetes-Prediction 1.00 0.99 0.99 68
Accuracy 0.99 115
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Macro Avg 0.99 0.99 0.99 115
Weighted Avg 0.99 0.99 0.99 115
KNN
Precision Recall F1-Score Support
Normal 1.00 0.82 0.90 57
Diabetes-Prediction 0.85 1.00 0.92 58
Accuracy 0.91 115
Macro Avg 0.93 0.91 0.91 115
Weighted Avg 0.93 0.91 0.91 115
Random
Forest
Precision Recall F1-Score Support
Normal 1.00 0.98 0.99 48
Diabetes-Prediction 0.99 1.00 0.99 67
Accuracy 0.99 115
Macro Avg 0.99 0.99 0.99 115
Weighted Avg 0.99 0.99 0.99 115
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Neural
Network
Precision Recall F1-Score Support

Normal 0.95 0.81 0.87 47
Diabetes-Prediction 0.88 0.97 0.92 68
Accuracy 0.90 115
Macro Avg 0.92 0.89 0.90 115
Weighted Avg 091 0.90 0.90 115

This table provides a comprehensive representation of the performance metrics of different
machine-learning models that have been considered in this study for early diabetes detection. These
include SVM, logistic regression, Naive Bayes, KNN, random forest, XGBoost, decision tree, and
neural network. For each, the precision, recall, F1-score, and support for the two classes, Normal

and Diabetes Prediction, are computed.

The models with the highest accuracy scores will be 99% by Random Forest and XGBoost. Both
models did amazingly well on precision and recall, showing very good F1 scores for both classes,
thus proving these models for robustness and reliability in making accurate predictions on diabetes.
These are then followed by an accuracy of 94% by both the SVM, logistic regression, and decision
tree models, also with balanced results for both precision and recall. These models thus have very
good performance overall in differentiating between normal and diabetic cases. The KNN model,
although it had less recall for the Normal class, still had good overall performance with an accuracy
0f 91%. Itsuggests that KNN is relatively reliable but might benefit from further tuning or additional
datato improve itsrecall in normal cases. The class Diabetes-Prediction shows an accuracy of 93%
for Naive Bayes with precision and recall quite high compared to the Normal, which is a relatively
lower performance, indicating that it is especially good at picking out diabetic cases. The Neural
Network model is the worst among the models, with an accuracy of 90%. Although the precision
and recall of the Normal class within it are relatively high, when compared to those of all other
models, these values are poor, thereby leaving scope for improvement in its predictive power. In

summary, the Random Forest and XGBoost models rank at the top among all of the models,
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evidencing the strongest predictive power for early diabetes detection. The remaining models,
including SVM, Logistic Regression, and Decision Tree, exhibit relatively good performance and
therefore could be considered a reliable alternative. However, some models, like KNN, Naive
Bayes, and Neural Network, may require further optimization concerning predictive accuracy and

reliability.
Training and Validation Accuracy and loss of Machine Learning Model:

ROC Curve for SVM Model
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Figure 4.2.1 ROC curve of our proposed SVM model.

The figure shows The ROC curve in the image shows 10 folds of the SVM model, which means the
data was split into 10 parts, The model was trained on 9 parts and tested on the remaining 1 part, 10
times. Each fold is represented by a different colored line in the graph and an AUC value. AUC
standsfor Area Underthe Curve, and it summarizes the performance of the model between 0 (worst)
and 1 (best).
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The fact that all the curves are close to the top left corner indicates that the model performs well
across all folds. The mean ROC AUC is 0.95 which is also a good value. Overall, the ROC curve

suggests that the SVM model is good at distinguishing between positive and negative cases.

Receiver Operating Characteristic (ROC) Curve
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Figure 4.2.2 ROC curve of our proposed Logistic Regression model.

The figure is shown. The x-axis gives the number of iterations that the model goes through, and the
y-axis gives the loss and the accuracy. The ROC curve can be defined as a graph showing the
performance of a classification model at all classification thresholds. Linear Regression ROC curve

is almost the same as SVM ROC curve representation.
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Receiver Operating Characteristic (ROC) Curves of both algorithm
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Figure 4.2.3 ROC curve of our proposed Linear Regression and SVM model.

The two ROC curves of the figure, one corresponding to Logistic Regression and the other
to SVM, lie pretty close to the upper-left corner. That means essentially that both models
perform quite well. The AUC is a number that may be used to measure the performance of a
model. It is mentioned in the legend of each curve. The higher the AUC is, the better the
performance. Using the corresponding line graph in this image, the AUC for a Logistic
Regression model is 0.9906 versus 0.99 for an SVM model. Therefore, by this line graph, a
logistic regression model is on average doing a bit better at classifying the positive and

negative instances within this dataset.
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Receiver Operating Characteristic (ROC) Curve - KNN
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Figure 4.2.4 ROC curve of our proposed KNN model.

The image shows that the ROC curve corresponds to a KNN model with K = 5. More
precisely, it implies what is: in K-nearest neighbor, a new data point is classified by looking
at the k-nearest data points in the training data set. In this case, k is setto 5. The model then
makes a classification based on a majority vote of its neighbors. A perfect classifier would
have an ROC curve that goes straight up the left side of the graph, and then levels off at the
top. This means that the model can perfectly classify all of the positive instances and none of
the negative instances. Nevertheless, the random classifier would form an ROC curve, arcing

from the lower left to upper right on the graph. This explains a model not improved over

random guessing.
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Receiver Operating Characteristic (ROC) Curve - Decision Tree
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Figure 4.2.5 ROC curve of our proposed Decision Tree model.
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Figure 4.2.6 ROC curve of our proposed SVM,LR,RF,KNN,Decision Tree model.
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Training and Validation Accuracy and Loss of Neural Network:

In the plot depicted here, showing the training performance of a machine learning model in 30

epochs, two critical parameters may be identified: loss and accuracy.

First of all, the trendsin loss are analyzed: both the Training Loss and the Validation Loss drop very
fast at the beginning, which already indicates that effective learning has taken place. Then, they
stabilize, thus giving the signal that learning by the model has stabilized. A small gap between Train
and Validation Loss may suggest some overfitting; regularization techniques or early stopping may
be applied in this respect by the researcher .Accuracy Trends: Both Training Accuracy and
Validation Accuracy are high at the beginning but stay constant thereafter. The model is working
more accurately on training data; however, the gap that comes in with validation accuracy suggests
'keeping a close eye'. It simply means that this disparity highlights whether a model generalizes well
or further training results in diminishing returns. Considering these trends is important in tuning
hyperparameters to improve the performance of models. One should be adjusting the
hyperparameters, trying different architectures, and implementing early stopping to ensure high

performance without allowing overfitting.
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Figure 4.2.7: Training and validation accuracy and loss over the epochs (Neural Network)
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Confusion Matrix of All Model after Experiment

Norma Diabetics
I Prediction
Normal 42 5
Diabetics-
Prediction 2 66
Figure 4.2.8: CM afterSVM
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Normal 42 5
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Figure 4.2.9: CM after Logistic Regression
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Norma Diabetics
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1 67
Figure 4.2.10: CM after Naive Bayes Model
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Figure 4.2.11: CM after XGB Classifier
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Figure 4.2.12: CM afterRandom Forest.
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Figure 4.2.7: CM after KNN
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Figure 4.2.13: CM after Decision Tree

The experimental results indicate that the ensemble methods give the highest accuracy in early
diabetes detection, especially Random Forest and XGBoost. The findings demonstrate that indeed,
advanced machine learning techniques could yield robust and reliable predictive models. Future
work would then be fine-tuning these models and probably introducing more features or data

augmentation techniques to improve model performance even more.

4.3 Discussion

The parameters evaluated in the experimental results and analysis include the performance of
various machine learning algorithms with models that involve predicting the early detection of
diabetes. These models in this study represent the following: Logistic Regression, Decision Tree,
Random Forest, Support Vector Machine, K-Nearest Neighbors, Artificial Neural Network,

XGBoost, and Naive Bayes. Each of these models was trained and quantity tested with the same
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Figure 4.3.1: Accuracy comparison

dataset for a fair comparison purpose. For measuring the performance of each model, accuracy in
each was determined. It emerged that the Random Forest and XGBoost had the highest accuracy,
approximately 99.13%. This high goodness-of-fit value can be attributed to their ensemble nature
of combining predictions from several base learners to get a generalized model that is robust to
misfits. The Decision Tree model also performed excellently with an accuracy of 94%, a little

outperforming the Logistic Regression model with an accuracy of 93.5%.

In the same vein, SVM and Naive Bayes models achieved test accuracies of 93% and 93.04%,
respectively, applied to this case to show their prowess in handling classification tasks efficiently.
The KNN model itself had an accuracy of probably slightly less than 91% because of sensitivity to
the choice of k-value and the nature of the dataset. While the ANN model had complex potential
with high capability to capture intricate patterns in the data, it returned an accuracy of 85.22%, thus
calling for further tuning or optimization. After evaluating all algorithms we got the highest
accuracy of 99.13% and the highest training accuracy of 100% of Random Forest so | chose this

algorithm for my proposed algorithm.
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Proposed Model Structure

In this research, the proposed model is Random Forest for its reliability and its highest accuracy.
RF is explained as a process that develops many decision trees with the help of referring to each
one for decision-making. Normally, n number of datapoints are selected from the dataset, and when
combined together, a stable decision is generated. In case of more guesses, the average of all
predictions is considered. The RF technique is used to solve both the classification and regression
problems. Asshown in This process produces quite a large number of trees in the forest. The more
the number of trees the healthier the forest is, the findings are then produced with high accuracy.
The RF architecture comprises multiple trees; each tree provides a certain option. All options are
then averaged to assess the most recent prediction. Important components of a Random Forest
model structure include many decision trees independently created from each other, where every
decision tree is trained on a different random subset of the dataset; during training, every tree makes
its predictions independently. The final prediction is usually aggregated from all the predictions
made by the individual trees in the Random Forest model using majority voting for classification
tasks. It is an ensemble technique that uses the power of many models to make good predictions
and also be robust. The application of a random forest model has several crucial implications for

this research work.

It handles class imbalance in the dataset with techniques such as bootstrap sampling and random
feature selection, which ensure that the built model will then be unbiased and accurate. Furthermore,
Random Forest is able to capture complex non-linear interactions between features, which is crucial
for predicting diabetes correctly from 17 features that describe a very diverse set. It further gives
feature importance scores, which provide the relative importance of all features used and identify
the most important predictors of diabetes. This information is very useful to health experts. Thus,
in this study, besides improving the accuracy and reliability of the diabetes prediction model based
on the Random Forest algorithm, explained variance will also enable a better understanding of the

underlying factors of diabetes that play a vital role in diagnosis and treatment planning.
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Figure 4.3.2: Random Forest Structure.
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CHAPTERS
Impacton Society

5.1 Impact on Environment

The potential of machine learning in indicative modeling for the early detection of diabetes
is immeasurably huge for society, especially on matters of health. Diabetes is just one of
those serious chronic conditions that affect millions across the globe and may present serious
health complications if it continues to run unmanaged. Early detection may, therefore, play
a very important role in mitigating its impact by allowing timely intervention and treatment

that eventually works toward improving the outcome and hence the quality of life of patients.

In terms of benefits to society, the most important would be the reduced burden on healthcare
systems. Early identification of those at risk of developing the condition could have
healthcare providers take proper prevention measures that will drastically reduce the
incidents of serious complications such as cardiovascular diseases, kidney failures, and
neuropathy. That could also help reduce cases of admission to hospitals, lower healthcare

expenditure, and bring about more effective deployment of medical resources.

Moreover, increased access to machine learning-based diagnostic facilities can reduce health
disparities in underserved and remote areas. Traditional diagnostic procedures require special
instruments and trained human resources, which are generally not available in these areas. In
contrast, applying the machine learning models within a mobile health application or a
telemedicine platform can be more cost-effective for scaling early diagnosis of diabetes. This
democratization can ensure access to critical diagnostic services for the vast majority of

people, no matter the geographical or socio-economic barriers.

Another important contribution from this research into the area of personalized medicine is
related to patient-empowered healthcare. Machine learning models can look at a variety of
factors: genetics, lifestyle, environment—almost all data points—to provide personalized
risk assessment and give customized risk-reduction proposals. Such a touch of
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personalization may motivate him or her to take steps toward a healthy lifestyle with
precautionary measures that reduce their chances of developing diabetes or other related

diseases.

Further, predictive modeling can be used to ensure maximum efficiency for clinical trials and other
research studies aimed at treating diabetes. By spotting the people at high risk, it is the people who
matter that are being recruited into the study. Therefore, it will ensure that research is done on
relevant populations. It can enable the fast development of new treatments and interventions for the

good of patients and medical knowledge.

The inclusion of machine learning in diabetes detection creates room for continuous monitoring,
hence putting early warning systems into place. Wearable devices and health monitoring
applications can collect real-time dataand run machine learning algorithms to detect the first signs
of diabetes or their complications. This will allow systems to warn patients and health providers of

possible problems for early action, hence reducing the risk of serious events in health.

In other words, predictive modeling with the purpose of early detection of diabetes using machine
learning brings the potential to revolutionize health care as a whole through early interventions that
will reduce health complications, thus cutting down health costs and improving patient outcomes.
It enhances accessibility to diagnostic services, promotes personalized health care, and accelerates
medical research. These technologies, as they evolve further and become a part of healthcare

systems, can go on to unlock key improvements for people at risk of developing diabetes, ensuring.

5.2 Impact on Environment

The application of predictive modeling toward early diabetes detection using machine learning is a
great health technology that poses some very notable environmental implications. In the first
instance, the large computational resources needed for the training and deployment of machine
learning models, especially deep-learning algorithms, present a major first interaction with the
environment. These computational demands often translate into an increased energy signature in
data centers where these models are processed and maintained. This consists of the adoption of
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energy-efficient hardware, cooling system optimization, and powering data centers with renewable
energy sources to bring down their overall carbon footprint. Another important issue related to the
environment is electronic waste emanating from the obsolescent computing hardware used in these
different technologies. Reaching sustainable e-waste management through recycling programs and
responsible disposal is important to reduce associated environmental impacts. Moreover, predictive
models can massively support more sustainable healthcare practices by facilitating the early
identification of patients at risk from a wide range of diseases, from diabetes to many others. It
enables personalized treatment plans and preventive measures to be put in place, which might
reduce the need for resource-intensive medical interventions and lower general healthcare-related

emissions.

Moreover, the diffusion of telemedicine, facilitated by predictive modeling, eliminates the burden
of traveling by patients and, as such, reduces the carbon dioxide emissions from travel. Optimizing
resource allocation in health care institutions by true risk assessments, predictive models increase
efficiency and decrease medical supply chain wastage. Such alliances among actors in the
healthcare sector, technology developers, and environmental initiatives can furthermultiply benefits
by advocating works on sustainability, promoting renewable energy works, and urging health care

toward environmentally responsible practices.

Therefore, while predictive modeling for early diabetes detection is primarily attempted to improve
health outcomes, the environmental impact that crops up therein presents the inclusion of
sustainable practices in healthcare technology. Ensuring the attention is given to energy efficiency
and e-waste management, besides developing sustainable models of healthcare delivery, would
allow stakeholders to maximize the positive impacts of health and the environment these

technologies can bring about in society.

5.3 Ethical Aspects

The Predictive modeling for early detection of diabetes using machine learning is subject to ethical
considerations since it deals with very sensitive and personal information about health conditions
that may cause serious impacts on people and society. Out of all the ethical concerns associated

with such data, one on the very front would be data privacy and security. Machine learning models
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demand large data sets, sometimes with personal health information. This shall be supplemented by
robust dataanonymization, encryption of dataduring transmission and storage, and compliance with
strict regulations on the protection of personal data such as GDPR or HIPAA to protect patients

privacy.

It runs hand in glove with transparency and accountability while developing and deploying the
model. What predictive models do, their limitations, and the potential for biases are to be given due
attention by health-care providers and researchers, along with what the model's predictions mean
for taking care of the patient. Algorithms should be put under very strict trials for the reduction of

bias, especially regarding demographic groups or miss-diagnosis.

An important ethical consideration while making use of predictive modeling has to do with its
ability to facilitate fair access and distribution of healthcare resources. Most importantly, these
technologies need to be available for underserved populations, and predictive models must not
perpetuate existing disparities in health care. Therefore, fairness in model development,
deployment, and delivery of health care should be emphasized so that just outcomes for all—

irrespective of their socioeconomic background or geographical location—are promoted.

It also includes continuous monitoring of the impact that these predictive models could have on
clinical decision-making. Physicians should maintain independence in the interpretation of model
predictions and exercise discernment in their incorporation into patient care plans, which should
include administering individual patient preferences and the ethical standard of care. Of course, the
most important part is: that predictive modeling in health care must result in continuous ethical
dialogue and multidisciplinary cooperation to be able to sail through the ethical landscape.
Stakeholder dialogue between patients, health providers, ethicists, and policymakers ensures that
such technologies are developed and rolled out in ways that pursue the good life, promote welfare,

and protect privacy while building human well-being

5.4 Sustainability Plan
The predictive modeling sustainability plan for the early detection of diabetes aims at having long-
term viability, impact, and continuous improvement. Most important in the plan is scalable cloud -
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based infrastructure, whereby the computing resources will be allocated on a dynamic basis. This
will result in optimum cost efficiency and minimize environmental impact by doing away with high-

power computing hardware to be on all the time.

Regular updates will include new and diversified datasets so that models retain their accuracy and
applicability. This kind of continuous improvement will ensure the learning process of the
predictive model with emerging trends and variations in patient data and its shaping of the
robustness and generalizability of the model. Adherence to strong ethical standards, in the same
light, will be followed to ensure the privacy and security of patients over their data, gaining the trust
of the users and stakeholders. Such a project will, therefore, require involvement with a wide range
of stakeholders, from healthcare providers and researchers to policymakers. We envision the
development of an ecosystem culturally infusing knowledge sharing and collaboration in seamlessly
bringing this predictive model into clinical practice. This will allow for broader-store development
of standardized protocols and guidelines on how one works using this model in various healthcare
settings. Implementation and user documentation will be developed, training schedules, and other
materials that shall support the predictive model. These resources will facilitate the continuous
empowerment of future researchers and practitioners by availing appropriate knowledge and skills
to them in order to be in a good position to improve on our work. We will enhance capacity building
and promote continuous education, which ensures that the relevance and impact created by the

project on medical and technological evolving landscapes remains stable.

A feedback mechanism will also be put in place to sustain the plan. This will ensure that there is
continuous monitoring and checking of the model's performance. There will be a regular collection
of user feedback and performance metrics to iteratively drive improvements and adapt based on the
needs of different groups of users. Applications in early diagnosis and management of diabetes will

contribute greatly to improving patient outcomes and healthcare efficiency.
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CHAPTER®G
Conclusion and Future Work

6.1 Summary of the Study

The present study was focused on exploiting machine learning techniques for the development of
prediction models that could enable the early detection of diabetes. Further, the study was
instigated by the critical requirement of identifying diabetes at an early stage, thereby allowing for
timely interventions to improve patient outcomes. In this study, different machine learning
algorithms—L ogistic Regression, Decision Tree, Random Forest, SVM, KNN, ANN, XGBoost,
and Naive Bayes—were implemented to build various prediction models and compared in terms

of accuracy, precision, recall, and F1-score.

It was initiated by literature research and a review of methodologies for diabetes predictions and
machine learning in healthcare applications. In this paper, multiple features related to the
diagnosis of diabetes were used in a diversified dataset. The dataset was preprocessed, including
normalization and handling missing value entries, to ensure high-quality input before training the

models.

Each of these machine learning models was trained and evaluated with proper care upon splitting
the data into test and train sets. Computation of performance metrics was done to evaluate the
efficiency of every algorithm. Among all the machine learning algorithms, Random Forest and
XGBoost showed higher accuracy since they had a great capacity for handling complex patterns
and interactions within details. The result proved that these models can offer a potentially robust

tool for the diagnosis of diabetes at an early stage in clinical settings.

It also used advanced computational resources and other tools for the implementation of neural
networks, such as TensorFlow and Keras, and Jupyter Notebook and Google Colab for running
the codes and training models. One found an assertion for the importance of data augmentation

and transfer learning methods in order to improve model performance.
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6.1 Conclusions

The research was oriented to make use of machine learning techniques in developing predictive
models with the intention of early detection for diabetes. Determined by the critical necessity of
identifying diabetes at an early stage, timely interventions could subsequently be carried out that
could improve patient outcomes. In this regard, several machine learning algorithms—Logistic
Regression, Decision Tree, RandomForest, SVM, KNN, ANN, XGBoost, Naive Bayes—have been
implemented to create and compare models with respect to their accuracy, precision, recall, and F1-

Score.

Literature research and methodologies on diabetes prediction and machine learning applications in
healthcare were places to start. Experimental Methods In this work, different experimental methods
are used with a diverse dataset of various features relevant for the diagnosis of diabetes. The data
preprocessing phase consisted of the handling of missing values and normalization for the
preparation of high-quality input for model training.

All machine learning models were trained and evaluated with respect to a split of data for training
and testing. Further, performance measures were computed in order to estimate the algorithms'
performance. Random Forest and XGBoost models turned out to be most accurate, thus showing
that they were more efficient with the complex patterns and interactions hidden within the data.
According to the results, these models could turn out to be quite effective tools in clinical practice

for the early detection of diabetes.

6.2 Implication for Further Study

This study in predictive modeling for the early detection of diabetes using machine learning has laid
a good foundation, although it holds a lot of avenues for future research. The optimization and
improvement of the used models are among the important aspects. While in this study, XGBoost
and Random Forest performed well, further tuning of their hyper-parameters and advanced feature
engineering, coupled with the integration of ensemble methods, can result in better performance.
Also, increasing the dataset of patients with respect to demographics, previous medical conditions,
and other factors related to different lifestyles would enhance the generalizability and strength of
the models. Data augmentation techniques would further improve class imbalance and training
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results; this can be realized through the generation of synthetic data. Further investigation into
feature importance may involve the detection of some important variables that predominantly affect
predictive accuracy, and this will enable the construction of more accurate and specific models. It
could also be developed with new features from continuous glucose monitoring, additional genetic
information, and more detailed dietary habits. Finally, models able to analyze in real time and
longitudinally would set up the continual monitoring with early intervention needed to improve

patient outcomes and move the field of diabetes prediction and management forward.
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Appendix A

Course Outcomes, Complex Engineering Problems (EP), and Complex

Title:

Engineering Activities (EA) Addressing

PREDICTIVE MODELING FOR EARLY DETECTION OF DIABETES USING
MACHINE LEARNING TECHNIQUES
Student ID: [213-15-4413]

CO Description for FYDP

CO CO Descriptions PO
Phase -1

CO1 | Integrate recently gained and previously acquired knowledge to identifya p| PO1
problem for the Final Year Design Project (FYDP)

CO2 | Analyze different aspects of the goals in designing a solution for this FYDP PO2

CO3 | Explore diverse problem domains through a literature review, delineate the | PO4
issues, and establish this goals for the FYDP

CO4 | Perform economic evaluation and cost estimation and employ suitable project | PO11
management procedures throughout the development life cycle of the FYDP

Phase -11

CO5 | Design and develop technical solutions and system components or processesthat meet | PQO3
specified requirements, ensuring compliance with public health and safety standards,
as well as considering cultural, socioeconomic, and environmental factors in this
FYDP

CO6 | Choose and apply appropriate methodologies, resources, and contemporary | PO5
engineering and IT technologies to address complex engineering processes,
encompassing prediction and modeling, while adhering to relevant constraints in this
FYDP

CO7 | Analyze societal, health, safety, legal, and cultural considerations, along with PO6
associated responsibilities, in the context of professional engineering practice and the
resolution of this problem, employing logical reasoning guided by contextual
understanding.

CO8 | Comprehend and evaluate the enduring sustainability and impact of professional | PO7
engineering endeavors in addressing intricate engineering challenges within social and
environmental frameworks.

CO9 | Implement ethical principles and adhere to professional standards and norms in this | PO8
FYDP

CO10 | Capable of operating proficiently both individually and as a team member or leader | PQO9

across diverse teams and interdisciplinary settings in this FYDP.
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CO11

Proficiently communicate with the engineering community and broader society
regarding complex engineering endeavors, including the ability to comprehend and
generate comprehensive reports and design documentation, as well as provide and
receive clear instructions throughout this FYDP.

PO10

CO12

Acknowledge the importance of self-directed and life-long learning within the
evolving landscape of technology, and possess the readiness and capability to engage
in lifelong learning endeavors.

PO12

Addressing CO (1 to 8), Knowledge Profile (K), Attainmentof Complex
Engineering Problems (EP), and Attainment of Complex Engineering Activities

(EA)

Addressing CO (1 to 8), Knowledge Profile (K), Attainment of Complex Engineering
Problems (EP):

Justification

EP .

SN Definition Attainment cO (with Knowledge Profile) References
This project demonstrates fundamental | page no:
engineering (K3) principles by employing
machine learning algorithms such as [17-21]
Support Vector Machine (SVM), K-

Nearest Neighbors (KNN), Artificial | Section:
Neural Networks (ANN), Logistic
Regression, Decision Tree, Random [3.2]
Forest, and XGBoost for predictive
modeling tasks. The project further| Page no:
showcases specialist knowledge (K4) by
CO1, | applyingadvanced techniques in machine [1]
EP1- CO2, | learning, including model training, and the _
Depth of CO3, | evaluation of model performance metrics, |  Section:
Knowled Yes COS5, |to accurately predict the early onset of
1 ge Cé%f; diabetes based on a diverse set of features. [1.1]
required and
CO8 | The project applies engineering practice | Page no:
& design (K5) by the figure of the process
of experiments. The project addresses [17-21]
engineering practice & technology (K6)
by employing Various machine learning | Section:
model
[3.2]
Page no:
[25-28]
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Section:

[3.4]
This project aligns with K8 (Research ]
Literature) by synthesizing insights from Page no:
recent studies to advance the early
prediction of diabetes using machine [10-14]
learning. It demonstrates a comprehensive Section:
understanding of current methodologies in :
predictive modeling and leverages state- [2.2,2.3]
of-the-art techniques to enhance the B
accuracy and reliability of diabetes
prediction..
This project addresses EP-2 by
recognizing the hurdles in the early
prediction of diabetes, including the
Ep2: limitations of traditional methodsand the | Page no:
Rangéof comp_lexities _of integ_rating various
Conflicti CO2, | machine _Iearnlng algorlth_ms. Through [15]
ng Yes and comparative _analy3|§, it conf_ro_nts _
Require CO7 | challenges in identifying key predictive | ~Section:
ments fea_tu resand model pe_rfc_erance, offerl_ng
insights ~ for  refining  predictive | [2.4,2.5]
methodologies and improving the
accuracy and efficiency of diabetes
detection.
This  project addresses EP-3 by | page no:
Ep3: meticulously c_omparing experimer_ltal
: Cco2, outcomes,hlghllghthgTransferL_earnlng [31-45]
Depth of Yes and | as the chosen significant solution for
analysis r co6 | enhancing early prediction of diabetes | Section:
equired amidstmultiple potential machine leaming
approaches.. [4.2]
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This project's interdisciplinary approach
extends beyond traditional boundaries,
integrating machine learning into medical
diagnostics for early detection of diabetes. | Page no:
EP4- By a}pplyir]g _advanced computational
Familiari techniques, it aims to advance healthcare [10-15]
4. ty Yes CO8 | practices, spend specifically addressing
EP-4 by enhancing disease predictionand | Section:
of Issues .
management. This research endeavors to
contribute significantly to public health | [2.2,2.4]
initiatives through improved diagnostic
accuracy and proactive healthcare
interventions.
EP5:
Extends
5. of No CO5 N/A N/A
applicatio
n codes
EP6: Ext
ends of
stakehold
ers
6. | IMvolved No cos N/A N/A
conflictin
g
requirem
ents
This project adopts a comprehensive
approach  that integrates  diverse
components spanning data collection, )
statistical analysis, and methodological Page no:
frameworks. By addressing these aspects [17-28]
EP7: synergistically,itaims to provide a holistic
7. Interdepe Yes CO5 | solution to intricate challenges in medical Section:
ndence diagnostics, emphasizing EP-7. This '
approach ensures thatthe research not only [3.2,3.3
tackles high-level problems effectively but 3 ’4] o
also contributes to advancing the field of '
healthcare diagnostics through rigorous
and integrated methodologies.
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Addressing CO11 with Complex Engineering Activities (EA) [Some or all of the following]:

SN EA Attainment (6{0) Justification References
Definition
The objective of the study is to make
an early diagnosis of diabetes using
machine learning, wherein the
researchers had 520 instances from
Sylhet Diabetes Medical Hospital.
The mostimportant resources entail Page no:
high-performance computing,
EAL: software, and a dataset. Since [29]
Range of Yes accurate labeling was directly
1. resources proportional to the quality of Section:
training, metrics used for the
evaluation process were accuracy, [3.5]
precision, recall, Fl-score, ROC
curve, and AUC. Hyperparameter
tuning was done by cross-validation.
Ethical considerations include
C?l patient privacy and data security..
EA2:
Level of
2. interactio No N/A N/A
n
EA3:
3. Innovatio No N/A N/A
n
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This project advances current
research by exploring a pioneering Page no:
method for early prediction of
EA-5: diabetes through machine learning [9-14]
5. Familiarit Yes techniques. It  includes an
y exploration of foundational Section:
terminologies and an extensive
comparative analysis, unveiling [2.1,2.3]
fresh perspectives in the domain.
Addressing CO (4, 9, 10, and 12):
SN COs | Attainment Justification References
This project addresses CO4 by integrating
effective project management and financial Page no:
1 cou4 Yes oversight, ensuring meticulous planning, [5-6]
resource allocation, and budget estimation Section:
for optimal resource utilization throughout [1.6]
the research lifecycle.
The project demonstrates adherence to
ethical principles by prioritizing patient
privacy, obtaining informed consent, and Page no-
transparently documenting the research [43_49]‘
2 CO9 Yes process, ensuring responsible knowledge Section:
dissemination and societal well-being [5.3] ;
through the ethical application of advanced '
healthcare technologies that comply with
CO9.
3 Co10 No N/A N/A
The project's dedication to continuous
learning (CO12) and adaptation within the
dynamic technological landscape is reflected Page no-
in its comprehensive datacollection, rigorous [17_28 31_'45]
4 Co12 Yes statistical analysis, meticulous methodology Secfion'
development, and thorough experimental [3.2,33,34 3'5 4.2]
results and analysis, showcasing a T e e
commitment to staying updated and refining
technigues to address modern challenges.
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