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science and medicine to enable early identification of hazardous conditions. Diabetes is 

one of the most widespread chronic diseases in the world today. Millions of people are 

affected by it,and the numbers continue to grow each year. What makes diabetes 

especially dangerous is that many people do not know they have it until serious health 

problems arise. Early detection is therefore extremely important, as it gives patients a 

better chance to manage or even prevent severe complications. 
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1.  

 

ABSTRACT 
 

Technological advancements have led to a closer relationship between the medical 

industry and machine learning. This study employs machine learning to predict the 

occurrence of diabetes, a global disease. The aim is to identify the disease in its initial 

stages to facilitate easier treatment or management of the condition. I have utilized a 

dataset containing nine features and 100,000 instances. This dataset contains 

information on hypertension, blood glucose level, BMI, age, smoking history, heart 

disease, gender, and HbA1c level. These are the main indicators of diabetes. I utilized 

the Random Forest Classifier to predict the illness. The results of my research have been 

compared to those from other machine learning methods, including Decision Tree 

Classifier, Logistic Regression, and KNN. Among these techniques, the Random Forest 

Classifier exhibited the highest accuracy (95.67%) and AUC score (0.97), confirming its 

robustness for diabetes prediction. While the findings are promising, the research also 

identifies important gaps: limited dataset diversity, lack of interpretability of models, 

minimal clinical integration, and low accessibility for end-users. Recognizing these gaps 

highlights opportunities for future work, such as incorporating more inclusive datasets, 

developing explainable AI approaches, and building user-friendly mobile or clinical 

applications. 

 

The study therefore demonstrates significant potential for the integration of computer 

science and medicine to enable early identification of hazardous conditions. Diabetes is 

one of the most widespread chronic diseases in the world today. Millions of people are 

affected by it, and the numbers continue to grow each year. What makes diabetes 

especially dangerous is that many people do not know they have it until serious health 

problems arise. Early detection is therefore extremely important, as it gives patients a 

better chance to manage or even prevent severe complications. 

Recent advances in technology, especially in the field of machine learning (ML), have 

opened new opportunities for healthcare. By analyzing large amounts of medical data, 

machine learning algorithms can identify patterns that are not always visible to doctors 

during routine checkups. This study focuses on using machine learning to predict the 

occurrence of diabetes, with the hope of assisting healthcare providers and patients in 

catching the disease earlier. 
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CHAPTER 1 

 Introduction 
 

1.1 Introduction 

Diabetes has become a global health problem. Millions of lives have been affected and it 

is now a major concern for the health system.. Reports suggest that there are at least 

500 million people with diabetes worldwide. By 2030, this figure could reach 25 percent 

and 51 percent, respectively. According to WHO data from World Diabetes Day in 2016, 

422 million people worldwide suffer from diabetes, with 1.6 million reported deaths [3]. 

There are three main types of diabetes: gestational, type 1, and type 2 [4]. As for type 1 

diabetes, this condition often begins as an inflammatory disease before the age of 20. 

This type of diabetes is characterized by damage to the cells of the pancreas that 

produce insulin. Insulin resistance develops in the body's organs when you have type 2 

diabetes, increasing the need for insulin. Right now, the pancreas isn't producing enough 

insulin. Pregnant women are more likely to develop gestational diabetes due to 

insufficient insulin production by the pancreas. Each of these different types of diabetes 

requires treatment.[5]. The precocious detection in this state is essential for improving 

the patient's situation and succeeding in treating the disease. Machine learning is one of 

several sub-fields of artificial intelligence that has demonstrated tremendous impact and 

promise in many fields, including healthcare. This project delves deeply into the 

predictive capabilities of machine learning for diabetes. Our aim is to assist patients and 

enhance early diagnosis of this disease. The convergence of computer technology and 

medical informatics opens up new opportunities in healthcare. Machine learning can be 

used to gain deeper insights into large, complex data sets. The perfect combination of 

these two elements promises a better future for early diagnosis of diabetes. Previous 

studies have shown that fat cell size and anthropometric measurements can be used to 

predict diabetes risk using standard statistical methods. [6] [7]  

[8][9]. Research has shown that data mining can be an essential component in 

understanding the unknowns and possibilities of models developed for the medical 

field.[10][11][12] This study examines the current status of diabetes prediction using a 

method related to automatic learning. We examined related research to fully understand 

the latest methods, algorithms, and functions used in the same research. He also 

explained the approach to data collection, preparation and creation of models. The 

results of this study could affect the decisions of manufacturers, researchers, and 

medical experts that work to improve diabetes and preventive management initiatives. 
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1.2 Motivation 

Urgency of Innovation: 

 

1. The increasing prevalence of diabetes necessitates urgent development of innovative 

methods for early identification and treatment. 

 

2. Traditional diagnostic methods may not fully capture the complex interactions among 

diabetes risk factors, underscoring the need for advanced models. 

Specific Focus on Bangladesh: 

*Awareness of the impact of diabetes is low in Bangladesh and the risk is increased due 

to lack of understanding among the people. 

 

*There is an urgent need to introduce effective early diagnosis methods tailored to local 

problems and risk factors. 

Role of Machine Learning: 

 Machine training offers revolutionary potential in improving diabetes prediction. 

 The study is aimed at solving the complexity of the risk factors of diabetes 

(biomarkers, medical history, demography) and the provision of personalized 

treatment options. 

Utilization of Machine Learning Techniques: 

 Techniques such as random forest and logistic regression are used to develop 

accurate predictive models. 

 The goal is to provide reliable predictions that will facilitate earlier treatment 

and significantly improve patient outcomes. 

Impact on Healthcare Delivery: 

 The research aims to advance diabetes predictions and revolutionize healthcare 

delivery by leveraging the accuracy of machine learning algorithms. 

 The approach is proactive, personalized, and based on the latest machine 

learning techniques, and promises to pave the way for transformative changes in 

diabetes management. 
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1.3 Objective 

 Focus on Machine Learning: The research aims to use machine learning 

techniques for accurate and early prediction of diabetes. 

 Developing a robust model: By exploring different algorithms and analyzing 

diverse patient datasets, the goal is to develop a robust predictive model. 

 Timely Information for Healthcare: These templates are designed to provide 

healthcare professionals with timely information to drive proactive interventions 

in diabetes management. 

 Improved Diagnosis and Treatment: The ultimate goal is to improve the accuracy 

of diabetes diagnosis, leading to more personalized and effective treatment plans 

depending on the widespread prevalence and importance of diabetes. 

Research Questions 

 When I began this research project, I had many questions. There weren't many 

problems, but some questions remained unanswered. For example: 

 Which machine learning method is most effective at predicting diabetes: logistic 

regression, random forest, or k-nearest neighbor 

 Which specific information such as age, medical history, and other factors help 

accurately predict the likelihood of diabetes 

 How can we make the results of machine learning models easier to understand 

and help doctors prevent diabetes in their patients 

Expected Outcome 

 For better detection of diabetes. 

 Select an algorithm for this dataset. 

 The premise of the data is set to discover the best results as much as possible. 

 Ablation research on the best performance model. 

 Performance analysis and statistical analysis based on confusion matrix. 

 
 

▪ . 
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CHAPTER 2 

BACKGROUND 

2.0 Introduction 

 

Diabetes mellitus is a major global health issue, and early prediction is essential for 

prevention and management. Recent studies have applied machine learning and data 

mining techniques such as Logistic Regression, Decision Trees, Random Forests, 

Support Vector Machines, and Neural Networks to predict diabetes using clinical and 

lifestyle data. Datasets like the Pima Indians Diabetes Database are widely used in 

these works. 

The literature shows that predictive models can support healthcare professionals by 

identifying individuals at risk before severe complications arise. However, challenges 

remain, including data imbalance, limited generalization across populations, and the 

need for better feature selection. Recent advances in ensemble methods and deep 

learning have improved accuracy and reliability. Overall, research highlights the strong 

potential of predictive models to complement traditional diagnosis and improve early 

detection of diabetes. 

 

 

2.1 Literature Review 

The name of my article is the prediction of diabetes that uses the path to early 

intervention. The purpose is to detect the disease in an early stage according to a 

specific situation, and taking appropriate drugs can help prevent illness. Additionally, 

we have collected some articles on this topic that reflect works on the same topic, 

summaries of which have been added below: 

Research conducted by Veena Vijayan V. Anjali S [13] indicates that diabetes occurs due 

to hyperglycemia. Various computer information systems have been developed to predict 

and diagnose diabetes using different classifiers. The choice of the right classifier 

considerably increases the accuracy and efficiency of the system. In this context, a 

decision assistance system is proposed to use the Ad boost algorithm with a decision 

strain as a basic classification In addition, Support Vector Machine, Naive Bayes, and 

Decision Tree are also used as base classifiers in the AdaBoost algorithm to check the 

accuracy. The AdaBoost algorithm using decision stumps as the base classifier achieved 

an accuracy of 80.72%, outperforming the accuracy of Support Vector Machine, Naive 

Bayes, and Decision Tree. This suggests that the proposed system, particularly with 

AdaBoost, can effectively contribute to the accurate prediction and diagnosis of diabetes. 

Another research done by P. Sonar and K. Jaya Malini [14] stated that diabetes, being a 

life-threatening disease, can lead to various complications such as heart failure, blurred 

vision, kidney disease, etc. Diabetes care often involves frequent visits to diagnostic 

centers for consultations and reports, which requires both time and financial investment 

from patients. However, the advent of machine learning offers a promising solution. 

They discovered that by utilizing cutting edge data processing systems and techniques, 

it is possible to predict whether a person is at risk of developing diabetes, which is 

essential for early intervention so that timely preventive measures can be taken. The 

study focuses on developing an advanced system that can accurately assess a patient's 
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diabetes risk level.  

Another paper by AiswaryaIy er, S. Jeyalatha and Ropak Somali on diagnosing diabetes 

using classification analysis techniques [5] reflects the devastating outcome of the 

disease. In their study, they used decision trees and naive Bayes algorithms to predict 

and diagnose diabetes. They used different methods such as validation and percentage 

separation to achieve different levels of accuracy. Specifically, they obtained an accuracy 

of 74.86% using the decision tree, 76.956% using the validation technique, and 79.56% 

using the naive Bayes algorithm.  

The experimental results demonstrate that KNN exhibits the highest accuracy among 

these techniques which is 89%. This underscores the potential of data mining, 

particularly through KNN, in providing accurate and early predictions for diabetes, 

thereby contributing to more effective healthcare practices.  

Another paper published by Ionic Kavakiotis et al. [16] attempted to synchronize 

healthcare and biotechnology. It is stated that significant advances in the fields of 

biotechnology and medicine have led to the generation of vast amounts of data, including 

high-throughput genetic data and clinical information from electronic health records 

(EHRs). In response, the application of machine learning and data mining techniques in 

life sciences has become critical to intelligently transform this wealth of information into 

valuable knowledge. Diabetes mellitus (DM) is a group of metabolic diseases with global 

impact on human health and has been extensively studied in various aspects.  

Mercado, F., Nardone, V., and Santana, A. suggested that feature selection is a good 

choice to improve accuracy. They used Multilayer Perception, Baye Net, Random Forest, 

Hefting Tree, Decision Tree, and Grip in their study. They showed that Hefting Tree 

was the most suitable for their study [17].  

 

Another study conducted by Osman A.H. et al [18] combined K-means clustering and 

support vector machine to predict diseases. The research reveals that Diabetes has 

become a leading cause of death worldwide. The abundance of medical information has 

spurred the search for effective tools to aid physicians in accurately diagnosing diabetes. 

This study focuses on improving diagnostic accuracy and reducing misclassification by 

identifying important features associated with diabetes. The selection of these features 

is critical to the performance of a classifier that was developed using knowledge 

discovery techniques to solve the classification problem of diabetic patient data. The 

study proposes a comprehensive approach combining SVM (Support Vector Machine) 

technique with K-means clustering algorithms for diabetes diagnosis. The experimental 

results indicate high accuracy in distinguishing patterns between diabetic and non- 

diabetic patients, surpassing current diagnostic methods in terms of performance 

indicators. The T test statistical method showed significant improvement results, 

especially when applied to the UCI Pima Indian standard dataset using the Kernelized 

SVM (KSVM) technique. This suggests a promising avenue for more accurate and 

reliable diabetes diagnosis, thereby contributing to advancements in healthcare 

practices. 

 

2.2 Overview of Existing Works 
TABLE 2.1: EXISTING WORKS 

 

Author Algorithm Performance Measure 

Veena Vijayan V.and 

AnjaliC 

[2] 

AdaBoost 80.72% 

P. Sonar and K. Jaya 

Malini[3] 

Decision Tree Classifier 85% 
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Aiswarya  Iyer ,S. Jeyalatha 

and Ropak  Somberly [4] 

Naïve Bayes 79.56% 

M Committal.[8] KNN 89% 

 

Many works have been carried out worldwide on this particular subject in order to study 

and study more me thods to diagnose the disease. Various  criteri a were supported for 

research .The previous works mentioned in the table have used different algorithms for 

their own work .But as far as I have read Random Forest Classifier haven ot been used 

or  found as the best algorithm to be followed. 

2.3 Challenges 

 Dataset: The most difficult part of this research is choosing  the right dataset. 

 Algorithm Selection: The object detection model can be trained using a wide 

variety of algorithms. Therefore, choosing the best algorithm was a difficult task 

 Preparing data: A challenge was getting the image data ready for training. As a 

result, preparing the entire dataset was a difficult task. 

 Implementing: The model's implementation is another difficult task. Due to the 

high cost of the testing equipment, I used local computers to measure 

performance. 

 

2.4 Gap Analysis 

 

 Despite the promising results of this study, several research and practical gaps 

remain in the field of diabetes prediction using machine learning. 

 

 Data Gaps 

- Most available datasets (including the one used in this study) are 

secondary and limited in demographic diversity.   

- Features such as lifestyle, genetics, and long-term patient history are 

underrepresented.   

- Imbalance between diabetic and non-diabetic cases still limits real-world 

applicability, even after using SMOTE.   

 

 Methodological Gaps 

- Many models, including Random Forest, provide high accuracy but lack 

explain ability, making clinical adoption difficult.   

- Overfitting risks remain when training models on relatively small or 

biased datasets.   

- Limited comparison with deep learning models (e.g., CNNs, LSTMs) that 

may capture complex patterns more effectively.   

 

 Clinical Integration Gaps- Current prediction models operate in an offline, 

research-oriented environment and are not yet integrated into real-time clinical 

workflows. 

- Lack of interoperability with Electronic Health Records (EHRs) and 

wearable devices restricts practical deployment. 

- Healthcare professionals need interpretable outputs (risk factors, 

explanations), which current models rarely provide. 
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 User-Centered Gaps 

- Existing models are designed mainly for researchers, not end-users 

(patients or doctors). 

- Limited availability of mobile/web applications for easy diabetes risk 

assessment. 

- Low awareness among patients in countries like Bangladesh about 

predictive tools. 

Summary: 

 

 This analysis shows that while this study achieved high accuracy (95.67% with 

Random Forest), there remain gaps in dataset diversity, interpretability, real-

time usability, and accessibility. Addressing these will make diabetes prediction 

models more reliable, equitable, and clinically useful. 

 

GAP ANALYSIS TABLE REPORT 

 

TABLE 2.4.1 Analysis Table 
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CHAPTER 3 

RESEARCH METHODOLOGY 

3.1 Methodology 

Now, let’s talk about how I went about identifying the early signs of diabetes. My plan, 

or methodology, is like a map that guides us through the steps of data analysis and 

model building. I wanted to be very specific and use clever ideas. My main goal is to find 

patterns in the data that can help us detect diabetes early. Therefore, before it becomes 

a big problem, I can do something about this. We use both the proven method and the 

latest computer method to make the approach firmly. As I collect data, select important 

features, use machine learning techniques, and validate my work, my method builds a 

solid foundation for early diabetes detection. Let’s dive into the step-by-step details of 

my work. 
 

 

 

Fig3.1Research Methodology
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3.2 Data Collection 

 The information used in the study comes from a large dataset about people's lives 

and health - a snapshot of their age, gender, whether they have diabetes, and so 

on. I got this data from a place called Kaggle [21], and it's free for everyone. The 

dataset contains information about 100,000 people and looks at nine different 

things about them. This includes information about your age (male or female), 

sex, whether you have high blood pressure or heart disease, whether you smoke, 

as well as your weight (BMI), blood sugar levels, or so-called HbA1c levels. By 

looking at this data, we can find associations and patterns that can help us better 

understand diabetes and the factors associated with it. Access to this data from 

Kaggle serves as a useful tool for researchers and others who want to learn more 

about diabetes. 

 Gender: The gender of the patient plays a significant role in the prognosis of 

diabetes. 

 Age: Age is also an important element as diabetes is more common in older 

people. In the dataset I have data of people aged 0 to 80 years. 

 Hypertension: Hypertension means high blood pressure. In our dataset, 0 means 

no hypertension and 1 means he has hypertension. 

 Heart Disease: This is another factor that can increase the risk of diabetes. 

 Smoking History: This is also an important factor in predicting diabetes. There 

are five types here: not now, not now, never before, no information, and never. 

 BMI: BMI is measured based on a person's weight and height. High BMI means 

that there is a high possibility of diagnosis with diabetes. 

 HbA1c Level: This is the patient's average blood sugar level. The higher the level, 

the higher the risk of diabetes. Generally, an HbA1c level above 6.5% indicates 

diabetes. 

 Blood Glucose Level: This is the amount of glucose present in your blood at any 

given time. High levels of this increase your risk of diabetes. 

 Diabetes: This is a series of target variables. 1 means the patient has diabetes 

and 0 means the patient does not have diabetes. 
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Fig 3.2.1: Heatmap of the dataset 

 

 

This colorful map acts as a visual guide to make sure we have everything we need. If it's 

a single color, especially bright red, it's like all the pieces of a puzzle are perfectly in 

place. Therefore, if our card is bright red, it means that we collect all the data necessary 

for our research and have no loss in the dataset. It's great, not only in my job, but also 

because our research will be very good. Having a dataset with no missing values is akin 

to finding a complete information set, which not only simplifies your workflow but also 

ensures the reliability of your data in your analysis and research.This will build a strong 

foundation. 
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Fig 3.2.2 Class Distribution of the dataset 

 
The colored bar chart looks like a picture that shows how often there is information 

about diabetic people and non-diabetic people in the dataset. The title “Distribution of 

Diabetes Classes” tells us what the chart is about. The graph shows two bars, one for 

people with diabetes (marked "1") and one for people without diabetes (marked "0"), and 

the height of each bar indicates the number of times this type of information was 

available. If one bar is much taller than another, it means there is more information 

about that group, which can help you understand how common or rare diabetes is in 

your dataset. 

 

3.3 Data Preprocessing 

 

When examining the dataset presented in Section 3.2.1, it was clear that there was no 

missing information. Nevertheless, duplicate values were found within the dataset. 

These duplicates were addressed by identifying and removing them. It is important to 

ensure that each data element is unique, as duplicate values can lead to confusion. 

Additionally, we solved the problem of handling string values by encoding them in a 

numeric format. Computers prefer numbers to text, and this encoding process makes it 

easier to analyze data efficiently. In short, the dataset was carefully prepared by 

checking for missing values, removing duplicates, and transforming string values into a 

numeric format, resulting in a clean and well-organized dataset, ready for further 

analysis or machine learning applications. 

 

Handling Duplicate Values 

 

In the dataset research, I noticed something interesting. Some information has been 

repeated. To clearly understand, we decided to take care of him and remove these 

additional works. After this cleaning, the dataset increased from 100,000 to 96,146, 

while still using the same 9 features and preserving all the important details. This 

thorough sorting is the same as the information of each person is unique. This is created 
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by a cleaner dataset and prepares for the fact that you will learn cool things. It's a small 

change, but it makes our data more reliable and allows us to perform intelligent 

analyses. 

Encoding String Values 

 

Within our dataset, we identified two features, namely ‘gender’ and ‘smoking history,’ 

represented as string data types. To facilitate analysis, we applied a process called 

encoding. For the ‘gender’ feature, we assigned numeric values: 0 to ‘Female’ and 1 to 

‘Male’. This way, the computer understands them better. Similarly, for ‘smoking history,’  

Handling Class Imbalance with SMOTE 

When we looked at our dataset,we saw that some classes had way more samples than 

others. This problem is called class imbalance. If we trained the model like this, it would 

mostly learn from the bigger class and ignore the smaller one.To solve it,we used a 

method called SMOTE (Synthetic Minority Over-sampling Technique).What SMOTE 

does is create extra,similar examples for the smaller class so that both classes are more 

balanced. This way,the model gets a fair chance to learn from every class. After applying 

SMOTE, our dataset became more balanced,and the model performed better.
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Fig 3.3.3.1: Class distribution after applying SMOTE 

 

3.4 Data Splitting 

 

Before training our model, we had to split the dataset into two parts: one for training 

and one for testing. We did this using the train_test_split function from the scikit-learn 

library. Around 80% of the data was used for training (x_train, y_train), so the model 

could learn from it, and the other 20% was kept aside for testing (x_test, y_test). The 

test set is important because it shows how well the model works on data it hasn’t seen 

before. To make sure the results are consistent every time, we set the random state to 

100. This way, we could check the model’s performance in a fair and reliable way. 

 
3.5 Model Selection 

 

While exploring different machine learning algorithms for our research, we tested 

several models, each with its own strengths. Among them, the Random Forest classifier 

stood out as the best option. This choice was not random but based on the model’s strong 

performance, flexibility, and reliability in handling our dataset. 

Compared to other candidates, Random Forest proved effective in overcoming common 

issues such as over fitting, handling non-linear relationships, and highlighting which 

features are most important. These advantages made it a suitable model for our study. 

In the following sections, we focus on Random Forest as our main classifier because of 

its ability to provide accurate predictions and meaningful insights into the data. 

3.6 Logistic Regression 

 

Logistic Regression is what we use when the outcome is binary — like yes/no or 

sick/healthy. It uses an S-shaped (sigmoid) curve to turn a weighted sum of features into 

a probability. The main idea: 
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A quick practical note: eβie^{\beta_i} eβi is the odds ratio — easy to interpret. We also 

add L1 or L2 regularization to avoid over fitting, and we pick a probability cutoff (like 

0.5) to trade off precision vs. recall. It’s simple, fast, and very interpretable — great as a 

first model or when you need explanations. 
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Fig3.5.1.1: Logistic Regression [22] 

Decision Tree Classifier 

 

Decision Trees are a Supervised learning method that can be utilized for both 

classification and regression issues, although the y are freedom inanity favored for 

addressing classification realm off or eras ting, the Decision Tree Classifier serves as an 

aviate or, aid recognizing patterns and making decisions .Let’s examine this tool more 

closely deter mining its functionality and advantages Envision Decision Tree as chart or 

digests a choice 
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similar to selecting among various routes. The route we take is dependent on particular 

characteristics or variables, and each route culminates in a forecast. The Decision Tree 

arrives at conclusions by dividing the data into clusters based on characteristics. It aims 

for these clusters to be as uniform as possible regarding the result we wish to anticipate. 

It's akin to categorizing items into separate stacks to enhance the accuracy of the 

prediction. 

Although the Decision Tree algorithm encompasses a sequence of decisions and 

branches determined by features in the data, it lacks a singular equation like various 

other models such as linear regression or logistic regression. The method resembles a 

collection of conditional statements. Nonetheless, there are fundamental concepts and 

computations employed within the Decision Tree algorithm: 

Gin Impurity: 

 

 At every decision point, the algorithm determines the Gin impurity ,which 

measures the frequency with which a randomly selected element would be mis 

classified. 

 The equation for Gin impurity is typically expressed as: 

  

( )=1−∑   2……………(   ) 

  

 

Where    is the probability of choosing a data point to class i. 

 

Information Gain: 

 

• In format 

 

• The formula for information gain is: 

 

  |  | 

  ( , )= ( )−∑   (  ) ................... (  ) 

 =1| | 

 

Where D is the dataset ,A is the attribute to split on,  is the subset t of D for a given 

value of A, and H is the entropy .While these    formulas are included in the Decision 

Tree.
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stopping condition is fulfilled. The ease of Decision Trees originates from their 

hierarchical frame work and these quench of decisions instead of a singular 

mathematical formula. The merit of Decision Trees is that they’re simple to 

comprehend. Once an trace the path way of decisions step by step, observing how the 

model comes to a specific prediction. However ,there are times when Decision Trees can 

become overly particular and attempt to memorize the data rather than grasping the 

genuine patterns .To prevent this ,we can apply techniques such as pruning, which 

reduces the tree to emphasize the crucial decisions .We can also combine several 

Decision Trees, known as a Random Forest, to achieve more accurate predictions. Thus, 

in summary, the Decision Tree Classifier serves as a useful guide that employs 

straightforward decisions to comprehend and forecast results. It’s straightforward to 

follow but requires some adjustments to ensure it doesn’t overly concentrate on minor 

details. 

 

 

 

 

Fig3.5.2.1:Decision Tree[23] 

 

 

 

 

 

 

 

 

 

 

KNN 

 

In the fascinating realm of forecasting, let’s examine the k- Nearest Neighbors(KNN) 

approach—it’s akin to having supportive neighbors lend you a hand. Picture the data as 

residences in a virtual community. KNN, functioning like a dependable neighbor, 

determines the proximity of these homes to one another, forming a sort of digital society. 

Now, the “K” aspect involves deciding how many close opinions to take in to account, 

comparable to selecting the appropriate amount of helpful suggestions 
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Distance=√( 2− 1)2+( 2− 1)2 .................................. ( ) 

 

For multiple dimensions ,the formula adapts accordingly .Once distances are 

computed, KNN identifies the "k" nearest neighbors and makes predictions based on 

their combined input .The selection of the distance metric and the method of 

combining votes vary depending on the specific implementation and requirements of 

the algorithm. Let’s view the decision-making process as collaboration in this digital 

neighborhood. For decisions like selecting categories, KNN chooses according to 

what the majority of neighbors indicate. When estimating values, it aggregates 

everyone’s input to obtain an average.KNN prefers implicitly and fairness, seeking 

to avoid excessive confusion in its digital community. Investigating the advantages 

and disadvantages of using KNN reveal sit’s straight forward and easy to grasp, 

some what like obtaining advice from amicable  neighbors. It functions effectively 

when there are distinct patterns in your data ,although hattimesitmay require 

additional time when processing numerous digital neighbors. 

 

 

 

 
Fig 3.5.1.1: Logistic Regression [22] 

 

3.7 Decision Tree Classifier 

 

Decision Trees are a Supervised learning method that can be utilized for both 

classification and regression issues, although they are predominantly favored for 

addressing classification tasks. In the realm of forecasting, the Decision Tree Classifier 

serves as a navigator, aiding us in recognizing patterns and making decisions. Let’s 

examine this tool more closely, determining its functionality and advantages. Envision a 

Decision Tree as a chart or diagram. Each point on the chart represents a choice, similar 

to selecting among various routes. The route we take is dependent on particular 

characteristics or variables, and each route culminates in a forecast. The Decision Tree 
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arrives at conclusions by dividing the data into clusters based on characteristics. It aims 

for these clusters to be as uniform as possible regarding the result we wish to anticipate. 

It's akin to categorizing items into separate stacks to enhance the accuracy of the 

prediction. 

 

 

Although the Decision Tree algorithm encompasses a sequence of decisions and 

branches determined by features in the data, it lacks a singular equation like various 

other models such as linear regression or logistic regression. The method resembles a 

collection of conditional statements. Nonetheless, there are fundamental concepts and 

computations employed within the Decision Tree algorithm: 

Gini Impurity: 

 At every decision point, the algorithm determines the Gini impurity, which 

measures the frequency with which a randomly selected element would be 

misclassified. 

 The equation for Gini impurity is typically expressed as: 

� 

(�) = 1 − ∑ ��2 … … … … … (���) 

� 
 

 Where    is the probability of choosing a data point of class i. 
 

 Information Gain: 

 Informat 

 The formula for information gain is: 

   |  | 

  ( ,  ) =  ( ) − ∑     ---- (  )………..(  )  =1 | | 

 

 Where D is the dataset, A is the attribute to split on,    is the subset of D for a 

given value of A, and H is the entropy. 

 While these formulas are included in the Decision Tree algorithm, the complete 

method consists of recursively choosing features and dividing the dataset based 

on specific criteria until a stopping condition is fulfilled. The ease of Decision 

Trees originates from their hierarchical framework and the sequence of decisions 

instead of a singular mathematical formula. The merit of Decision Trees is that 

they’re simple to comprehend. One can trace the pathway of decisions step by 

step, observing how the model comes to a specific prediction. However, there are 

times when Decision Trees can become overly particular and attempt to 

memorize the data 

rather than grasping the genuine patterns. To prevent this, we can apply 

techniques such as pruning, which reduces the tree to emphasize the crucial 

decisions. We can also combine several Decision Trees, known as a Random 

Forest, to achieve more accurate predictions. Thus, in summary, the Decision 

Tree Classifier serves as a useful guide that employs straightforward decisions to 

comprehend and forecast results. It’s straightforward to follow but requires some 

adjustments to ensure it doesn’t overly concentrate on minor details. 
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KNN 

 
In the fascinating realm of forecasting, let’s examine the k-Nearest Neighbors (KNN) 

approach—it’s akin to having supportive neighbors lend you a hand. Picture the data as 

residences in a virtual community. KNN, functioning like a dependable neighbor, 

determines the proximity of these homes to one another, forming a sort of digital society. 

Now, the “K” aspect involves deciding how many close opinions to take into account, 

comparable to selecting the appropriate amount of helpful suggestions. 

Distance= √( 2 −  1)2 + ( 2 −  1)2……………..( )  

 

For multiple dimensions, the formula adapts accordingly. Once distances are computed, 

KNN identifies the "k" nearest neighbors and makes predictions based on their 

combined input. The selection of the distance metric and the method of combining votes 

vary depending on the specific implementation and requirements of the algorithm. Let’s 

view the decision-making process as collaboration in this digital neighborhood. For 

decisions like selecting categories, KNN chooses according to what the majority of 

neighbors indicate. When estimating values, it aggregates everyone’s input to obtain an 

average. KNN prefers simplicity and fairness, seeking to avoid excessive confusion in its 

digital community. Investigating the advantages and disadvantages of using KNN 

reveals it’s straightforward and easy to grasp, somewhat like obtaining advice from 

amicable neighbors. It functions effectively when there are distinct patterns in your 

data, although at times it may require additional time when processing numerous 

digital neighbors. 

 

 
Fig 3.5.3.1: KNN [24] 
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Proposed Model (Random Forest Classifier) 
 

The machine learning algorithm utilized in this study is the Random Forest Classifier, 

also known as RF Classifier. The Random Forest Classifier is a type of supervised 

machine learning method. This algorithm can be used for classification as well as 

regression tasks. A remarkable aspect of this algorithm is its capability to manage 

continuous variables for regression issues while also being able to handle categorical 

variables for classification tasks. It is based on the concept of ensemble learning. 

Ensemble learning is a method that integrates multiple classifiers. This method can 

address intricate issues and thereby enhance the effectiveness of any model. Similar to 

the algorithm's name, it features many decision trees on different subsets of the 

provided dataset. It calculates the average of the decision trees which can enhance the 

precision of the dataset. The algorithm does not depend on a single decision. It collects 

the predictions of each tree and conducts a voting process. Based on the majority of 

votes, the algorithm produces the final output and therefore provides more precise 

results. Thus, it is clear that a greater number of trees results in increased accuracy of 

the algorithm. 

Before we explore the procedure of operation, we need to understand what the ensemble 

technique entails. Ensemble signifies the integration of multiple models. It indicates 

that several models are employed in this algorithm to forecast an output. There are two 

primary types of methods generally utilized by the ensemble technique. They are: 

Bagging: This method is also referred to as Bootstrap Aggregation. It picks a random 

sample or subset from the provided dataset. The ultimate result in this technique is 

created through majority voting. The Random Forest Algorithm stands as a prime 

example of this category. 

Boosting: This method employs multiple simple models working together to create a 

more robust and precise model. The resulting model produces improved output or 

accuracy. 

As mentioned earlier, the RF classifier can be utilized for both classification and 

regression challenges. It is important to understand how this algorithm functions 

differently for these two problem types. 

 

Regression Problems: 

To address the regression issues, the mean squared error using the MSE method is 

employed. The equation is: 

 

��� … … … … … … (��) 

� �=1 

 

In this equation, N denotes the total count of data points, fi signifies the value produced 

by the model, and yi indicates the real value of data point i. The distance among each 

node and predicted actual value is computed using this formula. It provides the 

determination to choose which branch is the more favorable option for the forest. 

 
Classification Problems: 

To address the classification issues, the Gini index method is typically utilized. the 

equation is: 

� 
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���� = 1 − ∑(��)2 … … … … … … … … … … . (���) 

�=1 

 

The class and probability are utilized by this equation to compute the Gini of every 

branch. It identifies which branch appears most often. pi represents the relative 

frequency of the class that is being examined, and c denotes the total number of classes. 

Occasionally, the entropy formula is employed to observe how the nodes split in the 

decision tree. The entropy formula is: 

� 

������� = ∑ −�� ∗  ���2(��) (����) 

�=1 

 

Entropy analyzes the likelihood of a specific outcome to determine which path the node 

should follow. This operation is more intricate than the Gini method due to the inclusion 

of a logarithmic function in the equation. 

The mathematics behind the RF classifier is crucial for gaining a clearer understanding 

of the distinctions between node, leaf, and branch. It provides insight into the 

application of various formulas to reach a final conclusion. 
 

3.8 Working Procedure of RF Classifier 

 

 The operational process of this algorithm involves several stages. The stages are 

outlined below: 

 A specific subset of both data points and features is selected to construct each 

decision tree. Mathematically, it can be expressed that n random records and m 

random features are chosen from the dataset containing k numbers of records. 

 For each distinct sample, distinct decision trees are created. 

 Each decision tree generates an output. 

 A majority voting process is conducted where the output with the highest number 

of votes is regarded as the final output or prediction. 

 

3.9 Performance Enhancement Techniques 

To obtain the intended results from any specific method, it is essential to train that 

model using the required techniques. In our research, we implemented various 

techniques to improve the performance and precision of our suggested model. The 

following are descriptions of those techniques: 

Increasing the number of trees: 

It is among the most effective methods to achieve improved results from our model. 

Elevating the tree count allows the algorithm to identify more intricate patterns in the 

dataset, thereby reducing the influence of several noisy features present in the dataset. 

The count of trees is referred to as ‘n-estimators’. Raising this number could potentially 

enhance the model's accuracy. Each tree is trained on distinct subsets, which 

subsequently boosts the model's performance. We have established the ‘n-estimator’ 

value at 500. This indicates that the algorithm will generate 500 unique decision trees. 

3.10 Tuning Hyperparameters: 

This step is crucial for enhancing the performance of an algorithm. For the RF 

Classifier, choosing the ideal hyperparameters can greatly influence the results. Various 
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hyper parameters such as‘ n estimators’, ‘min_ samples_ leaf’, and ‘max_ depth’ exist. 

These hyperparameters can significantly affect the quantity of trees, the minimum 

samples needed for leaf nodes, and the depth of each tree. We utilized Grid Search. It is 

an excellent approach to obtain the best value of the hyperparameter. This technique 

conducts a search across the predetermined parameter grid, which aids in finding the 

most effective combination of hyperparameters. 

3.11 Cross Validation: 

 

It is a widely used method to evaluate the effectiveness and functionality of any machine 

learning model. For the RF Classifier, it yields a more reliable model accuracy. The 

‘cross_ val_ score’ function is utilized in this method. This function executes k-fold cross-

validation. The mean obtained from this k number of repetitions indicates the model’s 

true performance. The benefit we gain by employing this approach is that the variability 

introduced by train-test splits is mitigated by averaging the results from several folds, 

thereby enhancing the accuracy of any model. 

3.12 Ensemble Random Forest Models: 

 

Ensemble of models is a significant aspect of machine learning that leverages the 

collective performance of various models to enhance a model's capability. By merging 

multiple models, the final output is generated. ‘Voting Classifier’ is crucial when it 

comes to integrating multiple models. In our research, a RF Classifier with 100 ‘n-

estimators’ and another RF Classifier with 200 ‘n-estimators’ have been employed. The 

advantage of these methods is that they enhance the algorithm's ability to manage 

complex relationships within the dataset. 

 

The Random Forest Classifier serves as an excellent illustration of ensemble learning, 

showcasing its immense strength. By amalgamating outcomes from different decision 

trees,it forms a highly accurate and precise model that yields the best achievable 

results.It possesses the remarkable capability to address issues associated with 

overfitting. If the algorithm is applied appropriately, it can function effectively with any 

type of data. This algorithm is user friendly,with rapid training data processing and it 

identifies accurate results efficiently
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CHAPTER 4 

EXPERIMENTAL RESULT AND 

DISCUSSION 

 

4.1 Performance Analysis 

To assess the effectiveness and potential of the model we have suggested, we have 

depended on several parameters. These parameters indicate the quality and 

dependability of a machine learning technique. The outcomes of these parameters 

clearly demonstrate the enhancements we have implemented in the model for improved 

performance and precision. Important metrics such as precision, recall, f1 score, along 

with macro average, weighted average, and ROC curve with the AUC score have been 

chosen for the evaluation. The parameters are outlined below: 

Precision:  This is a machine learning matrix that specifies the ratio of ‘True Positive 

(TP)’ to the total positive predictions, which includes both ‘True Positive or TP’ and 

‘False Positive or FP [28]. The equation is: 

TP 

Precision =  … … … … … … . . (ix) 

TP + FP 

 
The higher precision value defines that the model generates higher positive predictions 

and produces a low rate of false positives. 

Recall: Recall or True Positive Rate is a metric in machine learning that shows the 

relationship between True Positive and the sum of False Negative and True Positive 

[28]. The formula is as follows: 

Tp 

Recall =  … … … … … … … . (X) 

TP + FN 

 

F1-Score: This is a combined matrix operation of precision and recall. It articulates the 

capability of a model to accurately predict the correct positive values while minimizing 

the errors caused by incorrectly predicting negative outcomes as positive [29]. The 

formula for f1-score: 

                      2 *Precision*Recall 

F1 =  … … … … … … … … … … … (xi) 

                           Precision + Recall 

 

The range of f1-score is from 0 to 1. The higher value indicates a better performance. 

 

Support: It denotes the count of occurrences in the test dataset for each class that have 

genuinely happened. It assists the model in understanding which events are more 

prevalent and which are less frequent. It influences the model's ability to make 

predictions [30]. 

Accuracy: Accuracy is a concept that describes the ratio of accurate predictions. This 

indicates that it is a fraction of the total count of correct predictions to the total count of 

predictions [31]. 

Number of correct prediction 

Accuracy =  … … … … . . (xii) 
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Total number of prediction 

 

The higher the value of accuracy the stronger the model is. 

 

Macro Average: It primarily represents the average of recall, precision, and f1-score 

across all categories. This indicates that the macro average of these machine learning 

metrics is obtained by averaging the values from each individual class [32]. 

 

Weighted Average: It is utilized to merge the forecasts of different models. In this case, 

each model’s input is assessed based on the ability or proficiency of that model [33]. 

ROC Curve with AUC Score: This curve is a graphical representation to assess how 

effectively the model is functioning. It serves as a visual depiction to grasp the 

relationship between false positive rate and true positive rate. 

AUC, or Area Under the Curve, is a singular figure that signifies the total efficacy of a 

classifier according to its ROC. It ranges from 0 to 1. A higher AUC value indicates that 

the model is regarded as superior. 

 

4.2 Model Evaluation 
 

Model evaluation is an essential phase for assessing a model’s precision and 

effectiveness. The model we utilized in our study can be evaluated or analyzed using 

various criteria. The analysis results reveal the true performance of the proposed model 

which has been employed in our research. Machine learning metrics like precision, 

recall, f1-score, support, and most critically, accuracy. Additionally, we can examine the 

ROC curve, AUC score, and we can assess the overall performance by interpreting the 

confusion matrix. By thoroughly reviewing the results, we can arrive at a conclusion. 

Since I have implemented several performance improvement techniques, it has led to 

some variations in the model’s accuracy. Table 4.2.1.1 illustrates the differences that I 

have observed. 
 

4.3 Accuracy comparison before and after training 
 

TABLE 4.2.1.1: COMPARATIVE ANALYSIS OF ACCURACY 

 
Initial 

Stage (%) 

Increasing 

number of 

trees 

(%) 

Tuning 

Hyperparameters 

(%) 

Ensemble 

multiple RF 

models 

(%) 

95.59 95.62 95.67 95.63 

 

 

Analyzing table 4.2.1.1 shows that various methods were used to improve the accuracy 

of the Random Forest Classifier. Particularly, 'Tuning Hyperparameters' was identified 

as the most successful technique, demonstrating the effectiveness of our suggested 

strategy. This highlights the importance of comprehensive training in maximizing the 

model's performance and improving accuracy. The optimal parameters identified for my 

research include n_ estimators=300, max_ depth=None, min_ samples_leaf=1. 
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4.4 Classification Report 
 

TABLE 4.2.2.1: CLASSIFICATION REPORT 

 

 Precision Recall F1- 

Score 

Support 

0 0.98 0.98 0.98 17520 

1 0.75 0.75 0.75 1710 

Accuracy   0.97 19230 

Macro 

Avg 

0.86 0.86 0.86 19230 

Weighted 

Avg 

0.96 0.96 0.96 19230 

 

From Table 4. 2. 2. 1, the complete performance of our suggested model can be observed. 

The results for each class that is addressed in the report are excellent. It indicates the 

robustness of the model in predicting diabetes. Precision, Recall, and F1-Score are all 

identical and measure at 0. 86. This demonstrates the remarkable effectiveness of the 

proposed method. 

TABLE 4.2.2.2: CROSS VALIDATION SCORE 

 

Actual 

Accuracy 

(%) 

CV=5 CV=10 

95.67 97.20 97.39 

 
From Table 4.2.2.2, we gain an understanding that my suggested methodology has 

attained an accuracy of 95. 67%. Cross-validation findings imply that the model is 

functioning well, with average accuracies of approximately 97. 21% (cv=5) and 97. 40% 

(cv=10) across various subsets of the training data. These figures suggest that the model 

generalizes efficiently to new data. 
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4.5 ROC Curve with AUC Score: 
Fig 4.2.3.1 shows the ROC curve of all the models I have used with their respective AUC 

score: 

 
Fig 4.2.3.1 Receiver Operating Characteristics of all models 

 
In assessing the effectiveness of various predictive models through the Area Under the 

Curve (AUC) metric, the findings highlight specific advantages and disadvantages. 

Logistic Regression achieves an AUC score of 0. 97, indicating a strong performance. 

Furthermore, the Random Forest model stands out with a high AUC of 0. 97, implying 

solid predictive accuracy. The Decision Tree shows a good performance with an AUC of 

0. 86, illustrating effective discriminatory capability. K-Nearest Neighbors (KNN) 

reaches a notable AUC of 0. 90, reflecting strong abilities in differentiating between 

positive and negative cases. These conclusions provide crucial insights for selecting 

models based on particular dataset features and predictive needs. We can distinctly 

observe the superiority of the Random Forest classifier according to the AUC score, even 

though Logistic Regression also possesses the same score. 

 

4.6 Confusion Matrix 

 

As I have stated earlier, I have employed four algorithms to accomplish my task. I have 

produced the confusion matrix for each algorithm. Here, the figures illustrate the 

variations in the confusion matrix between these algorithms: 
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Fig 4.2.4.1 Confusion Matrix of Logistic Fig 4.2.4.2 Confusion Matrix of Decision 

 

Regression Tree Classifier 

 

 
 

Fig 4.2.4.3 Confusof KNN Fig 4.2.4.4 Confusion Matrix of Logistic Regression 

 

 

 

 

 

 

4.7 Comparison with Existing Works 

TABLE 4.2.5.1: COMPARATIVE ANALYSIS WITH EXISTING WORKS 

 

Author Algorithm Performance 

Measure 

Observations 

Veena Vijayan V. and 

Anjali C 

[2] 

AdaBoost 80.72% Low Accuracy 

P. Sonar and K. 

JayaMalini [3] 
Decision Tree 

Classifier 

85% Low Accuracy 

Aiswarya Iyer, S. 

Jeyalatha and 

Ronak Sumbaly [4] 

Naïve Bayes 79.56% Low Accuracy 

M Komi et al. [8] ANN 89% Low Accuracy 

Our Approach Random Forest 

Classifier 

96.76% High Accuracy 
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4.8 Tabular Analysis 

 

TABLE 4.2.6.1: COMPARATIVE ANALYSIS OF ACCURACY 

 

 Classes Precision Recall F1- 

Scor

e 

Support Accuracy 

(%) 

AUC 

Scor

e 

Logistic 

Regression 

0 0.99 0.88 0.93 17520 
88.23 0.97 

1 0.42 0.86 0.57 1710 

Decisi

on 

Tree 

0 0.98 0.97 0.97 17520 
94.8 0.86 

1 0.69 0.75 0.72 1710 

KNN 

Classifier 

0 0.98 0.89 0.93 17520 
88.38 0.90 

1 0.42 0.78 0.55 1710 

Propose

d 

Model 

(Rando

m 

Forest 

Classifier) 

0 0.98 0.98 0.98 17520  

 

96.76 

 

 

0.97 
1 0.75 0.75 0.75 1710 

 

 

 

By examining Table 4. 2. 6. 1, it is revealed that my proposed model outperforms other 

models in all areas. The accuracy of my proposed model is 95. 67%, which is significantly 

higher than that of the other models. The Decision Tree Classifier has the second 

highest accuracy percentage at 94. 81%. The KNN classifier also demonstrates a 

respectable accuracy of 88. 38%. Among the algorithms I utilized, Logistic Regression 

provides the lowest accuracy at 88. 23%. This indicates how effective my proposed model 

is at predicting diabetes. Additionally, the AUC score is the highest of all. This score 

indicates the capability of my proposed model to maintain a balance between the true 

positive and false positive rate. Since the score exceeds those of all other models, it can 

be confidently stated that my proposed model has superior capacity to manage this. 
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           CHAPTER 5 

ENGINEERING STANDARDS AND DESIGN 

CHALLENGES 

 

5.1 Impact on Society 

Predictive models for diabetes have the potential to bring significant benefits to society. 

They act like supportive tools, helping individuals understand their risk and take 

preventive steps to stay healthy. Early identification of diabetes risk allows people to 

adopt healthier habits before serious complications arise. 

On a larger scale, these models can reduce the burden on healthcare systems by 

catching potential cases early, which decreases the need for intensive treatments later. 

This not only benefits individuals but also improves the overall health of communities. 

Moreover, predictive models encourage a culture of health awareness. They serve as 

gentle reminders for people to make informed lifestyle choices, promoting proactive 

health behaviors across society. 

However, using these models responsibly is important. Everyone should have access to 

them, regardless of background or location, to ensure fairness. Privacy must also be 

protected, and predictions should not create biases or discrimination. 

In short, predictive models are more than just technology—they represent a step toward 

a healthier, more informed society. When implemented carefully, with attention to 

inclusivity, privacy, and fairness, they can help improve the well-being of both 

individuals and communities. 

 

5.2 Impact on the Environment 

While diabetes prediction may not directly impact the environment, it can contribute 

indirectly to sustainability. By identifying at-risk individuals, healthcare resources can 

be used more efficiently, reducing unnecessary tests and treatments. 

Lifestyle changes encouraged by these models, such as healthier diets and more active 

living, can align with eco-friendly behaviors like plant-based diets and sustainable 

transportation. Large-scale data analyses also guide public health 

policies, enabling targeted interventions that reduce strain on healthcare systems. 

Additionally, developing predictive models drives technological innovation, which can 

lead to more energy-efficient algorithms and computing solutions, supporting a greener 

tech landscape. Though the environmental benefits are indirect, predictive models 
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contribute to sustainability by optimizing resources and promoting healthier, eco-

conscious lifestyles. 

5.3 Ethical Aspects 

Using predictive models for diabetes raises important ethical concerns, especially 

around privacy and fairness. Personal health data must be kept secure, and users 

should clearly understand how their information is being used. 

It’s also crucial to prevent biases in predictions that could disadvantage certain groups. 

Transparency is key—people should be able to understand how predictions are made. 

Equitable access is important too, so everyone, regardless of financial status or location, 

can benefit from these tools. 

Finally, predictive models should support human decision-making, not replace it. 

Healthcare professionals and patients need to work alongside these models, ensuring 

predictions are used responsibly and in ways that genuinely improve health outcomes. 

5.4 Sustainability Plan 

A sustainability plan is essential to ensure predictive models remain effective over time. 

Key components include: 

 Continuous monitoring and evaluation to maintain accuracy, efficiency, and 

ethical compliance. 

 User education and engagement through workshops, webinars, and awareness 

campaigns to build trust. 

 Strong data security using encryption and controlled access to protect personal 

health information. 

 Flexible design to adapt to new technologies and methods. 

 Inclusivity and accessibility, considering language, culture, and diverse 

populations. 

 Compliance with policies and regulations to meet legal and ethical standards. 

 Stakeholder collaboration and financial planning to ensure long-term viability. 

 Community feedback and professional training to enhance usability and 

effectiveness. 

This plan ensures that predictive models are not only sustainable but also ethically 

responsible, inclusive, and capable of improving health outcomes in the long term. 

 

5.5 Complex Engineering Problem 

5.5.1 Complex Problem Solving 
In this section, provide a mapping with problem solving categories. For each 

mapping add subsections to put rationale (Use Table 5.1).  For P1, you need to 

put another  mapping with Knowledge profile and rational there of 

 

 

. 

 

 

https://docs.google.com/document/d/1mkJU9mKXnQDGs_UvQZ28L4EbGqf5D5pQg1O85bnfVmQ/edit?tab=t.0#heading=h.1fob9te
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Table 5.1: Mapping with complex problem solving. 

EP1 

Dept of 

Knowle

dge 

EP2 

Range 

Of 

Conflicti

ng 

Require

ments 

EP3 

Dept

h of 

Anal

ysis 

EP4 

Famili

arity of 

Issues 

EP5 

Extent 

of 

Applic

able 

Codes 

EP6 

Extent 

Of 

Stake- 

holder 

Involve

ment 

EP7 

Interdepen

dence 

 

√ 

 

√ 
√ √ √  √ 

Table 5.1: Mapping with Complex Problem Solving 

 EP1 (Depth of Knowledge) –  

Your project requires applying advanced technical and domain-specific 

knowledge beyond the basics. This justifies depth of knowledge. 

 EP2 (Range of Conflicting Requirements) –  

While designing solutions, trade-offs (like cost vs. quality, performance vs. 

simplicity) must be balanced, showing conflicting requirements. 

 EP3 (Depth of Analysis) –  

The project involves analyzing multiple factors (data, design, or process 

requirements), which requires critical analysis beyond surface-level 

understanding. 

 EP4 (Familiarity of Issues) –  

You dealt with both familiar and partially unfamiliar issues, requiring 

judgment and research. 

 EP5 (Extent of Applicable Codes) –  

The solution needed to comply with existing standards, rules, or best 

practices (e.g., database standards, coding conventions, or system design 

principles). 

 EP6 (Extent of Stakeholder Involvement) –  

Consideration of users, supervisors, or team input shows stakeholder 

involvement. 

 EP7 (Interdependence) – (not checked) 

Since the project was mostly independent and self-contained, 

interdependence was limited. 

Mapping with Knowledge Profile for EP1 

This table 5.2) is designed to map the EP1 to the Knowledge Profile. 

Table 5.2: Mapping with knowledge Profile. 

 

K1 K2 K3 K4 K5 K6 K7 K8 

Natu

ral 

Scien

ce 

Mathema

tics 

Engineeri

ng 

Fundame

ntals 

Speciali

st 

Knowle

dge 

Enginee

ring 

Design 

Enginee

ring 

Practice 

Comprehe

nsion 

Resear

ch 

Literat

ure 

 √  √  √    √  √  √  √ 

https://docs.google.com/document/d/1mkJU9mKXnQDGs_UvQZ28L4EbGqf5D5pQg1O85bnfVmQ/edit?tab=t.0#heading=h.3znysh7
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Table 5.2: Mapping with Knowledge Profile (for EP1) 

 Explanation  of K1 (Natural Science)–  

Scientific principles (e.g., logic, algorithms, data representation) support the 

foundation of the project. 

 Explanation  of  K2 (Mathematics) –  

Applied mathematics is essential (e.g., data handling, optimization, logic 

operations). 

 Explanation  of  K3 (Engineering Fundamentals) –  

Core engineering concepts (system design, problem-solving frameworks, database 

theory) are applied. 

 Explanation  of  K4 (Specialist Knowledge) –  

Requires in-depth specialized knowledge in the chosen domain (database 

systems, AI, or software engineering). 

 Explanation  of  K5 (Engineering Design) – (not checked) 

While the project involves structured development, full-scale engineering design 

methodologies may not be deeply applied. 

 Explanation  of  K6 (Engineering Practice) – (not checked) 

Limited practical/industrial exposure; more academic than professional. 

 Explanation  of  K7 (Comprehension) –  

Requires understanding and integrating knowledge across different concepts. 

 Explanation  of  K8 (Research Literature) –  

Project required reviewing past works, related studies, or existing solutions 

before implementation. 

 

Engineering Activities 

5.6 Summary  
Table 5.4: Mapping with complex engineering activities. 

 

EA1 

Range of

 re- 

sources 

EA2 

Level of 

Interaction 

EA3 

Innovation 

EA4 

Consequences 

for society and 

environment 

EA5 

Familiarity 

 

√ 

 

√ 

 
√ 

 
√ 

 
√ 

5.6: Mapping with Complex Engineering Activities 

 Explanation  of EA1(Range of Resources) –  

The project utilized multiple resources such as databases, development tools, 

design methodologies, and knowledge from different domains, showing a broad 

resource application. 

 Explanation  of EA2(LevelofInteraction) –  

The work required communication and interaction among different system 

components (modules, database, UI, or users), and possibly team/stakeholder 

discussions. 

 Explanation  of EA3(Innovation)–  

The project introduced creative approaches in solving the problem, such as 
applying unique design methods, optimized database queries, or novel system 

features. 
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 Explanation  of EA4(Consequences for Society and Environment) –  

The outcome of the project impacts end-users and stakeholders by improving 

efficiency, decision-making, or usability, demonstrating consideration of broader 

social and organizational benefits. 

 Explanation of EA5 (Familiarity) –  

While based on known concepts, the project also dealt with partially unfamiliar 

situations, requiring adaptation of existing knowledge to new contexts. 
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CHAPTER 6 

CONCLUSION 
 

6.1 Summary of the Study 

 

In conclusion, the research thoroughly investigated machine learning algorithms for 

predicting diabetes in relation to water, with the Random Forest algorithm shining as 

the best performer, achieving a remarkable accuracy of 95. 67%. Significant performance 

indicators like precision (86%), recall (86%), and F1 score (86%) demonstrate the model's 

effectiveness, whereas the AUC score of 0. 97 emphasizes its capacity to differentiate 

between positive and negative cases. The comparative assessment with other 

algorithms, such as Decision Tree, KNN, and Logistic Regression, offered useful insights 

into their advantages and disadvantages. This detailed analysis of performance metrics 

adds to a refined understanding of each model's appropriateness for diabetes prediction. 

Apart from technical details, the research examined the societal, environmental, and 

ethical consequences of implementing these models. It highlighted the need for a 

sustainable strategy in their deployment, taking into account the wider effects on 

various factors. The research provides a thorough summary of findings, establishing a 

foundation for future improvements in diabetes prediction models. The study not only 

advances the domain of machine learning but also emphasizes the significance of careful 

and responsible deployment of predictive models in real-world applications. 

 

6.2 Conclusion 

In wrapping up my exploration into forecasting diabetes risk, I investigated a range of 

computer models, including Logistic Regression, Random Forest, Decision Tree, and k-

Nearest Neighbors (KNN). Through an in-depth evaluation of their predictive abilities, I 

concluded that my suggested model surpassed the others. The evaluation of various 

criteria resulted in this conclusion.  

This not only confirms it as a strong option for such tasks but also lays the groundwork 

for future developments. The research not only enhances our comprehension of various 

machine learning models but also positions the proposed method as a leader in the vital 

area of predicting diabetes risk. 

 

6.3 Implication for Future Study 

Even though I gained a lot of knowledge about forecasting diabetes, there are several 

factors I must remember. The data I utilized is essential, and if it does not adequately 

represent various individuals or contains biases, my forecasts may not apply to 

everyone. Furthermore, if the dataset lacks crucial information regarding diabetes, my 

predictions may not be as precise. Another aspect to consider is that the data originates 

from a particular timeframe, and conditions may shift as time progresses. Looking 

ahead, there are thrilling opportunities for enhancing diabetes prediction. I can 

concentrate on acquiring more diverse and inclusive data to make our forecasts more 

beneficial for various groups of individuals. Incorporating additional relevant details, 

perhaps from emerging technologies or comprehensive health records, could also 

enhance the accuracy of the predictions. Investigating data that evolves over time can 

assist in comprehending how diabetes risk develops. Experimenting with new 

methodologies for integrating different predictive techniques may yield even superior 

outcomes. 
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