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ABSTRACT

Diabetes is a chronic disease characterized by an increase in blood sugar levels. Diabetes, if left
untreated, causes devastating body complications such as heart attacks, nerve damage, blindness,
kidney failure, and limb amputations among others, which may lead to death. Detecting and
treating diabetes at an early stage is critical for lowering the risk of serious complications and

keeping diabetics healthy.

Various prediction algorithms were employed in this study to predict diabetes on a dataset
containing 1000 rows and 8 features. We combined ensemble learning techniques such as Cat
Boost Classifier and LGBM Classifier with K-Nearest Neighbor (KNN), Naive Bayes (GNB),
Support vector machine (SVC), Logistic regression (LR), decision tree (DT), and Gaussian NB.
Accuracy, recall, precision and f1 score were all used to evaluate each model. With an accuracy
of 90%, the LGBM Classifier was the first model to perform well followed by Cat Boost Classifier
(88.5%), SVC (86%), K Neighbors Classifier (85.5%), Decision Tree Classifier (83%), Logistic
Regression (83%), and Gaussian NB (79%). Machine learning is helping to improve the health
sector in a variety of ways, including disease prediction, which has helped to reduce death rates
and complications. Using machine learning aids in identifying hidden information that traditional

methods could not identify.

Screening people is critical for identifying people who are asymptomatic but at risk of developing
diabetes. As a result, machine learning (ML) techniques can be used on new registered patients'

data sets to detect disease at an early stage, assisting physicians in their decision making.

Keywords: Diabetes, Machine Learning, Classification, Detection
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CHAPTER 1. GENERAL INTRODUCTION

1.1 Introduction

Diabetes mellitus is a metabolic disorder in which the pancreas does not create enough insulin or
the cells do not respond to the insulin that is produced, preventing glucose from being taken into
the body's cells. Type 1, type 2, and gestational diabetes are the three forms of diabetes that have

been recognized [1].

Diabetes mellitus is one of the fastest growing global health emergencies of the twenty-first
century, according to the findings of the current International Diabetes Federation 10th edition
published in 2021, 537 million people had diabetes worldwide number is expected to rise to 643
million by 2030 and 783 million by 2045 also over 6.7 million people aged 20—79 died from
diabetes-related causes [2]. Another cause for concern is the continually high percentage of people
with undiagnosed diabetes (45%), the majority of which is type 2 [3]. This emphasizes critical
need to enhance ability to diagnose people with diabetes, many of whom are unaware of their
condition, and to offer adequate and timely care to all persons with diabetes as soon as possible
[4].

In Sub-Saharan Africa, like the rest of the world countries is experiencing an increasing prevalence
of diabetes alongside other no communicable diseases. In 2045, they will be 40.7 million adults of
20 to 79 years old living with diabetes [5]. In Rwanda, International Diabetes Federation in 2009
estimated prevalence of diabetes in adults of 1.1 %, amounting to 88,000 people out of 10,473,282
total populations [6], in 2017 adults with diabetes (20-79 age) national prevalence was 3.4% and
4.5% in 2021 [7].

Diabetes has long been near the top of global rankings listing serious of diseases, many researchers
and doctors have proposed algorithms and methods for its treatment and detection [8]. Several
studies have recently been conducted in the subject of illness prediction, to the point where some
clinicians now employ machine learning models to forecast certain diseases. Variety of different
machine learning techniques have been developed for the prediction and diagnosis of diabetes
disease such as: naive Bayes (NB), support vector machine (SVM), artificial neural network
(ANN), decision tree (DT), random forest (RF), Gaussian process classification (GPC), logistic
regression (LR), and k-nearest neighborhood (KNN) [9]. Other researchers have utilized machine
learning to develop predictive models of the transition from prediabetes to diabetes using

algorithms such as gradient boosted trees, with the goal of providing early diagnosis for better
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treatment and reducing subsequent risks. A modified support vector machine (SVM) algorithm
was used in another study as an efficient technique for both linear and non-linear data.

Early detection of diseases such as diabetes can be controlled and human lives saved. To do so,
this research looks into diabetes prediction using a variety of diabetes-related variables. We will
collect Diabetes Dataset for this purpose, and we will use several Machine Learning classification
and ensemble techniques to forecast diabetes. Various Machine Learning approaches are capable
of making predictions, but selecting the optimum methodology is difficult. As a result, we use

common classification and ensemble algorithms on the dataset to make predictions.

1.2 Problem statement

Diabetes is on the rise all over the world, and it is only going to get worse. The International
Diabetes Federation predicts that there will be 578 million adults with diabetes by 2030, and 700
million by 2045. Other studies show that, not only are diabetes cases on the rise, but diabetic
related deaths are as well [10] . According to new data, diabetes and its complications claimed the
lives of 4.2 million adults in 2019 [4].

Many people are oblivious to the fact that they have diabetes nearly one in every four people with
diabetes were unaware of their disease, according to the Centers for Disease Control & Prevention
and if it goes untreated, high blood sugar levels will harm the body’s cells and organs [10]. Kidney
damage, which sometimes necessitates dialysis, eye damage, which can result in blindness, and an
increased risk of heart disease or stroke are all possible complications [11]. This demonstrates how
severe this disease can become if no steps are taken to stop it from progressing. Therefore, Machine
learning (ML) techniques can be used on new registered patients’ data set to efficiently detect the

disease at its early stage, this will assist the physicians in their decision making.

1.3 Research Questions
e What extent can machine learning be used to predict diabetes mellitus?

e Which machine learning classifier has the best performance on prediction of diabetes mellitus?

1.4 Objectives
1.4.1 General Objective

The primary goal of this project was to build weak learners and ensembles that could be used to
predict the presence of diabetes. In addition, we trained these underperforming learners and
ensembles and evaluated their performance using various evaluations. As a result, we

determined which machine learning algorithms are more effective at detecting diabetes.



1.4.2 Specific Objectives

The following specific goals were pursued in order to achieve the project's main goal:

» Develop five weak learners with two ensemble learning classifiers for diabetes prediction.
« To identify the best classifier in predicting diabetes

« Evaluating each model in terms of accuracy, precision, recall and f1 score.

1.5 Study Scope
Using patient datasets collected from various Rwandan hospitals, including King Faisal, Munini

District Hospital, and Kibagabaga 2nd Teaching Hospital, this project develops high performance
machine learning ensemble models for early diabetes prediction.

1.6 Significance of the Study

Many people are oblivious to the fact that they have diabetes and if it goes untreated, high blood
sugar levels will harm the body’s cells and organs. Kidney damage, which sometimes necessitates
dialysis, eye damage, which can result in blindness, and an increased risk of heart disease or stroke
are all possible complications. As a result, screening people is critical in order to locate individuals
who are asymptomatic but are at risk of developing diabetes it is in that order machine learning
can be an excellent tool for assisting healthcare practitioners in predicting diabetes based on

clinical examination outcomes and can serve as a reference for medical professionals

1.7 Organization

There are five chapters in this research. The first chapter consists to a general introduction, while
the second chapter is devoted to a literature review, which aids in the definition of the study's
primary themes and attempts to build theoretical notions connected to the research issue. The
technique is covered in the third chapter, while the data analysis, presentation and interpretation,
and discussion of the findings are covered in the fourth chapter. Chapter 5 is Recommendation and

conclusion which is the final chapters.

1.8 Summary

Every research project has a reason for being carried out. Diabetes was chosen as the focus of this
work because it is a common disease that affects people of all ages all over the world. Diabetes
has been studied for a variety of purposes, and its prediction has been done in machine learning
using multiple classifiers, but our focus is primarily on outcomes. To provide a better indicator of
diabetes, we want to build an ensemble learning classifier that can detect glucose levels in the
blood.



CHAPTER 2. LITERATURE REVIEW

2.1 Introduction

Diabetes treatment is a major health problem for the world due to the growing number of diabetics,
and we hope that early diagnosis will help patients control their blood sugar levels and therefore
reduce the chance of severe complications. As a result, machine learning can be an excellent tool
for assisting healthcare practitioners in predicting diabetes based on clinical examination outcomes
and can serve as a reference for medical professionals. In this part, we will describe and discuss
several publications in which machine learning and data mining have been used to diagnose

diabetes.

2.2 Related work

Vispute et al. (2015), compared data mining classification techniques on a diabetes dataset using
WEKA (Waikato Environment for Knowledge Analysis) with 10-folds cross validation to
determine which algorithm performs best on the explorer. After using Naive Bayes, J48 Tree
(algorithm used to create a decision tree), SMO (Sequential minimal optimization), REP (Reduces
Error Pruning) Tree, and Random Tree to classify and extract useful knowledge from results, the
best algorithm in terms of precision, mean absolute error, and time it takes to construct model by

Explorer was Naive Bayes [12].

Aiswarya lyer (2015), used classification technique to study hidden patterns in diabetes dataset.
Naive Bayes and Decision Trees were used in this model. Comparison was made for performance

of both algorithms and effectiveness of both algorithms was shown as a result [13]

Sajida et al (2016), used the CPCSSN (Canadian primary care sentinel surveillance Network)
dataset and three machine learning approaches to predict diabetes diseases (DD) in early stages to
save human life from early death using the Modified training set. Bagging, Adaboost, and decision
tree (J48) were used to predict diabetes in this study, and the results were compared. The researcher
determined that the Adaboost approach was more effective and accurate than the other methods in
the Weka data mining tools [14].

Steffi et al (2018), they tested the five models in terms of their accuracy, precision, sensitivity,
specificity, and F1 Score measures, and they created five prediction models employing nine input
variables and one output variable from the Dataset information. The goal of this study was to assess
how well Nave Bayes, Logistic Regression, Artificial Neural Networks (ANNSs), C5.0 Decision

Tree, and Support Vector Machine (SVM) models predicted diabetes using common risk factors.



The logistic regression model, Nave Bayes, ANN, and the SVM had the best classification
accuracy, followed by the decision tree model (C5.0) [15].

Faruque et al. (2019), used Performance Analysis of four machine learning algorithms, namely
Support Vector Machine (SVM), Naive Bayes (NB), K-Nearest Neighbor (KNN) and C4.5
decision tree (DT) was evaluated based on precision, recall, f1-measure, and accuracy. According
to their study C4.5 decision tree classifier achieved better results than other classifiers to predict

diabetes mellitus, with 72% precision, 74% recall and 72% f-measure on the dataset used [16].

Naveen et al. (2020), used Pima Indians Dataset to train algorithms such as SVM, Decision Tree,
KNN, Logistic Regression, and Random Forest. As a result, Random forest algorithm performed

well with accuracy rate of nearly 74% [17].

Chawan, 2018 conducted a research aimed at developing a system which can predict diabetes at
an early stage in patients with a high accuracy by combining the results of different machine
learning techniques. The research predicts diabetes using two (2) different supervised machine
learning methods including SVM and Logistic Regression. It considered seven (7) features of the
patients. They reached a conclusion that SVM showed a better performance with accuracy of
seventy-nine percent (79%) compared to logistic regression which had a performance accuracy of

seventy-eight percent (78%) [18]

Sneha & Gangil, 2019 conducted a research that was aimed at selecting the attributes that aid in
early detection of diabetes mellitus using WEKA which is a predictive analysis tool. They were
able to reach a conclusion which shows that decision tree algorithm and Random Forest Algorithm
has the highest predictive analysis by 98.20% and 98.00% respectively. While Naive Bayesian

outcomes states the best in performance accuracy with 82.30% [19].

Kaur & Kumari, 2022 developed five different models for the detection of diabetes using, linear kernel
support vector machine (SVM-linear), radial basis kernel support vector machine (SVM-RBF), K
Nearest Neighbour (k-NN), Artificial Neural Networks (ANN) and Multifactor Dimensionality
Reduction (MDR) algorithms. Feature selection of dataset was done with the help of Boruta wrapper
algorithm, considering some evaluation criteria namely; accuracy, recall, precision, F1 score, and Area
Under the Curve (AUC). The experimental results indicated that all the models achieved good results
with SVM-linear model providing a very good accuracy of 0.89 and precision of 0.88. From the results
of this study, it can be concluded that on the basis of all the parameters linear kernel support vector
machine (SVM-linear) and k-NN are the two (2) most accurate predictive models for diabetes. This
work also suggested that Boruta wrapper algorithm can be used for feature selection as they were able

to achieve a better accuracy with its use [20].



2.3 Taxonomy of machine learning algorithms
Machine learning has numerous algorithms which are classified into three categories: Supervised

learning, Unsupervised learning, Semi-supervised learning [21].

The Supervised Learning/Predictive Models: Predictive models are built using supervised
learning techniques. A predictive model uses other values in the dataset to forecast missing values.
The supervised learning technique takes a set of input data and output data and creates a model to
predict the response to a new dataset in a realistic way. Decision Tree, Bayesian Method, Artificial
Neural Network, Instance Based Learning, and Ensemble Method are examples of supervised

learning.

Unsupervised Learning / Descriptive Models: Unsupervised learning is used to create
descriptive models. We have a known set of inputs in this model, but the outcome is uncertain. On
transactional data, unsupervised learning is most commonly employed. Clustering algorithms such

as k-Means clustering and k-Medians clustering are included in this strategy.

Semi-supervised Learning: On the training dataset, the semi-supervised learning approach uses
both labeled and unlabeled data. Semi Supervised Learning includes techniques such as
classification and regression. Regression techniques such as logistic regression and linear

regression are examples.

2.3 Summary

This section summarizes relevant literature for this project. It discusses how technology affects
various aspects of life and how it improves overall quality of life. This section highlights various
health-related ML applications that have been introduced in the health sector to improve quality
of life and predict diabetes.

From the above reviewed literatures, it is important to note that, although various research work
have been carried out in the area of diabetes prediction in other countries using various risk factors
that are peculiar to their environment but not much have been done in applying any of the machine
learning techniques in diabetes prediction, using risk factors that are peculiar to the Rwandan
environment. It is also evident from the reviewed literatures that supervised learning algorithms
overtime, produced very good prediction accuracy in research works where they were applied
though not much work have been done in comparing the prediction accuracy of the weak learner
with ensembles learners. Therefore, this research develops the prediction model that is accurate,
the proposed system does not replace the healthcare systems put in place but rather acts as a support

tool for healthcare.



CHAPTER 3. RESEARCH METHODOLOGY

In this chapter the methods and approaches used to conduct the study are outlined. This includes
the steps undertaken to complete the study, the system design methodology, and tools used in data

collection.

3.1 System Components

The block diagram for this project's diabetes prediction model is shown below. There are four
different modules in the model, including: Dataset Collection, Data Pre-processing, Clustering,
Build Model and Evaluation

| MODEL BUILD |
Tr = Wenk learmming

@ Pre-Processlng a/"ung Dat algorithms: KNN, LR,
Dataset Data \.; 2t b A o R

I}

Fosomble learning

algorvithms: RF, AB,

/
o — D

Figure 3. 1: Model Diagram

Collection of Datasets: The dataset for this study was created using prior clinical data or data
gathered when diabetes patients were initially diagnosed. Goal features that distinguish between
people with diabetes and those who do not should have two results (Yes and No). In addition to
these factors, the target variable was compared to the patient's age, blood pressure, insulin, BMI,
diabetes pedigree function, which determines the likelihood of diabetes based on family history,
and glucose, which is the plasma glucose concentration over 2 hours in an oral glucose tolerance
test.

Data Pre-processing: This step of the model deals with erroneous data in order to produce more
precise and accurate findings.

Model Development: This is the most important step, which includes the creation of a diabetes
prediction model. K-Nearest Neighbour, Gaussian Nave Bayes, Decision Tree, Logistic
Regression, and Support Vector Machine for Weak learning algorithms, and Ada Boost and

Gradient Boost for Ensemble learning algorithms were used to predict diabetes.



Evaluation: This is the final stage of the prediction model's development. To evaluate the
prediction results, we used multiple assessment measures such as accuracy, precision, recall, and

f1 score.

3.2 Tools and methods
3.2.1 Weak learning algorithms

3.2.1.1 K-Nearest Neighbor (k-NN)

K-nearest neighbor is a supervised learning algorithm that is dependent on data similarities. It
operates on the basis that the data can be in n-dimensions. The goal of the KNN classifier is to
predict the target label using the neighboring class by calculating the Euclidian Manhattan

distance, Minkowski distance, or Weighted distance.

The k-Nearest Neighbors algorithm operates in the following manner:

« Standardize the data

« Select the number, k, of the neighbors for each example in the data points to be classified

« Calculate of the distance between the test group and each train instance with the use of different

distance measurements, such as the Euclidean distance which is the most popular one.

Below is the summarized algorithm’s process (See figure 3.2).

' Clage A Class A
* ¥ Class v x * t Class B
R **. R L e
| kXA
KX . Y ~“‘~rA ub
'?': A K3 "\‘,' A 4
% A0
AdA Ve
% dor LAsh L Ae
(@) Initial data (b) Calculating the distance (c) Finding neighbors and voting for labels

Figure 3. 2: Steps of k-NN algorithm
It is worth noting that the number of nearest neighbors, K, is significant in the KNN algorithm and

is determined as k =VN where N is the number of samples in the training dataset. For a small
number of K, there is a weak bias but a higher variance, i.e., there is a small similarity between the

two groups, but this is not the case for a larger number of K. Furthermore, as the value of K



increases, the decision boundary that separates two classes changes. When this occurs, each data
point seems to fall into its proper place. If the predictive class contains two components, the

number of K to be chosen is an odd number.
3.2.1.2 Naive Bayes Classifier.

Naive Bayes is a classification algorithm that assumes the attributes are conditionally independent
of the label. It means that any change to one attribute would have no effect on the others because
they are independent. In practice, this is not necessarily the case when certain attributes are
associated while others have no input or contribute differently to the target variable. This is not
always the case in real-life since some attributes are correlated and others have no contribution or

contribute differently to the target variable.
3.2.1.3 Support Vector Machine (SVM)

Support Vector Machine (SVM) is a machine learning algorithm for classification and regression
problem. The principle of SVM is to separate the data point into two classes using a line or a
hyperplane. For illustration, Figure 3.3a below shows a group of data points on the left represented
by a red square (class 1) and data point on the right represented by a circle in blue (class 2). Here,
we can draw several lines or hyperplanes to classify these data points into two classes, Figure 3.3b.
The problem arises when it comes to selecting the best line or hyperplane. As it is clearly shown
in figure 3.3b, the green line is getting closer to the red data point. We can say that the brown line

is optimal hyperplane but the challenge is how to get it.
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(a) Data points within two classes (b) Data points with lines or hyperplanes

Figure 3. 3: Working principal of SVM.



3.2.1.4 Logistic Regression.

Like naive Bayes, logistic regression is a probabilistic classifier that makes use of supervised
machine learning. Itis a linear classification algorithm that is often used for classification problems
with categorical target variable (Y). This is analogous to the dilemma we’re attempting to tackle
in that the outcome will be whether or not an individual is likely to develop diabetes. The Logistic
Regression model (LR) is applied to two or more explanatory variables (dependent variables) and

calculates the likelihood that an event will occur or not.
Logistic regression has two phases:

. Training: The model is trained (specifically the weights w and b) using stochastic gradient
descent and the cross-entropy loss.

. Testing: Given a test example x, we compute p (y | X) and return the higher probability

labely=1o0ry=0.

The aim of binary logistic regression is to train a classifier that can make a binary judgment about
the class of a new input observation. This section introduces the sigmoid classifier, which will

assist us in making this decision.

Consider a single input observation x, represented by a vector of features [X1, X2,...,Xn]. The
classifier output y can be 1 (meaning the observation is a member of the class) or 0 (the observation
is not a member of the class). We want to know the probability P (y = 1|x) that this observation is
a member of the class. Logistic regression solves this task by learning, from a training set, a vector
of weights and a bias term. Each weight wi is a real number, and is associated with one of the input
features x;. The weight w; represents how important that input feature is to the classification

decision, and can be 1 or 0.

To make a decision on a test instance— after the model have learned the weights in training— the
classifier first multiplies each x; by its weight wi, sums up the weighted features, and adds the bias

term b.

3.2.1.5 Decision tree (DT).

The decision tree model has a tree structure that may be used to represent the process of
categorizing instances based on feature characteristics. It may be regarded of as a set of if-then
rules, as well as conditional probability distributions specified in feature and class space. The result
of the evaluation determines if the attribute follows the True or False branch. The last nodes
(leaves) decide which class the value belongs to. The degree of disorder in the two classes formed

as a result of a separation indicates the quality of the split.
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3.2.2 Ensemble learning algorithms

3.2.2.1 Adaptive Boosting (AdaBoost).

The Adaboost ensemble model reduces error during classification. It is adaptable in its application
of various weak learners, such as the decision stump. The predictions made by a decision stump
are taken into account by the next decision stump, and so on until the final classification is reached
with a small error. This demonstrates how the following prediction improves the poor performance
of a model until the majority of data points are correctly classified.

Consider the training set

(Xl) yl)a(xrhyﬂ)
where X; € D is an instance and yi € {0,1} its class, fori =1, 2...,n

The goal of implementing Adaptive boosting is to improve the performance of T low-performing
learners. This entails assigning and adjusting weights vector wi to misclassified data points by the

learners.
3.2.2.2 Gradient boosting

Boosting is a sequential model where the next model tries to improve (boost) the error (calculated
by Gradient). Hence the name gradient boosting, where the primary goal is to reduce bias. It
implies that we first construct a model, then determine its residual, then build another model based

on the residual, and so on. It may be expressed mathematically as follows.

Given the dataset {(xi,yi)}in where x are the features and y is the target, we try to restore the
function y = f(x) by approximately estimating f"(x) while measuring how good the mapping is
using a loss function L(yi,f(xi)) and then take average over all the dataset points to get the final

cost.
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3.3 The Research Plan
The chart below shows the suggested research plan for this project.

Application of
weak learning
algorithms

Collection |
Data Pre-
( of Datasets > processing — -

— 1!,

Selection&

Comparative analysis

. : Performance
Confirmati “ based on accuracy P —
on of model

using ensemble
learning

Figure 3. 4: Research plan

3.4 Research Setting and data collection method

This study was carried out in the non-communicable disease and laboratory departments of King

Faisal Hospital, Munini District Hospitals, and Kibagabaga 2nd Teaching Hospital. Prior to

developing the proposed model, quantitative data collection techniques were used to collect patient

information for eight characteristics (columns). These are as follows: (1) the plasma glucose

concentration at 2 hours in an oral glucose tolerance test, (2) diastolic blood pressure (mm Hg),

(3) triceps skinfold thickness (mm), (4) 2-hour serum insulin (mu U/ml), (5) body mass index

(weight in kg/height in m2), (6) age, and (7) diabetes pedigree function (function that scores the

likelihood of diabetes based on familial history). (8) Diabetes Class Variable (0 or 1, where 0

indicates not diabetic and 1 indicates diabetic)

3.5 Target Population

This study's population will be made up of 500 diabetics and 500 non-diabetics who meet the

requirements. The following criteria will be considered:

e Aged:18 to 50 years

e For diabetics must diagnosed according to the World Health Organization criteria where a

patient is considered as diabetic if the 2-hour post-load plasma glucose is at least 200 mg/dl.
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e For non-diabetics must diagnosed according to the World Health Organization criteria where
a patient is considered as non-diabetic if the 2-hour post-load plasma glucose is under 200
mg/dl.

e Patients with complications like nephropathy, retinopathy, cardiovascular and other endocrinal

disorders and patients already on antioxidant supplementation will be excluded.

3.6 Ethical Protection Plan
Ethical considerations

This project was approved by the regional Center of Excellence in Biomedical Engineering and
EHealth (CEBE). The King Faisal Hospital (KFH), Munini District Hospital and Kibagabaga
2" Teaching Hospital should be used at the very least for data collection because they have the
necessary data. As the research moves into binary classification, there will be no harm done to

the patient and the outcomes will be beneficial to future healthcare patients.
Protection of privacy and confidentiality

We intend to conduct research activities in accordance with all ethical standards to protect the
confidentiality of patient information and enhance the quality of services provided to patient’s in
the future. we promise to protect the privacy of the supplied information as a researcher. Any
identifying information, including name, address, or phone number, was removed from the data
usage, and each patient was given a new file name. All given information was stored on password-
protected laptops and in an encrypted document that is accessible only to myself, and two

supervisors.
Safekeeping of data

In addition to the aforementioned procedures, the data was stored for period required before
being deleted in accordance with KFH, MDH, Kibagabaga 2" Teaching Hospital IRB

regulations.

3.7 Summary

This chapter discussed the scientific research method that was used to ensure the success of this
project as a scientific research work. It placed a strong emphasis on the sampling techniques used
to design the study population as well as the analysis of the testing results using various ML
models.
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CHAPTER 4. THE PROJECT RESULTS
4.1 Dataset

The dataset used in this study was obtained from King Faisal Hospital, Munini District Hospital

and Kibagabaga 2" Teaching Hospital.
4.1.1 Features

The patients’ information was gathered for eight features. These included: (1) the plasma glucose
concentration at 2 hours in an oral glucose tolerance test, (2) diastolic blood pressure (mm Hg),
(3) triceps skinfold thickness (mm), (4) 2-hour serum insulin (mu U/ml), (5) body mass index
(weight in kg/ (height in m?), (6) age, (7) diabetes pedigree function (function that scores the
likelihood of diabetes based on familial history) and (8) diabetes status (being diabetic or not).

The models were trained using eight features. All of these attributes were included in the dataset
with no missing values as the data was collected directly from the people, see Figure 4.1 for a

screen shot of the dataset after inputting in python programming library.

In [21]: WM df.head()

Glucose BloodPressure SkinThickness Insulin BMI DiabetesPedigreeFunction Age Outcome

0 148 72 35 68 336 0627 50 1

1 190 66 29 43 %66 0.351 3N 1

2 183 64 25 44 233 0672 32 1

3 89 66 31 94 281 ) 167 21 0

4 137 40 35 168 431 2288 33 1
In [4]: M df.tail()

Glucose BloodPressure SkinThickness Insulin BMI DiabetesPedigreeFunction Age Outcome

7995 90 76 28 0 321 0.851 56 0
996 7" 113 30 21 222 0.267 25 0
997 80 72 a7 271 297 0.188 28 0
998 88 101 17 21 205 0512 37 0
999 201 7 10 0 210 0966 53 1

Figure 4. 1: Datasets after inputting in python programming library
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4.1.2 Data Balance

Diabetes dataset had 1000 cases and was made up of a mixed sample of diabetic and non-diabetic
people. However, diabetes patients made up just 48.3 percent of the whole sample, while non-

diabetic patients made up 51.7 percent (see figure 4.2).

Checking the whether the data s=t 15 balanced ar not

1041

e

Figure 4. 2: Data Balance

Classification of unbalanced data, particularly in medical research, is difficult, which motivated
the development of a classifier using a rebalancing technique. In fact, multiple studies such as
Satoru et al., 2022, Alshammari et al., 2020, Laila et al., 2022 and Shamreen et al., 2022, have
demonstrated that having balanced data leads to improved prediction accuracy; hence, a variety of
well-known strategies have been created and employed in machine learning to address this issue

in order to improve the models’ performance [22], [23], [24], [25] .
4.2 Performance of the Classifiers

The results obtained from developing the models for the diabetes prediction were achieved using
K-Nearest Neighbour, Gaussian Nave Bayes, Decision Tree, Logistic Regression, and Support
Vector Machine for Weak learning algorithms, and Ada Boost and Gradient Boost for Ensemble
learning algorithms were used to predict diabetes.

4.2.1 Performance of weak learners
4.2.1.1 Logistic Regression

Figure 4.3 shows that the logistic regression classifier has an accuracy of 83%. It means that 83%
of cases predicted by the classifier as diabetic or non-diabetic were correct, with precision of 0.87
for ND and 0.81 for D, recall of 0.85 for ND and 0.81 for D, and F1 Score of 0.85 for ND and 0.81
for D.
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Figure 4. 3: Performance of Logistic Regression classifier

4.2.1.2 Decision Tree Classifier

The Decision Tree Classifier Function from the Python programming library was used in this
experiment as shown in the figure 4.4 below. During the experiment, 80% of the data was used for
training and the remaining 20% for testing with a random sample size of 100. This resulted in 83%
accuracy, with precision of 0.90 for ND and 0.77 for D, recall of 0.78 for ND and 0.82 for D, F1

Score of 0.84 for ND and 0.82.

accuracy
macro avg
weighted avg

precision

recall +fl-score

Figure 4. 4: Performance of Decision Tree Classifier

4.2.1.3 Support Vector Machine

According to the results in table 4.5, the precision of the support vector machine classifier is 86%.
It means that the classifier correctly predicted diabetic or non-diabetic status in 86 percent of cases,
with precision of 0.90 for ND and 0.82 for D, recall of 0.85 for ND and 0.88 for D, and F1 Score

of 0.87 for ND and 0.85.
precisi
e e
1 (%]
accuracy
macro avg e
weighted avg 2.

on

recall

fl-score

support

111
89

200
200
200

support
e.87 111
.85 89
©.86 200
©.86 200
9.86 200

Figure 4. 5: Performance of Support Vector Machine Classifier
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4.2.1.4 K Neighbors Classifier

According to the figure 4.6, the precision of the k-nearest neighbor classifier is 91 percent for
being Non Diabetic and 80 percent for being Diabetic. This means that the classifier predicted
being non diabetes correctly in 91 percent of cases and being diabetic correctly in 80 percent of
cases. A recall score of 82 and 90 percent, on the other hand, represents the proportion of cases
classified by the classifier as ND and D, respectively. The 85 percent accuracy indicates that the

model correctly predicted 85 percent of the cases as Non Diabetic or Diabetic.

precision recall fl-score support

%) ©0.91 ©.82 ©.86 111

1 ©.860 ©.90 ©.85 89

accuracy ©.85 200
macro avg ©.85 ©.86 ©.85 200
weighted avg ©.86 ©.85 ©.86 200

Figure 4. 6: Performance of K Neighbors Classifier

4.2.1.5 Gaussian NB Classifier

The precision of the Gaussian NB classifier is 78%, according to the results in table 4.7. It means
that in 86 percent of cases, the classifier correctly predicted diabetic or non-diabetic status, with
precision of 0.76 for ND and 0.81 for D, recall of 0.86 for ND and 0.68 for D, and F1 Score of
0.81 for ND and 0.74.

precision recall fl-score support

(%) .76 ©.86 e.81 109

1 ©.81 ©.68 .74 91

accuracy ©.78 200
macro avg ©.78 ©.77 ©.77 200
weighted avg ©.78 ©.78 ©.78 200

Figure 4. 7: Performance of Gaussian NB classifier
4.2 .2 Results of ensembles learners
4.2.2.1 Cat Boost Classifier

The Cat Boost Classifier has an accuracy of 89%, as shown in Figure 4.8. It means that the
classifier correctly classified 89% of cases as diabetic or non-diabetic, with precision of 0.93 for
ND and 0.85 for D, recall of 0.87 for ND and 0.92 for D, and F1 Score of 0.90 for ND and 0.89
for D.
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precision recall fl-score support

(=] .93 ©.87 ©.90 111

1 ©.85 9.92 .89 89

accuracy 0.906 200
macro avg e.89 9.9 0.89 200
weighted avg 2.90 .90 2.90 200

Figure 4. 8: Performance of Cat Boost Classifier
4.2.2.2 LGBM Classifier
The accuracy of the LGBM Classifier is 92%, as shown in Figure 4.9. With precision of 0.96 for

ND and 0.88 for D, recall of 0.89 for ND and 0.96 for D, and F1 Score of 0.93 for ND and 0.91
for D.

precision recall fl-score support

(=] ©.96 ©.89 ©.93 111

1 ©.88 ©.96 ©.91 89

accuracy 0.92 200
macro avg .92 0.92 .92 200
weighted avg ©.92 ©.92 ©.92 200

Figure 4. 9: Performance of LGBM Classifier

4.2 Model accuracy comparison

From the outcomes of each model's tests. The table 4.10 below illustrates how different
performance levels were produced by the various performance evaluation techniques. With an
accuracy of 90%, LGBM Classifier was the first model to perform well. It was followed by Cat
Boost Classifier (88.5%), SVC (86%), K Neighbors Classifier (85.5%), Decision Tree Classifier
(83%), Logistic Regression (83%), and Gaussian NB (79%).
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Comparison of accuracies for different machine models

Classifier

M GaussianNB
LogisticRegression
DecisionTreeClassifier
KNeighborsClassifier
SvC
CatBoostClassifier
LGBMClassifier

05:50

& &
.00 V.00

EEEEEN

Accuracy score

Classifier

Figure 4. 10: Comparison of accuracy of different models

4.4 Summary

According to research, diabetes is now the leading cause of death in both developed and developing
countries. This number is expected to more than double in the coming decades. Because of
advanced machine learning techniques and the availability of large diabetes datasets, machine
learning has a very good ability to change the risk of diabetes for the better. This would aid in
prompt and precise prediction of the disease before it escalates. Diabetes detection at an early stage

is critical for treatment.

Diabetes therapy is dependent on early identification. Various prediction algorithms were
employed in this study to predict diabetes on a dataset containing 1000 rows and 8 features. We
combined ensemble learning techniques such as LGBM Classifier and Cat Boost Classifier with
K-Nearest Neighbour, Gaussian Nave Bayes, Decision Tree, Logistic Regression, and Support
Vector Machine. Accuracy, recall, precision and f1 score were all used to evaluate each model.
LGBM Classifier was the first model to perform well, with an accuracy of 90%. Cat Boost
Classifier (88.5%), SVC (86%), K Neighbors Classifier (85.5%), Decision Tree Classifier (83%),
Logistic Regression (83%), and the last was Gaussian NB (79%)
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CHAPTER 5. CONCLUSION AND RECOMMENDATION

5.1 Conclusion

The aim of this study was to develop weak learners and ensembles algorithms that could be used
to predict the presence of diabetes after discovering how prevalent it is today. To accomplish this
general goal, the research concentrated on three specific goals: Create two ensemble learning
classifiers and five weak learners to predict diabetes. To determine the most accurate diabetes

predictor. Evaluating each model in terms of accuracy, precision, recall and f1 score.

For diabetes prediction, the researchers used five weak machine learning methods and two
ensemble methods. The F1 score, precision, recall, and accuracy were used to evaluate the
classifier's performance in order to select the best classifier. This study employed five weak
classifiers and two ensemble classifiers. With an accuracy of 90%, the LGBM Classifier was the
first model to perform well followed by Cat Boost Classifier (88.5%), SVC (86%), K Neighbors
Classifier (85.5%), Decision Tree Classifier (83%), Logistic Regression (83%), and Gaussian NB
(79%). Machine learning is helping to improve the health sector in a variety of ways, including

disease prediction, which has helped to reduce death rates and complications.

5.2 Recommendations
The LGBM Classifier, which was identified as the best classifier in this study, should be used in
the field and monitored to validate the findings for diabetes prediction. This will aid in the

development of various interventions that will aid in the reduction of the diabetic problem.

This study focused on only five weak algorithms and two ensembles: Logistic Regression, Support
Vector Machine, K-Nearest Neighbor, Gaussian NB, Decision Tree, LGBM Classifier, and Cat
Boost Classifier, but there are other machine learning classifiers with higher predicting power,
such as XGboost and GradientBoosting. These algorithms are preferred when the data contains

both categorical and numerical features.

The management of diabetes is a big health challenge to the world due to its increasing rate. Its
early detection will be helpful for patients since their sugar blood level can be regulated. This can
reduce the risk of serious complications, because physicians have past data on diabetics. Machine
learning (ML) techniques can be used on new registered patients’ data set to efficiently detect the

disease at its early stage, this will assist the physicians in their decision making.
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APPENDICES

Appendix 1: Ethical Clearance from UR/CMHS Institutional Review Board

UNIVERSITY of  COLLEGE OF MEDICINE AND HEALTH SCIENCES
AWANDA
DIRECTORATE OF RESEARCH & INNOVATION

CMHS INSTITUTIONAL REVIEW BOARD (IRB)

Kigali, 28/12/2022
Ref: CMHS/IRB/$97/2022

Kwizera Munana Dicudonne
Masters of Biomedical Engineering,
College of Sciences and Technology, CEBE, UR

Dear Kwizern Munana Dicudonne,

RE: « LEARANCE

Reference is made 10 your application for ethical clearance for the study entitled “Diabetes
Monitoring and Prediction Using Machine Learning Techniques,”

Having reviewed your application and been satisfied with your protocol, your study is hereby
granted ethical clearance. The ethical clearance is valid for one year starting from the date it
is issued and shall be renewed on request. You will be required to submit the progress report
and any major changes made in the proposal during the implementation stage. In addition. at

the end, the IRB shall need ot 44 final report of your study.
)

- Principal College of Medicine and Health Sciences, UR
- University Director of Research and Postgraduate studies, UR

Email: researcheenter®ur.ac.rw P.O Box 3286 Kigall, Rwanda WWW, UL AC. FW




Appendix 2: King Faisal Data Collection Approval

" INSTITUTIONAL REVIEW BOARD *

Fa‘. et Le".e'eé are

IRB Notification of Approval

Ref: KFH/2022/ 021/IRB
Date: December 23, 2022

Protocol Title: Diabetes monitoring and prediction using machine learning
techniques.

Principal Investigator:
KWIZERA MUNANA Dieudonné
Tel: + 0788265454

Protocol Reference #: KFH/2022/ 021/IRB
Date of IRB Initial Review: November 15, 2022
Review Type: Expedited Review

IRB Review Decision: Approved

Date of Effectiveness: December 23, 2022
Date of Expiry: December 22, 2023

Email: munanakd@gmail.com

Dear KWIZERA MUNANA Dieudonné,

King Faisal Hospital Rwanda's Institutiona! Hey
protocol resubmission. This letter i to not ihat the KFH IRB approved your
resubmission, and this approval is vaiid fo | year and then must be renewed
according to the KFH IRB Standard Operating Procedures

@w Board (KFH IRB) reviewed your

Please note the following considerations

1. Please review the KFH IRB Standarc aling Procedures and ensure
compliance with all requirements, including participant content, changes or
amendments to the protocol, and reporting requirements

2. All project matenials, including signed consent forms, must be retained and
are subject to review in case of a routine audit

3. Notify the KFH Directorate of Research once data collection is completed

4. The Principal Investigator is requestad to submit a hard copy of his/her final
manuscript to the Directorate of Research upon completion

5. Principal Investigators must follow the appropriate study continuing review

and closure procedures as indicated in the Standard Operating Procedures
Manual.

Please contact us at ifb@kihkigali,com in case of any questions or clarifications.

Sincerely,

Dr. Jean Marie Vianney Dushimiy,

Consultant ENT Surgeon

Chair, Institutiona! Review Board
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