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ABSTRACT 

Foodborne disease is a disease that has a high prevalence in low and middle income countries 

around the world. There are many people affected by foodborne disease in Ethiopia, due to various 

causes. There are high burdens of infection; the control of most foodborne diseases in Ethiopia is in 

its infancy due to a lack of technology that can classify foodborne diseases easily in order to 

support healthcare professionals for better diagnoses. There is a lack of study conducted to classify 

the foodborne diseases which are common in Ethiopia. It is in view of this facts, the study aims to 

undertake an investigation on the topic and fill the research gap observed using machine learning 

model which can learn from past data, identify patterns and make decisions with a minimal human 

intervention. These applications in the healthcare and biomedical domain are popular for the early 

detection of diseases and help to make a better diagnosis. This study focuses on foodborne diseases, 

some of the prevalent foodborne illnesses in Ethiopia, selected in consultation with medical 

experts. To achieve the objective of the study the researcher used an experimental research design 

and mixed research approach (both quantitative and qualitative). For this study, secondary data of 

foodborne diseases were collected from Hospitals, and to perform most of the research activities 

such as data pre-processing, analysis, model training, and testing, python programming is used, 

and to design a conceptual model, Edraw max is used based on its good features. After 

preprocessing the collected data, the researcher trained a model using state-of- art machine learning 

algorithms like Decision Tree, Random Forest, XGBoost and Stacking ensemble learning method. 

Based on the experiment conducted, the Stacking ensemble learning method model outperforms 

the others with an accuracy of 98.1%, followed by Random Forest, XGBoost, and Decision Tree 

with accuracy of 97.5%, 96.9%, and 96.5% respectively. The result obtained by the study depicts 

that, the Stacking ensemble learning model is suitable for diseases classification. 

Keywords: Disease Classification, Disease Prevalence, Machine Learning Model, Stacking 

ensemble learning method, foodborne Disease. 
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Chapter One 

Introduction 

1.1 Background of the study 

Access to safe and nutritious food is a fundamental human right and essential for well-

being[1].However, foodborne diseases, caused by consuming contaminated food or water, pose a 

significant threat to public health globally[2] .They are usually associated with contaminated foods 

and pathogens contained in foods. According to a World Health Organization (WHO) report, 600 

million people worldwide suffered from diseases caused by eating contaminated food every year, 

of whom 420000 die[3]. In Ethiopia, food safety is a major concern due to lack of infrastructure 

and basic pre-requisites for food safety such as clean water and environment, washing facilities, 

compounded by limited implementation of food safety regulations, and a lack of incentives for 

producers to improve food safety [4]. Frequent foodborne illness outbreaks both domestically and 

internationally pose a major threat to social stability and public health, making them a global 

public health and food safety concern.  

Machine Learning (ML) is a subfield of artificial intelligence that can learn from experience, 

identify patterns and make decisions with minimal human intervention using its algorithms. 

Classification is one of the machine learning tasks that is used to classify different patterns based 

on past data. These applications in the healthcare domain have led to early detection of disease and 

helped to make a better diagnosis [5]. 

Several studies are conducted on disease classification using machine learning based on symptoms 

and image analysis. Among them, the classification of heart disease, kidney disease, stroke, breast 

cancer, and pneumonia disease are most commonly investigated in the literature using machine 

learning algorithms [6]. But there is lack of research conducted around the world on foodborne 

disease classification in order to detect these diseases early before spreading and identify the 

specific disease from other diseases which shares symptoms in common. From the reviewed 

literature there is an attempt to classify foodborne diseases such as Salmonella (which can manifest 

as Typhoid fever), Norovirus (known to cause acute gastroenteritis with vomiting and diarrhea), E. 

coli (causing a range of symptoms from mild to severe cramps and diarrhea, sometimes with 
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blood), and Vibrio parahaemolyticus (a bacterial infection acquired through consuming raw or 

undercooked seafood). However, the most common foodborne diseases in Ethiopia are not 

included in the previous study [6]. Thus, there is a need for a classifier model that can classify the 

most common foodborne disease that occur in Ethiopia in order to analyze the prevalence of a 

disease in a specific area and ease the detection of specific diseases early to make a better decision 

while diagnosing. Therefore, the researcher is motivated to investigate a machine learning models 

to classify foodborne diseases which are common in Ethiopia so as to fill the identified gaps in the 

previous studies.  

To make a classification in machine learning, it needs datasets to learn from the data and then 

classify the expected outcomes from unseen data. So, we collected the data on the most common 

foodborne diseases from the Hospitals. Then, the collected datasets were preprocessed in such a 

way that it is appropriate for the selected machine learning algorithms. Then, the models were 

trained and their performance is evaluated by unseen data. Finally, a suitable algorithm is selected 

to develop a model based on the experiment conducted. To preprocess the dataset and develop the 

model, we used python programming language.  

The proposed study mainly focused foodborne diseases with high prevalence in the study area, 

particularly Typhoid fever, Giardiasis, and Amoebiasis, which are also common throughout 

Ethiopia. It is essential to recognize that these prevalence rates can fluctuate across different 

regions within Ethiopia. The varied cultural practices across Ethiopia likely contribute to differing 

prevalence of foodborne diseases in various regions[7]. The proposed study significantly helps 

medical doctors to make a proper diagnosis of specific foodborne diseases at less time.  

There are many machine learning algorithms such as Logistic Regression (LR), Naïve Bayes (NB), 

k-Nearest Neighbors (KNN), Decision Tree (DT), Support Vector Machines (SVM), Random 

Forest (RF)which are discussed in the literature[6]. For the proposed model development, the 

researcher used the state of art machine learning algorithms such as Decision Tree, Random Forest 

and eXtreme Gradient Boosting (XGBoost) because those algorithms are promising algorithms so 

as to have a model with a good performance. In addition, the algorithm like Random Forest is used 

to handle data imbalance[8]. Additionally, the researcher has implemented a stacking ensemble 

method. This approach leverages the strengths of individual models to potentially achieve superior 

classification performance[9]. According to the results of the experiment, the stacking ensemble 

learning method model performs better than the others with an accuracy of 98.1%, followed by 
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RF, XGBoost and DT with accuracy of 97.5%, 96.9%, and 96.5% respectively. The study's 

findings show that the stacking ensemble learning model is effective for foodborne diseases 

classification. 

1.2 Statement of the Problem 

Foodborne diseases pose a significant threat to public health, with millions of people worldwide 

suffering from illnesses caused by consuming contaminated food[2]. According to a recent World 

Bank analysis, the cost of treating these illnesses added an additional $3.5 billion to the 

productivity losses in Africa alone in 2016 as a result of contaminated food[4]. In Ethiopia, the 

occurrence of foodborne diseases is a major concern due to inadequate infrastructure, lack of basic 

prerequisites for food safety, and limited implementation of food safety regulations[7]. 

According to the World Health Organization (WHO), foodborne diseases can cause a wide range 

of symptoms, from mild gastroenteritis to life-threatening conditions such as meningitis and 

cancer. These diseases can also cause long-term health problems, including disability, delays in 

physical growth, mental stress, blindness, and cognitive growth. The WHO also notes that 

foodborne diseases can have a significant impact on a person’s ability to go to school and work, 

thus perpetuating the cycle of disease and poverty[10].Furthermore, a report by the Global 

Alliance for Improved Nutrition (GAIN) states that foodborne diseases can also be a cause of other 

chronic diseases like heart disease and kidney disease. However, despite these high burdens of 

diseases, the control of most foodborne diseases in Ethiopia is in its infancy. One of the causes 

might be associated to the lack of technology that can easily classify foodborne diseases to support 

health care professionals in order to identify the foodborne disease which shares symptoms in 

common and to make a proper diagnosis of disease early. It is important to take countermeasure 

before spreading and getting the situation worse. Moreover, In Ethiopia, a significant portion of the 

population lacks access to healthcare facilities and diagnostic testing. This, coupled with the 

widespread availability of antibiotics without prescriptions, creates a critical issue of potential 

overuse and misuse of these essential medications. Studies[11], [12] have shown that the extent of 

dispensing antibiotics without a prescription in Ethiopia is high as 67.7% are dispensed without a 

doctor’s visit , often for self-diagnosed illnesses. Additionally, the majority of foodborne illnesses 

in Ethiopia are treated clinically without laboratory confirmation, mainly in health centers[13]. 

This is a significant issue as it can lead to the incorrect diagnosis of foodborne illnesses and the 
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inappropriate use of medication. The previous study attempts to classify foodborne diseases 

namely Salmonella, Norovirus, Escherichia coli, and Vibrio parahaemolyticus which are common 

in china[14]. But there is a lack of adequate studies conducted to classify the foodborne disease 

which are common in Ethiopia as the diseases are different and similarly the symptoms. Thus, 

there is a need for a technology that helps to achieve the plan of the federal MoH(ministry of health) 

which are improving the quality of health services, increasing access to health care, and 

strengthening the health system in the country[15] by easily classifying foodborne diseases which 

are common in Ethiopia. Therefore, to solve the aforementioned problem and fill the research gap 

the researcher is motivated to investigate a machine learning model that can classify the foodborne 

diseases which are common in Ethiopia. 

 

1.3 Research Questions 

            RQ1. What are the important attributes that are used to classify foodborne diseases? 

            RQ2. Which machine learning model best suit for classifying foodborne diseases?  

1.4 Objectives of the study  

1.4.1 General Objective  

The prime objective of this study is to develop a classifier model for foodborne diseases using 

machine learning. 

1.4.2 Specific Objective  

To achieve the general objective, this research targets the following specific objectives: 

 To review related literature for better understanding of the problem and research design 

 To collect and preprocess the data 

 To identify important attributes that are used to classify foodborne diseases. 

 To select a suitable model for foodborne disease classification 

 To train and develop a model for foodborne disease classification. 

 To evaluate and compare the performance of the models. 
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1.5 Significance of the Study 

The main significance of the proposed study is to support healthcare professionals so as to make a 

better diagnosis and early detection of the diseases by easily identifying foodborne diseases using a 

machine learning model. Also, it is helpful for policy makers to take proactive measures before the 

spreading of the disease, plan for the future, and to make better decisions regarding foodborne 

diseases. The proposed study also helps the researchers and academicians to make further studies, 

analyses, and investigations on foodborne diseases. 

1.6 Beneficiaries of the Proposed Study 

The proposed study primarily helps in the quick and simple diagnosis-making process for 

physicians. The ability to diagnose quickly and accurately can provide good service to patients and 

to safe-guard their lives. Moreover, the proposed study benefits the hospitals and the country at 

large to defeat the foodborne diseases early on and prevent disease outbreaks.. 

The beneficiaries of the proposed study are: 

 Doctors and Nurses: to easily diagnose foodborne diseases with the help of a machine 

learning model 

 MOH and Policymakers: to plan for the future, regarding foodborne diseases and to take 

proactive measures before the spreading of diseases. 

 Hospitals and the researchers: for easy analysis of data regarding foodborne diseases 

and to facilitate daily routine workflow. 

 Patients: to safeguard their life by quickly making a proper diagnosis. 

1.7 Scope and Limitation of the Study 

The proposed study mainly focused on foodborne diseases which are most common in Ethiopia. 

Among those diseases, the researcher selected the diseases which are infectious and has a high 

prevalence in study area such as Typhoid fever, Amoebiasis and Giardiasis. Before collecting the 

confirmed cases of foodborne infectious from the hospitals the researcher had made a consultation 

with medical experts so as to have a good understanding of the problem domain and select the 

Hospitals where the essential data for proposed study are to be collected. Based on consultations 

made with medical experts and the researchers, the data were collected from Wolaita sodo 

university comprehensive specialized hospital and Gesuba primary hospital. The collected sample 
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data were taken from the year 2012 to 2015 E.C and covers all age group and gender in order to 

address and analysis the prevalence of the diseases in all populations. The proposed study does not 

fully address all of the foodborne diseases which are prevalent in Ethiopia due to budget and 

availability of the data constrain. 

1.8 Ethical Consideration 

Ethics of research here refers to the morals of investigation or intervention about minimal abuse or 

disregard of social and psychological wellbeing of persons, community, and animals participating 

in the research work. The researcher obtained ethical clearance from Hawassa University College 

of Medicine and Health sciences Institutional Review Board (IRB) to collect the secondary data 

from the Hospitals as shown in Appendix G. The issue of confidentiality is considered while 

collecting and analyzing the data to keep the social and psychological well-being of persons by 

taking the information only for the intended purpose without using any personal identifiers like a 

patient's name and Medical Record Number (MRN). The Patient’s data were protected as per the 

rules of the Health Insurance Portability and Accountability Act (HIPAA). 

1.9 Organization of the Thesis 

There are six chapters in this thesis document. The first chapter deals with the background of the 

study, the statement of the problem, the study's general and specific objectives, the study's scope, 

and the significance of the study. In Chapter 2 conceptual literature reviews and related work are 

discussed. In this chapter, the researcher covers the fundamental ideas of machine learning 

concerning the proposed study as a basic concept and the prevalence of foodborne diseases in 

Ethiopia. Also, a review of related work that is relevant to the proposed study was investigated. The 

study methodology such as research approach, research methods, data analysis, and data 

preprocessing components such as data transformation, finding missing value, and feature selection 

are all covered in Chapter 3. In chapter 4, proposed model design and development were discussed 

including the performance evaluation metrics of the models. Chapter five presents the experiment 

and result discussion of the selected models. Chapter six focused on the conclusion, 

recommendation, and contribution of the study. Based on the results, the researcher presents the 

findings and concludes the study by recommending future work. 
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Chapter Two 

Review of Related Literature 

2.1 Conceptual Literature Review 

In this research different books, journal articles, and conference proceedings have been reviewed 

based on the relevancy of the research domain, the quality of the journal, and the years of the 

publication to gain better understanding of the problem and research design. 

2.2 Overview of foodborne diseases 

Foodborne diseases are illnesses that result from eating food contaminated with harmful agents 

such as bacteria, viruses, parasites, or chemicals. They can cause a variety of symptoms, ranging 

from mild to severe, and affect different parts of the body[10]. Typhoid fever, Giardiasis, and 

Aamebiasis are some of the common foodborne diseases.  

 

 Giardiasis is a parasitic infection caused by the Giardia lamblia parasite. Symptoms include 

diarrhea ,fatigue , abdominal discomfort, weight loss, nausea, [16]. 

 Amoebiasis is a parasitic infection caused by the Entamoeba histolytica parasite. 

Symptoms include diarrhea, vomiting, abdominal cramp, dysentery, weakness [17]. 

 Typhoid fever is a bacterial infection caused by the Salmonella typhi bacteria. Symptoms 

include fever, chills, headache ,diarrhea, abdominal flank, muscle or joint pain, cough, loss 

of appetite.[18]. 

2.2.1 Worldwide Prevalence of foodborne diseases 

According to the World Health Organization (WHO), unsafe food causes 600 million cases of 

foodborne diseases and 420000 deaths worldwide each year[19]. The global burden of foodborne 

disease was estimated to be 33 million Disability-Adjusted Life Year(DALYs) in 2010, with 40% 

of the foodborne disease burden among children under five years of age[20]. WHO has a critical 

role in taking global leadership in investment and coordinated action across multiple sectors to 

build strong and resilient national food safety systems and provide consumers with tools to make 

safe food choices[19]. 
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2.2.2 Prevalence of foodborne diseases in Ethiopia 

A systematic literature review conducted by Gazu et al [4], reported the occurrence of foodborne 

diseases (FBD) in Ethiopia between 1990 and 2019. The study identified multiple food safety 

challenges in Ethiopia, including a lack of infrastructure and basic pre-requisites for food safety, 

such as clean water and environment, washing facilities, limited implementation of food safety 

regulations, and a lack of incentives for producers to improve food safety. The study found that 

FBD affects millions of people each year in Ethiopia, with Typhoid fever(Salmonella) and 

pathogenic Escherichia coli contributing to 5.7% and 11.6% of the overall pooled prevalence 

estimates of FBD in Ethiopia, respectively[21]. However, the study also noted that the data on 

FBD occurrence in Ethiopia is limited and fragmented, highlighting the need for more 

comprehensive surveillance systems and research to inform policy and future interventions. 

Moving beyond FBD, the prevalence of typhoid fever in Ethiopia exhibits variability. A study 

conducted in Central Ethiopia found a prevalence of 5.0% among febrile patients with symptoms 

clinically resembling typhoid fever[22]. Furthermore, a recent surveillance report revealed that 

29,114 cases of typhoid fever were reported nationally during a specific week[23].  

Another infectious disease of concern is amoebiasis. In a countrywide survey, the overall 

prevalence of Entamoeba histolytica infections (measured by the rate of cyst-passers) was 15.0% 

among schoolchildren and 3.5% in non-school communities in Ethiopia.[24]. 

It is essential to recognize that these prevalence rates can fluctuate over time and across different 

regions within Ethiopia. Public health efforts play a pivotal role in preventing and managing these 

infectious diseases. As we seek further information, consulting with local health authorities and 

healthcare providers remains crucial. 

2.2.3 Treatment and Management of foodborne diseases  

The treatment and management of foodborne diseases depend on the type of pathogen, severity of 

symptoms, and the patient's health status. The diagnosis and management of foodborne illnesses 

are based on the history and physical examination. Common symptoms of foodborne illnesses 

include vomiting, diarrhea (with or without blood), fever, abdominal cramping, headache, 

dehydration, myalgia, and arthralgia’s [25]. Empiric treatment should focus on symptom 

management, rehydration if the patient is clinically dehydrated, and antibiotic therapy. Foodborne 

illnesses should be reported to local and state health agencies; reporting requirements vary among 
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states[25]. 

2.3 Overview of Machine Learning 

Machine learning is the subfield of Artificial Intelligence (AI) which can learn from experience 

and make a prediction, classification, and clustering with the minimal human intervention [26]. 

Now day machine learning has a lot of applications in different fields such as agriculture, 

healthcare, finance, military, air aviation, transportation, manufacturing etc. To classify the given 

sets of input variables manually is time-consuming and error-prone, so it needs technology like 

machine learning to classify, cluster and predict those data within a short period of time. In order 

to make classification and clustering using machine learning, one has to train a model. Thus, Good 

quality (preprocessed) data is needed to train a model so as to have output with high accuracy. 

Different algorithms are used to build ML models depending on the type of data at hand and the 

domain of the problem. After training the model, the performance of the model is evaluated using 

different ML evaluation metrics. Finally, an outperformed algorithm is selected to build the model 

based on experimental results. ML has a lot of applications in healthcare in order to facilitate daily 

routine work which needs a long time and effort from human beings to perform different tasks like 

patient disease diagnosis [5]. 

2.3.1 Types of Machine Learning 

Machine learning algorithms can be categorized into four types: supervised learning, 

unsupervised learning, semi-supervised learning, and reinforcement learning [14] as shown in 

Figure 2.1. 
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                                                   Figure 2.1 Types of machine learning [27] 

 

2.3.1.1 Supervised Learning 

Supervised learning refers to a method in which the input and output of the data are already 

known or labeled to perform classification and prediction task[28]. Unlike unsupervised 

learning, which deals with unlabeled data, supervised learning algorithms receive training data 

consisting of inputs (features) and their corresponding desired outputs (labels). By analyzing 

this data, the model establishes a relationship between the features and labels, enabling it to 

perform tasks like: 

 Classification: Classifying new, unseen data points into predefined categories. Imagine 

training a model to identify handwritten digits (0-9) based on image data. Presented 

with a new handwritten symbol, the model would classify it as a specific digit based on 

the learned patterns. 

 Regression: Predicting continuous values based on the input features. For example, a 

model trained on historical house price data with features like size, location, and market 

trends could predict the selling price of a new house based on its characteristics. 
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2.3.1.1.1 Types of Supervised Learning Problems 

Supervised learning problems can be broadly categorized into two main types: 

Classification Problems:  The goal is to predict the class label (category) to which a new data 

point belongs[29].  Classification problems involve discrete outputs, meaning they fall into 

distinct categories.  Here are some common examples: 

 Image Classification: Classifying images into predefined categories like "cat," "dog," 

"car," etc. 

 Spam Detection: Classifying emails as spam or not-spam. 

 Disease Diagnosis: Classifying medical data to predict the presence or absence of a 

specific disease. 

 Sentiment Analysis: Classifying text data as positive, negative, or neutral sentiment. 

Regression Problems:  The aim is to predict a continuous output value for a new data point.  

Regression problems deal with numerical outputs, and the model learns to map features to 

continuous values[29].  Here are some common examples: 

 Price Prediction: Predicting the future price of a stock, house, or other commodity 

based on historical data. 

 Weather Forecasting: Predicting continuous weather variables like temperature, 

precipitation, or wind speed. 

 Sales Forecasting: Predicting future sales figures based on past sales data and market 

trends. 

 Demand Forecasting: Predicting the demand for a product or service based on various 

factors. 

2.3.1.2 Unsupervised Learning 

It is a type of machine learning approach used where the data is not labeled i.e., only the input 

variable is at hand but the output variable is unknown [30]. We can classify the unsupervised 

learning problems into two categories: Clustering and Association. Clustering is a type of 

unsupervised learning in which the data with the same features is grouped into the same 

category i.e., means bundling the input variables with the same characteristics together while 

the association is discovering the rules that govern meaningful associations among the data set. 

In addition to this, unsupervised learning is useful for dimensionality reduction when the 
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features of the dataset are high. 

2.3.1.3 Semi-supervised Learning 

It is the combination of both supervised and unsupervised learning. It uses small sorts of labeled 

data and a large amount of unlabeled data for training and makes classification and clustering 

based on the given data [31]. 

2.2.1.4 Reinforcement Learning 

Reinforcement learning is also a type of machine learning and it consists of algorithms that are 

able to perceive and interpret their environment, take actions and learn through trial and error 

[32]. When the agent performs correctly it receives a reward and penalties if the agent 

performs incorrectly. . An example is a driverless car. 

 

In this thesis, the researcher has selected supervised machine learning and classification 

technique for the proposed study in order to classify the foodborne diseases which are most 

common in Ethiopia so as to help health care professionals to make a better diagnosis. 

 

2.3.2 Machine Learning Algorithms for Classification 

Popular and state of art machine learning algorithms such as Decision Tree, Random Forest, and 

XGBoost were used for classification problems by previous researchers[33]. Those algorithms 

are promising algorithms to make a classification with high accuracy. Therefore, the researcher 

focused on those algorithms so as to have a good performance of a proposed model. 

Additionally, researcher implemented a stacking ensemble method. This approach leverages 

the strengths of individual models to potentially achieve superior classification performance. 

2.3.2.1 Decision Tree 

A decision tree is a powerful tool for making decisions based on a tree-like model. It helps us 

navigate through choices and their potential outcomes. In the context of machine learning, 

decision trees can be used for both regression and classification problems[34]. 
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Figure2.2 Shows how the Decision Tree algorithm works[34] 

 

 

2.3.2.2 Random Forest 

The random forest algorithm is one of the popular machine learning algorithms that is used to 

improve the accuracy of the model by taking all the decisions made by the decision node in the 

decision tree and then taking the average of those decisions and finally predicting the target 

output as shown in below Figure 2.3 [35]. 
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Figure 2.3 Shows how the Random Forest algorithm works[36] 

 

2.3.2.3 eXtreme Gradient Boosting 

XGBoost is a gradient boosting approach that uses a decision-tree-based ensemble machine 

learning algorithm. It uses parallel tree boosting to tackle a wide range of data science issues 

quickly and accurately. XGBoost is an ensemble tree approach that uses the gradient descent 

architecture to boost weak learners from the decision tree so as to minimize the loss function of 

the model [37]. Figure 2.4 depicts how the XGBoost algorithm works. 
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Figure 2.4 Shows how the XGBoost algorithm works [38] 

 

2.3.2.5 Stacking Ensemble Method 

Stacking Ensemble models represent a sophisticated machine learning technique that combines 

multiple predictive models to achieve higher accuracy than any individual model could on its own. 

This method, also known as stacked generalization, involves training a meta-learner or meta-model 

to integrate the predictions of several base learners, which are typically diverse in nature. The base 

learners, also called level-0 models, are trained on the full dataset and make individual predictions. 

These predictions are then used as input features for the meta-learner, which is trained to make the 

final prediction. The strength of stacking lies in its ability to capture the unique strengths of each 

base model, while the meta-learner corrects for their individual weaknesses, leading to a robust 
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and well-generalized model. The process of stacking not only enhances predictive performance but 

also provides a framework for understanding how different models can complement each other in a 

predictive task[9]. 

 

 

 

 

 

Figure 2.5 Stacking Algorithm[39] 

 

 

2.4 Review of Related Research Works/Literature 

This section presents review of related literature that helps get understanding of the problem from 

the wider literature and identify the gap. It helps also learn how to design and develop models from 

literature recommendations 
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Study by Oguntimilehin et al[40] aimed to create a classifier model that can identify Typhoid 

fever diseases using Rough Set machine learning techniques which is a valuable data analysis 

and knowledge discovery paradigm that plays a significant role within the broader field of 

Machine Learning (ML). The researchers worked with a dataset comprising 150 instances. The 

Rough Set algorithm achieved a training set accuracy of 95% and a testing set accuracy of 96% 

based on the experiment results. The model was evaluated using a confusion matrix to determine 

the number of correct and incorrect classifications per class while identifying Typhoid fever 

disease in unseen data. Although the problem domain is relevant to the one proposed, the 

researchers did not include diseases that share symptoms with Typhoid fever. 

 

The study by Radhika et al [41] developed a classifier model for disease classification based on 

symptoms using a Decision Tree and Electronic Health Record Analysis. The model was trained 

to classify 40 symptom-based diseases, including Allergy, GERD, AIDS, Diabetes, Tuberculosis, 

Asthma, Dengue, Heart attack, Malaria, Typhoid Fever, and more. The Decision Tree initially 

classifies the disease with the highest confidence level for each of the classified diseases. The 

author then developed a predictive model to classify symptom-based diseases using the Decision 

Tree model. The study included foodborne disease like Typhoid Fever which is relevant to the 

proposed study but the study did not focus on most common foodborne diseases, especially 

foodborne diseases prevalent in study area. In this study, the researcher might get better 

accuracy if they use the ensemble machine learning algorithms like RF, XGBOOST and 

Stacking ensemble learning  because those algorithms that can increase the accuracy of the 

model by boosting the gradient and taking the average of the weak learners performance from the 

decision tree, and predicting the outcomes[42]. 

 

A study by Wang et al. [14] used machine learning to develop a model to classify foodborne 

diseases pathogens. The model used the following features to classify foodborne diseases: 

location, time of illness, age of patient, type of food consumed, and certain symptoms. The study 

divided 50,216 samples into training and test sets at a ratio of 7:3. The size of the training set 

was 35,151 samples, and the size of the test set was 15,065 samples. The study analyzed 

foodborne disease case data and used machine learning methods such as decision trees, random 
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forests, k-Nearest Neighbors, stochastic gradient descent, and extremely randomized trees to 

classify foodborne disease pathogens. The gradient boost decision tree model obtained the 

highest accuracy, with accuracy approaching 69% in identifying 4 pathogens: Salmonella, 

Norovirus, Escherichia coli, and Vibrio parahaemolyticus[14] .In this study, the researchers 

might increase accuracy if they use a stacking ensemble learning method. It leverages the 

strengths of individual models to potentially achieve superior classification performance[9]. 

 

The study  Leo et al [43] aimed to develop a classifier model that can predict the occurrence of 

cholera disease by using various machine learning algorithms such as K-Nearest Neighbors (K-

NN), Decision Tree, XGBoost, ExtraTree, AdaBoost, Random Forest, and Linear Discriminant 

Analysis (LDA). The researcher conducted a comparative analysis to identify the best machine 

learning algorithm that can classify cholera disease. In the study dataset size not explicitly 

mentioned, but the study deals with imbalanced data. After comparing all the algorithms, the 

researcher selected XGBoost as the best cholera predictor based on the experiment results. 

Although this study is relevant to the proposed study, it only focused on cholera disease 

classification. One of the strengths of this study is that it used ensemble-based algorithms like 

Random Forest and XGBoost to classify cholera disease. 

 

The study by  Grampurohi et al [44] aimed to use machine learning algorithms to analyze and 

classify 41 diseases, with the goal of assisting physicians in diagnosing diseases at an early stage. 

The paper presents a comprehensive comparative study of three algorithms, namely Decision 

Tree, Random Forest, and Naïve Bayes, and their performance on a medical record. Each 

algorithm yielded an accuracy of 95%. The researcher attempted to classify multiple diseases 

using machine learning algorithms include foodborne disease like Typhoid Fever which is 

relevant to the proposed study but the study did not focus on most common foodborne diseases, 

especially foodborne diseases prevalent in the study area. 

 

This study by Bhuiyan et al [45] represents a pioneering effort to develop a typhoid fever 

prediction model that can anticipate outcomes prior to clinical trials. The study utilized a dataset 

containing 1746 entries with 29 attributes. Both machine learning (ML) and deep learning (DL) 

approaches are employed and a total of ten algorithms are evaluated. Among these, the XGBoost 
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classifier emerges as the most promising, achieving an impressive accuracy of 97.87%. This 

study is relevant to proposed study but it did not include diseases that share symptoms with 

Typhoid fever. As strong side, this study used ensemble based algorithms like XGBoost to 

typhoid fever disease. 

 

A study by Kumar et al. [46] used artificial intelligence (AI) to develop a model to predict the 

pathogens in foodborne diseases. They used data from the National Foodborne Disease 

Surveillance Reporting System on Kaggle, which has 12 attributes. They divided the dataset into 

training (75%) and testing (25%) datasets. They then compared and contrasted the accuracy of 

several popular machine learning algorithms for predicting the pathogens in foodborne diseases, 

including decision trees, random forests, k-nearest neighbors, stochastic gradient descent, and 

extremely randomized trees. They also developed an ensemble model that combined all of these 

algorithms. The ensemble model outperformed all of the other classifiers, achieving an average 

accuracy of 97.26%. The research study is relevant to the proposed research but it only focused 

on foodborne diseases which are common in India. 

 

Table 2.1 Review of Related Works 

 

Authors 

 

Title 

Accuracy and 

Methodology 

 

Drawbacks 

Wang et al. 

[14](2020) 

Prediction of 

Foodborne Diseases 

Pathogens: A 

Machine Learning 

Approach 

  

 The authors propose 

decision trees, 

random forests, k-

Nearest Neighbors, 

stochastic gradient 

descent, and 

extremely 

randomized trees.  

 The gradient boost 

decision tree model 

obtained the highest 

 Stacking 

ensembles could 

boost accuracy in 

this study by 

combining the best 

of multiple models 

for stronger 

classification[9]. 

 The study did not 

include foodborne 

diseases common 
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accuracy, with 

accuracy 

approaching 69%. 

 Dataset size 50,216 

samples 

 (7:3 train:test)  

in study area like 

Giardiasis, 

amoembiasis. 

 

Oguntimilehin 

et 

al[40](2013) 

A Machine 

Learning Approach 

to Clinical 

Diagnosis of 

Typhoid Fever 

 Analyzed medical 

data with Rough Set 

algorithms. 

 Dataset size 150 

 Achieved 95% 

accuracy on training 

data and 96% on 

unseen test data. 

 Used confusion 

matrix to assess 

correct/incorrect 

classifications. 

 Didn't consider 

diseases with 

similar symptoms 

to Typhoid fever. 

 Ensemble 

techniques: 

Considering 

stacking or other 

ensemble methods 

to further improve 

classification 

accuracy. 

 Data was short  

Radhika et al 

[41](2020) 

Symptoms based 

disease prediction 

using decision tree 

and electronic 

health record 

analysis 

 Used decision tree 

to classify. 

 The model could 

categorize 40 

diseases, including 

common ones. 

 

 Foodborne 

diseases, especially 

those prevalent in 

this study area, 

were not included. 

 Ensemble machine 

learning algorithms 

could improve the 

model's accuracy. 

Bhuiyan et al 

[45] (2023) 

Prediction Of 

Typhoid Using 

Machine Learning 

 Both ML and 

DL approaches 

are employed, 

 This study is 

relevant to proposed 

study but it did not 
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and ANN Prior To 

Clinical Test, 

and a total of ten 

algorithms are 

evaluated. 

 It employed both 

ML and DL 

approaches, with 

XGBoost 

outperforming 

other algorithms. 

 Dataset size 

1746 

include diseases 

that share 

symptoms with 

Typhoid fever. 

 As strong side, this 

study used 

ensemble based 

algorithms like 

XGBoost to    

typhoid fever 

disease. 

 

 

2.5 Summary 

Previous research primarily concentrated on classifying generic and chronic diseases, such as 

heart disease, diabetes, stroke, lung cancer, breast cancer, and malaria. Researchers have 

employed various machine learning algorithms like SVM, KNN, NB, DT, and RF for disease 

classification. However, there is a notable gap: no existing machine learning model specifically 

classifies common foodborne diseases in Ethiopia. In contrast, a study conducted in China 

developed a machine learning model that classifies foodborne diseases common in that country. 

Unfortunately, previous research on foodborne disease classification did not include conditions 

like giardiasis, Amoebiasis both of which are prevalent in Ethiopia especially in study area. This 

lack of comprehensive classification support poses challenges for healthcare professionals who 

encounter foodborne diseases with similar symptoms. Consequently, the burden of foodborne 

diseases in Ethiopia remains high, constituting a significant public health issue. To address this 

gap, we focused on classifying common foodborne diseases in Ethiopia using machine learning 

algorithms. The study collected disease data from the specific research area and analyzed the 

prevalence of foodborne diseases within that region. 
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Chapter   Three 

Research Methodology 

 

This chapter deals with the methodology used for the proposed study. Within methodology, the 

research approaches and methods that are used to collect data and select tools were presented. 

Also, data analysis and preprocessing are discussed. To come up with solutions the researcher 

followed the road map (research process) depicted in Figure 3.1 for the proposed research. 

 

 

  Figure 3.1 Research process of the proposed study 
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3.1 Research Approach 

To reach the study's goal, we used an experimental research design and employed a mixed 

research approach (both quantitative and qualitative). The quantitative approach is used to 

collect and analyze numerical data from the study area in order to find patterns and make 

classifications based on historical data, while the qualitative approach is used to collect and 

analyze non-numerical data through interviews with domain experts in order to gain a better 

understanding of the problem domain.  

3.2 Research Methods  

This research used different techniques and methods to collect important data and to select the 

tools that are used to design and develop a machine learning model that can classify foodborne 

disease. 

3.2.1 Data Collection Methods  

This research collected the data from both primary and secondary sources. From a primary 

source, the researcher orally interviewed researchers, doctors, and other healthcare professionals 

in order to understand the problem domain well. To train a machine learning algorithm 

secondary data is collected from hospitals based on domain expert consultation and the 

prevalence of the disease in the area. Figure 3.2 illustrates the data collection methods used for the 

proposed study. 

 

Figure 3.2 Data collection methods for the proposed study 
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To analyze a large dataset, such as healthcare data, it's difficult to do so and develop a machine 

learning model since our system will run out of memory while loading those huge datasets. In 

addition, various constraints such as budget, resources, time, and availability of the data itself 

constrain the collection of huge amounts of dataset for the proposed study. Thus, purposive 

sampling techniques were applied in order to permit us to obtain the right information about the 

population based on data from a subset of the population (sample), rather than having to look 

into every individual. The researcher followed the sampling framework depicted in Figure 3.3 to 

collect secondary data from the study area in order to develop the proposed model. 

 

Figure 3.3  Sampling frameworks for data collection. 

The confirmed patient cases of foodborne diseases are the target populations that are considered 

for the study. The different age group and gender that forms the population is included within 

the sample as a sample frame from the year 2012 to 2015 E.C. To determine the sample size 

from the confirmed cases, the researcher used the purposive sampling technique based on the 

recommendation of experts in the field and finally the confirmed cases of foodborne diseases 

were collected from hospitals. 
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In this study the dataset was meticulously labeled based on the confirmed diagnoses provided by 

medical professionals at the hospitals. Additionally, relevant previous research on diseases 

classification in the area was consulted to ensure consistent and accurate labeling. 

3.2.2 Tool Selection Methods 

This research has used different tools based on the good features of the tools that are important for 

the proposed study design. To perform most of the research activities such as data pre- 

processing, analysis, model training, and testing, python programming and Google colab were 

used, and to design a conceptual model, E-draw max is used based on their good features such as 

easy-to-use, large standard and preinstalled library as described in Figure 3.4 below. 

 

Figure 3.4 Tool selections for the proposed study 

3.3 Dataset Description 

Secondary data for the proposed study was obtained from two selected hospitals within the 

Wolaita Zone, southern Ethiopia: Access to data and the opportunity to collaborate with staff at 

both hospitals significantly facilitated the research process. Therefore, these hospitals were 

chosen as the primary sources for collecting confirmed cases of foodborne diseases for the 

proposed study. 



26 
 

The Total number of foodborne diseases data collected from hospitals for model development is 

3100 confirmed cases with 24 attributes based on the sampling technique applied. When 

collecting the data the sample frame that forms the population like age group, gender, and year 

interval that the sample taken was considered. Table 3.1 below shows the samples gathered for 

each foodborne disease along with the sample frames, and attributes of each disease (symptoms) 

as well as, the type of data collected. In order to avoid class imbalance, the researcher determined 

the year range during data collection. . For instance, the confirmed cases of Typhoid fever in one 

year (2012 E.C) is greater than the confirmed cases of Giardiasis in three years(2012-2015 E.C) 

as shown in Table 3.1. 

Table 3.1  Dataset Description 

No. Foodborne 

diseases 

No. of 

sample 

taken 

Age 

group 

Gender Year 

interval 

where 

the data 

Taken 

Confirmed 

symptoms(attributes) 

Data type 

1 Amoebiasis 1060 

 

All Both 2012- 

2015 

E.C 

Diarrhea, 

Vomiting, 

Abdominal 

Cramp, dysentery, 

Weakness. 

Categorical 

2 Giardiasis 834 

 

All Both 2012- 

2015 

E.C 

Diarrhea 

,Fatigue , 

Abdominal 

discomfort,  

Weight loss, 

Nausea,  

Categorical 

3 Typhoid 
Fever 

1206 

 

All Both 2014 
E.C 

Fever, chills, 

headache 

diarrhea, 

Abdominal flank, 

Muscle or joint 

Categorical 
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pain, cough, Loss 

of appetite. 

            Total          = 3100      

 

The sample dataset before preprocessing is shown in Appendix A. 

In addition to the symptoms of foodborne diseases presented in Table 3.1, the description of each 

selected foodborne diseases are presented here. 

Giardiasis is an intestinal parasitic infection caused by the microscopic protozoan Giardia 

lamblia. It is a common diarrheal disease transmitted through the fecal-oral route. While some 

infected individuals remain asymptomatic, others experience a range of gastrointestinal 

symptoms. 

Amoebiasis, also known as amoebic dysentery, is an intestinal infection caused by the protozoan 

parasite Entamoeba histolytica. It primarily affects the colon, causing inflammation and 

ulceration. Amoebiasis can present as a spectrum of disease, ranging from asymptomatic 

infection to severe dysentery. 

Typhoid fever is a potentially fatal infection caused by the bacterium Salmonella Typhi and it is 

also contagious and can affect many organs throughout the body. 

3.4 Data Analysis 

In order to find new patterns, relationships, and insights in the data, we analyzed and visualized 

the collected data by using various data representation techniques. Figure 3.5 below shows that 

the confirmed cases of Typhoid fever disease have a high prevalence among others with 1206 

confirmed cases within the collected dataset. 
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Figure 3.5 The number of confirmed cases for each foodborne disease identified within the 

collected data. 

As we can see from Figure 3.5, the classes are imbalanced. So, to handle this issue we used 

model based data balancing technique. For instance Random Forest model is suitable model to 

handle data imbalance by giving maximum weights to minority classes and minimum weights to 

majority classes while training[8]. In addition, evaluation metrics like precision, recall, and 

f1_score were used so as to know the generalization capacity of the models in each class. 

Most foodborne diseases shares signs and symptoms in common. For instance, Giardiasis and 

Typhoid Fever have common symptoms like headache, fever, and diarrhea and so on. Thus, it is 

time-consuming and can make confusion while doctors make a diagnosis of those diseases; 

however, there is some difference between them. So, to minimize this confusion, promising 

machine learning algorithms were used in the proposed study to identify or classify the 

foodborne disease easily. 
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As we can see from Figure 3.6, 47.7% of Amoebiasis confirmed cases shared symptom 

AD(abdominal discomfort) in common with 18.6% and 33.7% of Typhoid Fever and Giardiasis 

confirmed cases respectively. 

 

 

Figure 3.6 Shared symptom (abdominal discomfort) among Amoebiasis, Giardiasis and Typhoid 

Fever 

 

 

 

According to Figure 3.7 below, 54.6% of confirmed cases of Amoebiasis and 30.5 % of confirmed 

cases of Giardiasis shared the symptom of AF (abdominal flank) in common with 14.9% Typhoid 

fever confirmed cases. 
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Figure 3.7 Shared symptom (abdominal flank) among Amoebiasis, Giardiasis and Typhoid Fever 

As indicated  in Figure 3.8 below, 47.2% of confirmed cases of Amoebiasis  and 40.0 % of 

confirmed cases of Giardiasis shared the symptom of diarrhea in common with 12.8% Typhoid 

fever confirmed cases. 
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Figure 3.8 Shared symptom (diarrhea) among Amoebiasis, Giardiasis and Typhoid Fever 

As shown in Figure 3.9 below, the symptom of loss of appetite is confirmed in 47.7 % of 

Typhoid Fever confirmed cases, 29.3% Amoebiasis and  23.0% confirmed cases Giardiasis. 

 

 

Figure 3.9 Shared symptom (loss of appetite) among Amoebiasis, Giardiasis and Typhoid Fever 
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As we observe in Figure 3.10, there is a high prevalence of Amoebiasis in children aged 0-10, 

with 319 cases. This is followed by a decrease in prevalence in subsequent age groups. The 

prevalence of typhoid fever is highest in young adults aged 21-30, with 352 cases. There is also a 

relatively high prevalence of typhoid fever in children aged 11-20 (182 cases).Giardiasis 

prevalence appears to be moderate across all age groups, with the highest prevalence in children 

aged 31-40 (194 cases). 

 

 

Figure 3.10  Prevalence of each disease in different age group 

 

As we can see from Figure 3.11 all three diseases, amoebiasis, giardiasis, and typhoid fever, 

appear to have a similar number of cases overall. However, there are some differences in the 

male-female distribution of cases. For both amoebiasis and giardiasis, there are more male cases 

than female cases. amoebiasis has the most male cases (636) compared to females (424). 

Giardiasis also has more male cases (496) than female cases (338). Typhoid fever is the only 

disease in the image that shows more female cases (642) than male cases (564). 
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Figure 3.11 Prevalence of each disease in gender 

 

3.5 Data Preprocessing 

Before training the model, the data should be preprocessed in such a way that a model can 

understand. Preprocessing activities such as data standardization and transformation, finding 

missing values from a dataset, feature selection based on its importance and data training and test 

splitting were conducted in order to train a model with quality data. 

3.5.1 Data Standardization and Transformation 

Before training a model, the data were standardized at the same scale in order to prevent model 

over fitting. In our case, the dataset already has the same scale or standard, so that, there is no 

need of standardization, we opted to standardize the 'age' column specifically. All data type in a 

dataset  is changed to numeric, because, we represent the data to 1 if the symptom in a specific 

disease is present and 0 if the symptoms are not present i.e., all columns that contain symptoms 

are filled with 1 if the symptom occurred in specific disease and 0 if the symptom does not 

occur. In this study, researchers used the min-max normalization technique to normalize the age 

attribute (column). The formula of min-max normalization is shown below in Equation 3.1. 
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                                                                                          (3.1) 

Where X is an original value, and X’ is the normalized values, min(X) is the minimum value of 

the original dataset, and max(X) is the maximum value of the original dataset. 

In addition, some of the column with data type categorical like gender was transformed to the 

numeric value in order to train a model. To do so, one hot encoder is used to transform. It is a 

powerful technique in machine learning for transforming nominal categorical data into a numeric 

format. It preserves independence by creating new binary variables for each unique category, 

ensuring no artificial ordinal relationship is imposed. This approach avoids misinterpretation, as 

label encoding assigns integer values based on alphabetical order, which can introduce 

misleading rankings[47]. So the ―gender‖ column would be split into two new columns: ―M‖ and 

―F,‖ with 1 indicating the presence of that gender and 0 otherwise. In the dataset, the target 

variable "Disease Type" contains three nominal values: Typhoid Fever, Giardiasis, and 

Amoebiasis. In order to transform target variable into numerical form a label encoder is used to 

transform labels with data type nominal to numeric because it is a popular technique to convert 

nominal data into numeric. In this method, the unique number is given to each label based on 

alphabetical order. So, the disease type (target class) column such as Amoebiasis , Giardiasis, 

and Typhoid Fever is transformed to 0,1 and 2  respectively  as shown in Table 3.2. The dataset 

after preprocessing is shown in Appendix B. 

Table 3.2 Data Transformation 

Disease type Transformed 

value 

Male  Female  Symptoms 

Present  Absent Present Absent +ve -ve 

Amoebiasis 0 1 0 1 0 1 0 

Giardiasis 1 1 0 1 0 1 0 

Typhoid Fever 2 1 0 1 0 1 0 
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3.5.2 Finding Missing Value 

When we train a model with data that contains a missing value, it may generate an error and the 

model is also unable to train it. So finding the missing value and filling it with the right data is 

required to train a model and to have a good performance on it. In our case, 5 missing values 

were found and the missing value is imputed using the mode method which is a preferable 

method for categorical numeric data imputation. It handles missing values by replacing them 

with the most frequent value of the observed feature[48].  

3.5.3 Correlation Matrix 

To know the relation between two variables and to determine the factor of change of one variable 

on another variable within the collected dataset, the correlation coefficient is computed. In 

addition to this, the correlation matrix is used as input for other analyses, like exploratory factor 

analysis (used to know the important features on the dataset). The correlation coefficient value 

falls between -1 to +1. We can interpret its values as follow: 

According to a Pearson correlation coefficient[49], if the coefficient value is 0, it indicates that 

the two variables don't have a linear relation. Positive /negatively weekly correlation exists 

between the two variables if it is between 0 and 0.3 (0 and -0.3). Additionally, if it falls between 0.3 

and 0.7 (-0.3 to -0.7), the two variables have a moderately positive/negative correlation. And the 

relationship between two variables is strongly positive/negative if it is between 0.7 and 1 (-0.7 

and -1). Notably, each variable is perfectly associated with itself, as seen by the correlation 

coefficients along the table's diagonal being equal to 1. No interpretation can be made from these 

cells. 

As we can see from Table 3.3 the correlation between two particular variables is displayed in 

each cell. For instance, nausea and early fatigue have a correlation of 0.53, indicating the two 

variables have a moderately positive association i.e. ―nausea‖ is moderately correlated with more 

―early fatigue‖. And the ―belching‖ and ―weakness‖ have a correlation of 0.01, which denotes a 

weakly negative relation. And cough with joint pain, joint pain with dysuria have a correlation of 

0, which indicates that the two variables don't have a linear relation. 
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Table 3.3 Correlation matrix for each attribute in a dataset 

 

 

3.5.4 Feature Importance 

Feature importance refers to methods that rate input features according to how well they can 

predict a target variable. The feature importance score is the basis for dimensionality reduction 

and feature selection that can increase the efficiency and effectiveness of a predictive model on 

the problem. To do so, random forest feature importance analysis is utilized due to its popularity 

to know the importance of each feature[50]. It determines the importance of each feature by 

improving the purity of the leaves used by each tree in the random forest. Where, the importance 

of the features increases as the increase in leaf purity increases. 
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Table 3.4 Feature importance of each attribute in dataset 

No. Feature’s name Score of feature 

1 Weakness 0.243319 

2 Chills 0.196843 

3 Nausea 0.120400 

4 early fatigue 0.088068 

5 Age 0.058681 

6 AC(abdominal cramp) 0.044468 

7 Headache 0.044365 

8 Diarrhea 0.039404 

9 Vomiting 0.028162 

10 AD(abdominal discomfort) 0.023372 

11 Fever 0.022850 

12 Back Pain 0.016247 

13 Joint pain 0.013212 

14 Gender 0.011061 

15 Poor appetite 0.007643 

16 Total body burn sensation 0.006271 

17 Epigastria Pain 0.006240 

18 Cough 0.005984 

19 Sweaty 0.005933 

20 AF(abdominal Flank) 0.005789 

21 Flank pain 0.005487 

22 Dysuria 0.004345 

23 Belching 0.001857 

 

As, indicated in Table 3.4, the first 4 features namely weakness, chills, nausea and early fatigue in 

the table are the most important features to predict the target classes. Based on random forest 

feature importance analysis some of the features like flank pain, dysuria and belching rated less 

score and they are subjected to be dropped. However, according to domain expert consultation, 
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all features have their own shares while making foodborne disease diagnosis. So that, there is 

no need of dropping features. Thus, the researcher used all features for foodborne disease 

classification. To answer the question raised under research question 1, the researcher gathered 

both primary and secondary data of foodborne diseases, doing feature analysis on collected 

secondary data using random forest feature importance and domain expert consultation. In 

addition to this, the correlation coefficient matrix for each attribute is computed to know the 

relationship between each feature. By doing so, the researcher identified the importance of each 

feature with in a dataset for foodborne diseases classification. Therefore, the question raised by 

the researcher under research question 1 is answered here. 

3.5.5 Train and Test split 

To train a model, the dataset was split into a training set and a test set because to evaluate the 

model, an unseen data is required to check whether the model performs well or not. 80/20 and 

70/30 split is applied for the proposed model development based on their popularity and a 

suggestion of previous researchers [51]. 
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  Chapter Four 

Proposed Model Design and Development 

The proposed model design and development, the models selected for development as well as the 

metrics used to evaluate the performance of the models are discussed here. 

4.1 Proposed Model Design of Foodborne Disease Classification 

An experimental research design is applied to attain the proposed study's goal because a suitable 

algorithm is chosen based on the experiments conducted on each selected machine learning 

model. 

 

 

Figure 4.1 Proposed research design of foodborne disease classification 
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Figure 4.1 above illustrates that, to develop a proposed model, first, the data on the most 

prevalent foodborne diseases were gathered by the researcher from hospitals. In order to make 

the datasets suitable for the chosen machine learning model, the datasets were preprocessed. The 

state of art machine learning algorithms was chosen to train a model after preprocessing, and its 

performance is then evaluated using data that has not yet been seen (hold-out or test set). 

Additionally, this research implemented a stacking ensemble method. Finally, the suitable and 

outperforming model is selected among others and the proposed model is developed. 

4.2 Proposed Model Development 

To train and develop a machine learning models, the previous studies used popular and state- of-

the-art machine learning algorithms such as Decision Tree, Random Forest and XGBoost  for 

classification problem[28], [52]. To achieve optimal model performance, we trained models 

utilizing these algorithms alongside a stacking ensemble method. Through a rigorous process of 

experimentation and comparative analysis, the most suitable model selected for further 

development as the proposed solution for foodborne disease classification. 

4.2.1 Decision Tree Model 

We chose a decision tree to classify foodborne illnesses because it's easy to understand how it 

works. This method asks broad symptom questions (like fever) at first and splits the data based 

on the answer (yes or no). Then, it gets more specific with each branch, using additional 

symptom questions to tell different diseases apart. This goes on until it reaches a final diagnosis 

at the end (leaf node). However, decision trees can learn unimportant details from the training 

data, so adjusting settings (hyperparameter tuning) is essential to control the tree's complexity. 

There are several parameters to consider when training a decision tree model in Python. These 

parameters can affect how well the model performs, including how well data is separated 

(criterion), maximum tree depth (max_depth), number of features considered at each split 

(max_features), minimum data points at leaf nodes (min_samples_leaf), and minimum data 

points for splitting branches (min_samples_split)[53]. We used a grid search approach to find the 

best settings for their model, which helps identify the combination of settings that leads to the 

most accurate predictions. 
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4.2.2 Random Forest Model 

We tried a random forest algorithm so as to have better accuracy, hence, the random forest 

algorithm takes all the decision made by the decision tree and takes an average of it, and make a 

classification. When classifying the foodborne diseases using a random forest algorithm, it takes 

an average of the diseases classified by the decision tree and classifies the specific disease or it 

can classify the diseases based on the majority vote of the decision tree i.e. if the majority of 

decision tree classifies one disease, so, the algorithm votes or selects that disease as target class. 

A random forest classifier is a multi-tree ensemble model and there are various parameters to be 

considered when training the RF model in Python. All of which might influence the model's 

performance as (n_ estimator, max_ features, min_ samples leaf, criterion, and max_ depth)[54]. 

Where the number of decision trees in the forest is represented by n estimators, the maximum 

number of features that can be separated in a node is max features, the number of levels in the 

tree that can be reached is max depth and when selecting whether or not to split the tree, we must 

consider criteria such as entropy, gini, and others. The above-mentioned parameter values were 

selected based on grid search algorithm while training a model, because it is used to find the 

optimal hyper-parameters of a model with the most accurate predictions [55]. 

4.2.3 eXtreme Gradient Boosting Model 

We experimented with the XGBoost algorithm which boosts weak learners from decision trees 

so as to have better accuracy of a model. To do foodborne diseases classification using the 

XGBoost algorithm, first, the algorithm looks at each decision tree classification loss function and 

if it is high, it boosts the gradient so as to minimize the loss function and to have better model 

performance. Finally, it takes the summation of all decision tree loss functions and predicts the 

output or target class (foodborne disease). The most crucial hyper-parameters for XGBoost are 

those that have the best chance of enabling the algorithm to produce the most accurate, unbiased 

results and the quickest without over-fitting: How many sub-trees to train, the maximum tree 

depth (a regularization hyper-parameter), the learning rate, the L1 (reg alpha) and L2 (reg 

lambda) regularization rates that determine the extremeness of weights on the leaves, the 

complexity control (gamma), a pseudo-regularization hyper-parameter and the minimum child 

weight are considered[56]. 
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4.2.4 Stacking ensemble method 

We investigated a stacking ensemble learning approach that leverages the strengths of multiple 

machine learning algorithms. This approach utilizes a combination of base learners, each trained 

independently, and a meta-learner that integrates their predictions for a more robust and accurate 

classification. This study employed three base learners in this ensemble: XGBoost, Decision 

Tree, and Random Forest. Each learner offers distinct advantages. Decision trees are 

interpretable, allowing us to understand the decision-making process. Random forests improve 

stability by averaging predictions from multiple decision trees. XGBoost excels in handling 

complex relationships within the data. The researcher employed the trained base learners on the 

prepared foodborne disease dataset. Each learner independently analyzed the data and generated 

its own predictions for the disease categories. These initial predictions served as the foundation 

for the stacking approach. A logistic regression model acted as the meta-learner in this ensemble. 

It is a popular choice for the meta-classifier due to its interpretability, computational efficiency, 

and ability to provide probabilistic interpretations of class membership[57]. The outputs, or 

predictions, from the base learners (XGBoost, Decision Tree, Random Forest) were fed as new 

features into the logistic regression model. The actual disease labels in the dataset remained the 

target variable. Essentially, the meta-learner was trained to learn how to best combine the often-

complementary predictions from the base learners, aiming to create a more accurate final 

prediction. Once trained, the logistic regression meta-learner was utilized to generate the final 

classifications for foodborne diseases. By leveraging the collective knowledge of the tuned base 

learners, the stacking ensemble aimed to surpass the performance of any single base learner in 

classifying foodborne diseases. This approach not only benefits from the strengths of individual 

learners but also mitigates potential weaknesses of any single algorithm. The hyper parameter 

tuning for each base learner further enhances the overall performance and generalizability of the 

stacking ensemble for foodborne disease classification. 

 

4.3 Proposed Model Evaluation 

After training the models we evaluated the performance of them by using different machine 

learning evaluation metrics such as classification accuracy, confusion matrix, precision, recall, 

and f1_ score which were also used in previous studies[33]. 
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4.3.1 Confusion Matrix 

It evaluates the classification models' performance on test data and determines how good our 

classification model is, when classifying foodborne diseases. 

There are 4 important terms in the confusion matrix as mentioned in Table 4.1: 

True Positives: When the predicted output is YES and the actual outcome is also YES. 

True Negatives: These are the occasions where we predicted NO and the actual result is also 

NO. 

False Positives: These are instances where we predicted YES but the actual result was NO. 

False Negatives: These are occasions where we expected NO but got YES instead. 

For instance, in our case, the random forest model in Amoebiasis disease, classified 205 

instances as true positive, 2 instances as false positive, and 7 instances as false negative i.e. out 

of 214 confirmed cases 9 cases are wrongly classified as shown in Table 5.7. 

 

Table 4.1 Components of confusion matrix 

  Predicted classification 
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Class Amoebiasis Giardiasis Typhoid Fever 

Amoebiasis True Amoebiasis False Giardiasis False Typhoid Fever 

Giardiasis False Amoebiasis True Giardiasis False Typhoid Fever 

Typhoid Fever False Amoebiasis False Giardiasis True Typhoid Fever 

 

4.3.2 Classification Accuracy  

Classification accuracy is a metric that measures a classification model's performance by 

dividing the number of correct predictions by the summation of all predictions made as shown in 

Equation 4.1 [58] 
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                                                        (4.1) 

Where TP = True Positives, TN = True Negatives, FP = False Positives, and FN = False 

Negatives.                                                                                             

4.3.3 Precision  

Precision refers, to how many of the positive classes predicted accurately by the model were 

actually true. It is formulated as in Equation 4.2 

            
  

     
                                                                                                                   (4.2)  

4.3.4 Recall 

It is defined as the percentage of positive classes that our model accurately predicted out of a 

total of positive classes as shown in Equation 4.3  

         
  

      
                                                                                                                       

(4.3) 

4.3.5 F1-Score 

The F1-score integrates a classifier's precision and recall into a single metric by calculating their 

harmonic mean; it is typically used to evaluate the performance of classifiers as shown in 

           
                  

                
                                                                                                  (4.4)  

 

4.4 Machine Learning Libraries used for Proposed Model Development 

To make Python programming easier and faster for proposed model development, a variety of 

Python libraries were used. We won't have to create the same code for each program; instead, we 

have just imported the appropriate library for the intended program. Table 4.2 shows the libraries 

used for the proposed model development. 
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Table 4.2 Important libraries used in the proposed study 

No. Name of library Use 

1 NumPy Library used for working with arrays. 

2 Pandas Used to load and analyze data. 

3 Sklearn Used to preprocess the data and develop a 

machine learning models. 

5 Matplotlib Used to visualize the data 
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Chapter Five 

Experimental Result and Discussion 

This chapter presents the experimental setups used to develop the proposed model, the data 

preparation for model development and the hyper-parameter tuning, and the result obtained from 

the selected machine learning algorithms such as Decision Tree, Random Forest, XGBoost, and 

stacking ensemble learning and their performance is evaluated and compared using different 

evaluation metrics such as confusion matrix, accuracy, precision, recall, and f1 score. Finally, a 

suitable algorithm is selected to develop the proposed model based on the experiments 

conducted. 

5.1 Experimental Setup 

To conduct the experiment, the researcher used a machine that has the following qualifications: 

 Laptop computer with Intel(R) Core (TM) i5 -4210M 

 CPU with 2.6 GHZ speed 

 8GB RAM 

 250 GB SSD storage 

 Window 11 

 GPU is also used while running python code in Google Colab. 

5.2 Dataset Preparation for Model Development 

After collecting the necessary data, preparing the data for model development is a critical step in 

producing a high-performing model. To develop the proposed model, the confirmed cases of 

foodborne diseases data were collected and prepared in such a way that the model can 

understand. The total dataset which is prepared to build a proposed model is 3100 instances with 

24 attributes. Among those data, 2170 were reserved for training, 930 data were kept for testing 

based on 70/30 splitting and 2480 data were used in the training set and 620 data were used in the 

testing set in the 80/20 split. Figure 5.1 below shows the number of each foodborne disease data 

in percentage within our dataset. 
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Figure 5.1 Count of foodborne diseases in percent within a dataset 

5.3 Machine Learning Model Selection 

After preparing the data, ML models were chosen, trained, and tested throughout the modeling 

process. We tried a state of art machine learning algorithms such as Decision Tree, Random 

Forests, XGBoost, and Stacking ensemble learning model and compared their performance to 

build a good model. Finally, the outperforming model is selected to develop a proposed model 

based on the experiment conducted. 

5.4 Hyper-parameter Tuning 

Once we have constructed and tested our model, we examined whether its accuracy may be 

improved in any way. This is done by tuning the parameters for each model. The parameters 

contained in each model were selected in order to improve the accuracy of a specific model. To 

find these settings, parameter tuning is applied for all models by using grid search algorithms. 

The following Table 5.1 shows the parameters and their search space for each model and their 
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corresponding values to train the model using a grid search algorithm. Taking all search space 

and training the model with all of them is very hard because it takes long time to execute all fits. 

Thus, the researcher does not fully addressed all of the search spaces while training the model, 

instead taking the one which is recommended by the previous researchers [59] and used trial and 

error method to select the best parameters. 

Table 5.1 Hyper-Parameter Tuning for all models 

No. Model Parameters Search space Selected Parameter 

Values 

1 Decision Tree Criterion 'gini', 'entropy' 'gini' 

max_depth 20,21,23,24,25,26,None 23 

max_features 'int', 'float', 

'sqrt','log2',None 

None 

min_samples_leaf 1,3,5 1 

min_samples_split 2,5,10 2 

2 

 

XGBOOST 

 

learning_rate 0.001,0.01,0.1 0.1 

max_depth 3,4,5,6,8,10,12,15 15 

min_child_weight 1,3,5,7 1 

Gamma 0.0,0.1,0.2,0.3,0.4 0.0 

colsample_by tree 0.3, 0.4, 0.5 , 0.7 0.5 

3 Random forest Criterion 'gini', 'entropy' Gini 

max_depth 5, 10, 15,20,24,None 15 

max_features 'sqrt', 'log2', None Sqrt 

min_samples_leaf 1, 2, 4 1 

min_samples_split, 2, 5, 10 2 

n_estimators 100,150, 200, 300 200 
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5.5 Experiment Results 

In this section, the performance of each selected machine learning model is evaluated using 

different evaluation metrics such as accuracy, precision, recall, f1-score, and confusion matrix. 

5.5.1 Decision Tree 

In order to enhance the performance of the decision tree model, numerous parameters were 

employed, including criterion, max_depth, max_feature, min_samples_leaf, min_samples_split 

as stated in Table 5.1. Decision tree is a non-parametric learner known for interpretability but 

prone to overfitting[41]. Therefore, various evaluation metrics, including precision, recall, and fl- 

score, are used to evaluate the decision tree model's performance in each class in both 70/30 and 

80/20 train test splits as shown in Table 5.2. 

 

Table 5.2  DT model evaluation on each class using precision, recall, and f1_score 

Classes Train test Split Precision Recall F1 Score 

Amoebiasis 70/30 0.96 0.97 0.96 

80/20 0.95 0.98 0.96 

Giardiasis 70/30 0.96 0.93 0.95 

80/20 0.96 0.95 0.95 

Typhoid Fever 70/30 0.96 0.98 0.97 

80/20 0.97 0.96 0.96 

Macro avg 70/30 0.96 0.96 0.99 

80/20 0.96 0.96 0.96 

Weighted avg 70/30 0.96 0.96 0.96 

80/20 0.96 0.96 0.96 
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The train and test accuracy of the Decision Tree model on foodborne disease classification was 

carried out in order to examine how well the model was trained and classified the foodborne 

diseases using unseen data. According to the experiment results obtained from the decision tree 

model, the training accuracy is 99.45% and the test accuracy is 96.67% in a 70/30 split and 

99.44% of train and 96.45% of the test were obtained from 80/20 and also the overall performance 

of random forest model in terms of precision, recall and f1_score were depicted below in Table 5.3. 

Table 5.3 Evaluation of DT model in accuracy, precision, recall, and f1_score 

Model 

Name 

Train test 

Split 

Precision Recall Fl_score Train 

Accuracy 

Test 

accuracy 

DT 70/30 96.67% 96.67% 96.66% 99.45% 96.67% 

80/20 96.47% 96.45% 96.45% 99.44% 96.45% 

 

In the confusion matrix, which is depicted in Table 5.4 below, the findings of the Decision Tree 

model for the classification of foodborne diseases are enumerated. The decision tree model 

classified 899 instances correctly out of 930 instances and incorrectly classified 31 

instances. The interpretation of each classes are discussed as follow: The decision tree model 

correctly classified 308 Amoebiasis instances of  and incorrectly classified 10 instances (wrongly 

classified 5 instances as cases of Giardiasis and 5 instances as cases of Typhoid Fever), while the 

decision tree model correctly classified all 234 instances of Giardiasis and wrongly classified 16 

instances (wrongly classified 7 instances as Amoebiasis class and 9 instances as Typhoid Fever 

class), in Typhoid Fever class 357 instances are correctly classified and wrongly classified 5 

instances (wrongly classified 2 instances as Amoebiasis class and 5  instances as Giardiasis class). 

As per the result shown in Table 5.4, we can say Amoebiasis, Giardiasis and Typhoid Fever 

disease have shared symptoms in common. 
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Table 5.4  Confusion matrix of DT model 

 

 

5.5.2 Random Forest 

In order to enhance the performance of the random forest model, numerous parameters 

were employed including criterion,max_depth,max_features,min_samples_leaf,min_samples_spl

it,n_estimators as stated in Table 5.1. Therefore, various evaluation metrics, including precision, 

recall, and fl score, are used to evaluate the random forest model's performance in each class in 

both 70/30 and 80/20 train test splits as shown in Table 5.5. 
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Table 5.5 RF model evaluation on each class using precision, recall, and f1_score 

Classes Train test Split Precision Recall F1 Score 

Amoebiasis 70/30 0.99 0.96 0.97 

80/20 0.99 0.97 0.98 

Giardiasis 70/30 0.96 0.95 0.96 

80/20 0.98 0.95 0.96 

Typhoid Fever 70/30 0.96 1.00 0.98 

80/20 0.96 1.00 0.98 

Macro avg 70/30 0.97 0.97 0.97 

80/20 0.98 0.97 0.97 

Weighted avg 70/30 0.97 0.97 0.97 

80/20 0.97 0.97 0.97 

 

The train and test accuracy of the random forest model on foodborne disease classification was 

carried out in order to examine how well the model was trained and classified the foodborne 

diseases using unseen data. According to the experiment results obtained from the random forest 

model, the training accuracy is 99.45% and the test accuracy is 97.10% in a 70/30 split and 

99.44% of train and 97.58% of the test were obtained from 80/20 and also the overall performance 

of random forest model in terms of precision, recall and f1_score were depicted below in Table 5.6. 

Table 5.6 Evaluation of RF model in accuracy, precision, recall, and f1_score 

Model 

Name 

Train test 

Split 

Precision Recall Fl_score Train 

Accuracy 

Test 

accuracy 

RF 70/30 97.12% 97.10% 97.08% 99.45% 97.10% 

80/20 97.61% 97.58% 97.57% 99.44% 97.58% 
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The results of the random forest model on foodborne disease classification are summarized in the 

confusion matrix to show the number of correct and wrong classifications per class in 80/20 split. 

The Random Forest model correctly classified 605 instances and incorrectly classified 15 

instances out of 620 instances which were taken as a test set. Here, the detailed interpretation of 

each classes are described as follow: in the Amoebiasis class, the RF model correctly classified 

205 instances and wrongly classified 7 instances (wrongly classified 3 instances as Giardiasis 

class and 4 instances as Typhoid Fever class), and the random forest model correctly classified all 

159 instances in the Giardiasis class and wrongly classified 8 instances (wrongly classified 2 

instances as Amoebiasis class and 6 instances as Typhoid Fever class), in Typhoid Fever class 241 

instances are correctly classified and wrongly classified 0 instances. Based on the confusion 

matrix result depicted in Table 5.7, the researcher believes that the disease Amobiasis, Giardiasis 

and Typhoid Fever have shared the symptoms in common as indicated in Figure 3.6 -3.9. 

Table 5.7 Confusion matrix of RF model 
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5.5.3 eXtreme Gradient Boosting 

In the XGBoost model five parameters such as colsample_bytree, gamma, learning_rate, 

max_depth, min_child_weight were employed to increase the performance of the model. The grid 

search algorithm's suggestions were used to determine parameter values. The parameters utilized 

in the XGBoost model and their selected values based on the grid search technique are shown in 

Table 5.1. 

The XGBoost model for foodborne disease classification is evaluated using various evaluation 

criteria such as precision, recall, and fl-score. Each class has obtained its value of evaluation 

measures, as shown in Table 5.8. 

Table 5.8  XGBOOST model evaluation on each class using precision, recall and f1_score 

Classes Train test Split Precision Recall F1 Score 

Amoebiasis 70/30 0.98 0.97 0.97 

80/20 0.97 0.97 0.97 

Giardiasis 70/30 0.98 0.94 0.96 

80/20 0.98 0.94 0.96 

Typhoid Fever 70/30 0.96 1.00 0.98 

80/20 0.96 0.99 0.98 

Macro avg 70/30 0.97 0.97 0.97 

80/20 0.97 0.97 0.97 

Weighted avg 70/30 0.97 0.97 0.97 

80/20 0.97 0.97 0.97 

 

The XGBoost model on foodborne disease classification is evaluated for train and test accuracy 

to see how effectively the model was trained and classified foodborne diseases using unseen data. 

According to the findings of the XGBoost model experiment, the training accuracy is 99.45%, 

the test accuracy is 97.20% in 70/30 split and found 99.40% in train accuracy and 96.94% of test 

in 80/20 split, and also the overall performance of the model in terms of precision, recall and 
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f1_score were conducted as shown in Table 5.9 below. 

  

 Table 5.9 Evaluation of XGBOOST model in accuracy, precision, recall and f1_score 

Model name Train test split Precision Recall Fl_score Train 

Accuracy 

Test 

Accuracy 

XGBoost 70/30 97.24% 97.20% 97.19% 99.45% 97.20% 

80/20 96.96% 96.94% 96.93% 99.40% 96.94% 

 

In the confusion matrix, which is depicted in Table 5.7 below, the findings of the XGBoost 

model for the classification of foodborne diseases are enumerated. The XGBoost model 

classified 904 instances correctly out of 930 instances and incorrectly classified 26 

instances. The interpretation of each classes are discussed as follow: The XGBoost model 

correctly classified 308 Amoebiasis instances of  and incorrectly classified 10 instances (wrongly 

classified 5 instances as cases of Giardiasis and 5 instances as cases of Typhoid Fever), while the 

XGBoost model correctly classified all 334 instances of Giardiasis and wrongly classified 16 

instances (wrongly classified 6 instances as Amoebiasis class and 10 instances as Typhoid Fever 

class), in Typhoid Fever class 362 instances are correctly classified and wrongly classified 0 

instances. As per the result shown in Table 5.10, we can say Amoebiasis, Giardiasis and Typhoid 

Fever disease have shared symptoms in common. 

 Table 5.10 Confusion matrix for XGBOOST model 
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5.5.4 Stacking ensemble model 

This study investigated the effectiveness of a stacking ensemble learning model for classifying 

foodborne diseases. We employed Decision Tree, Random Forest, and XGBoost as base learners. 

The hyperparameters for each base learner were optimized using grid search, and the chosen 

parameters and their corresponding values are presented in Table 5.1. The model's performance 

was evaluated using accuracy, precision, recall, and F1-score metrics in each class in both 70/30 

and 80/20 train test splits as shown in Table 5.11. 

Table 5.11 Stacking model evaluation on each class using precision, recall and f1_score 

Classes Train test 

Split 

Precision Recall F1 

Score 

Amoebiasis 70/30 0.98 0.97 0.98 

80/20 0.99 0.97 0.98 

Giardiasis 70/30 0.98 0.94 0.96 

80/20 0.98 0.96 0.97 

Typhoid Fever 70/30 0.97 1.00 0.98 

80/20 0.97 1.00 0.99 

Macro avg 70/30 0.98 0.97 0.97 

80/20 0.98 0.98 0.98 

Weighted avg 70/30 0.98 0.98 0.98 

80/20 0.98 0.98 0.98 

 

The Stacking model on foodborne disease classification is evaluated for train and test accuracy to 

see how effectively the model was trained and classified foodborne diseases using unseen data. 

According to the findings of the stacking model experiment, the training accuracy is 99.40%, the 

test accuracy is 97.53% in 70/30 split and found 99.35% in train accuracy and 98.06% of test in 
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80/20 split, and also the overall performance of the model in terms of precision, recall and 

f1_score were conducted as shown in Table 5.12 below 

Table 5.12 Evaluation of stacking model in accuracy, precision, recall and f1_score 

Model name Train test split Precision Recall Fl_score Train 

Accuracy 

Test 

Accuracy 

Stacking model 70/30 97.55% 97.53% 97.52% 99.40% 97.53% 

80/20 98.08% 98.06% 98.06% 99.35% 98.06% 

 

In the confusion matrix, which is depicted in Table 5.13 below, the findings of the stacking 

model for the classification of foodborne diseases are enumerated. The stacking model classified 

608 instances correctly out of 620 instances and incorrectly classified 12 instances. The 

interpretation of each classes are discussed as follow: The stacking model correctly classified 

206 Amoebiasis instances of  and incorrectly classified 6 instances (wrongly classified 3 

instances as cases of Giardiasis and 3 instances as cases of Typhoid Fever), while the stacking 

model correctly classified all 161 instances of Giardiasis and wrongly classified 6 instances 

(wrongly classified 2 instances as Amoebiasis class and 4 instances as Typhoid Fever class), in 

Typhoid Fever class 241 instances are correctly classified and wrongly classified 0 instances. As 

per the result shown in Table 5.13, we can say Amoebiasis, Giardiasis and Typhoid Fever disease 

have shared symptoms in common. 

 Table 5.13  Confusion matrix for stacking model 
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5.6 Result Discussion and Comparative Analysis of all Models 

In this section, the comparative analysis of all models is done and the outperforming and suitable 

model is selected for proposed model development based on the experiment result. 

Based on the experiment conducted, each model obtained its accuracy value as follows: the 

decision tree model obtained 96.5%, random forest have  97.6%, XGBoost have 96.9% and 

Stacking ensemble learning method obtained 98.1% in a 80/20 split. According to the 

aforementioned result obtained on a 80/20 split and as depicted in Figure 5.2, Stacking ensemble 

learning model outperformed other models in terms of accuracy. 

 

Figure 5.2 Comparison of all models in terms of accuracy 

 

The precision, recall, and f1 score of all models are presented in Table 5.14 in order to evaluate 

how accurately the models trained and correctly classified foodborne diseases using unseen data 

in both the 80/20 and 70/30 split. 
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Table 5.14 Comparisons of all models in terms of precision, recall, and f1_score 

Model Train test split Precision Recall F1_score 

DT 70/30 0.9667 0.9667 0.9666 

80/20 0.9647 0.9645 0.9645 

RF 70/30 0.9712 0.9710 0.9708 

80/20 0.9761 0.9758 0.9757 

XGBOOST 70/30 0.9724 0.9720 0.9719 

80/20 0.9696 0.9694 0.9693 

 Stacking  70/30 0.9755 0.9753 0.9752 

80/20 0.9808 0.9806 0.9806 

 

In  model random forest and stacking , 80/20 splits outperform 70/30 splits in terms of precision, 

recall, and f1 score, and in this split Stacking ensemble learning model performs better among 

others in terms of all above-mentioned metrics as shown in Table 5.14 above and graphically 

shown in Figure 5.3. 

 

Figure 5.3 Comparison of all models in terms of precision, recall, and f1_score 
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The accuracy of each model is evaluated for train and testing to as certain how well 

it classified foodborne diseases using unseen data as shown in Table 5.15. 

 

Table 5.15 Comparisons of all models in terms of train and test accuracy 

Model Train test split Train accuracy Test accuracy 

 DT 70/30 99.45% 96.67% 

80/20 99.44% 96.45% 

RF 70/30 99.45% 97.10% 

80/20 99.44% 97.58% 

XGBOOST 70/30 99.45% 97.20% 

80/20 99.40% 96.94% 

Stacking 70/30 99.40% 97.53% 

80/20 99.35% 98.06% 

 

The Stacking model outperforms others in terms of test accuracy as shown in Table 5.15 above in 

both the 70/30 split and 80/20 split. However, 80/20 outperforms the 70/30 split. 

 

Figure 5.4 Comparison of all models in terms of train and test accuracy 
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Based on the above experimental results, the Stacking model outperformed other machine 

learning models such as Decision Tree, Random Forest, and XGBoost in terms of accuracy, 

precision, recall, and F1-score. Therefore, the researcher selected the Stacking ensemble learning 

model for the proposed model development due to its superior performance. 

 

The reason behind the Stacking model outperforming others in all evaluation criteria is that its 

inherent ability to leverage the strengths of multiple base learners. In this research Stacking 

ensembles combined the classifications from selected models, which are decision trees, random 

forests, and XGBoost, to create a more robust and generalizable final model. This ensemble 

approach allowed the stacking model to capture different aspects of the data that individual base 

learners might miss. Furthermore, the hyperparameter tuning the researchers performed on each 

base learner using grid search likely contributed to the stacking model's success. By optimizing 

the hyperparameters of each individual model, the researcher ensured they functioned at their 

peak potential. These optimized base learners were then incorporated into the stacking 

framework, further enhancing the overall ensemble's performance. Finally, the researcher choice 

of logistic regression as the meta-learner in the stacking model might have also played a role. 

Logistic regression excels at learning linear relationships between features and the target 

variable. This characteristic might have been particularly effective in this case, allowing it to 

efficiently combine the diverse classifications from the tuned base learners, ultimately leading to 

the strong performance observed in above experiment. 

Due to the aforementioned reasons and experiment conducted, the Stacking model outperforms 

other machine learning models like Decision Tree, Random forest, and XGBoost with an 

accuracy of 98.06%. Despite the fact that, the execution time of other machine learning 

algorithms takes less time than the stacking model, it obtained better performance in terms of 

accuracy, precision, recall, and f1_score. Therefore, we can say the Stacking model is a suitable 

model for foodborne disease classification and finally it is selected for proposed model 

development. As result, the question raised by a researcher under research question two is 

answered here.  
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In reviewing related literature, several studies have explored machine learning models for 

disease classification and prediction, particularly focusing on foodborne diseases like Typhoid 

Fever. Oguntimilehin et al [40] utilized Rough Set machine learning techniques to classify 

Typhoid Fever diseases, achieving a training set accuracy of 95% and a testing set accuracy of 

96%. Similarly, Radhika et al[41] employed Decision Trees for disease classification based on 

symptoms, achieving accuracy, but their focus was broader and did not emphasize prevalent 

foodborne diseases. Wang et al [14] utilized various machine learning methods for classifying 

foodborne disease pathogens, with the gradient boost decision tree model achieving the highest 

accuracy. Furthermore, Leo et al[43] and Bhuiyan et al[45] explored machine learning 

algorithms for cholera and typhoid fever prediction, respectively, while Grampurohi et al[44] 

aimed to classify various diseases including Typhoid Fever. Additionally, Kumar et al[46] 

focused solely on predicting pathogens in foodborne diseases. However, none of these studies 

explicitly focused on combining multiple models through ensemble learning techniques like 

Random Forest, XGBoost, or Stacking to enhance classification accuracy. Therefore, the 

contribution of this research lies in its application of a Stacking ensemble learning model, 

leveraging the strengths of various base learners, hyperparameter tuning, and logistic regression 

as the meta-learner to achieve superior performance in terms of accuracy, precision, recall, and 

F1-score, thereby addressing the identified gap in the literature. 
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Chapter Six 

Conclusion and Recommendation 

6.1 Conclusion 

As Ethiopia is a developing country, many individuals suffer from the effect of various 

foodborne diseases. Ethiopia has a high infection rate and most foodborne diseases are poorly 

controlled due to a lack of technology that can quickly classify foodborne diseases and aid 

medical personnel in making a more accurate diagnosis. There are some previous studies that 

tried to develop a classifier model for foodborne diseases. However, there is a lack of research 

done to classify the foodborne diseases that are widespread in Ethiopia. Thus, the researcher 

motivated to develop a classifier model that can easily classify foodborne diseases using machine 

learning algorithms. 

To achieve the objective of the proposed study, the necessary data were collected from two 

Hospitals namely Gesuba primary hospital (GPH) and WSUCSH. The confirmed patient cases of 

foodborne diseases were collected based on purposive sampling and expert recommendations. 

The researcher used qualitative and quantitative research approaches while collecting the 

primary and secondary data from the hospitals. The qualitative data were taken from hospitals by 

interviewing the experts in hospital. 3100 secondary data were collected from both GPH and 

WSUCSH by recording the confirmed cases of foodborne diseases from 2012 to 2015 E.C. 

Experimental research design is applied in order to select a suitable machine learning model for 

the proposed study based on the experiments conducted. To prepare and analyze the collected 

data, different python libraries and modules such as Pandas, NumPy and Sklearn were used. After 

preprocessing the collected data, different state of art machine learning such as Decision Tree, 

Random Forest, XGBoost, and stacking ensemble learning model were applied to train a model 

and their performance was evaluated using various evaluation metrics such as confusion matrix, 

accuracy, precision, recall, and f1_score. Based on the evaluation made, among all trained 

models, the one which outperforms other models in terms of accuracy, precision, recall, and 

f1_score is selected for proposed model development. To train a model, 70/30 and 80/20 splits 

were applied and the 80/20 split results outperforms the 70/30 split in all aforementioned 
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evaluation criteria. In the 80/30 split, the Stacking ensemble model outperforms others with an 

accuracy of 98.1% followed by Random forest with an accuracy of 97.5%, XGBoost with 96.9%, 

and Decision Tree with 96.5%. Therefore the researcher selected the stacking ensemble model 

for proposed model development based on its good performance while training and testing. 

Finally, we can say the stacking ensemble model is suitable for foodborne disease classification 

based on the experiment conducted and its computational nature while training the data. 

Therefore, the researcher addressed the research questions raised and the research gap identified in 

the literature as follow: 

In order to find an answer to research question 1(What are the important attributes that are 

used to classify foodborne diseases?), we collected both primary and secondary data on 

foodborne diseases. In order to know the importance of each feature, the secondary data was 

subjected to feature analysis using random forest feature importance. Based on feature 

importance analysis, some features obtained less score. So, instead of simply dropping the 

features which have less score, the researcher also made consultation with domain experts’ to 

know the importance of those features in real scenario. To understand the relationship between 

each feature, the correlation coefficient matrix for each feature is also computed. As result, the 

researcher has able to identify the importance of each feature in a dataset. Therefore, the question 

raised under research question 1 has got an answer. 

To answer research question 2(Which machine learning model is suitable to classify 

foodborne diseases?), the models were trained using state-of-art machine learning algorithms 

such as DT, RF, XGBoost, and stacking ensemble learning method, and their performance is 

evaluated using different evaluation metrics like accuracy, precision, recall, and f1_score. Then, 

the suitable model is selected based on evaluation and comparison made. Finally, the proposed 

model is developed. Based on the experiment conducted, the stacking ensemble learning model 

outperforms others and is selected for foodborne disease classification. In view of this fact, the 

question raised under research question 2 has got an answer. In addition to this, the researcher 

attempted to fill the research gap identified in the literatures by gathering secondary data on 

foodborne diseases (which are not included in the previous studies) that are prevalent in study 

area and developed a proposed model by using state of art machine learning model. 
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6.2 Recommendation 

We planned to cover the foodborne diseases which are most prevalent in Ethiopia but the 

researcher couldn’t cover all of them due to budget limits and lack of data on some foodborne 

diseases like Campylobacter Infections, rabies, anthrax, brucellosis, leptospirosis, 

echinococcosis, Shiga Toxin-Producing Escherichia coli (STEC). Thus, the researcher covered 

three foodborne diseases namely Amoebiasis, Giardiasis, and Typhoid Fever classification using 

machine learning and stacking ensemble learning model. In the future, the researcher would like 

to recommend for other researchers to classify all foodborne diseases prevalent in Ethiopia using 

Stacking ensemble machine learning algorithms. 

6.3 Contribution 

The proposed study contributed to the existing knowledge and practice by developing an 

appropriate machine learning model that can classify foodborne diseases. In addition to this, the 

study showed the direction for the future researcher to classify the foodborne diseases which are 

prevalent in Ethiopia. Moreover, we contributed to the future researcher by collecting and 

preparing the secondary data of foodborne diseases which is in manual format, and converted it 

to machine understandable format. Because, it takes a great effort to collect each confirmed cases 

of foodborne diseases from the patient history card and prepare it for model development. 

Finally, the proposed study delivered a classifier model for foodborne disease classification 

which can help healthcare professionals to make a better diagnosis. 
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APPENDICES 

Appendix A: Sample Dataset of Foodborne Disease before Preprocessing 

 

 

Appendix B: Sample Dataset after Preprocessing 
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Appendix C: Sample Python Libraries used for Proposed Model Development 

import numpy as np 

import pandas as pd 

import seaborn as sns 

import plotly.express as px 

from matplotlib import pyplot as plt 

from sklearn.model_selection import cross_val_score 

from collections import Counter 

from sklearn.preprocessing import OneHotEncoder 

from sklearn.preprocessing import LabelEncoder 

from sklearn.preprocessing import MinMaxScaler 

from sklearn.preprocessing import FunctionTransformer 

from sklearn.preprocessing import StandardScaler 

from sklearn.model_selection import train_test_split 

from sklearn.metrics import confusion_matrix, recall_score, precision_score, f1_score, 

accuracy_score, roc_auc_score 

from sklearn.metrics import classification_report 

from sklearn.metrics import roc_auc_score, RocCurveDisplay 

from sklearn.metrics import confusion_matrix, ConfusionMatrixDisplay 

from sklearn.tree import DecisionTreeClassifier 

from sklearn.ensemble import StackingClassifier 

from sklearn.ensemble import RandomForestClassifier 
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from xgboost import XGBClassifier 

from sklearn.linear_model import LogisticRegression 

Appendix D: Data Preprocessing 

# Checking the number of missing values in each column 

data.isnull().sum() 

#Handling missing values  

# Columns to impute with mode 

impute_cols = ['AF', 'diaria', 'poorapitite', 'earlyfatigue', 'belching', 'weakness', 'Chills'] 

# Function to impute missing values with the mode (most frequent value) 

def impute_mode(df, cols): 

    for col in cols: 

        df[col].fillna(df[col].mode()[0], inplace=True) 

    return df 

# Impute missing values in the copy of the DataFrame 

df_imputed = impute_mode(data.copy(), impute_cols) 

# Print the imputed DataFrame 

print(df_imputed) 

#min max Normalization  

from sklearn.preprocessing import MinMaxScaler 

scaler = MinMaxScaler() 

df[['age']] = scaler.fit_transform(df[['age']]) 
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Appendix E: Experiments for hyper parameter selection using Grid search 

from sklearn.model_selection import GridSearchCV 

from sklearn.ensemble import RandomForestClassifier 

param_grid = { 

    'n_estimators': [100,150, 200, 300],  

    'max_depth': [5, 10, 15,20,24,None],   

    'min_samples_split': [2, 5, 10],   

    'min_samples_leaf': [1, 2, 4],   

    'max_features': ['sqrt', 'log2', None],   

    'criterion': ['gini', 'entropy']   

} 

# Create a Random Forest Classifier instance (adjust random_state if needed) 

model = RandomForestClassifier(random_state=0) 

# Set up GridSearchCV with appropriate scoring metric 

grid_search = GridSearchCV(estimator=model, param_grid=param_grid, scoring='accuracy', 

cv=5, n_jobs=-1) 

# Fit the grid search to the training data 

grid_search.fit(df_trainX, df_trainY) 

# Print the best parameters and score 

print("Best Parameters:", grid_search.best_params_) 

print("Best Cross-Validation Score:", grid_search.best_score_) 

# Access the best model from GridSearchCV 
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best_model = grid_search.best_estimator_ 

Appendix F: Sample Code Selected Model  

estimators = [] 

estimators.append(('DecisionTree', DecisionTreeClassifier(criterion= 'gini', max_depth= 23, 

max_features= None, min_samples_leaf= 1, min_samples_split= 2,random_state=101) )) 

estimators.append(('RandomForest', RandomForestClassifier(criterion='gini', max_depth=15, 

max_features= 'sqrt', min_samples_leaf= 1, min_samples_split=2, n_estimators= 

200,random_state=101))) 

estimators.append(('XGB', XGBClassifier(objective='multi:softprob',colsample_bytree= 

0.5,gamma=0.0, learning_rate=0.1, max_depth=15, min_child_weight=1,random_state=101))) 

meta_learner=LogisticRegression(multi_class='multinomial') 

from sklearn.ensemble import StackingClassifier 

SC = StackingClassifier(estimators=estimators,final_estimator=meta_learner) 

SC.fit(df_trainX, df_trainY) 

y_pred = SC.predict(df_testX) 

print(f"\nStacking classifier training Accuracy: {SC.score(df_trainX, df_trainY):0.2f}") 

print(f"Stacking classifier test Accuracy: {SC.score(df_testX, df_testY):0.2f}") 
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Appendix G: Ethical Clearance from Hawassa University IRB. 

 

 

 

 

 

 

 



78 
 

Appendix H: Sample Interview Questions for Domain Expert 

1. What are the most prevalent foodborne diseases in the study area? 

2. What are the factors that contribute to the high burden of foodborne diseases? 

3. Which foodborne diseases have shared symptoms in common? 

 

4. How to identify the foodborne diseases which have shared symptoms in common? 

 

5. From which area the patients are come for foodborne diseases treatment to GPH and 

WSUCSH? 

6. In which age group and gender, the foodborne disease is prevalent in the study are? 

 


