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ABSTRACT 
 

This research proposes machine learning techniques to develop models that would facilitate 

decision-making in health informatics. It focuses on using efficient machine learning techniques 

to solve the pressing need in the two main disease burdens of Africa, which are Malaria and 

Tuberculosis. In 2019, there were an estimated 229 million malaria cases and 409,000 deaths 

worldwide, with Africa having the 94% of these cases and deaths. In 2019, Nigeria, Niger 

Republic, DRC, Burkina Faso, Tanzania, and Mozambique accounted for approximately 50% of 

the malaria deaths worldwide. Climate variability is one of the leading factors that influence 

malaria prevalence and transmission, especially in Africa. However, the effect of climate 

variability on malaria varies across geographical locations. Implementation of a surveillance 

system that could predict possible malaria outbreak is one of the efforts to eradicate malaria. A 

surveillance system is domain-specific since what works for one location may not work for 

another. This research employed an eXtreme Gradient Boosting (XGBoost) algorithm, a machine 

learning-based model, to predict the incidence of malaria in the six malaria-endemic countries of 

sub-Saharan Africa. XGBoost is scalable and efficient in memory usage and drives fast learning 

through parallel and distributed computing. It is used here to develop a malaria incidence 

classification system that enables early detection of malaria outbreak or epidemics and typically 

helps policymakers to take pre-informed decisions on malaria intervention.  

Tuberculosis has an estimated 10 million cases and about 1.4 million deaths in 2019 while 

multidrug-resistant Tuberculosis remains a public health crisis and a threat to health security. 

Methods of diagnosing Tuberculosis is sometimes invasive, takes much time and demands the 

presence of an expert. Therefore, this research focuses on applying the Frequent Pattern growth 

algorithm to discover hidden reoccurring patterns on Drug-Resistant Tuberculosis symptoms and 

generates relevant association rules used to fit a logistic regression model and classify the patient 

into two target classes. The system is a knowledge capturing one that assists in the quick 

diagnosis of Drug-Resistance Tuberculosis and leads to breakthroughs in treatments based on 

correlations found from the collection and integration of Drug-Resistance Tuberculosis data.  

Accuracy of diagnosis is crucial in the medical field because wrong diagnosis or prediction 

might lead to severe consequences. The performance of the proposed models was evaluated 

using some performance metrics such as Area under the curve (AUC) of Receiver operating 

characteristic (ROC), classification accuracy, precision, recall and F1-score. The model was also 

compared with other models using the same metrics; an Akaike information criterion was used to 

select the best model. The comparisons showed that the proposed models performed better than 

other models for the intended applications; this proved the efficiency of the models. This 

research work presents a unique knowledge-based decision support system that can aid 

physicians, governments, and other health policy makers in making the informed clinical 

decisions. 

 

Keywords: Machine Learning, Health Informatics, Malaria, Drug-resistance Tuberculosis, 

XGBoost, Logistic regression, FP-Growth algorithm. 
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CHAPTER 1 

Introduction 
 

1.1 Background of the Study:  

Machine learning is a term coined in the late 1950s by Arthur Samuel with the ultimate objective 

to develop algorithms that are capable of learning, improving over time and useful for 

predictions (Samuel, 1959). It is a field of computer science that gives computer systems the 

ability to learn progressively with data, without being explicitly programmed. Healthcare 

Informatics (HI) is a modern and rapidly developing arena that deals with medical and health 

data by integrating computer science and information technology. Machine Learning 

advancements help health care move a step ahead of challenges (Baranauskas & Macedo, 2012). 

Two of the most common machine learning applications in healthcare are decision support 

systems (DSS) and knowledge discovery (Wojtusiak, 2014). A decision support system (DSS) 

can be constructed and maintained using machine learning models, and it aids decision-makers in 

various situations. Also, knowledge discovery, which is primarily derived from medical datasets, 

is applied to study healthcare delivery systems, management, and billing patterns (Wojtusiak, 

2014). ML is divided into supervised, unsupervised, and reinforcement learning (Kulkarni, 2017) 

i. Supervised learning (SL): is a type of Machine Learning that learns from labelled training 

data to predict unforeseen data outcomes. SL solves both classification and regression tasks 

by finding specific relationships or structures in the input data that allow effective output 

data. Some of the SL algorithms include Linear regression, Logistic regression, Support 

Vector Machine (SVM), Artificial Neural Network, Naïve Bayes.  
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ii. Unsupervised learning (UL): Uses unlabeled data to find patterns in data. This algorithm is 

very efficient for detecting latent characteristics that may not be immediately obvious and 

for exploratory analysis because it can automatically identify structures in data. Clustering 

and association pattern mining is the major form of UL. Clustering involves dividing a 

given number of data points into similar groups referred to as clusters. Examples of 

clustering algorithm includes, k-means algorithm, k-medians algorithm, k-medoids 

algorithm, hierarchical clustering algorithm, and graph-based algorithm. Association 

pattern mining is a technique used mostly in market-basket analysis to find the associations 

between group of items or attributes. The following are the most frequently used algorithm 

for Association pattern mining, Apriori Algorithm, Equivalence Class Transformation 

(ECLAT) algorithm, and Frequent-pattern growth algorithm.  

iii. Reinforcement Learning (RL): RL is a type of Machine Learning technique that teaches a 

computer to learn in a collaborative environment via trial and error using feedback from its 

actions and experiences. It is mostly applied in domains where simulated data is readily 

available, like gameplay and robotics. 

Healthcare service providers generate significant volumes of structured and unstructured data 

daily that are difficult to analyze and process using traditional methods (Chowriappa et al., 

2014). The four major healthcare applications that can benefit from Machine Learning 

techniques are prognosis, diagnosis, treatment, and clinical workflow (Ahmad et al., 2018). 

Prognosis involves predicting the expected development of a disease, the likelihood of survival, 

identifying symptoms and signs related to a specific disease, and finding out if they will worsen, 

improve, or remain stable over time (Maity & Das, 2017). Diagnosis is a systematic way of 

identifying a disease by its symptoms and signs (Sutabri et al., 2019). Machine Learning is used 
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in medical treatment to detect the effects of drugs on diseases, creating room for further 

diagnosis (Manjiri et al., 2019). Then clinical workflow is defined as directed series of steps 

comprising a clinical process that is: (1) performed by people or equipment/computers and (2) 

consumes, transforms, and produces information. Some already claim that machine learning and 

Artificial Intelligence diagnose disease and treat illness earlier and better (Seneviratne & Shah, 

2019). Healthcare delivery concerns are most predominant in Africa, and it is imperative that the 

system of medical diagnosis in Africa must be automated(Araújo et al., 2016). One of the main 

objectives of Machine Learning in healthcare is to help automate its operation and predict 

diseases and gain insight from the hidden patterns, facts, or trends that may have been hidden in 

the data (Skorburg, 2020). 

 

Malaria disease and Tuberculosis continue to be the major disease burden of the world, 

especially in Africa (National Academies of Sciences  and Medicine, 2017), (Gouda et al., 2019) 

and (Abebe et al., 2019). The World Health Organization (WHO) estimate in 2019 showed that 

about 229 million clinical malaria cases occurred, and 409,000 people died (World malaria 

report, 2019). Malaria has profoundly affected human lives for thousands of years and remains 

one of the most serious life-threatening diseases in many developing countries (Molineaux, 

1988). Sub-Saharan Africa is a hotspot for its transmission, as the region recently has about 90% 

estimated incidence and death rates in the world. Plasmodium parasites of four main species: 

Plasmodium malariae, Plasmodium falciparum, Plasmodium ovale, and Plasmodium vivax cause 

malaria but among these, P. falciparum and P. vivax is the most common cause of malaria 

infection and is mostly transmitted to human through the bite of infected female anopheles 

mosquito known as malaria vector (White & Ho, 1992).  The intensity of malaria transmission is 
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dependent on the type of parasite, the vector, the human host, and the environment that supports 

the life of the vector. Malaria diagnosis involves identifying malaria parasites or antigens in the 

patient blood. The most common methods of diagnosing malaria include clinical diagnosis where 

the physician diagnoses the patient based on physical signs and symptoms and other physical 

examination. It is the least expensive and most widely practiced method. However, this method 

poses a lot of challenge as it lacks specificity in signs and symptoms of malaria which may result 

in mis-diagnosis and mistaken treatment of malaria. Another method of diagnosing malaria is a 

microscopic diagnosis by staining thin and thick blood smears using Giemsa, Wrights or Field’s 

stains. It is referred to as a gold standard for laboratory diagnosis and has been in use for more 

than one century(Tangpukdee et al., 2009). However, this method is slow, requires an expert's 

presence, and cannot function without electricity. The WHO recognizes rapid diagnostic test 

(RDT) as a simple, cost-effective and accurate diagnostic test for malaria that could overcome 

the expertise limitation linked with microscopy. It is fast, easy to perform; it is easy to interpret 

and does not require electricity or specific equipment. Nevertheless, unpredictable sensitivity 

might occur due to environmental factors. Polymerase Chain Reaction is another method of 

diagnosing malaria that is reliable and fast, and can even diagnose drug-resistance threads in a 

patient (Zimmerman & Howes, 2015). However, it is costly, mostly beyond the reach of many 

developing countries, it also requires highly skilled experts to operate. The World Health 

Organization (WHO) advises presumptive diagnosis as the basis for first-line treatment of 

uncomplicated malaria in places where a parasitological test is not possible. Symptoms 

associated with malaria infection are fever, headache, chills, fatigue, severe anaemia, dizziness, 

vomiting, anorexia, and pruritus, myalgia, and respiratory distress; although people in malaria 

endemic areas may develop some immunity that allows the occurrence of asymptomatic malaria. 
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Anti-malaria drugs like chloroquine and sulfadoxine-pyrimethamine (SP) are administered for 

treating malaria disease. In African settings, controlling the spread of malaria and mosquitoes 

(vectors) include use of anti-malaria drugs, insecticides, larvicides, the destruction of breeding 

grounds, and insecticide-treated nets (Aikins et al., 1993).  

 

The effects of weather and climatic factors on diseases' epidemiology have received increasing 

attention in recent years; consequently, malaria, although a vector-borne disease, is thought to be 

particularly influenced by climate change (Lindsay & Birley, 1996).  Meteorological variables 

such as rainfall, relative humidity, and temperature influence malaria transmission through their 

effects on parasite-vector development and survival rates (Paaijmans et al., 2009). The 

development of parasites in the mosquitoes, which is part of the malaria transmission cycle, is 

very sensitive to external temperatures. The rate of larval development (and subsequent increase 

in the size of mosquito populations) is also dependent upon water, temperatures and the quantity 

and quality of breeding sites (Githeko & Ndegwa, 2001).  While low temperatures can restrict 

malaria transmission in tropical highlands or at higher latitudes (Parham & Michael, 2010), 

anomalous rainfall causes an increase in malaria vector breeding and survival rate in semi-arid 

areas by influencing environmental factors such as vegetation and swamps that provide suitable 

breeding sites (Abeku, 2007). Africa is considered the most vulnerable continent to the effects of 

climate change, and African political leaders are beginning to show some positive concern as this 

was the centre of their discussion at the April 2020 African Union summit held in Addis Ababa. 

The genetic influence of climatic factors and the complete life cycle of mosquito vectors are key 

factors considered while developing the malaria early warning system (MEWS). The 

epidemiology of malaria deals with the reasons for the prevalence of disease and the nature and 
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causes of its variation. Recently, many studies are beginning to use climatic/environmental, 

entomological, and morbidity data to build a MEWS that forecasts malaria incidence before its 

occurrence (Zinszer et al., 2012) in consensus with the "End malaria strategy" by the WHO (S. 

Kumar et al., 2015) as interannual climate variability is an important determinant of epidemics in 

parts of Africa. Although international agencies and academic researchers have advocated the 

development of early warning systems for malaria for many years, practical progress in this area 

has been relatively slow(Cox & Abeku, 2007). Recent reports show that rates of mortality and 

morbidity with malaria epidemics is significantly high due to late interventions to prevent its 

occurrence, and this might be as a result of inadequate epidemic response mechanisms, which 

reflects on the inability of decision-makers to anticipate or identify epidemic occurrence(Cox & 

Abeku, 2007).  

 

In 2019, Nigeria (23%), the Democratic Republic of the Congo (11%), the United Republic of 

Tanzania (5%), Burkina Faso (4%), Mozambique (4%), and Niger (4%) approximately 

accounted for about half of all malaria deaths worldwide (World malaria report, 2019), as shown 

in Figure 1.1. Despite the efforts to eradicate malaria disease transmission and infection, the 

malaria incidence or epidemic rate in these countries remains quite insignificant (Alonso & 

Noor, 2017). Nevertheless, malaria outbreak is preventable; therefore, implementing an effective 

climate-based MEWS would positively impact the malaria eradication research and help the 

decision-makers regulate the climatic factors that support mosquito vectors' breeding sites 

(Rosenthal et al., 2019).  
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Figure 1.1 Global Malaria death rate (Data source: WHO global malaria report 2019). 

 

MEWS is domain-specific due to heterogeneity in the pattern of malaria transmission, hence the 

need to develop a unique epidemic malaria surveillance mechanism in the regions susceptible to 

the disease. This research documents an in-depth Machine Learning based study of the six 

malaria-endemic regions of sub-Saharan Africa; it analyzed the effects of variability in each 

climate factors such as precipitation, relative humidity, atmospheric temperature, surface 

radiation, and atmospheric pressure, on malaria incidence in the following countries, including, 

Nigeria, Burkina Faso, DRC, Niger Republic, Mali, and Cameroon. This research further applied 

an efficient machine learning technique known as an extreme gradient boosting algorithm to 

develop a malaria incidence prediction model that predicts annual variations in malaria incidence 

using climate variability. It is worth noting that malaria instability occurs when the number of 
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malaria cases drops seasonally below or above the normal average.  To the best of our 

knowledge, no recent studies have considered predicting anomalies in malaria incidence based 

on climate variability.  Therefore, the goals of this research include evaluating the effect of inter-

annual climate variability on malaria incidence, develop a malaria incidence classification 

system using a combination of climatic variables and annual malaria incidence report to help 

predict and prevent malaria outbreak in the six endemic countries. This research is a data-driven 

knowledge discovery research that can fill knowledge gaps and assist clinical decision-makers.  

 

Tuberculosis (TB) is an airborne infectious disease whose causative agent was discovered in 

1882 by Robert Koch to be organisms of the Mycobacterium tuberculosis complex (Daniel et al., 

1994). Infection with M. tuberculosis can evolve from containment in the host, in which the 

bacteria are isolated within granulomas (latent TB infection), to a contiguous state, in which the 

patient will show symptoms that include cough, fever, night sweats, and weight loss. TB bacillus 

is classified into drug-sensitive TB (DS-TB) and drug-resistance TB (DR-TB) based on its 

sensitivity to medication: DS-TB responds to known anti-tuberculosis medicines as the patient 

recovers from the disease after medication which is not the case with the drug-resistant strain of 

TB (Pai et al., 2016). Clinical techniques for TB diagnosis include sputum smear microscopy and 

culture-based methods; they are the current reference standards that requires more advanced 

laboratory capacity and can also take up to 3 months to provide results. The rapid molecular test 

is a much faster technique that can simultaneously test for TB and RR-TB and provide quick 

results. This technique has much better accuracy when compared to the sputum smear 

microscopy (Guillermo del Rey-Pineda, 2015). However, these conventional clinical methods 

are costly and require specialized laboratory equipment by a well-trained skilled expert(s) 
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(Huddart et al., 2016). They are also invasive as they require the collection and proper handling 

of blood or tissue samples from the patient's internal organs. Collecting these samples might 

result in harmful effects to patients, such as damage to organs. The predictive diagnosis of TB 

using non-clinical means is driven by the need to obtain faster results cost-effectively, especially 

in circumstances where skilled or expert laboratory staff is limited.  

TB continues to be a major cause of morbidity and mortality in many low-income and middle-

income countries, and drug-resistant TB is often a major concern in many conditions(“Global 

Tuberculosis Report 2020,” 2020). The incidence rate of TB is reducing, yet not so fast enough 

to reach the first milestone of the End TB Strategy; that is, a 20% reduction between 2015 and 

2020 (Dirlikov et al., 2015). Despite increases in these strategies, about 2.9 million gaps remain 

between the number of people newly diagnosed and reported and the 10 million people estimated 

to have developed TB in 2019(“Global Tuberculosis Report 2020,” 2020). Ideally, the WHO in 

African Region has made good progress, with a 16% reduction. However, the challenges of 

controlling TB infection and developing more effective strategies to reduce TB and concerted 

effort is required to achieve the WHO's global TB control strategy. In 2015, WHO released the 

publication “Digital health” for the End TB Strategy: an agenda for action to end TB 

(Organization, 2015). The emergence of electronic health records such as diagnostic reports, 

doctor's prescription, medical images, pharmacy records, and research data from medical 

journals has made it imperative to digitize the data generated by healthcare industries to improve 

the quality of treatment, early diagnosis of diseases to avoid risk factors, and better manage 

information systems in hospitals(Gangopadhyay et al., 2016). 
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Furthermore, automating some of the components that require human expertise would allow the 

healthcare industry to build and validate more rapidly. DR-TB is an urgent public health concern 

in infectious disease as incorrect detection results in the wrong prescription of treatments, 

leading to increased morbidity and mortality. Early detection of Mycobacterium 

tuberculosis (MTB) is important to decrease mortality. World-wide efforts at minimizing TB 

include the WHO's "End TB 2016–2020 strategy" to enhance the diagnosis, treatment, and 

control of TB, especially in developing countries (Cohn et al., 1997). Efficient measures are 

needed to minimize the prevalence of DR-TB; these include ensuring that TB patients across the 

world stick to the best available treatment regimen(Laurenzi et al., 2007). Also, developing novel 

drugs such as Clofazimine (CFZ) for DR-TB is promising, although clinical trials of CFZ show it 

causes some adverse effects, such as discolouration of the skin and mucous membranes 

(Widyasrini & Probandari, 2015). The predictive diagnosis of TB using non-clinical approaches 

is driven by the need to obtain faster results cost-effectively, especially in circumstances where 

the availability of time and effort of skilled or expert laboratory staff is limited (Dande & 

Samant, 2018).  

This research presents a logistic regression-based system for diagnosing patients into DR-TB or 

DS-TB by exploring an efficient technique of association rule mining to develop a knowledge-

based system that extracts insightful information from the real-world data obtained from the 

Specialist Hospital, Yola. The system can discover some very interesting disease diagnostics 

association rules that serve as decision support and provides a good starting point to physicians 

for TB diagnosis.  
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1.2 Research Question and Motivation 

Advancements in information technology infrastructure in many developing countries have 

raised hopes that artificial intelligence and its sub fields, including machine learning, might help 

address challenges unique to global health and quicken achievement of health-related sustainable 

development goals (He et al., 2019). Consequently, AI-driven health interventions fit into four 

categories relevant to global health researchers: (1) diagnosis, (2) patient morbidity or mortality 

risk assessment, (3) disease outbreak prediction and surveillance, and (4) health policy and 

planning. Most developing countries are beginning to employ AI techniques in solving different 

health issues with a primary focus on communicable diseases, including tuberculosis and 

malaria. Different types of machine learning methods are frequently used today for public health 

surveillance to predict disease outbreak and evaluate disease surveillance data. The motivation 

for this research is attributed to the continuous accounts of Malaria and Tuberculosis as the most 

severe disease burden in some African countries such as Nigeria, the Niger Republic, the 

Democratic Republic of Congo, Burkina Faso, Cameroon, and Mali.  

Another reason is the massive growth of health data and the recent emergence of machine 

learning tools and techniques used to extract important information. For climate-based early 

warning and forecasting systems, the principal obstacle has been translating promising scientific 

studies on climate–malaria interactions into robust and reproducible models appropriate for 

operational use. Due to the severe health impact of malaria epidemics, there is an increasing need 

for systems that provide forecasting, early warning and timely detection of malaria incidence 

cases in areas of unstable transmissions, such as the African highlands, so that more effective 

control measures can be implemented. In addition, a recent publication from the WHO has 

suggested the adoption of digital technologies for universal health coverage (Organization, 
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2019). As a matter of supporting the call for action from WHO, this research focuses on applying 

machine learning to support health care decision making in malaria disease incidence prediction 

and application of Machine Learning techniques and practices for quick diagnosis of TB even in 

the absence of a medical expert. This work is evident to explore the practical applications of 

machine learning techniques in real-life scenarios. In this regard, the following questions are 

highlighted to guide the objectives and scope of this research:  

i. Can we model a system that understands the climatic factors and trends that mostly 

affect malaria disease transmission?  

ii. Can the proposed model detect why and how climatic variables vary across the 

different countries? 

iii. Can the proposed machine learning model correctly predict malaria incidence 2 years 

ahead?  

iv. Can the model detect the most frequent symptoms and relevant association rules for 

classifying TB in a patient? 

v. How much better is the TB diagnosis model when compared to the existing methods? 

Each of these questions has been addressed and they formed the basis of efficient 

implementation of the proposed system.  

1.3 Research Contribution 

The major contribution of this research to the body of knowledge and the society is to develop an 

efficient machine learning-based model that can forecast malaria epidemics using climate 

variability in the six malaria-endemic countries of sub-Saharan Africa. This is achieved by 

learning about advances in the science of seasonal climate variability in Nigeria, Cameroon, 

Niger Republic, Burkina Faso, DRC, and Mali and applying the WHO framework for MEWS for 
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developing plans of action for epidemic preparedness and response for the forthcoming year. The 

results suggests that a typical environmental condition with drought followed by heavy rainfall 

and flooding in arid areas in sub-Saharan Africa can lead to explosive epidemics of malaria, 

which can be prevented through early prediction of the high incidence of malaria and timely 

vector-control interventions. Malaria transmission is typically seasonal, with significant annual 

variability, and each country is exposed to a particular and diverse environmental condition. 

Hence, developing country-specific Early warning and detection systems are needed in these 

areas to reduce or avert the negative public health and economic impacts of epidemics. 

Practically, accurate warning signals could help health services to take targeted and specific 

preventive measures before the onset of epidemics. The second contribution of this research is to 

develop a machine learning-based TB diagnostic system that can enable physicians to make a 

quick diagnosis of TB. 

1.4 Aim and Objectives 

This research aims to apply efficient machine learning techniques for predicting malaria 

incidence by combining the WHO annual malaria incidence report and climatic variables of the 

six malaria-endemic countries in sub-Saharan Africa. Secondly, the research aimed to develop a 

knowledge-based system that can assist physicians in the faster diagnosis of DR-TB. Historical 

climate variables such as atmospheric temperature, Surface radiation, relative humidity, pressure, 

and precipitation; obtained from National Centre for Atmospheric Research (NCAR) and the 

WHO annual malaria incidence report; obtained from the WHO data repository between 1990 to 

2017 were used for modeling the system. The climate variables are the predictors, while malaria 

incidence data are the class variable. Datasets were preprocessed, normalized, and visualized to 

observe the annual variations and trends in the dataset. We tested the statistical significance of 
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the climatic factors over malaria incidence at 𝛼 = 0.05. Both datasets were used to train the 

Extreme Gradient Boosting (XGBoost) model to predict the nature of malaria incidence for each 

given country using WHO standard for obtaining threshold to determine high and low incidence 

cases. The second part involves TB data collection from the Specialist hospital Yola, data 

cleaning, preprocessing to achieve high-quality data, data visualization to detect hidden trends in 

the dataset, application of the FP-Growth algorithm to generate frequent patterns and association 

rules that enhanced a fast and reliable classification model based on logistic regression. The 

results of the system can assist physicians during DR-TB diagnosis. These proposed models can 

be incorporated into a new or existing Decision Support System (DSS), which can serve as a 

reliable rapid TB diagnostic tool. While these works did not directly involve working with 

human subjects, we declare that this research work complies with all sections of the Nigerian 

National Code for Health Research Ethics of August 2007. Specifically, only anonymous data 

obtained without incentives were used in this research work. 

1.5 Scope and Organization of the Research 

This research explored only supervised and unsupervised learning techniques in identifying the 

factors that influence malaria incidence in the six endemic countries of sub-Saharan Africa and 

have developed a malaria early warning model capable of predicting the nature of the malaria 

occurrence in the coming year. FP-Growth and Logistic regression algorithms were used to 

discover intrinsic patterns from data and generate classification rules for classifying patients into 

DS-TB or DR-TB classes. This research work is divided into five Chapters, including Chapter 1 

that presents the general overview of the research work, research aim and objectives, motivation 

and research question, and finally, the scope and organization of the research.  
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Chapter 2 presents the past and current works that have been done in forecasting malaria 

incidence using climate variability. It further discusses previous existing significant works on 

malaria incidence and epidemics prediction using machine learning approaches. Also, it 

discussed different ML techniques that have been implored in the healthcare system to improve 

TB disease diagnosis. 

Chapter 3 provides the system architecture of the proposed malaria incidence prediction model; 

it presents all the system frameworks, proposed system implementation, experimental datasets, 

and the result of the proposed model evaluation.  

Chapter 4 presents the implementation of the DR-TB classification system, the proposed system 

evaluation, the evaluation result, and the system implementation summary. It also presents an 

overview of association rule mining, the FP-Growth algorithm for generating frequent pattern 

itemset, and association rules for TB diagnosis. Furthermore, it further highlights the 

implementation tools and the proposed system architecture. 

Chapter 5 presents the conclusion and summary of the research; it further provides suggestions 

and possible ways of extending the proposed works done in this research. 
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CHAPTER 2 

Literature Review 
 
 

2.1 Introduction 

This chapter presents the related works that have been proposed in the literature for improving 

Malaria disease surveillance and disease outbreak prediction and some practical applications of 

machine learning on TB diagnosis. Most of the works presented in the malaria disease 

surveillance and outbreak prediction have proposed implementing a malaria early warning 

system that can assist policymakers in taking an appropriate informed decision concerning 

malaria disease outbreak as a means of limiting the spread of the disease. It presents a 

mathematical model that Sir Ronald Ross proposed on malaria epidemiology, which is the 

bedrock for other mathematical models on malaria epidemiology. Statistical methods such as 

Auto-regressive Integrated Moving Average (ARIMA), Seasonal-ARIMA, and ARIMAX have 

been widely used in predicting the malaria epidemic in different countries. ARIMA is well 

known for its efficiency in stratifying trends in the time series dataset. Few works have 

considered using machine learning techniques in predicting malaria incidence. It presented the 

overview of the study sites, their geographical and environmental details, their current malaria 

condition, and some traditional methods used in limiting malaria transmission and incidences. 

We presented the novelty in this work by discussing the state of the art of machine learning in 

health care and demonstrates how machine learning will transform health care systems through 

disease prevalence prediction, automation of patient health records, and rapid disease diagnosis. 

To demonstrate the practical application of machine learning on health systems, the research 

presented a novel technique in TB diagnosis using association rule mining techniques that is 

based on a Frequent Pattern (FP) growth algorithm. FP-growth is an efficient and scalable 
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method for mining the complete set of frequent patterns by pattern fragment growth, using an 

extended prefix-tree structure for storing compressed and vital information about frequent 

patterns. Then finally, the Logistic regression-based TB classification model is implemented.  

 

2.2 Overview of the Study Sites and High Incidences of Malaria 

This section describes the environmental conditions, the scope, and timing of vector-control 

interventions in the six malaria-endemic countries.  

 

Nigeria has a tropical climate characterized mainly by the relationship between the dry north-

eastern and the moist south-western winds. The main ecological zones are the tropical rainforest 

along the coast, savannah in the middle belt, and semi-arid zones in the northern fringes 

(Akinsanola & Ogunjobi, 2014). The total annual rainfall fluctuates from over 3,556mm at the 

South-east and South-west to 635mm at the Maiduguri North-eastern part of Nigeria with 

progressive reduction from south to north. In Nigeria, malaria outbreaks has contributed severely 

to the economic burden of disease in the endemic communities and is also responsible for the 

annual economic loss ranging up to 132 billion Naira (Onwujekwe et al., 2000). It is estimated 

that the annual occurrence of 300 000 deaths,  60% of outpatient visits, and 30% of hospitalized 

patients in Nigeria are all attributed to malaria (Commission, 2008). It has been observed that 

Nigeria has an annual average temperature of 29
o
C which supports the complete metamorphosis 

of mosquito vectors that transmit this disease. Rainfall, relative humidity, maximum and 

minimum temperatures are the best predictors of malaria incidence in the tropical rain forest and 

guinea savanna areas of Nigeria. Hence, temperature is the major climatic factor that enhances 

the prevalence of malaria in Nigeria. Main approaches for limiting malaria disease transmission 

in Nigeria include efforts such as the distribution of insecticide-treated nets and free medical care 
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to pregnant women and children below the age of five, yet it is a daunting factor in Nigeria. In 

Cameroon, the climatic condition is tropical, semi-arid in the north, humid, and rainy in the rest 

of the country. It has two major seasons, dry and rainy season, with an average annual rainfall of 

about 600mm and an average temperature of 29
o
C. Malaria remains a public health threat with 

annual 35% and 67% adult and childhood mortality. In the quest to mitigate the spread of 

malaria disease, the government has subsidized the price of Artemisinin combination therapy 

(ACT) and introduced intermittent preventive treatment for pregnant women(IPTp), free 

distribution of insecticide-treated bed nets (ITNs) as top-down approaches to mitigating malaria 

disease transmission in Cameroon (Antonio-Nkondjio et al., 2019). Burkina Faso is known for its 

dry tropical climate, which varies between a short rainy season and a long dry season. Due to its 

location in the hinterland within the boundary of the Sahara. Its climate is prone to strong 

seasonal and annual variation with three climatic zones: the Sahelian zone in the north receives 

less than 600mm average annual precipitation; the North-Sudan zone in the centre has an average 

annual rainfall between 600 and 900mm; and the South-Sudan zone in the south with an average 

annual rainfall of 900mm. However, malaria is responsible for 43% of outpatient health issues, 

22% of deaths, and 3% of global cases and deaths (Ouedraogo et al., 2018). Rainfall and high 

temperature are associated with high malaria incidence in Burkina Faso (Rouamba et al., 2019). 

Since 2008, the country has consistently devoted at least 15% of the annual public budget to 

healthcare as a way to maintain its commitment to the Abuja Declaration (Malaria, 2000). 

Similarly, the government has offered various free health services, including malaria treatment 

and insecticide-treated bed nets for pregnant women and children below five years (Tizifa et al., 

2018).  
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Democratic Republic of Congo (DRC) has a tropical climate known for heavy precipitation, high 

temperatures, and humidity. It has two main seasons; dry and rainy seasons, although there is 

always abundant precipitation all year round all over the country. It has an average annual 

precipitation of more than 2000 mm and an annual average temperature of about 27
o
C, relatively 

stable, with little variation between seasons. DRC is the second-leading country globally on 

malaria cases, accounting for 11% of the 219 million cases and 435,000 deaths from malaria in 

2019 (World malaria report, 2019). Despite recent improvements in coverage of malaria 

interventions, DRC continues to experience challenges in access to preventive and curative 

malaria interventions and an environment that supports very high transmission rates. Conflict 

and warfare have also altered the local ecology of many parts of the DRC, leaving agricultural 

fields uncared-for and susceptible to collecting water in which mosquitoes may breed(Williams 

et al., 2003). A study also showed that living in a rural location, age, use of non-treated nets, and 

conflicts increases the chances of malaria transmission in DRC(Messina et al., 2011). Malaria 

control in the DRC includes screening windows and dirty bins, breeding site management, 

personal protection with mosquito-treated nets, and pre-treatment with prophylaxis with quinine 

(Lechthaler et al., 2019). Even with all these precautions and safety measures, DRC remains a 

malaria-endemic country. Mali has a warm desert climate in the north, the central part in the 

Sahel has a warm savannah climate, and the southern regions of Mali have a tropical savanna 

climate. The average annual rainfall in the south of the Sudanese regions is about 762mm, while 

the northern parts that border the desert only have about 203mm of rainfall annually. The annual 

number of confirmed malaria cases in Mali was about 1.75million in 2018, and 34.00% of this 

case occurred in children below the age of five. Several studies in West Africa, particularly in 

Mali, have highlighted the complex relationship between socioeconomic, hydrological, climatic, 
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anthropological, and malaria incidence in Mali(Coulibaly et al., 2014). Notwithstanding the 

concerted efforts of national and international partners to scale up effective malaria control 

interventions, malaria incidence remains a public health concern in Mali (Druetz, 2018). Niger 

lies in one of the world's hottest regions, where its annual precipitation hardly reaches 160 mm. 

The climate is desert in the north, semi-desert in the centre, and semi-arid of the savanna in the 

south. Niger is one of the poorest countries in the world, a non-coastal sub-Saharan nation 

(Ministry of Environment and Forests, 2006). Malaria is still a major disease burden in Niger. 

However, they have adopted some malaria interventions into the public health policy, such as the 

use of artemether-lumefantrine (AL) combinations as the first-line treatment of uncomplicated 

malaria, the introduction of free health care for children below the age of five years, the 

distribution of insecticide-treated nets, the management of malaria cases directly at healthcare 

points. However, the beneficial effects of these prevention and control measures remain barely 

perceptible in Niger (Doudou et al., 2012).  

 

Generally, these countries suffer similar problems of high malaria transmission, mortality, and 

morbidity. Many sub-Saharan African countries have low access to proper treatment, especially 

on common diseases like malaria (Commission, 2008). This is due to the generally poor state of 

the health system, high cost of health services, lopsided distribution of health facilities favouring 

the urban areas, and gross underfunding of the health sector resulting in lack of subsidies and 

exemptions to the poor. Concerns over the burden of malaria led to the development of several 

global control strategies and targets such as those under the millennium development goals 

(MDG) and Roll Back Malaria (RBM), which were set to encourage malaria-endemic 

communities to control the disease. For instance, Heads of state of African countries made a 



 

21 
 

commitment in April 2000, at Abuja, Nigeria, with the main agenda to ensure that by 2005, at 

least 60% of those suffering from malaria have prompt access to affordable and appropriate 

treatment within 24 hours of the onset of symptoms enabling the home to be the first “hospital” 

(Malaria, 2000). This is because 60% of epidemics will be detected within two weeks of onset, 

and 60% of epidemics will be responded to within two weeks of detection. The strategy was 

termed effective management of malaria nearer the home and was thus adopted as another 

strategy to combat malaria. Similarly, Another meeting was held in Addis Ababa with the main 

agenda to enable malaria control services from epidemic-prone countries to gather and review 

their control programme status and epidemiological trends for the past 3–5 years and identify and 

map districts they consider to be vulnerable to epidemics (Ouedraogo et al., 2018). The geo-

epidemiology of malaria provides the spatial and temporal dynamics of malaria in these 

countries and hence, helps to deploy, monitor, and evaluate, with a strategic adaptive approach, 

several sustainable control and elimination interventions.  

2.3 The Need for a Malaria Surveillance System 

The United States of America’s Centre for Disease Control (CDC) published “Guidelines for 

Assessing Surveillance Systems” in 1988 to encourage the best use of public health resources 

through the development of efficient and effective public health surveillance systems (Klaucke et 

al., 1988). Disease surveillance involves disease outbreak detection, epidemic detection, and 

early warning system and performs the following functions as supporting disease detection and 

intervention, estimates the impact of a disease, represents the history of a health condition, 

determines the distribution and spread of illness, generates hypotheses and stimulates research, 

evaluates prevention and control measures, and facilitating planning (Teutsch & Churchill, 

2000). Outbreak detection is defined as a process of detecting an abnormal upsurge in the 



 

22 
 

frequency of disease above its normal occurrence. Hence, the malaria epidemic is an increase in 

malaria transmission and incidence beyond the normal experienced. Malaria outbreak is very 

dynamic and hence a great challenge for the researchers to predict in advance, however, in the 

absence of the knowledge about the probabilistic attack of high malaria disease, the governments 

fail to control and provide adequate treatment facility on time. Accurate early prediction of 

malaria risk or outbreak can successfully reduce the rates of morbidity and mortality resulting 

from epidemic occurrence.  

 

The first malaria epidemic warning system based on climatic variables was developed as far back 

as 1911. In their study, Christopher et al. proposed a MEWS based on rainfall for predicting 

malaria epidemics in Punjab, India (Christophers, 1911). After the inception of such a system, 

researchers have continued to find the best factors to improve the malaria forecasting system. 

Recent attempts to predict malaria incidences focus on the role of climate anomalies in epidemic 

prediction and in response to the effective need to develop MEWS in some malaria-endemic 

countries. The interaction between climatic factors and their biological influence on mosquitoes 

and the parasite's life cycle is a key factor to be considered in the development of the malaria 

early warning system. Another factor to be considered is the location of the study site since the 

influences of climatic variables on malaria incidence are often inconsistent from one location to 

another; therefore, building a MEWS that forecasts malaria incidence using domain-specific 

predictors is appropriate to ensure proper management of resources for prevention activities.  

Recently, MEWS has been advocated chiefly to maximize the amount of lead time during which 

decision-makers can plan and implement some interventive measures to reduce its incidence. It 

detects aberrations in malaria surveillance data and predicts increases in malaria transmission 
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based on prevailing environmental or climatic conditions. Even WHO, the United Nations 

Development Programme (UNDP), the United Nations Children’s Fund (UNICEF) have 

unanimously agreed that “roll back malaria strategy” would be achieved with effective 

implementation of MEWS that facilitate timely responses to prevent and contain the malaria 

epidemic (Nabarro, 1999).  

 

After the first publication entitled “Guidelines for evaluating surveillance systems” and 

published by Klaucke, Buehler, and Thacker in 1988. A new framework that supplements this 

previous work has been published by James and Buehler entitled “Framework for Evaluating 

Public Health Surveillance Systems for Early Detection of Outbreaks” by implementing a 

general framework for an early warning system. This framework is expected to support the 

evaluation of all public health surveillance systems for the timely detection of outbreaks. It is 

organized into four categories: system description, outbreak detection, experience, and 

conclusions and recommendations. This is summarized in Figure 2.1, a conceptual model that 

facilitates the description of the system. Typically, all MEWS should be built upon the CDC 

framework. The framework is best applied to systems that have data to validate the system's 

attributes under consideration, therefore, the description of the surveillance process should 

address data collection, data processing, statistical analysis for automated screening of data to 

uncover potential outbreaks. Epidemiologic analysis, interpretation, and investigation involve the 

rules, procedures, and tools that support decision-making in response to a system signal, 

including adequate staffing with trained epidemiologists who can promptly review, explore, and 

interpret the data promptly.   
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Figure 2.1 Process model for outbreak detection (Source: Framework for Evaluating Public 

Health Surveillance Systems for Early Detection of Outbreaks (James W Buehler et al., 2004.) ) 

 

A surveillance system is useful for early outbreak detection of public health challenges. An 

assessment of its usefulness goes beyond outbreak detection to understanding the underlying 

causes of the outbreak and demonstration of intricate patterns in the observational data. Above 

all, when an outbreak of a disease is confirmed, prompt interventions can be implemented to 

regulate disease severity and prevent further spread. In conclusion, well-validated systems to 

predict unusual increases in malaria cases are needed to enable timely action by public health 

officials to control such epidemics and mitigate their impact on human health. 

2.3.1 Mathematical Models for Malaria Surveillance System 

Mathematical models have been used to provide an explicit framework for understanding malaria 

transmission dynamics in the human population for over a century (McKenzie & Samba, 2004). 

The first mathematical model of malaria transmission and epidemiology was developed by Sir 
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Ronald Ross while working at the Indian Medical Service in the 1890s. He studied the life-cycle 

of the malaria parasite in mosquito vectors and used mathematical models, to investigate and 

provide an explicit framework for a better understanding of malaria transmission dynamics. The 

model is used to explain the relationship between the number of mosquitoes and malaria 

incidences in human. The Ross model outlines the basic features of malaria transmission and 

puts the main burden of transmission on mosquito-specific features, thereby paving the way for 

mosquito-based malaria control programmes. The model is currently known as the classical 

“Ross model” (Ross, 1915). Ross model has been significantly extended by Macdonald, who 

integrated biological information of latency period of infection in the mosquito due to the 

development of malaria parasite, and also demonstrated that the survival of adult female 

mosquito is the weakest phase in the malaria development cycle (Macdonald, 1957). The Ross-

Macdonald model is defined in Equation (1a) and (1b). 

𝑑𝑥

𝑑𝑡
= (𝑎𝑏𝑀

𝑁⁄ )𝑦(1 − 𝑥) − 𝑟𝑥                                              (1a) 

𝑑𝑦

𝑑𝑡
= 𝑎𝑥(1 − 𝑦) − 𝜇                                                              (1b) 

Where: 

𝑥 = fraction of infectious humans 

𝑦  = fractions of female mosquitoes that are infectious 

𝑎 = number of bites on human by one female mosquito per unit time daily 

𝑏 = probability of transmitting infection from an infected mosquito population 

𝑀= size of the total female mosquito population 

𝑁= total population size of a human 

𝑟 = rate of recovery of infectious human 

𝜇 = death rate of female mosquito population 



 

26 
 

The Macdonald model provided a basis for a huge WHO campaign that encouraged the use of 

insecticide known as dichlorodiphenyltrichloroethane (DDT) that killed adult mosquitoes, and 

this led to the successful elimination of malaria transmission among 500 million people in Africa  

Due to the continuous exposure and the ability of a human to develop immunity to malaria, 

neglecting immunity while developing malaria models leads to unrealistic predictions and will 

also affect the vaccination. However, one of the salient advancements in malaria epidemiology 

using the mathematical model was the inclusion of acquired immunity in the Ross-Macdonald’s 

model proposed by Diets et al. In their work, they proposed a two-class model known as the 

immune and non-immune classes. The immune class is prone to infection but can neither fall ill 

nor be infectious, whereas the non-immune class may likely fall sick and recovers with some 

immunity (Dietz et al., 1974). Dietz et al. model is given in Equations (2a) – (2c) 

Given Ross model as 𝑟 = 𝛾                                                  (2a) 

Macdonald = 𝑟 =  {
𝛾 − 𝜆 𝛾 > 𝜆

0 𝛾 ≤  𝜆
                                           (2b) 

Dietz et al. 𝑟 =  𝑟
[𝑒𝑥𝑝(𝜆

𝛾⁄ ) − 1]⁄
                                      (2c) 

Where:  

𝜆= inoculation rate defined in Equation (1a) 

 𝛾 = reinfection-free rate of recovery 

Furthermore, as part of the Garki project in Nigeria, Dietz and Molineaux applied a complex 

model, in which they have described in their own words, did a “fairly realistic job” through the 

simulation of malaria epidemiology at Garki, using entomologic data inputs that provide 

conditional, comparative forecasts for several specific interventions (Molineaux et al., 1980). 
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Aron and May introduced the concept of the reproductive number  𝑅0 to the Ross-Macdonald as 

defined in Equation (3) 

𝑅0 =
𝑀

𝑁

𝑎2𝑏

𝜇𝑟
                                                                   (3) 

Where:  

𝑎 = number of contacts with humans that a mosquito has per unit of time 

𝑏 = probability of transmission from an infectious mosquito to a susceptible human 

𝑖
𝜇⁄  = average duration of the infectious period of the vector mosquito 

𝑎𝑏
𝜇⁄  = number of humans that one mosquito infects throughout its lifetime 

The product of (𝑀
𝑁⁄ ) 𝑎𝑛𝑑 (𝑎2𝑏

𝑟𝜇⁄ ) gives the reproductive number. Thus, the reproductive 

number  𝑅0 is the product of the number of contacts owned by one individual at a given time, the 

probability of transmission per contact, and the infectious period's duration. Aron and May 

continued their work by adding additional features to the existing model, and these include the 

incubation period of the mosquito, seasonal fluctuation of the mosquito density, conditions of 

malaria immunity in human. They included a continuum model for immunity evaluation where 

the dynamical variables are the population of asexual blood stages of plasmodium in human, the 

gametocytes and the level of human immunity. Their partial differential equations and the 

variables are dependent on time and age, and it improved the Ross-Macdonald model by 

considering varieties of parasites and level of immunity in human (Aron & May, 1982). Aron et 

al. analyses the compartmental and continuous models for temporary immunity in humans. In 

compartmental models, an additional recovered class is added. In the usual Susceptible-

Infectious-Recovered-Susceptible (SIRS) or Susceptible-Exposed-Infectious-Recovered-

Susceptible (SEIRS) model,  is a constant parameter that represents the loss of immunity, the 
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irregular period of immunity is modelled by making 𝜌 a function of inoculation rate(Aron, 1988) 

as shown in Equation (4). 

𝜌(𝜆) =  
𝜆𝑒−𝜆𝜏

1−𝑒−𝜆𝜏                                                     (4) 

Where: 

𝜆 = inoculation rate  

𝜏 = average duration of the period of immunity without infection 

Koella also extended the Ross-Macdonald model by considering the effect of variability of the 

parameters, infection rate, period of immunity in human. He further studied the effects of 

vaccines on malaria transmission(Koella, 1991). Over time, Anderson and May proposed another 

mathematical model by considering the latent periods in mosquitos and human, the anticipated 

lifespan of an adult mosquito, the rate of recovery of an infected human, and the malaria 

prevalence data across all age distributions. They also evaluated the effect of attaching age 

structure to the Ross-Macdonald model. In the end, they evaluated the various control strategies 

and discussed the effect of vaccine and the reduction of transmission rate on the malaria age-

prevalence profile of the human population (Anderson & May, 1992). Yang described a 

compartmental model where humans follow an SEIRS pattern and mosquitoes follow a 

Susceptible-Exposed-Infectious (SEI) pattern. He added temperature as a function of incubation 

time in the mosquito. Yang defined a reproductive number 𝑅0 for this model and demonstrate 

through linear stability analysis that the equilibrium at disease-free is stable for 𝑅0  < 1. He 

derived an endemic equilibrium expression that is biologically significant if and only if 𝑅0 > 1 

(H. M. Yang, 2000). Yang and Ferreira applied the model introduced by (H. M. Yang, 2000) to 

study the effects of global warming on mosquito abundances. They proposed that using a 

projected temperature ranging from 1
o
C to 3.5◦C by the year 2100 and making 𝑅0 > 1 would 
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bring a positive change of making a malaria-endemic area a free endemic zone. Although, they 

concluded that good economic and social conditions and proper access to an efficient healthcare 

system are more important than regulating the effects of temperature (H. M. Yang & Ferreira, 

2000).  

Ngwa and Shu proposed a model that is similar to Yang’s model. He stated that human follows 

an SEIRS pattern and mosquitoes follow an SEI pattern, but only with one immune class for 

humans. Humans’ changes from the susceptible (S h) class to the exposed (E h) class at some 

odds when they come into contact with an infected mosquito and then to the infectious class (I 

h), as in common SEIRS models. Though infectious people can recover with, or without, a gain 

in immunity; and may return to the susceptible class or move to the recovered (R h). While the 

mosquito population has three classes as follow: susceptible, exposed, and infectious. Mosquito 

enters the susceptible class through birth. Susceptible mosquito is probably infected when they 

bite infectious or recovered humans and then proceed to the exposed and infectious classes. 

These two species follow a logistic model to grow their population, with humans having higher 

chances of immigration and mortality (Ngwa & Shu, 2000) 

In recent time, some studies have directly applied these mathematical models in malaria 

epidemiology. A study in Ethiopia has applied a mathematical model using polynomial 

distributed lag models (PDL) to determine the effects of weather factors on malaria in fairly hot 

and cold environments using meteorological data and weekly confirmed cases of malaria in the 

ten districts of Ethiopia from the year 1990 to 2000 (Teklehaimanot et al., 2004). Another 

scholar proposed a mathematical model that understands the pattern of transmission and spread 

of malaria better. This was achieved through ordinary differential equations (ODEs) using 

humans and mosquito’s interaction and infection cycle. This model is used to determine the main 
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factors that are most responsible for the spread of malaria. Their model divides the human 

population into four distinct classes as follows: susceptible, exposed, infectious, and recovered 

(immune) and then three classes for mosquito as follows: Susceptible (S m), Exposed (E m), and 

Infectious (I m) (Chitnis, 2005). Another recent study in the Sudanese Savanna has adopted 

Ross-Macdonald’s mathematical approach as the vector-susceptible-exposed-infected-recovered-

susceptible (VSEIRS) model. The statistical relationship between Normalized Difference 

Vegetation Index (NDVI) and incidence of P. falciparum infection was evaluated using the 

ARIMA model. Then, malaria transmission was modelled using a deterministic approach; a 

model built on the MacDonald equations, specifying states for infected non-contagious and 

contagious, and then forecasts the evolution of malaria epidemiology (Gaudart et al., 2009). 

Similarly, Laneri et al. also applied a variant of the VSEIRS model on microscopic datasets of 

India's Kutch and Balmer districts (Laneri et al., 2010).  

Notwithstanding the early contributions by Ross, Macdonald and other scholars on using 

mathematical models to survey the significance of mosquito vector to mosquito-spread and 

malaria transmission, mathematical epidemiology has encountered many difficulties in gaining 

general acceptance by epidemiologists and public health workers. Some of the reasons for this 

low acceptance lies in the increasing complexity of the models, difficulty in understanding the 

mathematical models by non-mathematicians, difficulty in interpreting results, and some relevant 

malaria dynamic features that may be omitted due to computational complexity and an increase 

in the parameters (Koella, 1991). Therefore, it is important to understand the important 

parameters in the transmission of the disease and develop effective solution strategies for its 

prevention and control. 
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2.3.2 Statistical Model for Predicting Malaria Incidences 

The statistical models include the linear models, Auto-regressive Integrated Moving Average 

(ARIMA), and Seasonal-ARIMA (SARIMA). ARIMA models are designed to account for serial 

autocorrelation in time series data. It is used to train and then forecast future time points(Zhang, 

2003). Regression on the lagged values of the variable of interest is shown by the auto-regressive 

(AR) part. The moving part shows the linear combination of the error terms that have concurrent 

values. The integrated (I) part specifies the difference between present values and the initial 

values. Each feature aimed to make the model fit the data accurately. Therefore, a time-series 

data with Xt where t stands for integer index whereas Xt are real numbers, and ARIMA(𝑝′, 𝑞) 

model is given by Equation (5) 

𝑋𝑡 − 𝛼1𝑋𝑡−1 − ⋯ − 𝛼𝑝′𝑋𝑡−𝑝′ = 𝜀𝑡 + 𝜃1𝜀𝑡−1 + ⋯ + 𝜃𝑞𝜀𝑡−𝑞       (5) 

Where: 

𝛼𝑖 = Autoregressive parameters, 

𝜃𝑖  = Moving average parameters 

 𝜀𝑡= Error terms  

Some variants of the ARIMA model have been used for malaria incidence prediction. Abeku et 

al. applied the ARIMA model on monthly health clinical data in Ethiopia; the dataset is a 

mixture of microscopic and clinical confirmed cases (Abeku et al., 2002). Teklehaimanot et al. 

proposed an ARIMA model to detect the degree of relationship between weather and malaria 

cases in 10 districts of Ethiopia using weekly weather and malaria cases. The average daily 

malaria cases were computed using Poisson regression, where rainfall, minimum temperature 

and maximum temperatures are the explanatory variables in a polynomial distributed lag model 

in 10 districts of Ethiopia(Teklehaimanot et al., 2004). Gomez et al. proposed an ARIMA model 
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that predicts malaria incidence in an unstable malaria transmission area by finding the 

association between disease dynamics and environmental variables in Karuzi Burundi. This 

study was carried out using time series data that contains monthly reports of malaria cases from 

local health facilities, together with rainfall and temperature observatory data and the normalized 

difference vegetation index (NDVI). The data constructed in this work attempts to provide a 

simple tool to obtain a reliable estimate of the expected incidence of malaria one month in the 

future based on the observed incidence rate and a combination of climatic factors (temperature, 

rainfall and vegetation index) for the current month(Gomez-Elipe et al., 2007). Haghdoost et al. 

(2008) proposed a statistical approach to model the temporal variations in malaria episodes in a 

hyper-endemic Kahnooj District of Iran. An epidemic early warning system in Plasmodium 

species-specific models was generated using Poisson regression. Seasonality was modelled using 

a sinusoidal transformation of time by including both sin (2𝜋i ⁄ 12) and cos (2𝜋i ⁄ 12) in the 

regression models, where 𝑖 represent the number of the month. The results of the trend analysis 

and periodograms show no trend or periodic oscillation, and the proposed model described a 

substantial percentage of the observed variability in the malaria rate (R2 adj = 82%, F = 165, df 

= 2, p < 0.0001) with a coefficient of 0.80 for the autoregressive term and 0.99. (Haghdoost et 

al., 2008). Wangidi et al. (2010) used monthly reported malaria cases from the health centres to 

Vector-borne Disease Control Programme (VDCP) and the meteorological data from the 

Meteorological Unit, Department of Energy, Ministry of Economic Affairs. They carried out a 

time series analysis on monthly malaria cases, from 1994 to 2008, in seven malaria-endemic 

districts. The method of ARIMAX modelling was employed to determine predictors of malaria 

of the subsequent month. The ARIMA models of time-series analysis were useful in forecasting 

the number of cases in the endemic areas of Bhutan. There was no consistency in the predictors 
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of malaria cases when using the ARIMAX model with selected lag times and climatic predictors. 

Nevertheless, the ARIMA forecasting models could be employed for planning and managing 

malaria prevention and control programme in Bhutan (Wangdi et al., 2010) 

Akinbobola et al. proposed an ARIMA based model for predicting malaria occurrence in the 

southwest and north-central parts of Nigeria. This study shows that the relationship between 

climate and malaria varied from place to place, and one model could not fit all locations.  They 

also observed that rainfall, relative humidity, maximum and minimum temperatures are 

predictors of malaria incidence in the tropical rain forest and guinea savanna areas of Nigeria. 

(Akinbobola & Omotosho, 2013). Briet et al. applied ARIMA in health facility data for all Sri 

Lanka. ARIMA models were used to evaluate the relationship between weather factors and 

monthly malaria incidence. An ARIMA model was fit first to the predictor variable. The model 

was then applied to the dependent variable before the two series were cross-correlated to 

determine whether an association exists. 

Modelling with ARIMA involves estimating a series of parameters to account for the inherent 

dynamics in the time series, including the trends and autoregressive and moving average 

processes (Briët et al., 2008).  (V. Kumar et al., 2014) designed a model to forecast malaria cases 

using climatic factors as predictors in Delhi, India. Expert modeler of SPSS version 21 software 

was used to fit the best suitable model for the time series data. The stationarity of the data was 

checked by autocorrelation function (ACF) and partial autocorrelation function (PACF). Finally, 

ARIMA (0,1,1) (0,1,0) model was used to forecast the monthly malaria cases for the future from 

January 2014 to December 2015. This model also included the significant predictors for malaria 

cases, rainfall, and relative humidity, which were lagged at one month in Delhi. Anwar et al. 

(2016) applied the ARIMA model to malaria incidence data in Afghanistan, and their model was 
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able to identify that malaria is always at its peak in July to September and always lesser during 

January in Sub-Saharan Africa; this suggests that humid temperature and high volume of rainfall 

are strong factors affecting malaria outbreak and transmission (Anwar et al., 2016). 

Another study from Anokye et al. assessed malaria incidence in Kumasi Metropolis and 

forecasted future incidence using time series malaria incidence data in Kumasi, Ghana, between 

January 2010 to December 2016. They carried out a retrospective comparative study to observe 

trends in malaria prevalence using the Quadratic model and then used ARIMA (1,1,2) to forecast 

the incidence of Malaria. Due to the transmissibility and seasonality of malaria, models with an 

ARIMA structure have more predictive power compared to other methods (Anokye et al., 2018). 

Another study in Nkomazi, South Africa, analyzed the malaria incidence datasets and 

environmental reports in Nkomazi, South Africa, using the SARIMA model and precipitation to 

predict the possible future incidence of malaria in the next three years(Adeola et al., 2019).  A 

SARIMA model proposed to forecast malaria in Andhra Pradesh, India. The study observed that 

variations in the malaria trend are linked with the variability of rainfall and temperature. 

Although there is an occurrence of malaria transmission throughout the year, many malaria cases 

were recorded during the rainy season (Mopuri et al., 2020). A statistical approach based on 

dynamic regression models by combining negative binomial models with a time-series model 

was adopted by Makinde et al. They created an association between malaria cases and climate 

variables in Akure. The findings from their research summarized that an increase in monthly 

minimum temperature significantly increases the likelihood of malaria transmission, leading to 

an increase in the number of inpatients and outpatient malaria cases in Akure (Makinde et al., 

2020).  
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ARIMA models are, in theory, the best models for forecasting a time series as they naturally 

represent temporal patterns, such as seasonality and autocorrelation. However, they lack a good 

interpretation of weather factor covariance, while SARIMA models require a longer time series. 

Interestingly, Machine Learning tools and techniques can handle many data more efficiently than 

most statistical tools, and the advancements in Machine Learning technology have led to a rise in 

better and quicker prediction, diagnosis and classification of diseases. Quick diagnosis of the 

disease has helped in designing diagnostic kits, reducing of cost of diagnostics and treatment, 

and detecting patterns of infections in diseases.  

2.3.3 Machine Learning Models for Predicting Malaria Incidence Outbreak 

In terms of prediction and the emergence of new algorithms, machine learning has a wider range 

of applications than traditional ARIMA models in real infectious disease surveillance. As such, 

this section highlights some previous related works that have been done using machine learning 

techniques. Gonzalez et al. proposed machine learning and deep learning algorithms to predict 

mosquito species and age structure of the population using mid-infrared spectroscopy. They used 

a supervised machine-learning approach to map the pre-selected 17 wavenumbers to mosquito 

species on any of these classes; An. gambiae or An. Arabiensis. The age classes of the mosquito 

selected are 1, 3, 5, 7, 9, 11, and 15 days. Their research aims to understand the chronological 

ages and species of mosquito that transmits malaria to ensure an efficient malaria intervention 

(González Jiménez et al., 2019). Lee et al. (2020) proposed an ensemble of a machine learning 

model for diagnosing malaria using patient’s information such as nationality, disease, gender, 

symptoms and present location of the malaria patient in Korea (Lee et al., 2020).  Bria et al. have 

demonstrated the predictive power of machine learning by developing a predictive model to aid 

in the quick identification of significant symptoms and non-symptoms of malaria for faster 
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decision making and easy malaria disease diagnosis. Patients’ medical records of malaria and 

other febrile diseases were collected from public hospitals, and seven significant symptoms were 

identified as the most relevant symptoms of malaria that serve as predictors for quick malaria 

diagnosis. The symptoms include headache, duration of fever, vomiting, heartburn, severe 

symptoms, dizziness, joint pain, patients’ health history of malaria (Bria et al., 2021). 

Diagnosing malaria with its symptoms seem to be promising. However, to eliminate or mitigate 

malaria disease transmissions and outbreaks, a good elimination strategy requires determining 

the malaria mode of transmission and predicting its possible outbreak rather than diagnosing the 

disease. Therefore, recent malaria research focuses on using machine learning algorithms to 

forecast malaria outbreak and incidences using climate factors. 

Kalipe et al. proposed machine learning approaches for predicting malaria outbreak in 

Visakhapatnam. Data collected ranges between 2005 to 2011 involving the information about the 

two most popular parasites: P. falciparum and P.vivax and climatic variables such as rainfall, 

minimum and maximum temperature, humidity. They applied eight different machine learning 

algorithms, including XGBoost, to compare and select the model with the highest accuracy 

value. XGBoost algorithm performed better than other algorithms. However, this study focused 

only on the capability of the machine learning algorithms. The significance of the work done is 

not well demonstrated in the research (Kalipe et al., 2018). Ranovan et al. proposed applying a 

Naïve Bayes model for mapping tropical diseases based on data from Twitter to predict tropical 

disease outbreak in Indonesia. Twitter is a type of Social Network Systems (SNS) that provides a 

robust platform for microblogging. Researchers have widely used it to identify trending news 

about people and events. The tropical disease considered in their research includes malaria, 

dengue, and avian. Their study used two sets of data for training the multinomial naïve Bayes 
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model, they are feature selection and non-feature selection datasets. They classified the tweets 

datasets based on the following four conditions: disease name, the location of disease outbreak, 

health condition of disease victims, the number of cases. The model was able to map the tropical 

diseases in Indonesia based on data from Twitter with high percentage accuracy (Ranovan et al., 

2018). Chekol et al. (2018) proposed an ensemble of machine learning techniques to predict 

malaria epidemics, they presented a framework that employs several machine learning models 

for Malaria Epidemic Prediction (MEP) in Ethiopia based on the quantity of relative humidity, 

rainfall, elevation, mean temperature, and malaria cases. Their proposed model consists of an 

accurate opaque box model through a support vector regression (SVR) and a transparent box 

model through an Adaptive Neuro-Fuzzy Inference System (ANFIS). ANFIS is a class of 

adaptive networks that incorporate both neural networks and fuzzy logic principles. Neural 

networks were used for adjusting the membership functions of the fuzzy sets. The ANFIS is 

structured as follows, five inputs with three membership function for each input, 243 rules, and a 

single output. The model was trained, validated and tested using five years (2013–2017) of 

historical climatic and malaria data from the study site (Chekol & Hagras, 2018). The model was 

able to predict malaria epidemics in Ethiopia. A conceptual architecture for the Malaria 

Surveillance System (MSS) to detect and track disease outbreaks and trends and gives health 

professionals and organizations sufficient time to initiate preventive intervention strategies to 

distribute the necessary resources to affected areas effectively and timely manner. However, this 

work is not yet implemented and evaluated. It is mainly based on the analyses of literature 

review and provides a basis for the next steps of the text mining and data collection process (Boit 

& Alyami, 2018). Another research work proposed a Malaria Epidemic Prediction Model using 

Twitter data and volume of Precipitation in Nigeria. Researchers in public health uses the 
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crawled data and information from Twitter to detect incidences and manage epidemics and 

disease outbreaks in some parts of the world. Their research streamed live Twitter messages that 

have mentioned “Malaria”, preprocessed the Tweets, and then classified them into two different 

classes as Malaria cases unrelated  

Tweets and Malaria cases related Tweets using SVM as the base classifier. Finally, the model 

was able to predict correctly possible outbreak of malaria in Nigeria (Maurice et al., 2019).  

Some basic environmental and social contexts of malaria vary geographically. Hence, the 

influences of climatic variables like temperature and precipitation often vary from one location 

to another. In this regard, Davis et al. have considered a genetic algorithm model that forecasts 

malaria incidence by assembling districts into clusters based on their responses to the 

environmental variables. Daily environmental data from each study zone, such as precipitation, 

were used as predictors. Then, a genetic algorithm is used to perform some cluster analysis to 

map each district with the most influencing climatic factor. In the end, six clusters were formed 

with each district showing their degree of response to the environmental predictors (Davis et al., 

2019). An artificial neural network model was used to predict the abundance of malaria 

prevalence in four districts of India, using a combination of environmental variables such as 

vegetation index, rainfall, temperature, relative humidity, and daily clinical report of malaria. 

The study identified that the malaria prevalence rate is always at its peak during heavy rainy 

seasons. Their study has shown that ML algorithms are successful for predicting the possible 

outbreak of malaria in some regions of the world(Thakur & Dharavath, 2019). Santosh et al. 

(2020) proposed a Long Short-Term Memory (LSTM) based system to predict the prevalence of 

malaria in India using a big data approach. LSTM is a chain-like structure capable of 

remembering information and long-term training with four network layers. Their model 
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identifies and removes the non-required data using the sigmoid function and takes the output (vt-

1) at time t-1 and current input (Xt) at time t. The model could predict the possible occurrence of 

malaria in India(Santosh et al., 2020). 

The related works presented in these sections have relatively performed well and correctly 

predicted the malaria epidemic in different parts of the world. However, they are some 

underlying issues that need to be addressed. Firstly, most of the works are more concerned with 

predicting just the incidences and the prevalence of malaria without typically stating a threshold 

that considers malaria incidence or prevalence as “an epidemic”. Secondly, few works have been 

done using machine learning techniques and algorithms to predict malaria incidence. Thirdly, 

much attention has not been given to applying machine learning techniques to predict malaria 

outbreak in the six endemic regions of sub-Saharan Africa. Finally, predicting the exact value of 

malaria prevalence may not be ideal as it will not always predict the same value for each given 

year. This research has addressed these issues by considering the six most malaria-endemic 

countries of Africa using machine learning tools and techniques to predict if there would be an 

increase or decrease in malaria incidence in a given year, considering the climate variability. It 

has proposed to apply an eXtreme Gradient Boosting algorithm. The XGBoost model has 

achieved excellent performance in many fields of medical research and guarantees a better 

performance model that could predict the nature of malaria incidence using climate variability.  

2.4 Application of Machine Learning Techniques in TB Diagnosis 

This section presents an overview of some machine learning tools and techniques that have been 

applied in enhancing TB diagnosis in the past and present time. It presents how association rule 

mining has been applied in healthcare and different approaches to implementing association rule 

mining. The most common approaches mentioned are Apriori and ECLAT, only about two 
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researchers have considered using FP-growth algorithm to discover hidden patterns and 

information from patients’ symptoms and generate relevant classification association rules. The 

further presents different approaches for classifying TB patients. Finally, it highlights the 

significance of the proposed work in this research by improving the existing methods. 

2.4.1 Association Rule Mining (ARM) 

ARM is a concept introduced by Agrawal (Agrawal et al., 1993); It is designed in the context of 

market-basket analysis for mining frequent item-set data. An itemset in the medical context 

comprises a set of symptoms in the transactional (patient’s database) database. Given T; a 

transactions database (DB), and 𝐼 =  𝐼_1, 𝐼_2, … , 𝐼_𝑚 as a set of binary attributes (items), each 

transaction 𝑡, represented as a binary vector, with 𝑡[𝑘] = 1 𝑖𝑓 𝑡 is present, and 𝑡[𝑘] = 0  𝑖𝑓 t is 

absent (Agrawal et al., 1993). For instance, association rule (AR) is expressed as Inadequate-

Treatment (IT) |𝑇𝑟𝑢𝑒 ⇒ 𝐷𝑅𝑇𝐵|𝑇𝑟𝑢𝑒, where IT and DRTB are frequent itemset in the 

transactional DB and IT ∩ DRTB =  ∅. The itemset IT and DRTB are said to be the antecedent 

and the rule's consequent, respectively. This rule implies that if IT is true, then DRTB will likely 

occur in the same transaction. Support(minSup) and Confidence(minConf) are two major metrics 

for evaluating association rules' strength. The support for the rule 𝑋 ⇒ 𝑌 is the fraction of the 

transactions that contain both X and Y, as shown in Equation (6).  

𝑠𝑢𝑝𝑝𝑜𝑟𝑡(𝑋 ∪ 𝑌) =  
sup _𝑐𝑜𝑢𝑛𝑡(𝑋∪𝑌)

𝑁
                                      (6) 

The Confidence of rule X⇒Y is the proportion of the transaction containing X and contains Y 

expressed in Equation (7). 

confidence (𝑋 ⇒ 𝑌) =   
𝑆𝑢𝑝(𝑋 ∪𝑌)

𝑠𝑢𝑝(𝑋)
                                     (7) 

ARM is an effective Machine Learning technique that finds interesting patterns in large 

databases (Altaf et al., 2017) and is extensively applied in healthcare systems. It has the 
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capability of conducting intelligent diagnoses and extracts insightful information and knowledge 

rapidly. The most frequently used methods for generating association rules are Equivalence 

Class Transformation (ECLAT), Apriori, and FP-Growth algorithms. FG-Growth is the most 

efficient because it uses a special prefix tree to organize data and its rapidity in finding frequent 

itemset with less access to the transaction DB (Altaf et al., 2017). In recent times, ARM has 

gained popularity in the health care domain for discovering hidden patterns in diseases and 

recurring relationships amongst symptoms of the disease. It has been scarcely applied in TB 

research, and most of the studies identified the TB co-occurrence and generated ARs on early-

stage TB symptoms using the Apriori algorithm but have not considered DR-TB. The Apriori 

method may also achieve good performance gain; however, it takes a longer time and is too 

costly to handle due to many candidate sets and frequent scanning of the database(Han Jiawei, 

2000). 

2.4.2 Applications of ARM in the Health Care System 

ARM is widely used in disease investigation. The most relevant existing works focused on 

association rules discovery: Asha et al. (2011) proposed an associative classification system for 

classifying TB into Pulmonary TB and Retroviral TB using the Apriori algorithm. The system 

generated some classification rules that assisted in predicting TB disease (Asha et al., 2011). 

ARM was applied to the salmonellosis disease dataset of Florida, California, and New York to 

discover the effects of urbanization on salmonellosis (Raheja, 2012). This dataset comprised 

numbers of salmonellosis-affected people. The dataset was preprocessed, followed by ARM 

application using the Apriori algorithm at minimum support and confidence values of 1% and 

40%. Researchers found that urbanization affects the high rate of Salmonellosis (Raheja, 2012). 

Nahar et al. applied the Apriori algorithm to detect factors that influence heart disease rates in 
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males and females, using a dataset obtained from the UCI Machine Learning repository. The 

analysis showed that females are less likely to develop coronary heart disease than the male 

counterpart (Nahar et al., 2013). Ilayaraja et al. applied the Apriori algorithm to detect frequent 

diseases in a specific location for a given period. About 1246 patients' medical health records 

containing 29 attributes were used on WEKA ML software to generate the frequently occurring 

disease and transmission (Ilayaraja & Meyyappan, 2013). 

In a study to extract factors influencing the spread of respiratory disease in Kuala Lumpur, 

Malaysia, the Apriori algorithm was applied to a dataset of 1000 records with seven feature 

variables to generate sets of rules associated with respiratory illness. This process involves five-

step approaches: data selection, data preprocessing, application of Apriori algorithm, result 

evaluation, and knowledge extraction. The results show that temperature, carbon monoxide 

(CO), and particulate matter (PM10) strongly affects the outbreaks of respiratory illness in Kuala 

(Payus et al., 2013).  A system that analyzes clinical observations using a simulated dataset. 

Their design framework is based on online transaction processing (OLTP) and clinical state 

correlation prediction (CSCP). The CSCP fetches data from OLTP, then processes and analyzes 

comorbidity using the Apriori algorithm (Rashid et al., n.d.). The practical application of this 

work is uncertain as it did not involve real-world data.  An FP-growth algorithm that generates 

positive and negative frequent patterns and ARs using a heart disease dataset is proposed by 

Wang et al. (2017). It generates only the relevant ARs by removing pseudo-patterns and 

comparing the negative and positive data items, then sets up a threshold for the number of 

incidences (Wang et al., 2017). ARM is also applied in medicine to detect the association 

between the disease and the physician's prescription in treating the patient's illness; this is 
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achieved through grouping disease into different classes using k-means clustering algorithm (C. 

Yang et al., 2018).  

A. et al. (2021) applied ARM using the Apriori algorithm to understand TB attributes and to 

identify their correlation. This algorithm was applied on a thousand records of datasets with 26 

attributes to generate the association rules (AR) for the early-stage diagnosis of TB and the 

Decision tree for further classification (A. et al., 2021). Most of these works have considered the 

Apriori algorithm; however, the Apriori algorithm is inefficient in handling many candidates set 

and involves constant scanning of the DB, especially when mining longer patterns. The FP-

Growth algorithm is most efficient considering space and time complexity. Few works have been 

applied in generating association rules in pulmonary TB and DR-TB. Therefore, we propose an 

effective FP-Growth algorithm that generates efficient association rules for discovering the 

hidden patterns in symptoms of first-degree TB and DR-TB to enhance TB diagnosis.  The 

proposed algorithm aims to discover descriptive rules that find frequent symptoms associated 

with TB and DR-TB. Consequently, these rules will also help determine if the presence of a 

symptom may result in another.  

2.4.3 Classification and Prediction Techniques for TB Diagnosis 

Machine learning methods have been widely applied for the early prediction/diagnosis of DR-

TB. A Classification and Regression Tree (CART) model for TB diagnosis using smear-negative 

pulmonary TB for patients in remote areas. This model considered the physical signs and chest 

X- rays. This predictive model's results had a sensitivity range of 64% to 71% and a specificity 

range of 58% to 76% (F.S. et al., 2012). However, these studies did not consider patients with 

DR-TB. Évora et al. proposed an ANN-based model consisting of 50 hidden nodes and three-

layer fully connected feed-forward Multi-layer Perceptron (MLP) used as a diagnostic Support 



 

44 
 

tool that detects DR-TB and MDR-TB (Évora et al., 2016). An Adaptive Neuro-fuzzy inference 

system (ANFIS) is a rule-based system that uses some predefined set of rules while considering 

the following symptoms sputum, culture, x-ray, duration of symptom, drug susceptibility test 

(DST), and weight loss to detect pulmonary TB (Shrivastava et al., 2016). A rule-based system 

may fail if there is a new situation or an exception in the case of new TB symptoms (L.-H. Yang 

et al., 2018). Existing baseline methods classify drug resistance as present or absent based on 

several predetermined libraries of variants from the literature. Yang et al. applied machine 

learning techniques for classifying DR-TB DNA sequencing data; the models performed well 

when tested with real-world datasets(Y. Yang et al., 2018). Support vector machine (SVM) 

approach was used to detect the effectiveness of the various method of TB treatments by 

considering the following features; patients' unique numbers, patient number of visits to the 

hospitals, results of patient's test and type of drug administered to the patient that tested positive 

TB. This study achieved a prediction accuracy of 95%, aiding physicians in determining the most 

effective treatment to administer to TB patients(Rakhmetulayeva et al., 2018). Lokeshkumar et 

al. proposed an ensemble of ML techniques to classify MDR-TB in four classes such as 

Defaulted, Died, Treatment Completed, and Cured. Adaboost algorithm worked best on the 

datasets when compared to other ML techniques. The main aim of applying ML techniques to 

disease classification and prediction should not be based on such technique's capability; rather, it 

should be based on its efficiency in healthcare (Lokeshkumar et al., 2019). This research presents 

a data-driven approach that verifies the statistical significance of the symptoms of TB to prove 

the degree of their significance to DR-TB. Find the relationship between TB and DR-TB 

symptoms. It then presents a logistic regression (LR) model that classifies patients into positive 

or negative TB and DR-TB or DS-TB classes based on the probability of the attributes. LR is 
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used to identify the best fit that significantly describes the relationship between the output and 

input variables.  

2.5 State of the Art of Machine Learning Techniques in Healthcare  

Computer science today has a large focus on machine learning algorithms, and these are 

demonstrated massively in the field of knowledge Discovery Data (KDD), and generally, it has 

been the new focus of the WHO to employ technology to improve the healthcare system, thus the 

field of health informatics. The advances in digital technologies are becoming essential tools for 

healthcare specialists to provide the best care for patients(Toh & Brody, 2021). Drug discovery is 

the next key research area for the healthcare industry (Mathur, 2018). Research in 

pharmaceutical companies for certain diseases is continuously growing, and machine learning 

helps speed up drug discovery by analyzing medicinal data and providing prediction models on 

drug reactions even before they are injected into subjects in a controlled environment. This saves 

both time and money, as the simulation of drug reactions gives an estimate on likely cure 

patterns and reactions to the drug (Mathur, 2018). 

Machine learning models are rapidly advancing and are useful for predicting and assessing 

structural performance, identifying the structural condition and informing preemptive and 

recovery decisions by extracting patterns from data collected via various sources and media. 

Machine learning tools have become available in diagnosing and predicting diseases, thereby 

saving costs and improving the likelihood of surviving, especially in some deadly diseases 

(Elshawi, 2020). In the case of infectious diseases, early diagnosis is highly needed in isolating 

the subjects to reduce the spread of the disease. Predictive analytics is the next era of application 

of machine learning in the healthcare industry. The focus would be on predicting the likely 

number of people who could develop a certain disease at a given time, the age of who may likely 
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develop a certain disease, and find patterns that may indicate a disease's status. This is done by 

assessing the large volume of datasets and images faster (Waring et al., 2020). Hence, the 

research on the classification and prediction model of auxiliary diagnosis based on clinical data 

has become one of the hot spots in intelligent medicine. 

However, most hospitals are not currently deploying machine learning solutions. One of the 

reasons for this is that health care professionals often lack the machine learning expertise 

necessary to build a successful model, deploy it in production, and integrate it with the clinical 

workflow (Sun et al., 2021). However, employing machine learning in the healthcare sector will 

help ease the stress on physicians since high volumes make them more error-prone, machines 

can handle large sets of imaging data with a lower error rate, work in place of doctors in their 

absence.  

2.6 Summary of the Related Works and our Major Contributions 

From the review, it is observed that few works have been done applying machine learning 

models in malaria-endemic zones, and regardless of this, none have considered the six selected 

malaria-endemic countries of sub-Saharan Africa. Therefore, this research follows a systematic 

data mining approach, applying its tools and techniques to ensure high-quality data and better 

classification accuracy. Following this, The XGBoost algorithm employed in this research has 

been used by only a few researchers in the health care sector.  The eXtreme Gradient Boosting 

(XGBoost) model is a machine learning method that can yield high precision prediction results 

through its strong self-learning ability for these non-linear data. A common term is included in 

the objective function of the XGBoost model, which helps prevent overfitting, and can control 

the complexity of the model. The XGBoost model has many advantages in model prediction, 

such as a fast operational speed, complete feature extraction, a good fitting effect and high 
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prediction accuracy (Alim et al., 2020). In the other part, this work has also presented an efficient 

TB diagnostic model that provides the most significant symptoms associated with TB and DR-

TB to improve the time taken by physicians to diagnose patients. This is achieved with 

association rule mining by detecting hidden relevant information from a group of a dataset and 

providing some classification rules. FP-growth algorithm is used to mine and develop the 

association rules used for the TB classification/diagnosis. Finally, a Logistic regression-based 

model is efficient with fast training and prediction time.   
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CHAPTER 3 

Prediction of Malaria Incidence using Climate Variability and 

Machine Learning 
3.1 Introduction 

This chapter highlights the different tools and techniques adopted to implement the malaria 

incidence classification model (MIC), including the design frameworks for implementation, the 

evaluation metrics for evaluating the performance of the proposed models, experimental result 

presentation, and concluding remarks. 

3.2 Study Site 

The study sites include Burkina Faso, Mali, Niger Republic, Nigeria, Cameroon, and DRC with 

details of their geographical locations as follows: Nigeria is between latitudes 4° and 14°N, and  

longitudes 2° and 15°E with a population of about 206,139,589. Mali is situated between 

latitudes 10° and 25°N, and longitudes 13°W and 5°E, with a population of 20,250,833 people.  

The Niger Republic lies between latitudes 11° and 24°N, and longitudes 0° and 16°E, with a 

population of 24,206,644. Cameroon lies between latitudes 1° and 13°N, and longitudes 8° and  

17°E, having a population of 21,917,602. Burkina Faso is between latitudes 9° and 15°N and 

longitudes 6°W and 3°E, with a population of 20,321,378. DRC lies between latitudes 6°N and  

14°S, and longitudes 12° and 32°E, with a population of 84,068,091. Although there is an overall 

decrease in malaria incidences, no significant change is observed in these six countries despite  

the investments made to reduce the transmission (Feachem et al., 2019). Therefore, a good 

understanding of the effects of climate variability on these regions distinctively will be useful to  

each of these countries for effective control and decision-making. Figure 3.1 shows the 

geographical map of the selected six countries, highlighting the major areas that are malaria- 

endemic.    
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Figure 3.1. Geographical map of the six selected regions and their endemicity to malaria (source: 

World Health Statistics, 1990 - 2017) 

 

3.2.1 Clinical Data 

The confirmed malaria incidence for 28 years ranging from 1990 to 2017 for all the six selected 

countries, was obtained from the WHO data repository (Roser & Ritchie, 2020). The dataset 

contains a normalized value of the annual confirmed malaria incidence per 1000 population, 

which is the annual rate computed by dividing confirmed malaria incidence by its population 

size. The malaria incidence datasets are confirmed malaria cases recorded in different hospitals 
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and healthcare centres and then transferred to the WHO to eliminate diseases. Figure 3.2 shows 

the annual malaria incidence for the six selected regions for the past 28 years. 

 

 

 

 

 

 

 

 

 

Figure 3.2. Annual malaria incidence case per 1000 population for the six selected regions 

(Source: Authors) 

3.2.2 Climate Data 

The climatic dataset was collected from the National Centre for Atmospheric Research (NCAR) 

(https://ncar.ucar.edu/what-we-offer/data-services, 2019). These are observational data taken for 

28 years (1990 to 2017) containing daily records of the earth system observations such as 

atmospheric pressure, surface temperature, precipitation, surface radiation, and relative humidity. 

Only the annual records of both climate variables and malaria incidence reports have been 

considered due to the availability of annual incidence reports of malaria in the six selected 

countries. The annual precipitation is within 1192 and 1694 mm, the annual temperature is 

between 25.0 and 29.5°C, the annual relative humidity is between 40.2°C and 45.5°C, the annual 
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surface radiation ranged between 220 and 240°C, and finally, the pressure is between 99814 and 

99820pa across the six selected countries. 

3.3 Experimental Dataset  

Both climatic variables and malaria incidence reports contain continuous real value numbers per 

region. The climatic variables have five attributes: precipitation, surface radiation, temperature, 

atmospheric pressure, relative humidity used as the independent variables (predictors), and the 

malaria incidence report known as the dependent variable (target class). The increase and 

decrease in malaria incidence were represented using 1 and -1, respectively. Table 3.1 presents a 

sample of the raw dataset before preprocessing. These predictors are defined below: 

i. Precipitation: It is a product of the condensation of atmospheric water vapour that falls 

under the force of gravitational pull from the cloud. When some portion of the atmosphere 

becomes saturated with enough water, it reached up to 100% of relative humidity. 

Precipitation may exist in the form of rain, drizzle, snow, ice pellets, hail, graupel and sleet.  

ii. Relative humidity:  Humidity is defined as the total concentration of water vapour in the 

air. The relative humidity is the ratio of the partial pressure of water vapour to the 

saturation vapour pressure of water at the same temperature 

iii. Atmospheric temperature:  Atmospheric temperature is a measure of temperature at 

different levels of the Earth's atmosphere. It is controlled by many factors, 

including incoming solar radiation, humidity and altitude. 

iv. Atmospheric pressure: Atmospheric pressure is defined as the force per unit area exerted 

against a surface by the weight of the air above that surface.  

v. Surface radiation: The total radiative energy absorbed by the land surface is the major 

forcing that drives the land surface processes of water, energy, and biology 
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Table 3.1: Sample of the dataset before preprocessing  

Date 
(mm/dd/yyyy) 

Precipitation 

(mm) 

R_humidity 

(g.kg
-1

) 

Atm_Temp 

(
o
C) 

S_radiation 

(W/m
2
) 

Pressure 

(pa) 

Malaria incidence 

6/16/1990 0.812998 44.6705 25.5804 292.177 97208 17720.77 

6/16/1991 0.980199 45.8741 25.4737 287.061 97218.8 17708.78 

6/16/1992 0.851804 46.5215 25.0838 290.031 97235.7 17658.16 

6/16/1993 0.83694 46.6726 25.3986 292.72 97210 17525.48 

6/16/1994 1.15679 46.8185 25.4253 297.068 97232.3 17363.39 

6/16/1995 0.958874 47.2742 25.5901 292.391 97201.2 17556.83 

6/16/1996 0.827338 48.3952 25.5854 294.092 97144.8 17850.52 

 

3.3.1 Data Pre-processing 

Error-prone systems due to noise in data can negatively affect the detection of unusual trends. 

Machine learning principles uphold high accuracy through data preprocessing to obtain high-

quality data (Alexandropoulos et al., 2019). An in-depth analysis of both climate variables and 

malaria incidence report was carried out in collaboration with an ecologist and a health 

professional to examine the health implication of these variables to malaria transmission and 

occurrence; it was discovered that pressure has less significance in malaria incidence, which is in 

harmony with the statistical result. It was normalized using minmax_scaler to unify them into the 

same scale. Following this, the target variable was transformed from continuous variables into a 

discrete variable, using the malaria incidence threshold method as proposed by the WHO (Roser 

& Ritchie, 2020). The annual mean for the past 28 years (n=28) plus two multiplied by the 

standard deviation (SD) as shown in Equations (8), (9), and (10).  

 �̅� =  
∑ 𝑥𝑖

𝑛
𝑖=1

𝑛
                                  (8) 
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𝑆𝐷 = √
∑(𝑥𝑖−�̅�)2 

𝑛
                              (9) 

Malaria incidence threshold = �̅� + 2(SD)       (10) 

Where: 

�̅� = 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑚𝑒𝑎𝑛 

𝑥𝑖 = 𝑎𝑛𝑛𝑢𝑎𝑙 𝑖𝑛𝑐𝑖𝑑𝑒𝑛𝑐𝑒 𝑟𝑒𝑝𝑜𝑟𝑡 

𝑛 = 𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑦𝑒𝑎𝑟𝑠 

𝑆𝐷 = 𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 

The following thresholds for malaria incidence were obtained for each country; Burkina Faso: 

13185.2, Nigeria: 215096, DRC 2833.52, Mali: 26321.5, Cameroon: 25755.8, and Niger: 

2361.83. The class variable is grouped into 1 and -1, which implies that whenever malaria 

incidence rises above the threshold, it indicates high malaria incidence and is classified as 1, and 

if it is below these values, it indicates low incidence. Table 3.2 shows a sample of the 

preprocessed data of Table 3.1.  

Table 3.2: Sample of the dataset after preprocessing  

Precipitation R_humidity Atm_temp S_radiation Pressure Malaria incidence 

-0.50512 -0.74055 -0.9594 -0.49644 0.343463 -1 

-1.70873 0.486246 -1.11436 0.380656 1.149704 1 

-1.22037 0.244946 -2.55947 1.720385 1.352471 1 

-0.72998 0.406975 -1.26241 1.640703 2.115261 -1 

1.637181 1.333713 0.10851 0.04944 -0.14897 -1 

0.561079 -0.20725 -0.02379 -0.20566 -0.48692 1 

0.744139 1.126933 -0.7237 0.109499 -0.55933 1 
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3.3.2 Feature Engineering using Statistical Significance 

Although data quality might be a less critical problem for screening common, nonspecific 

indicators for statistical aberrations, quality should be evaluated and improved to the extent 

possible. Pearson's correlation analysis detects the degree of relationship between the feature 

variables and target variable, this aids in selecting only the relevant features that have a strong 

influence on the occurrence of malaria incidence (Zhao et al., 2020). Pearson's correlation 

coefficient lies between -1 and +1, where -1 indicates a strong negative correlation, 0 indicates 

no correlation, while 1 implies a strong positive correlation. Equation (11) expresses the 

correlation coefficient mathematically.  

𝑝(𝑥, 𝑦) =  
𝜎𝑥𝑦

𝜎𝑥𝜎𝑦
            (11) 

where: 

𝜎𝑥 = 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑥 

𝜎𝑦 = 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑦 

𝜎𝑥𝑦 = 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 

Test for collinearity 

When predictors exhibit a linear relationship with each other, collinearity occurs (Zaki et al., 

2014). Variance inflation factor (VIF) finds the strength of the association between variables. 

Collinearity occurs if VIF is greater than and no collinearity if VIF is less than or equal to 1, it 

indicates no collinearity, but if the VIF is greater than 1, it indicates collinearity. VIF is expressed 

mathematically using Equations (12) and (13). 

𝑉𝐼𝐹 =
1

1−𝑅𝑖
2                                             (12) 

𝑊ℎ𝑒𝑟𝑒: 

𝑖 = 𝑇ℎ𝑒 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟𝑠 (𝑥1, 𝑥2, … , 𝑥𝑛) 
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and  

𝑅𝑎𝑑𝑗
2 =  [

(1−𝑅2)(𝑛−1)

𝑛−𝑘−1
]              (13) 

𝑅𝑎𝑑𝑗
2  = Adjusted R squared 

n = total number of data sample 

k = number of feature variables 

3.4 Data Visualization  

Data visualization is a technique used to provide quick and effective communication of 

information in a common way using visual information. This technique helps to identify the 

hidden relationship amongst variables quicker and highlight areas that need improvement or need 

more attention. It is used to visualize trends, variabilities and derive meaningful insights from the 

data, associations, and degree to which each variable affects the other. Figure 3.3 to Figure 3.8 

show a line chart for displaying trends and change over time between malaria incidence and 

climate variability. Figure 3.3 shows the relationship between annual climate variability and 

malaria incidence in Nigeria. Malaria incidence seems to be stagnant between the year 1990 and 

1996.  It was at its extremes between 2004 to 2008. On getting close to the peak of the graph, an 

increase in precipitation, temperature and relative humidity affected the increase in malaria 

incidence. Between 2010 to 2017, Malaria incidence declined drastically. However, between 

2014 to 2017, the pressure and temperature are inversely related to malaria incidence as the 

increase in pressure and temperature results in an increase in malaria incidence. 
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Figure 3.3: Trend in Annual climatic variability and malaria incidence in Nigeria 

Figure 3.4 shows the line plot showing the relationship between climate variability and malaria 

incidence in Mali. The plot shows that malaria incidence was moderate between 1990 through 

2002. However, from 2012 to 2015, malaria incidence increased and surpassed the malaria 
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incidence threshold in Mali. This could be referred to as an epidemic in Mali. Also, the rate of 

precipitation, atmospheric temperature, pressure and surface radiation, and pressure influenced 

the rate of malaria incidence, while relative humidity maintained the same non-influential 

relationship with malaria throughout the line plot. Figure 3.4 also showed that temperature and 

precipitation moved in the opposite direction from the origin between 1990 to 1996. This shows 

that as precipitation is increasing, the temperature rate is decreasing. As the precipitation is 

decreasing, the temperature rate is increasing. 

 

Figure 3.4: Trend in Annual climatic variability and malaria incidence in Mali  
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Figure 3.5 shows the trend in the relationship between annual climate variability and malaria 

incidence in DRC. Malaria incidence started increasing from 1995 and reached its peak in 2004 

where the country experienced an abnormal increase in the incidence rate of malaria in DRC.  

During this period of abnormal increase in malaria incidence, there was a slight reduction in the 

volume of precipitation. There is a slight decrease in malaria incidence at the beginning of  2006. 

Similarly, it is observed that while the country also experienced a large amount of relative 

humidity, there was also a similar movement when the malaria incidence started decreasing. This 

shows that climate variability affects malaria incidence in both ways. 

 

Figure 3.5: Trend in Annual climate variability and malaria incidence in DRC 
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In Figure 3.6, malaria incidence started rising from 1996 and has never returned to its original 

position of low incidence as in 1990. Burkina Faso experienced the highest rate of malaria 

incidence between 2008 to 2013 with the most influencing factors as relative humidity, 

precipitation and atmospheric temperature. The graph shows that while the malaria incidence 

case increased, precipitation and air temperature were increasing in a similar direction, except 

the atmospheric pressure and surface radiation, which moved in a slightly opposite direction. 

Figure 3.6 Summarizes that an increase in temperature, precipitation, and relative humidity leads 

to a higher incidence of malaria incidence in a given year. 

 

Figure 3.6: Trend in Annual climatic variability and malaria incidence in Burkina Faso 
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Figure 3.7 shows the variability of climate factors and malaria incidence in Cameroon. Malaria 

incidence starts increasing from the year 2000 and reached its peak in 2004, when relative 

humidity, surface radiation, precipitation and air temperature was high. Cameroon experienced 

what could be referred to as an “outbreak” between the years 2000 to 2008, and it was influenced 

by a substantial amount of precipitation, relative humidity,  temperature and few amount of 

pressure. However, malaria incidence started decreasing from the year 2008 but has remained 

unstable. This may be as a result of instability in the occurrence of precipitation, temperature, 

and radiation.  

 
Figure 3.7: Trend in Annual climatic variability and malaria incidence in Cameroon 
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In Figure 3.8, It is observed that Relative humidity, Pressure, and Air temperature followed the 

same trends with malaria incidence at some point between 2006 and 2017. This shows that 

whenever malaria incidence is increasing, relative humidity and pressure increases as well. In the 

same way, whenever malaria incidence decreases, relative humidity, pressure and air temperature 

decrease simultaneously. There is a direct opposite variation between malaria incidence and 

precipitation, and surface radiation. Malaria incidence seems to be stable between 1990 to 2007, 

and the country experienced an abnormal incidence of malaria between the year 2008 to 2013. At 

the beginning of 2014, malaria incidences started fluctuating and are mostly affected by 

temperature. In summary, precipitation, relative humidity and are the principal factors affecting 

high malaria incidence 

 

Figure 3.8. Trends in climatic variability and malaria incidence in Niger Republic 
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3.5 Implementation Frameworks 

This Subsection presents the major frameworks for the proposed system implementation. It 

explains in details the k-means clustering techniques that were used for outlier detection and 

removal. Then it explains the XGBoost model and how it works. It also explains the performance 

metrics for evaluating the performance of the XGBoost model 

3.5.1 K-means Clustering  

Clustering groups large amounts of data points into smaller clusters by adding similar objects to 

the same cluster based on their distances (Domingues et al., 2018). The purpose of applying the 

K-means clustering approach here is for outlier detection and removal. Therefore these steps lead 

through the execution of the k-means clustering approach: 

Step 1: k initialization: choose k, and set k=2. Create k number of clusters and apply Euclidean 

distance metric for computing the similarity distance within the input values and then assign the 

input item to the closest cluster using Equation (14). 

𝑆𝑖
(𝑡)

= {𝑥𝑝: ‖𝑥𝑝 − 𝑚𝑖
(𝑡)

‖
2

 ≤ ‖𝑥𝑝 − 𝑚𝑖
(𝑡)

‖
2

 ∀𝑗, 1 ≤ 𝑗 ≤ 𝑘}            (14) 

Step 2: Update: For each input data that is assigned to a cluster by recomputing the mean value, 

update the centroid, as shown in Equation (15). Repeat Steps (1) and (2) until the mean value of 

the cluster converges and then update the centroid again. 

𝑚𝑖
(𝑡+1)

=  
1

|𝑆
𝑖
(𝑡)

|
∑ 𝑥𝑗𝑥𝑗∈ 𝑆

𝑖
(𝑡)               (15) 

Step 3: Remove the outliers: Remove all the data input that is wrongly clustered to generate a 

new data size and input. If the new data size is greater than 70%, then move to data 

classification; else, repeat the k-means clustering process until an appropriate data size is 

obtained. About 0.012% of outliers were detected and removed from the dataset. 
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3.5.2 Extreme Gradient Boosting 

Extreme Gradient boosting (XGBoost) is a machine learning method used to solve classification 

and regression problems mostly in the form of trees(Ji et al., 2019). It is scalable and efficient in 

using memory and drives fast learning through parallel and distributed computing. This model is 

best suited for fewer samples of datasets. Over-fitting is controlled by the XGBoost model for 

better performance and makes the model better than the other boosting models. The proposed 

MIC model is implemented using the XGBoost model, and the algorithm works as follows: 

Here, the objective function and the prediction function are created. The training parameters 

minimizes the objective function to identify the relevant parameters, and so, the parameters 

obtained and prediction function are used to classify the unknown sample. Given a set of data 

𝐷 = {( 𝑥𝑖, 𝑦𝑖)} (𝑥𝑖 ∈ 𝑅𝑚, 𝑦𝑖 ∈ 𝑅, 𝑖 = 1,2 , … 𝑛), having n, m dimensions, the XGBoost model is 

expressed as in Equation (16) 

�̂�𝑖 = ∑ 𝑓𝑘(𝑥𝑖),𝑘
𝑘=1  𝑓𝑘 ∈ 𝐹(𝑖 = 1,2, … , 𝑛)                                    (16) 

Where:  

𝐹 =  {𝑓(𝑥) = 𝑤𝑞(𝑥)}(𝑞: 𝑅𝑚 ⟶ {1, 2, … , 𝑇}, 𝑊 ∈ 𝑅𝑇) 

𝑊 ∈ 𝑅𝑇 = 𝐶𝐴𝑅𝑇 𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑡𝑟𝑒𝑒 𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒 𝑠𝑒𝑡,  

q = tree structure of the sample map to the leaf nodes 

T = number of leaf nodes and 

W = total score of the leaf nodes. 

When constructing the XGBoost model, it is essential to find the optimal parameters following 

the principle of creating a minimal objective function to building an optimal model. The 

objective function of the XGBoost model can be divided into an error function term L and a 

model complexity function term X. The objective function can be written as in Equation (17): 
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𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑓𝑥𝑛 = 𝐿 + Ω                                            (17) 

𝐿 =  ∑ (𝑦𝑖 − �̂�𝑖)
𝑛
𝑖=1                                                     (17a) 

Ω =  𝛾𝑇 +
1

2
𝜆 ∑ 𝑤𝑗

2𝑇
𝑗=1                                               (17b) 

Where:  

𝛾𝑇 = regular term of Li 

1

2
𝜆 ∑ 𝑤𝑗

2𝑇
𝑗=1  = regular terms of L2 

𝛾 𝑎𝑛𝑑 𝜆 = adjustment parameters helping to prevent the model from overfitting 

When using the training data to optimize the model training, it is necessary not to change the 

original model and add a new function, f, to the model to reduce the objective function as much 

as possible. The objective function is expressed as in Equation (18): 

𝑂𝐵𝐽(𝑡) = ∑ (𝑦𝑖 − (�̂�𝑖
(𝑡−1)

+ 𝑓𝑡(𝑥𝑖)))
2

𝑛
𝑖=1 + Ω                                    (18) 

Where: 

�̂�𝑖
(𝑡−1)

 = predicted value 

𝑓𝑡(𝑥𝑖)  = new function added at 𝑡𝑡ℎ 𝑡𝑖𝑚𝑒 

OBJ = scoring function used as an evaluation model 

OBJ is used to search for the best tree structure, and the smaller the OBJ value, the better the 

effect of the model, as this ensures an optimal XGBoost model. By calling the tree recursively, a 

larger proportion of regression tree structures are obtained (Li & Zhang, 2020),  

XGBoost model allows the adoption of cross-validation in every iterative stage of the boosting 

process, enhancing the precise optimal number of boosting iterations in each run. 

Hyperparameter optimization tries to find an optimal quickly, or at least an effective, 

combination of hyperparameter values that maximizes some performance metrics for the given 
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machine learning task (Bergstra et al., 2011). Hyperparameter optimization is applied to the 

proposed model to help in the selection of the hyperparameter value that works best on the 

classification; the following hyperparameters was selected in the training of the MIC model: 

i. Learning_rate = 0.2, it is a step size that aids to prevent overfitting, and its values 

range between [0,1].   

ii. Max_depth = 6; this determines the depth of each tree that can grow during each 

boosting phase.  

iii. n_estimators = 100, number of trees to be built.  

iv. Gamma = 0.1 regulates a node's splitting based on the predictable decrease in loss 

after the split.  

v. scale_pos_weight = 1, it helps in faster convergence. 

vi. min_child_weight = 1, Used to control over-fitting.  

vii. Seed = 10, The seed is a random number used for parameter tuning and creating 

reproducible results. 

3.5.3 Performance Metrics and Model Selection  

Performance metrics are used to ensure that the learning algorithm has learned enough to predict 

or classify data accurately without minimal error. The performance of the MIC model is 

evaluated using the following metrics:  

Classification Accuracy 

Classification accuracy is the ratio of the sum of accurate predictions to the sum of input samples 

used as expressed in Equation (19).  Accuracy scores range between 0 to 100% or simply 0 to 1. 

An accuracy score of 1 or 100% means that the classifier has correctly classified or predicted    

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑟𝑎𝑡𝑖𝑜 𝑜𝑓 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑐𝑐𝑢𝑟𝑎𝑡𝑒 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

 𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
        (19) 
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The Area Under Curve (AUC)  

AUC is used to evaluate binary classification models. The AUC scores present a good summary 

of the performance of the receiver operator curves (ROC). A recent study shows that AUC is 

comparatively better than the classification accuracy (Huang & Ling, 2005) because it avoids the 

supposed subjectivity in the threshold selection process. It measures if predictions are properly 

ranked instead of their absolute values, and measures the quality of a model's prediction, 

regardless of chosen classification threshold. There are some types of problems where accuracy 

has proven to be insufficient and misleading in helping assess the performance of an algorithm. 

One of such problems is severe problems where one target variable value has higher occurrences 

than the other. When the cost of classification rises, relying on only accuracy is not sufficient. 

The Receiver Operating Characteristics (ROC) is a graphical representation of the false-positive 

rate (FPR), also known as sensitivity and true positive rate (TPR), also known as specificity, 

which represents the model's performance. The higher the AUC score, the better the model's 

performance. The sensitivity and specificity of the model are computed using Equations (20) and 

(21). On a ROC graph, TP is plotted on the Y-axis and FP is plotted on the X-axis. 

 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
            (20) 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 
             (21) 

Note that an AUC score of 1 indicates high performance, while an AUC score of 0 indicates the 

worst performance of a classifier. (Hand & Till, 2001) present a straightforward approach for 

calculating the AUC of a classifier for binary classification is in Equation (22). 

𝐴𝑈𝐶 =  
𝑆0−𝑛0(𝑛0+1) 2⁄

𝑛0𝑛1
                                                         (22) 

Where: 

𝑛0 = number of points in the test set belonging to class 0,  
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𝑛1 = number which belongs to class 1. 

𝑆0 = ∑ 𝑟𝑖 

𝑟𝑖 = rank of the 𝑖𝑡ℎ positive example in the ranked list 

 

Cross Validation 

Cross-Validation (CV) is a technique used in accessing the ML model's effectiveness, especially 

while reducing bias and overfitting, which may arise due to the quantity of the dataset (Shao, 

1993). Assume that n data points are available for a model selection from a class of models. The 

n dataset is split into k number of portions. The first portion contains 𝑛𝑐 data points to fit the data 

to the model, while the second portion 𝑛𝑣  = 𝑛 − 𝑛𝑐. Validating a model is not only done using 

𝑛𝑣but can also be done using all the 𝑑𝑎𝑡𝑎, 𝑛 =  𝑛𝑣 + 𝑛𝑐 and can be divided ( 𝑛
𝑛𝑣

) various ways  

(Shao, 1993). Cross-validation is typically used to select the model with the best average 

predictive or classification ability and is done using different approaches such as k-fold CV, 

leave-one-out, calculated based on the different ways of data splitting (Wong & Yeh, 2020). The 

k-fold CV technique is used in this research, and it involves splitting a specified set of 𝑛 data 

points into a k-number of partitions or folds, where each fold is used as a training or testing set. 

K-fold CV follows an iterative process where the first partition or fold is used to test the model, 

and the remaining folds are used to train the model for the first iteration. This process is repeated 

until each fold of the k-fold is used as a testing set. K=5 fold was used for the validation of the 

proposed MIC model.  

Akaike Information Criterion (AIC) 

The Akaike information criterion (AIC) is a mathematical method for evaluating how well a 

model fits data. It is used to select the best model during model comparison (E. J. Wagenmakers 



 

68 
 

& Farrell, 2004). This is achieved by calculating and comparing the AIC scores of several 

possible models and then selecting the one that best fits the data. It determines the relative 

information value of the model using the maximum likelihood estimate and free parameters in 

the model and is computed using Equation (23).  

𝐴𝐼𝐶𝑖 = −2𝑙𝑜𝑔𝐿𝑖 + 2𝑉𝑖                                                       (23) 

Where 

𝐿𝑖  = the maximum likelihood for the candidate model 𝑖 

𝑉𝑖 =  free parameters of a given model 

Comparing models with AIC, the AIC of each model is calculated first, and then, the model with 

the smallest AIC value is preferred. Akaike weight is a measure of the relative likelihood of a 

model, and it is used to facilitate the interpretation of the results of AIC model comparison 

procedures. Akaike weights are calculated by computing the difference in AIC models with 

respect to the best AIC candidate model using Equation (25). Finally, the Akaike weight is 

computed using Equation (26). The model with the highest Akaike value is selected as the best 

model 

∆𝑖(𝐴𝐼𝐶) = 𝐴𝐼𝐶𝑖 − 𝑚𝑖𝑛𝐴𝐼𝐶                                          (25) 

𝑤𝑖(𝐴𝐼𝐶) =
𝑒𝑥𝑝{−

1

2
∆𝑖(𝐴𝐼𝐶)}

∑ 𝑒𝑥𝑝{−
1

2
∆𝑘(𝐴𝐼𝐶)}𝑘

𝑘=1

                                       (26) 

3.6 Malaria Incidence Classification Model 

The malaria incidence classification (MIC) model was implemented on Anaconda 3. It is open-

source application software that supports machine learning tools and techniques, data science 

applications and Python 3.6 programming language. The MIC model involves three basic 

systematic approaches: data preparation and cleaning, k-means clustering, classification, and k-

fold cross-validation. The First step is the data preparation task, which includes data collection, 
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preprocessing to remove noise, test for collinearity to remove variables dependent on each other, 

statistical analysis, and data visualization to observe trends and relationships in the data. The 

next step involves the k-means clustering task to detect outlier in the dataset, which may affect 

the accuracy of the proposed model. When an outlier is detected, such a record is removed from 

the dataset. In the end, if the remaining dataset is less than 70% of the original dataset, the k-

means clustering task is repeated to obtain a 𝑛𝑒𝑤 𝑑𝑎𝑡𝑎 𝑠𝑖𝑧𝑒 ≥ 70%. Finally, the new data 

inputs obtained from the k-means clustering process serves as an input for training and testing 

the MIC model. The dataset was slipt into training and testing set using k-fold CV approach. K-

fold CV is an iterative process that is repeatedly done k-number of times. The first k-fold is used 

as a testing set, while the remaining folds are used to fit and train the model. During this process, 

the performance metric is applied to the dataset to evaluate and record its performance. Lastly, 

the result of the model evaluation is printed to show their performance. Algorithm 1 shows the 

systematic approach to the MIC model, while Figure 3.9 presents the system flowchart.  

Algorithm 1: MIC model 

Step 1: Data preparation and cleaning 

Input: complete datasets 

Output: A set of clean data with only the relevant features                                                                                                        

i. Get datasets 

ii. Integrate datasets 

iii. FOR each 𝑟𝑒𝑐𝑜𝑟𝑑𝑖𝑗 of the datasets 

IF 𝑟𝑒𝑐𝑜𝑟𝑑𝑖𝑗  is NULL 

 Discard record 

FOR each variable 

IF VIF > 1;  

Discard variable;  

Step 2: K-means Clustering 

Input: k, preprocessed data 
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Output: dataset with no outlier 

i. Set number of clusters K 

ii. Initialize the centroids = average of all data points that belong to each cluster 

iii. Compute the sum of squared distance between data-points and centroids 

iv. FOR each data point,  

IF data-point is closest to cluster, 

 Assign data-point to the nearest cluster 

v. Iterate until no change in centroids 

vi. IF data size < 70% 

 Repeat clustering process until datasize >=70% 

Step3: Classification and k-folds cross-validation 

Input: k-means clustered data, training sets, test set, hyperparameters,  

Output: predicted values, classification accuracy scores 

i. Set number of hyperparameters, p 

ii. Divide datasets into K-folds 

iii. Perform parameter combination p in P 

iv. FOR each 𝑘𝑖 in k-folds 

Set fold 𝑘𝑖 as Test-set  

 FOR fold 𝑘𝑗in, the remaining k-1 folds  

 set 𝑘𝑗 as the validation set 

Train MIC model on the remaining k-2 folds 

Evaluate the performance of MIC model on 𝑘𝑗 

Calculate the average performance over k-2 to select the best 

parameters p 

  Train MIC model on the k-1 folds with the best hyper-parameters and 

Get Average performance  

Evaluate MIC model performance on k fold 

v. Compute the average performance over K-folds 

Stop 
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Figure 3.9. Flow diagram of the Malaria incidence classification (MIC) model 
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3.7 Results and Discussion 

This section presents the experimental results of the proposed system. Firstly, it presents and 

discussed the results of the statistical analysis and experimental result of the MIC model in 

detail.  

3.7.1 Statistical Significance of Predictor Variables 

A hypothesis test shows a linear relationship between feature and target variables strong enough 

to model the relationships in the sample data at α = 0.05. Table 3.3(a)-3.3(f) presents the 

resulting correlation coefficient matrix and their corresponding p-values across the six countries. 

The results showed a significant variation across each country using a 95% confidence interval 

and p < 0.05. The general result suggests that malaria incidence has a significant positive linear 

relationship with air temperature and precipitation and a negative linear relationship with 

pressure across the six selected countries. Table 3.3(a) shows that a positive significant linear 

relationship exists between precipitation, surface radiation, relative humidity, and malaria 

incidence in DRC. In Table 3.3(b), malaria incidence in Niger showed a positive linear 

relationship with precipitation and surface radiation and a negative relationship with pressure, 

surface radiation, and relative humidity. Similarly, in Table 3.3(c), Malaria incidence in Mali has 

a positive linear relationship with air temperature and precipitation and a negative linear 

relationship with relative humidity, surface radiation, and pressure. Table 3.3(d) shows a 

significant positive relationship between malaria incidence and precipitation, air temperature, 

and a negative relationship between pressure, surface radiation, and relative humidity and 

malaria incidence in Nigeria. Table 3.3(e) shows that malaria incidence has a significant positive 

linear relationship with precipitation, surface radiation, air temperature, relative humidity, and a 

negative relationship with pressure in Cameroon. Finally, Table 3.3(f) shows a significant 

positive linear relationship between air temperature, precipitation, surface radiation, relative 
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humidity with malaria incidence, and a strong negative linear relationship between pressure and 

malaria cases in Burkina Faso.  

Table 3.3: The Significance Table 

 

 

 

 

 

 

 

 

 

 

 

 

 

The obtained results show that climate variability affects malaria incidence in different countries 

in diverse ways. Table 3.4 presents a summary of the feature engineering process and shows the 

statistically significant predictors of malaria incidence. The symbols "+" and "-" indicate the 

inclusion and exclusion of predictors, respectively.   

Table 3.4: Input variables (predictors) for malaria incidence classification. 

Table 3.3a. DRC 

X Y r p-value 

Precipitation Malaria 

incidence 

0.377095 0.047913 

Pressure  -0.330831 0.085508 

S-radiation  0.197373 0.314065 

Air_temp  -0.573343 0.001426 

R-humidity  0.053995 0.784939 

 

Table 3.3b. Niger 

X Y r p-value 

Precipitation Malaria 

incidence 

0.310288 0.018058 

Pressure  0.019006 0.923524 

S-radiation  0.691280 0.000046 

Air_temp  0.573343 0.001426 

R-humidity  0.660484 0.0000131 

 

Table 3.3c Mali 

X Y r p-value 

Precipitation Malaria 

incidence 

0.211640 0.027963 

Pressure  -0.056212 0.776325 

S-radiation  -0.613487 0.000517 

Air_temp  0.683682 0.000061 

R-humidity  -0.056212 0.776325 

 

Table 3.3d. Nigeria 

X Y r p-value 

Precipitation Malaria 

incidence 

0.222421 0.255285 

Pressure  -0.495941 0.007276 

S-radiation  -0.613487 0.000517 

Air_temp  0.338675 0.0477915 

R-humidity  -0.056212 0.776325 

 

Table 3.3e. Cameroon 

X Y r p-value 

Precipitation Malaria 

incidence 

0.145549 0.459903 

Pressure  -0.327888 0.088499 

S-radiation  0.048337 0.807032 

Air_temp  0.658249 0.000140 

R-humidity  0.048247 0.807383 

 

Table 3.3f. Burkina Faso 

X Y r p-value 

Precipitation Malaria 

incidence 

0.399956 0.034961 

Pressure  -0.595829 0.000821 

S-radiation  0.015477 0.937696 

Air_temp  0.694094 0.000042 

R-humidity  0.041713 0.833080 
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Input Variable/country Precipitation Pressure Surface radiation Atm Temperature Relative Humidity 

DRC + - - + - 

Mali + - + + - 

Cameroon - - - + - 

Niger Republic + - + + + 

Nigeria - + + + - 

Burkina Faso + + - + - 

 

3.7.2 Result of MIC Model 

The feature engineering process involves removing irrelevant features by selecting only relevant 

variables from the original dataset, which enhanced the k-means clustering process and outlier 

management, as shown in Table 3.5. It is very important to obtain good precision in the machine 

learning model when dealing with healthcare data. The dataset was divided on a ratio of 70:30, 

where the training sets contain 70% (18 records) of the data set, and the test set contains 30%(8 

records) of the dataset. K-fold CV technique at k=5 was used during the training phase. The CV 

process is repeated k number of times, while the training set is divided into a subset of discrete 

folds that forms a training set, and each subset is used as a test set to the other four subsets. A 

single estimation is obtained by taking the average of the k-results. A grid search algorithm was 

used for optimizing the hyperparameter while fitting the training set to the MIC model to select 

the best hyperparameters. The grid search algorithm typically tries all the possible combinations 

of the parameter values and then returns the combination with the maximum accuracy. All the 

possible combinations of hyperparameters are tested by fitting and scoring each combination of 

hyperparameters separately; the best hyperparameters are selected at the end. The test set is used 
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to evaluate the accuracy and AUC scores of the MIC model. Figure 3.4 shows the ROC and 

AUC scores representing the MIC model's performance across the six countries. Figure 3.10a-

10f shows the mean AUC scores across the six countries, and they are as follows 0.97, 0.94, 

0.91, 0.97, 0.94, and 0.92 for Mali, Cameroon, DRC, Nigeria, Niger, and Burkina Faso, 

respectively. The higher the AUC, the better the model can distinguish between the two target 

variables, low and high incidences. It is seen from the plot that the MIC models for each country 

have correctly predicted the high incidence cases. 

 

 

 

 

 

 

 

 

 

 

 

 

  

 
Figure 3.10a: ROC and AUC score of MIC model in Burkina Faso 
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Figure 3.10b: ROC and AUC score of MIC model in Cameroon 

 

 
 

Figure 3.10b: ROC and AUC score of MIC model in Cameroon 

 
Figure 3.10c: ROC and AUC score of MIC model in DRC 
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Figure 3.10d: ROC and AUC score of MIC model in Mali 

 
 

 

Figure 3.10e: ROC and AUC score of MIC model in Niger Republic 
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3.7.3 Results Comparisons 

Table 3.5 presents a comparative analysis of the MIC model's average accuracy scores and other 

ML classification models such as Naïve Bayes, Support Vector Machine (SVM), and Logistic 

Regression (LR) using the same dataset. Comparisons are made using a combination of the 

original dataset and feature engineered dataset + k-means clustering. This is to determine the 

effects of feature engineering and outlier data detection before classification 

 

  

 
Figure 3.10f ROC and AUC score of MIC model in Nigeria 
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Table 3.5: Accuracy value of original dataset without feature engineering. 

 

 

Table 3.6: Accuracy values for dataset modeled with feature engineered dataset + K-means 

clustering.  

 

 

 

 

 

 

 

 

Table 3.6 shows the result of the feature engineering and k-means clustering on a dataset; there is 

an improvement in the accuracy of all the classifiers modelled with the same dataset compared to 

the previous results of Table 3.5. Although the results vary across each country, the proposed 

XGBoost model still resulted in the highest classification accuracy score across the six countries 

Model/ 

Country 

XGBoost SVM Naïve Bayes LR 

Burkina Faso 0.86 0.72 0.70 0.77 

Cameroon 0.86 0.68 0.72 0.70 

DRC 0.81 0.72 0.71 0.76 

Mali 0.82 0.70 0.74 0.75 

Niger Republic 0.80 0.70 0.69 0.76 

Nigeria 0.79 0.71 0.67 0. 72 

Model/ 

Country 

XGBoost SVM Naïve Bayes LR 

Burkina Faso 0.97 0.79 0.74 0.82 

Cameroon 0.94 0.76 0.76 0.78 

DRC 0.93 0.78 0.73 0.80 

Mali 0.98 0.81 0.76 0.82 

Niger Republic 0.95 0.75 0.73 0.79 

Nigeria 0.98 0.74 0.71 0.81 
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compared to the other classifiers. LR also seems to be promising as it gave a closer accuracy 

score for some datasets. Furthermore, we observed that the feature-engineered dataset and k-

means played a significant role in improving the model's accuracy compared to the original 

dataset results. It is worthy to note that XGBoost worked best amongst the six different datasets, 

proving the MIC model to be an efficient model for classifying malaria incidence in the six 

selected countries.  

3.8 Discussion  

To validate and select the model that is the best fit for each data in the country, we calculated the 

Akaike Information Criterion (AIC) and Akaike weight of the models. AIC score is computed by 

maximum likelihood parameter estimation, while the Akaike weight is obtained by computing 

the differences in AIC value and an estimate of relative likelihood. The model with the highest 

Akaike weight is selected as the best classification model. We used the following number of 

parameters: MIC model: 7 parameters (ref. Sec.4.3), Naïve Bayes: 1 parameter 

(var_smoothingfloat is a parameter in NB, it has been set to default=1e-9 to signify the fraction 

of the principal variance of all features added to variances for calculation stability). SVM: 1 

parameter (kernel=linear), and LR:  1 parameter (using a parameter: solver= ‘liblinear’). Table 

3.7 shows hypothetical results obtained from fitting four different models with the Akaike 

weight. It is observed that the MIC model has the highest Akaike weight across the six different 

datasets; this proved that the MIC model is the best-fitted model for classifying malaria 

incidence in the six countries of sub-Saharan Africa.  
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Table 3.7:  Akaike weight for the four fitted models. 

Country / Model MIC Model Naïve Bayes SVM LR 

B. Faso 0.49689 0.00752 0.03367 0.22177 

Cameroon 0.49869 0.00774 0.03369 0.22037 

DRC 0.49109 0.00759 0.03339 0.22602 

Mali 0.49777 0.00759 0.03395 0.22097 

Niger 0.49988 0.00755 0.03327 0.21982 

Nigeria 0.49976 0.00739 0.03277 0.22021 

 
 

3.9 Summary and Concluding Remarks 

This chapter has presented a novel Malaria Incidence Classification system, using real-world 

data to classify malaria incidence based on climate variability. The results suggest that the 

principal climate variable that influences malaria incidence varies from one country to another in 

different ways. However, temperature showed a strong statistical linear relationship over malaria 

variability across the six study sites, resulting in an average of 50% of malaria incidence. 

Rainfall or precipitation and surface radiation also influenced variability in malaria incidence. 

Feature engineering helped remove irrelevant features from the dataset, k-means clustering 

helped in detecting and removing outliers, and finally, optimizing the XGBoost’s 

hyperparameters contributed to achieving high classification accuracy and higher AUC score for 

the MIC model. The output of this research enhances decision-making towards suitable 

preparation for future outbreaks of malaria. Through this system, each country's government will 

understand and regulate those climatic factors that frequently results in high malaria 

transmission, and consequently, reduce malaria incidence in their countries. It can also enhance 
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budget making, especially when deploying eradication mechanisms such as sensitization 

programs and the sharing of insecticide-treated nets or malaria medicines (Nkiruka et al., 2021) . 
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CHAPTER 4 

Drug-Resistant Tuberculosis Classification using Logistic 

Regression and Frequent Pattern Growth Algorithm 
 
 
 

4.1 Introduction 

This chapter presents the frameworks used in implementing the TB classification model. 

Firstly, it presented a detailed description of the dataset used for the experiment. It discussed 

different techniques to ensuring high-quality data, such as data analysis, preprocessing, and 

feature selection. This is followed by association rule mining based on an FP-growth algorithm 

to generate frequent patterns and relevant association rules that can enhance the classification of 

TB and DR-TB. The feature selection and association pattern mining results are used as input 

data for the logistic regression model. Finally, the results of the experiments were presented, 

followed by the summary and conclusion. 

 

4.2 Experimental Dataset 

The TB dataset was obtained from the Specialist Hospital's records office, Yola, Adamawa State, 

Nigeria. Under the guidance of the ethics of the department of Tuberculosis & HIV at the 

Specialist Hospital Yola, Adamawa State, Nigeria. A relevant patient's record was selected based 

on symptomatic signs of TB infection and the result of a clinical laboratory test. The first set of 

data has 769 records and eight features: chills, fever, patient-gender, night-sweat, weight-loss, 

fatigue, cough-blood, loss-of-appetite, and one target variable that represents the patient's health 

condition. The second dataset contains 724 records with seven features: patient-gender, HIV-

status, contact-DR, chest pain, Illicit-drugs, inadequate treatment, sputum, and a class variable 
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representing the patient's health condition. The first dataset is used to identify the first frequent 

TB symptoms, while the next dataset identifies the frequent symptoms of DR-TB and then 

generates the association rules that would aid in quick TB diagnosis. Generally, the symptoms 

were used as input variables, whereas the class is used as the output variable.  

4.2.1 Data Pre-processing and Feature Selection 

Dataset was transformed into electronic format in the form of 0 and 1, which indicates the 

presence and absence of symptoms, respectively, and preprocessed to remove noise and 

inconsistencies (Alexandropoulos et al., 2019). The medical relevance of each symptom for 

classifying DR-TB and DS-TB was analyzed through a consultant in the unit of TB at Specialist 

hospital, Yola. Phi coefficient is a technique for finding the relationship between the input and 

output variables. The Phi coefficient r ranges from −1 𝑡𝑜 + 1, where −1 indicates a perfect 

negative relationship, 0 indicates no relationship, and +1 indicates that a perfect positive 

relationship exists between variables. Equation (27) expresses the Phi coefficient 

mathematically. The sample of the dataset are shown in Tables 4.1 and 4.2. The summary of the 

dataset after preprocessing are presented in Figures 4.1 and 4.2. 

𝜙 =  √
𝜒2

𝑛
          (27) 

Where: 

n = Total number of instances 

𝜒2 = chi-squared statistics 
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Table 4.1: Sample of phase1 dataset 

Patient’s 

Gender 

Chills Fever Night 

Sweat 

Fatigue Chough 

Blood 

Weight 

loss 

Loss of 

appetite 

DRTB-

status 

1 1 1 1 0 0 0 1 0 

1 1 0 1 1 0 0 1 0 

0 1 0 1 1 1 0 1 1 

1 0 1 1 0 1 1 0 1 

1 1 0 0 0 1 0 1 1 

 

Table 4.2 Sample of Phase 2 dataset 

Gender HIV status Chest pain Sputum Contact 

DR 

Illicit drugs Inadequate 

treatment 

TB-

status 

0 1 1 0 0 0 1 0 

1 1 1 1 1 1 0 1 

1 0 1 1 0 1 0 0 

0 1 1 1 1 0 1 1 

1 0 0 1 0 1 1 1 

 

 

Figure 4.1a: Summary of the proposed dataset after preprocessing 
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Figure 4.1b: Summary of the DR-TB Dataset after preprocessing 

 

4.3. FP-growth Algorithm for Mining Frequent Patterns and Association Rules 

FP-growth algorithm requires three major steps: FP-tree construction, FP-tree mining, and 

pruning of trees to eliminate non-frequent items (Han Jiawei, 2000).  

4.3.1 FP-tree Construction 

The FP-tree is in a tree's structure and consists of a root-node known as "null", an itemset 

containing prefix of subtrees, and a frequent item header-table. The Tree is built by mapping each 

itemset to a tree path systematically and scanning the database twice. The first scan is done to 

assemble frequent itemset, while the second scan leads to FP-tree construction. Table 4.2 is an 

instance of the transactional database with minSup = 30%. Therefore, 〈𝐺𝑒𝑛𝑑𝑒𝑟 = 𝐺〉, 

〈𝐻𝐼𝑉 𝑠𝑡𝑎𝑡𝑢𝑠 = 𝐻〉, 〈𝐶ℎ𝑒𝑠𝑡𝑝𝑎𝑖𝑛 = 𝐶〉, 〈𝐼𝑙𝑙𝑖𝑐𝑖𝑡 𝑑𝑟𝑢𝑔 = 𝐼𝑑〉, 𝐶𝑜𝑛𝑡𝑎𝑐𝑡𝐷𝑅 = 𝐶𝑟 , 

𝐼𝑛𝑎𝑑𝑒𝑞𝑢𝑎𝑡𝑒 𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 = 𝐼𝑡, 𝑆𝑝𝑢𝑡𝑢𝑚 = 𝑆, 𝐷𝑅𝑇𝐵_𝑠𝑡𝑎𝑡𝑢𝑠 = 𝑇𝑏. The DB is scanned initially to 

detect frequent features with a 𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦, 𝐹 ≥ 𝑚𝑖𝑛𝑆𝑢𝑝, and then organize them in a 

compressed structure 𝑎𝑠 ⟨𝐻: 3⟩, ⟨𝐶𝑝: 3⟩, ⟨ 𝑆: 3⟩, ⟨𝐼: 3⟩, ⟨𝑇: 3⟩. The number affixed to those letters 
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specifies their support count (frequency). Column 3 of Table 4.3 is created through iteration of 

the Frequent Pattern set and checking if the current item exists in the transaction; if it exists, 

insert it in the current ordered-Item set of the current transaction.  

Table 4.3: Transaction DB 

TID Itemset (attributes) Ordered Frequent items 

1 H, C, It It, H, C 

2 H, C, Cr, Id, Tb It, Tb, H, C 

3 C, S, Id,  Tb, C, S 

4 H, C, S, Cr, It, Tb It, Tb, H, C, S 

5 S, It, Tb It, Tb, S 

 

The root-node is created in the second phase, and the DB is scanned again. Each item is mapped 

to its occurrence in the Tree through the node-link of the header-table. Nodes with the same 

name are connected via the same node-link. This process is shown in Figure 4.2, and based on 

the given explanations, the algorithm that creates FP-tree is developed(Han Jiawei, 2000). 
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Figure 4.2: The header table and FP-tree 

Algorithm (1) to design FP-tree (Han Jiawei, 2000) 

Input:  

The transaction-database, DB  

User-defined minimum-Support, minSup 

Output: 

Header-table 

FP-tree,  

Let Transaction =Trans,  

Support count = sup_count 

Frequent itemset = FiS 

First_element = p 

Start: 

i. Scan the DB 

ii. Get the sup_count for each item and add delete items whose sup_count < min_sup 

and generate FiS 

iii. Sort FiS using sup_count based on the order of decrease 

iv. Create header table using FiS 

v. Create root node of FP-tree, label it as "Null" 

vi. For all 𝑇𝑟𝑎𝑛𝑠 ∈ 𝐷𝐵 do: 

Create new_Trans, rearrange Trans into the new_Trans using FiS 
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If p then 

   Add the corresponding item into new_Trans if the item is in Trans and not in 

FiS 

End if 

if new_Trans ¬𝑖𝑠𝑒𝑚𝑝𝑡𝑦 then, 

sort the items in new trans in their order of decrease using sup-count as a factor 

insert new_Trans into FP-tree, update header table accordingly. 

End if 

End for 

vii. Return FP-tree, header table 

 

4.3.2 Mining Frequent Pattern on FP-tree 

After constructing the FP-tree, items are rearranged in the order of their frequencies, seen in 

Column 1 of Table 4.4. The "Conditional Pattern Base” is obtained by collating path labels of 

all the paths that lead to the node of a given item in the FP-tree. The "Conditional FP-tree” is 

created by picking the most frequent set of items of all the paths in the Conditional Pattern 

Base and summing up the support-counts of all the paths in the Conditional Pattern Base. 

Table 4.4: Pattern-mining through the creation of conditional-pattern bases 

Items Conditional-pattern base Conditional FP-tree Frequent pattern generated 

S {Tb, C:1}, {It, Tb, H, C: 1}, {It, Tb: 1} {It, Tb: 3} {〈𝑇𝑏 , 𝑆: 3〉, 〈𝐼𝑡 , 𝑆: 3〉, 〈𝐼𝑡 , 𝑇𝑏 , 𝑆: 3〉} 

C {H:1}, {It, Tb, H:2}, {Tb:1} {It, Tb, H:3} {〈𝐼𝑡 , 𝐶: 3〉, 〈𝑇𝑏 , 𝐶: 3〉, 〈𝐻, 𝐶: 3〉, 〈𝐼𝑡 , 𝑇𝑏 , 𝐻, 𝐶: 3〉} 

H {It:1}, {It, Tb:2} {It:3} {〈𝐼𝑡 , 𝐻: 3〉} 

Tb {It:3} {1t:3} {〈𝐼𝑡 , 𝑇𝑏〉} 

It ∅ ∅ ∅ 

 

Algorithm (2), Mining frequent pattern 

Input:  

FP-tree in Algorithm 1 

header table 

predefined minimum-support, minSup 

The prefix of conditional Pattern 

Output: 

Complete set of Frequent patterns 

Start 
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Method FP-Growth (FP-tree, 𝛼) 

{ 

𝑖𝑓 𝑇𝑟𝑒𝑒 ℎ𝑎𝑠 𝑎 𝑠𝑖𝑛𝑔𝑙𝑒 𝑝𝑎𝑡ℎ 𝑃, 𝑡ℎ𝑒𝑛, 
{𝐹𝑜𝑟 𝑒𝑎𝑐ℎ 𝑐𝑜𝑚𝑏𝑖𝑛𝑎𝑡𝑖𝑜𝑛, 𝛽 𝑜𝑓 𝑡ℎ𝑒 𝑛𝑜𝑑𝑒𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑝𝑎𝑡ℎ 𝑃, 𝑑𝑜 

𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒 𝑝𝑎𝑡𝑡𝑒𝑟𝑛𝑠, 𝛽 ∪ 𝛼 𝑤𝑖𝑡ℎ 𝑠𝑢𝑝𝑝𝑜𝑟𝑡 = 𝑚𝑖𝑛𝑆𝑢𝑝 𝑜𝑓 𝑛𝑜𝑑𝑒𝑠 𝑖𝑛 𝛽 

𝐸𝑙𝑠𝑒         
𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑎𝑖 𝑖𝑛 𝑇𝑟𝑒𝑒, ℎ𝑒𝑎𝑑𝑒𝑟 𝑑𝑜  
{ 

𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒 𝑝𝑎𝑡𝑡𝑒𝑟𝑛 𝛽 =  𝑎𝑖 ∪ 𝑎 𝑤𝑖𝑡ℎ𝑠𝑢𝑝𝑝𝑜𝑟𝑡 = 𝑎𝑖. 𝑠𝑢𝑝𝑝𝑜𝑟𝑡; 
 Construct 𝛽 conditional patter base and 𝛽 conditional FP-tree 𝑇𝑟𝑒𝑒𝛽; 

If 𝑇𝑟𝑒𝑒𝛽 ≠ ∅   

Then FP-growth( 𝑡𝑟𝑒𝑒 𝛽, 𝛽)   }   } 

 

4.3.3 Tree Pruning  

The tree is pruned by checking the support count of an item-set, as seen in Column 4 of Table 

4.3. The pattern growth is generated by concatenating the Conditional FP-tree items to the 

corresponding item of Column 1 of Table 4.3. Each row of Column 4 is used to form the 

association rules; a rule is tagged relevant if and only if the 𝐶𝑜𝑛𝑓(𝑇𝑏 ⇒ 𝑆)|𝑚𝑖𝑛𝐶𝑜𝑛𝑓 ≥

𝑚𝑖𝑛𝐶𝑜𝑛𝑓.  

4.4. TB Pattern Discovery and Association Rule Model 

The minimum support and confidence were set to a minimum threshold of 60% and 80% 

to generate the relevant frequent patterns and the association rules. Five major steps are involved, 

as shown in Figure 4.3: Dataset collection, dataset preprocessing, and data transformation into 

electronic format. The next step involves applying the FP-Growth algorithm for frequent patterns 

discovery and generating the association rules that meet the threshold 

𝐶𝑜𝑛𝑓(𝑇𝑏 ⇒ 𝑆)|𝑚𝑖𝑛𝐶𝑜𝑛𝑓 ≥ 𝑚𝑖𝑛𝐶𝑜𝑛𝑓. Finally, the association rules generated are used for fast 

classification of TB.  
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Figure 4.3: DR-TB pattern and association rule discovery model. 

4.5 Logistic Regression-based Classification Model 

 Logistic regression (LR) is based on the concept of likelihood. LR is less prone to over-fitting 

and very efficient to train(Wassan et al., 2018). Feature Engineering is very vital to the 

performance of LR, and it performs best in the absence of collinearity in the variables. Output 

variables only contain binary data in the form of 1 or 0, indicating DR-TB and DS-TB. The LR 

model, mathematically expressed in Equation (28), is built on the linear regression model and 

can learn diagnostically by defining relationships between the output and input variables.  

𝑦 =  ℎ0(𝑥) =  𝜃𝑥
𝑇                                                       (28) 
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To enable classification of a patient's health status into 0 and 1, a function that predicts 

the binary values is introduced as shown in Equation (29). 

𝑃(𝑦 = 1|𝑥) =  ℎ𝜃(𝑥) =  
1

1+exp (−(𝜃𝑇𝑥))
𝑛 ≡ 𝜎(𝜃𝑇𝑥)              (29) 

𝑃(𝑦 = 0|𝑥 = 1 − 𝑃(𝑦 = 1|𝑥) = 1 − ℎ𝜃(𝑥) 

The sigmoid function is applied to Equation (29) to generate Equation (30) that maps the 

predicted values to probabilities and keeps the value of 𝜃𝑇𝑥 within the range of [0, 1]. A 

threshold (θ) of 0.5 is set, which classifies a patient with a 50% or greater probability to be 

classified as "DR-TB" and a patient with a probability less than 50% to be classified as "DS-

TB." This defines the correct decision boundary between DR-TB and DS-TB.  

𝜎(𝑡) =  
1

(1+𝑒−𝑡)
    (30)   

4.6 Implementing Drug-resistant TB Classification Model 

The DR-TB classification model involves 2 phases. The first phase classifies the supposed TB 

patients into either positive or negative classes; if phase one classification is positive, the next 

phase classifies patients into DR-TB or DS-TB. Data-mining tasks such as the data collection, 

data transformation, and cleaning, feature engineering to select only the relevant features, 

classification, interpretation, result evaluation, and knowledge discovery as shown in Figure 4.4. 

Modelling the probability that an input, say any (X), is a member of the default class (Y=1), 

written as shown in Equation (31).  

P(X)  =  P(Y = 1|X)        (31) 

Adding e gives Equation (32). 

p(X)  =  e^(b0 +  b1 ∗ X) / (1 +  𝔢^(b0 +  b1 ∗ X)) (32) 

add a natural logarithm (ln) to remove e from the other side as shown in Equation (33). 
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ln (𝑝(𝑋)
1 − 𝑝(𝑋)) = 𝑏0 + 𝑏1 ∗ 𝑋⁄                    (33) 

The left-hand side of Equation (21) is called the default class's odds, which is computed as a 

ratio of the probability of the event divided by the probability of no event in Equation (34). 

𝑜𝑑𝑑𝑠 =  𝔢^(𝑏0 + 𝑏1 ∗ 𝑋)            (34)        

4.6.1 Choice of the Programming Tool Kit  

The LRDR-TB model was efficiently implemented using Anaconda 3 that supports Python 3.6 

programming language. Anaconda is open-source software that comprising many packages 

which support machine learning and Data Science applications.  

4.6.2 Evaluation Metrics: 

The evaluation metrics used in this section has been explained in details in Section 3.6.3 of 

Chapter three. However, the recall, f-1 score, and precision are explained here as follows: 

 Precision 

Precision identifies the proportion of positive class that is correctly predicted. Precision is 

the ratio between the True Positives and all the Positive classes. The higher the precision value, 

the better the model. If a model has a precision value of 1, it means that when it predicts that a 

certain event occurred, it is correct about 100% of the time. It is computed using Equation (35) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 (𝑇𝑃)

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒(𝑇𝑃)+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 (𝐹𝑃)
                                         (35) 

 

Recall 

The recall is the measure of how a model correctly identifies True Positives. It tells how 

many classes have been correctly identified as positive class. It is calculated using Equation (36)  

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 +𝑓𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒
                                                (36)                                                                                                       
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F1-Score 

It is the harmonic mean of precision and recall. The highest possible value of an F-score is 1.0, 

indicating perfect precision and recall, and the lowest possible value is 0 if either the precision or 

the recall is zero. F1-score is calculated using Equation (37) 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙
                                                 (37) 
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Figure 4.4. LRDR-TB classification system framework 
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4.7 Results 

This section presents and discusses the results obtained from feature engineering, frequent 

pattern mining, association rules, and classification processes. It also presents the proposed 

LRDR-TB model classification report and further compares the proposed system's performance 

with other known classifiers.  

4.7.1 Statistical Significance of Climate Variables 

The hypothesis test at 95% confidence interval and α = 0.05 is shown in Table 4.5 and Table 

4.6. Table 4.5 column 2, r signifies the phi-coefficient correlation (ref. Equation 27) between 

independent variables and the class variable. Chills, cough-blood, and weight loss have a very 

strong positive association with the presence of TB. Similarly, Table 4.6 column 2 shows that 

chest pain, contact DR, illicit drugs, and inadequate treatment have a strong positive association 

with DR-TB as they exhibit high positive correlation coefficients.  P-values are a probability that 

calculates the evidence contrary to the null hypothesis, which states that there is no association 

between predictor variables and output variables. Probabilities less than α = 0.05 provide 

stronger evidence against the null hypothesis. Column 3 of Table 4.4 shows that chills, cough 

with blood, weight loss, and appetite loss have p<0.05. Column 3 of Table 4.5 shows that chest 

pain, contact DR, illicit drugs, and inadequate treatment have p < 0.05, showing that the 

relationship between independent and class variables is statistically significant. Column 4 is the 

LR variable's coefficient, representing the direction and degree of the relationship between the 

predictor and the output variable. Positive coefficients indicate an event's likely occurrence, 

whereas negative coefficients indicate that an event is less likely to occur. Using weight loss as a 

case study, 7.1369 shows that a change in the variable from negative TB to positive TB increases 

the natural log of the event's odds by 7.3. The results obtained from this process have helped 
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remove irrelevant features by reducing the number of variables in the original dataset, which 

helped understand the symptoms that are more significant to DR-TB disease. 

Table 4.5: Relationship between predictors and class variable for Phase1 classification 

 

Table 4.6: Relationship between predictors and class variable for Phase2 classification 

  

Variable R P-value Coefficient Std err 

Gender -0.005560 0.261 -0.04904 0.012 

Chills 0.083914 0.001 -1.7576 0.015 

Fever 0.025384 0.353 -0.4856 0.014 

Night sweat -0.046937 0.167 -0.7087 0.014 

Fatigue 0.034670 0.848 0.0821 0.012 

Cough with blood 0.691896 0.000 5.0593 0.012 

Weight loss 0.758209 0.000 7.1369 0.032 

Loss of appetite 0.022535 0.013 0.7382 0.013 

Variable R P-value  Coefficient Std err 

Gender 0.033965 0.361464 -1.3097 0.43800 

Chest_pain 0.995294 0.001000 -15.607 0.00240 

Sputum -0.014851 0.689948 -2.4769 0.45500 

Contact DR -0.006450 0.010000 -0.1065 0.44700 

Illicit_drugs 0.120501 0.001160 -0.7116 0.41100 

Inadequate treatment 0.948477 0.000000 23.34 0.00024 
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4.7.2 Frequent Patterns and Association Rules 

This section communicates the association rule mining results, and it first presents the most 

relevant frequent patterns of pulmonary TB and DR-TB. It then presents the association rules for 

classifying both types of TB. The association rules are represented using a network graph for 

easy understanding of how each rule are interrelated with each other.  

 

Generating the Frequent Patterns 

The first phase of the experiment involves grouping TB results into positive and negative results. 

The frequent itemset from the transactional database at a minimum support threshold of 60% is 

shown in Table 4.7 and Table 4.8. The resulting frequent itemset ranges from itemset of length 

one to three. This frequent item set indicates the tendencies of how these symptoms would occur. 

Each item set has a support count associated with it, which shows how frequently the itemset 

appears in the database. Row 7 of Table 4.7 shows that a patient has a 77% likelihood of 

suffering from TB and chills simultaneously. Similarly, row 8 shows that loss of appetite and 

chills has a 67% chance of occurring simultaneously. Also, row 10 shows that TB and cough 

blood have a 64% likelihood of occurring together. Table 4.8 presents the frequent pattern for the 

DR-TB at a minimum support threshold of 50%. The most frequent itemset in row 14 shows that 

chest pain, inadequate treatment, and DR-TB have a 70% degree of association. Also, row 12 

shows that DR-TB, Chest pain, inadequate treatment, and HIV have a 70% likelihood of 

occurring simultaneously.  
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Table 4.7: Frequent pattern for pulmonary TB 

S/N Itemsets Support 

1 (Chills) 0.902471                     

2 (TB) 0.858257                         

3 (loss_of_appetite) 0.739922           

4 (Chought_Blood) 0.656697 

5 (Fatique) 0.646294                    

6 (weight_loss) 0.655397                

7 (TB, Chills) 0.767230                 

8 (loss_of_appetite, Chills) 0.665800   

9 (loss_of_appetite, TB) 0.638492       

10 (TB, Chought_Blood) 0.644993          

11 (TB, weight_loss) 0.654096            

 

 

Table 4.8. Frequent patterns for DR-TB datasets 

 
S/N Itemsets Support 

1 (DR_TB) 0.719613                                             

2 (HIV_status) 0.712707                                        

3 (Inadequate _treatment) 0.723757                            

4 (Chest_ pain) 0.720994                                       

5 (Sputum) 0.758287                                            

6 (DR_TB, Inadequate _treatment) 0.711326                     

7 (DR_TB, Chest_ pain) 0.708564                                

8 (DR_TB, Chest_ pain, Inadequate _treatment) 0.708564 

9 (DR_TB, HIV_status) 0.712707                                 

10 (Inadequate _treatment, HIV_status) 0.704420                

11 (Chest_ pain, HIV_status) 0.701657                           

12 (DR_TB, Inadequate _treatment, HIV_status) 0.704420         

13 (DR_TB, Chest_ pain, HIV_status) 0.701657                    

14 (Chest_ pain, Inadequate _treatment, HIV_status) 0.701657   

15 (DR_TB, Chest_ pain, Inadequate _treatment, HIV_status) 0.701657 

16 (Chest_ pain, Inadequate _treatment) 0.720994               
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 Generating Association Rules 

The frequent Itemsets generated were then used to generate the association rules in Tables 4.9 

and 4.10 at the minimum confidence threshold of 80% and 90%. Only the rules containing TB 

and DR-TB were selected to generate only relevant rules and reduce redundancy. Table 4.9 

shows the confidence and lift values associated with each rule for the first datasets. A lift value is 

a measure of the importance of a rule 𝑋 ⇒ 𝑌; a lift value that is greater than 1 indicates a high 

association between Y and X and less association if otherwise. Using row 7 as an instance shows 

that ({′loss of appetite′, ′weight loss′} =  True) ⇒ ({′𝑇𝐵′} ). The loss of appetite and weight 

loss are the antecedents, and TB is consequent with a confidence value of 0.99774. The rule 

implies that about 99% of people who suffer from TB also have lost weight and lost appetite.  In 

the same way, row 2 shows the rule ({𝑐ℎ𝑖𝑙𝑙𝑠′, ′𝑐𝑜𝑢𝑔ℎ 𝑏𝑙𝑜𝑜𝑑′} = 𝑇𝑟𝑢𝑒) ⇒ ({𝑇𝐵}). Which 

implies that 98% of people suffering from TB disease has chills and cough blood concurrently. 

Another important criterion for selecting these rules is the lift values of more than 1 for each rule 

in Tables 4.9 and Table 4.10. This implies that these symptoms are frequently associated with TB 

occurrence, and any patient with such symptoms should be diagnosed with 'TB-positive. Figure 

4.5 shows a network graph
1
 that summarized the relationship between the associated rules. It is a 

directed graph that shows how the association rules are interrelated. The graph shows that the 

item sets (𝑐ℎ𝑖𝑙𝑙𝑠, 𝑐𝑜𝑢𝑔ℎ 𝑏𝑙𝑜𝑜𝑑, ), (𝑐ℎ𝑖𝑙𝑙𝑠, 𝑤𝑒𝑖𝑔ℎ𝑡 𝑙𝑜𝑠𝑠),  (𝑙𝑜𝑠𝑠 𝑜𝑓 𝑎𝑝𝑝𝑒𝑡𝑖𝑡𝑒, 𝑤𝑒𝑖𝑔ℎ𝑡 𝑙𝑜𝑠𝑠), 

(𝑤𝑒𝑖𝑔ℎ𝑡 𝑙𝑜𝑠𝑠), and (𝑐𝑜𝑢𝑔ℎ 𝑏𝑙𝑜𝑜𝑑) of TB. (𝐹𝑎𝑡𝑖𝑞𝑢𝑒), (𝑇𝐵, 𝐹𝑎𝑡𝑖𝑞𝑢𝑒)Are the antecedents of 

chills.  

 

 

                                                           
1 Network graphs “show interconnections between a set of entities” where entities are nodes and the connections 

between them are represented through links or edges 
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Table 4.9. The seven most relevant association rules for first-case TB 

S/N Antecedents Consequents Confidence Lift 

1 ({'Cough blood'} = True) ({'TB'} = True) 0.982178 1.144386 

2 ({'Chills', ‘Cough blood} = True) ({'TB'} = True) 0.980044 1.141900 

3 ({'fatigue'} = True) ({'Chills’} = True) 0.909457 1.007741 

4 ({'TB', Fatique} = True) ({Chills'} = True) 0.900232 0.997519 

5 ({'weight loss’} = True) ({'TB'} = True) 0.998016 1.162840 

6 ({‘chills’, ‘weight loss’} = True) ({'TB’} =True)  1.000000 1.165152 

7 ({‘loss of appetite’, ‘weight loss’}) ({‘TB’} = True 0.997442 1.162217 

 

 

 

Figure 4.5. Network graph for the first association rule 

 

 

The frequent pattern in Table 4.8 was used to generate the association rules in Table 4.10 with a 

minimum confidence threshold of 90% for DR-TB. The table contains the antecedents and 

consequents of the rules in the form of 𝑋 ⇒ 𝑌 together with their lift values. For example, row 4 
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({𝐷𝑅_𝑇𝐵})  ⇒ ({′Inadequate _treatment ′, ′Chest_ pain′, ′HIV_status′ =  True) shows a 

confidence value of 0.979 and a lift value of 1.3896. This rule can be clearly stated in a medical 

term that 97% of patients diagnosed with DR-TB disease also suffer chest pain, HIV disease, 

which could arise from inadequate treatments. This is supported by the lift value showing high 

associations between DR-TB (X) and inadequate treatment, chest pain, and HIV (Y). Generally, 

all the association rules in Table 4.10 contains a lift values greater than one, this shows that both 

the antecedents and consequents of the rules are highly associated. The relevance of these 

association rules provides room for quick diagnosis of pulmonary and DR-TB for first hand 

medication prior to the arrival clinical results. Figure 4.6 provides a network graph for the 

visualization of the association rules for DR-TB, it is seen that there was a heavy concentration 

of lines originating from mostly the frequent symptom-sets such as 

(𝑐ℎ𝑒𝑠𝑡𝑝𝑎𝑖𝑛′,

′𝑖𝑛𝑎𝑑𝑒𝑞𝑢𝑎𝑡𝑒 𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡′, )(𝑐ℎ𝑒𝑠𝑡𝑝𝑎𝑖𝑛′, ′𝐻𝐼𝑉_𝑠𝑡𝑎𝑡𝑢𝑠′)(𝑖𝑛𝑎𝑑𝑒𝑞𝑢𝑎𝑡𝑒 𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡, 𝐻𝐼𝑉_𝑠𝑡𝑎𝑡𝑢𝑠),  

and pointing towards DR-TB, showing their strong connections. In medical terms, the purpose of 

generating association rule is to provide systematic approaches through which users or physician 

can figure out how to detect the presence of some sets of symptoms or diseases, given the 

presence of other symptoms or disease in patient’s health database. 
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Table 4.10 The first ten most relevant association rules for DR-TB 

S/N Antecedents Consequents Confidence Lift 

1 ({'DR-TB' = True}) ({'Inadequate _treatment ', 'Chest_ 

pain'}) 

0.984645 1.365676 

2 ({'Inadequate _treatment '} = True) ({'DR-TB', 'Chest_ pain'} = True) 0.979008 1.381679 

3 ({'DR-TB', 'Inadequate _treatment '} = 

True) 

({'HIV_status'} = True) 0.98837 1.365613 

4 ({'DR-TB'}= True)  ({'Inadequate _treatment ', 'Chest_ pain', 

'HIV_status'= True) 
0.975048 1.389635 

5 ({'DR-TB' = True}) ({'Inadequate _treatment ', 'Chest_ pain', 

'HIV_status'}= True) 0.97318 

1.38153

4 
 

1.381534 

6 ({'HIV_status'}=True) ({'DR-TB', 'Chest_ pain', 'Inadequate 

_treatment '}= True) 

0.984496 

 

1.389425 

7 ({'Chest-pain', 'Inadequate-treatment'} 

=TRUE) 

({DR-TB}=TRUE) 0.97318 1.381534 

 

8 ({'Chest_pain',} = TRUE) ({'Inadequate-treatment', 'DR-TB'}= 

TRUE) 

0.97318 

 

1.381534 

 

9 ({'DR_TB'} = True) frozenset({'Chest_ pain', 'Inadequate _treatment '}) 
 

({'Chest_ pain', 'Inadequate _treatment 

'}= True) 

0.984645 1.365676 

10 ({'DR_TB', 'Chest_ pain'} = True) ({'Inadequate _treatment '} = True) 1 1.381679 

 

 

Figure 4.6. Network graph for the Association Rule 
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4.7.3 Classification Report 

The proposed LRDR-TB classification model is evaluated by performing an offline experiment 

that simulates the entire system's functionality. Dataset was divided on a ratio of 70:30, where 

70% records comprise the training set and 30% is the test set. The cross-validation (CV) 

technique minimizes biases in data as well as overcoming overfitting that may arise because of 

data volume (Wong & Yeh, 2020). The training set is divided into a subset of 10-folds to form a 

training set, and each subset is used as a test set to the remaining nine subsets; the test set was 

used to evaluate the performance of the LRDR-TB classification model while considering its 

AUC score as shown in Figures 4.7 and Figure 4.8. The CV process is done repeatedly ten times, 

and a single estimate is computed by getting the average of the ten results.  

 

 

Figure 4.7. AUC score and ROC plot for Phase 1 classification 
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Figure 4.8.AUC score and ROC plot for Phase 2 classification 

Figure 4.7 and Figure 4.8 show the ROC plots and the AUC scores of the 10-fold CV. ROC 

displays a quick representation of model performance across all possible thresholds. A single 

estimation for AUC is 0.97 and 0.98 for Phase1 and Phase2 classification, respectively. This 

showed that the proposed model has correctly classified TB into positive, negative, DR-TB, and 

DS-TB classes. The classification reports are shown in Figure 4.9 and 4.10. In Figure 4.9, 

precision shows that 98% of the correctly predicted class belongs to the positive class, recall 

shows that 99% of the positive classes were correctly identified, and f1-score, which combines 

idea about the two metrics; precision and recall, shows that 98% of the positive prediction is 

correct. The average precision/recall/f1-score is known as the Macro average. Phase2 

classification, the classification report is shown in Figure 4.7, the precision result shows that 

98% were predicted correctly into the positive class, recall tells that 98% of the positive classes 
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were correctly identified, and f1-score also shows that 98% positive class is correctly predicted. 

This shows that the LRDR-TB model has correctly classified data into positive and negative 

classes and further into DR-TB and DS-TB. 

 

Figure 4.9a. Classification report of Phase1 classification 

 

 

Figure 4.9b. Classification report of Phase2 classification 

 

4.7.4 Comparing Other Classifiers 

The performance results of LRDR-TB were compared with the other three classification models 

using different variations such as original TB datasets and the feature-selected dataset from the 

association rules. Table 4.11 presents other classifiers and their accuracy scores. From this table, 

it is observed that selecting only relevant data for prediction generally improved the accuracy of 

almost all the classifiers but extensively with LR, which performs well with only the relevant 

variables. Applying eXtreme Gradient Boosting (XGBoost) on the original dataset seems to be 
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promising, yet the result shown in Table 4.11 shows a reduction in accuracy from 96% with the 

original dataset to 90% with feature engineered datasets. LRDR-TB model works best when only 

the relevant features are critically selected, and overall, the LRDR-TB model, compared to the 

three other classifiers, outperformed the other three classifiers through the values in Table 4.11, 

proving LR to be the best model that fits the TB dataset for the DR-TB classification.  

 

Table 4.11: Comparing other classifiers 

Model Phase 1 Classification 

On original dataset 

Phase 1 working with 

Classification rule dataset 

with feature selection 

Phase 2 Classification 

On original dataset 

Phase 2 Classification 

With feature selection 

LRDR-TB   0.95 0.97 0.94 0.98 

SVM 0.89 0.93 0.92 0.93 

NB 0.92 0.94 0.95 0.95 

XGBoost 0.96 0.90 0.94 0.92 

 

Akaike information criteria (AIC) is a technique used for selecting the best model during 

comparison (Wagenmakers & Farrell, 2004). Table 4.12 shows the hypothetical results, obtained 

from fitting four different models with the AIC scores and Akaike weights for comparing the 

classifiers using their accuracy scores. The first column of Table 4.12 shows the number of free 

parameters used for each model, and the second column shows the AIC value, whereas the third 

column shows the Akaike weight. AIC value is obtained by maximum likelihood parameter 

estimation. From an inspection of the AIC values, it is obvious that the LRDR-TB model is the 

preferred model since it has the lowest AIC value and lowest Akaike weight amongst the four 

candidate models.   
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Table 4.12 AIC score and Akaike weight 

 Phase 1 Classification Phase 2 Classification 

Model Parameter AIC value Akaike weight Parameter AIC value Akaike weight 

LRDR-TB   model 3 2.673 0.993508 

 

2 18.279 0.997591 

SVM 1 12.799 0.006285 1 6.052 0.000201 

NB 2 19.629 0.000207 1 23.069 0.002207 

XG_boost 4 8.4237 0.038369 4 12.654 0.062094 

 

4.8. Discussion 

This chapter focused on the application of machine learning techniques in modelling an efficient 

system that can assist physicians in the quick diagnosis of TB diseases. The aim is to model a 

system that correctly classifies TB into positive and negative classes and further classifies them 

into DR-TB with minimum error. The results shown in Figure 4.4 present the LRDR-TB model's 

classification accuracy scores, which resulted in 97% and 98% accuracy for the two phases of 

classifications. However, this research did not rely only on the classification accuracy, other 

metrics such as Precision, recall, F1-score and the AUC. The values obtained from these metrics 

show that the LRDR-TB model performed better when compared to other classifiers. It is also 

observed in phase 1 classification that chills, cough with blood, weight loss, and loss of appetite 

have a strong relationship with TB, and similarly, chest pain, contact DR, illicit drugs, and 

inadequate treatment have a strong association with DR-TB in phase 2 classification. The result 

of the statistical analysis on both datasets has significantly improved the prediction accuracy of 

the LRDR-TB model.  
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4.9 Summary and Concluding Remark 

This research has presented a prototype of a non-invasive diagnostic support system for 

pulmonary TB and DR-TB. The gold standard for clinical diagnosis of DR-TB is expensive and 

often requires an expert's presence, which may not be readily available, especially to the people 

living in the remote areas of developing countries. This work has presented decision support that 

is cost-effective which does not require clinical expert know-how. It explored the efficiency of 

the FP-Growth algorithm and generates association rules for TB disease classification at 

minimum confidence of 80%. The association rules show that cough-blood, weight-loss, loss-of-

appetite, and chills are the most frequent symptoms related to pulmonary TB. Similarly, HIV, 

Sputum, chest pain, illicit-drugs, and inadequate-treatment are the most frequent symptoms 

associated with DR-TB. This technique is best used for decision supports by physicians during 

TB diagnosis. Finally, the performance of the proposed LRDR-TB model was compared with 

other machine learning algorithms, and the results showed that the LRDR-TB model performed 

better than others. Both models showed high reliability in predicting TB diagnosis by both 

models, and the results suggest that LR performance is good for medical diagnosis of 

Tuberculosis (TB) and DR-TB. Health specialists can use this model for easy and fast diagnosis 

of DR-TB even in the absence of a medical expert(Bridget et al., 2021).  
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CHAPTER 5 

Conclusion and Suggestion for Future Work 
 

5.1 Conclusion  

One of the objectives of this research work includes developing a model to predict malaria 

incidence in an unstable transmission area by studying the association between environmental 

variables and disease dynamics. The study was carried out in the six malaria-endemic countries 

such as Nigeria, Niger Republic, Cameroon, DRC, and Burkina Faso using annual variability 

data of climatic and malaria incidence data. Malaria incidences, cases, transmission and 

mortality in Africa is unstable and fluctuates. Although there seems to be a little decrease in 

malaria incidence and mortality, it is still one of the major causes of mortality and child mortality 

in Africa. While many factors play a role in malaria transmission, climate variability is one of the 

driving factors that influence the fluctuations in malaria incidence in Africa.  Temperature, 

precipitation and relative humidity are the major climatic factors whose instability cause some 

irregular pattern in malaria transmission. Previous work has also evaluated the uncertainty in the 

deterministic model forecasts. This research has shown that a reliable assessment of a long-term 

relationship between climate variability and malaria incidence is important to reduce this 

incessant malaria incidence.  

Tuberculosis (TB) is one of the leading ten causes of death worldwide. Drug-resistant TB is an 

urgent public health concern in infectious disease, and it threatens the treatment and control of 

tuberculosis. One critical challenge in tackling the global TB epidemic is a timely diagnosis and 

correct treatment, and most of the TB deaths can be prevented if it is detected at an early stage. 

Correct and rapid determination of Mycobacterium tuberculosis (MTB) resistance against 

available tuberculosis (TB) drugs is essential for controlling and managing TB. Advanced 
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technology like AI tools would make the TB diagnosis process comparatively non-invasive and 

help obtain rapid diagnostic results. This research demonstrates the application of machine 

learning as a reliable approach to drug resistance prediction, identifies features associated with 

TB and DR-TB, and reviews their predictive ability towards TB diagnosis to assist clinical 

decision making. 

 

This research has successfully applied three machine learning algorithms, such as XGBoost, 

Logistic regression, and FP-Growth algorithm, which have been considered for predicting 

malaria incidence and diagnosing TB disease.  This research's novelties include a malaria 

incidence classification model that predicts early annual malaria incidence in sub-Saharan 

Africa's six endemic countries. This model has successfully shown the statistical significance of 

climate variables to malaria incidence at "𝛼 = 0.05" and has shown that these climatic factors 

vary from one country to another. It is shown that ambient temperature at 28
o
C is the most 

common climate variable that affects malaria incidence across the six countries, and if there is an 

increase in temperature, malaria incidence tends to increase and decrease when the climate 

factors are decreasing. The statistical results also showed that a high volume of precipitation and 

surface radiation contribute to increased malaria incidence. The XGBoost classification 

algorithm successfully classified the real-world data. K-fold CV technique (at k=5) was used to 

test the model’s performance which gave AUC scores such as Mali:0.97, DRC: 0.91, Niger: 

0.94, Burkina Faso:0.92, Nigeria: 0.97, Cameroon: 0.94, through hyperparameter optimization. 

A comparative analysis with other models showed that the MIC model performed well. 

Recent application of machine learning algorithms in Tuberculosis diagnosis has scarcely 

considered DR-TB. This work's novelty lies in applying the logistic regression model for 

diagnosing DR-TB using a two-way approach. First, the knowledge discovery approach using 
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the FP-growth algorithm. It is an efficient ARM technique that identifies recurring relationships, 

co-occurrences of disease symptoms and generates important diagnostic rules for pulmonary TB 

and DR-TB. These were achieved through systematic approaches such as Dataset collection from 

the Unit of TB and HIV at the Specialist Hospital, Yola. These are data set extraction from TB 

patient's database, data transformation, and knowledge extraction, which provides vital 

information supporting the medical diagnosis of TB. Minimum support and confidence at 60% 

and 80% guaranteed the relevance of the association rules, and in summary, it is shown that 

weight loss, chills, cough blood, loss of appetite, and fatigue are strongly associated with 

pulmonary TB. In contrast, illicit drugs, chills, weight loss, sputum, and inadequate treatment are 

frequent symptoms associated with DR-TB. The association rules generated from this step was 

used as input variables for the classification phase, which involves diagnosing patients into 

positive or negative class and further diagnosing patients into DR-TB or DS-TB classes. The 

proposed models were evaluated using some performance metrics such as classification 

accuracy, precision, recall, F1-score, and AUC. The classification accuracy has 0.98 and 0.97 for 

phase1 and phase2 classifications. The precision and F1-score have the same score of 0.98 for 

both phases of classification. Recall has a value of 0.99 and 0.98 for phase1 and phase2 

classifications, and finally, the AUC values for phase1 and phase2 are 0.98 and 0.97, 

respectively.  

In summary, these proposed systems can assist in diagnosing patients into DR-TB or DS-TB 

using some set of predefined symptoms. These symptoms are weight loss, chills, cough blood, 

loss-of-appetite for pulmonary TB diagnosis and Chest-pain, inadequate treatment, HIV, Illicit-

drugs and Sputum for DR-TB classification. The LR classifier's main advantages remain in its 

capability to show the degree of influence of predictors to target variables and its ability to work 
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effectively with fewer attributes. when applied appropriately to these diseases, will assist the 

physicians and policymakers to make a pre-informed decision and thus mitigate the disease 

spread towards reaching the goal of WHO for "End Malaria and TB strategy". However, the best 

true way to examine the expediency of the proposed systems is the extent to which they become 

routinely useful to both physicians and decision makers.  

 

5.2 Suggestion for Future Work 

The main obstructions to the implementation of MIC model are related to wider health-system 

issues such as shortage of good quality malaria time series dataset, the availability of only the 

annual dataset on malaria incidence is insufficient for exploring the efficiency of the proposed 

MIC model. Therefore, to improve the proposed MIC model's capability, obtaining a time-series 

dataset of malaria incidence probably with similar resolutions to the climate observations can 

seasonally stratify important information about malaria transmission and seasonality; this will 

enhance the real-time prediction of the system. Furthermore, obtaining a larger amount of dataset 

will strengthen the proposed MIC system's capability and would aid in extending MIC into a 

real-world application that can run on mobile smart systems. 

The larger the amounts of the dataset, the better it becomes in precision and reducing bias and 

overfitting. The LRDR-TB model would be extended by training and testing the classification 

models with many datasets. Also, this research will be extended by developing other 

sophisticated models for the diagnosis of other diseases. 

Most hospitals and health centres, especially in African countries, do not have the capacity and 

the equipment for long-term electronic storage of patients’ health records. Therefore, proper 

utilization of big data and cloud computing that enhances data capturing, sharing, storing, 
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analysis, and managing the patient's data should be adopted in the health systems to improve 

ARM applications' scaling for better health data-analysis and also improve research and 

development in the health sector. 
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