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ABSTRACT

OBJECTIVES: Acute respiratory tract infections (RTIs) are a leading cause of morbidity and
mortality among children under five years of age, and the fourth leading cause of mortality
in adults globally. Misclassification of RTIs remains a significant challenge due to inconsis-
tent diagnostic practices, particularly in low- and middle-income countries (LMICs), especially
within sub-Saharan Africa. This study aimed to develop a clinical decision support system us-
ing a machine learning approach to assist healthcare providers in the accurate diagnosis and
classification of RTIs..

METHODS: This was a secondary data analysis research study of data collected from a ret-
rospective observational cohort study of respiratory tract infections (RTI) and non-RTI cases,
namely acute febrile disease of unknown cause (AFDUC) and gastrointestinal tract infection
(GTI), surveyed between July 2018 and December 2020. The primary objectives of the study
were to develop, fine-tune, and evaluate a predictive model capable of classifying RTI cases
using training datasets that combined data from RTI and AFDUC cases, as well as RTI and
GTI cases. The machine learning workflow involved two key phases: data pre-processing and
feature engineering, both of which were essential in preparing the data for model development,
testing, validation, and final evaluation aimed at achieving accurate diagnostic classification.
Classification and prediction models were built using three machine learning algorithms: artifi-
cial neural networks (ANN), random forest (RF), and support vector machines (SVM). K-fold
cross-validation was employed to optimize and fine-tune the models for improved performance.
Model evaluation was conducted using performance metrics derived from confusion matrices,
which facilitated the assessment of the receiver operating characteristic (ROC) curves and area
under the curve (AUC). Furthermore, feature importance analysis was carried out to identify the
most influential variables contributing to robust model performance, while variable correlation
analysis was used to explore interactions among the independent variables.

RESULTS: Amongst the syndromes, RTI had highest overall numbers of cases enrolled, largely
from age group 1 year and below with 42.0% of cases when compared to AFDUC and GTI. For
correlation measurements, few variables correlated positively with value between 0.55 and 0.71,
particularly age group which correlated with chest pain, headache and HIV status in all models.
The evaluation of each model and classifier reached performance metric scoring of above 0.8
for accuracy, precision, specificity and F1-score, which was desirable. The classified RTI ROC
curve shape was robust with the expected shape, which was able to measure the AUC above
0.92 for three classes and AUC above 0.95 for two classes.

CONCLUSIONS: In this study, we differentiated RTIs from other infections that may present
with similar signs and symptoms—such as cough, fever, and elevated temperature—observed
during patient admission to the hospital. The predictive models developed and presented in this
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study provide accurate estimations for distinguishing RTI cases from AFDUC and GTI cases.
These findings offer important evidence that RTIs can be effectively and efficiently screened
using machine learning approaches, without the limitations typically associated with time, man-
power, and cost constraints.
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CHAPTER 1

1 INTRODUCTION AND LITERATURE REVIEW

1.1 Introduction

Acute respiratory tract infections (RTIs) are a leading cause of morbidity and mortality in chil-

dren 5 years and below (Seidu et al., 2019), and fourth leading cause of mortality in adults

globally in 2019 (WHO, 2020). According to the GBD 2021 Upper Respiratory Tract Infection

(URTI) and Otitis Media Collaborators (2024), RTIs accounted for 292,908.6 per 100,000 new

incidents rates in children 2–4 years of age and 108,190.2 per 100,000 new incidents rates in

adults 70–74 years (Sirota et al., 2025). Additionally, the GBD 2021 Lower Respiratory Tract

Infection (LRTI) Collaborators reported that 502,000 deaths occurred in children below the age

of 5 years and 1,110,000 deaths occurred in adults 70 years and older globally (Bender et al.,

2024).

In sub-Sahara countries, upper RTIs accounted for 71% of global deaths (14,000 deaths) in all

ages, where deaths in children between the ages of 2–4 years was 8% (1,680) and 1.4% (275)

death in older adults between ages of 70–74 of global deaths (Sirota et al., 2025). Furthermore,

lower RTIs accounted for 261,000 deaths in children below the age of 5 years and 50% of deaths

occurred in sub-Sahara (Bender et al., 2024).

In South Africa, Statistics South Africa (StatsSA) reported that in 2020, respiratory tract in-

fections were the fifth leading cause of death in all ages, and second leading cause of death

in children below the age of 5 years, accounting for 5.1% (1,299) of total children’s deaths

(StatsSA, 2024). In adults aged 65 and above, RTIs accounted for 4.5% (9,111) of total deaths,

ranking it the number six leading cause of death in the elderly (StatsSA, 2024). The age groups

that are at highest risk of mortality due to RTIs are the group below age of 5 years and the

elderly (StatsSA, 2024).

According to the GBD 2021 Lower Respiratory Infections and Antimicrobial Resistance Col-

laborators (Bender et al., 2024), the highest global mortality estimates proportions were due to

S. pneumoniae, and second highest by other viral aetiologies.
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For the past several decades, artificial intelligence (AI) research for various application has

been ongoing in all industries especially the commerce sector (Bohr and Memarzadeh, 2020).

However, in the healthcare sector, two studies of interest used retrospective data obtained from

hospital records, for patients diagnosed with lower RTI and pneumonia. Both studies used clin-

ical symptoms, vital signs, and biological test results as features of the machine learning pre-

diction model that classified respiratory infections and pneumonia severity (Naydenova et al.,

2016; Olayemi et al., 2019). The aim of both studies was to design a clinical tool to aid in the

diagnosis of respiratory tract infections using clinical features that are measurable and prevalent.

To classify RTI, AFDUC and GTI were chosen as non-RT infection comparators, since they

share one common clinical feature, which is fever and classified as high temperature 38C and

above. When comparing RTI to AFDUC, many patients present with fever only without focal

symptoms, while respiratory signs develop later in the infection, however, RTI requires identi-

fication respiratory symptoms to be classified. When AFDUC symptoms develop later, similar

systematic signs such as Myalgia and headache would be identified amongst patients of both

syndromes. Although patients with GTI would also present with fever, which makes it the only

common feature to RTI patients. Another uncommon feature is the localisation of the infections,

as for RTI it is localised in the respiratory tract, while GTI is localised in the gut, specifically

the stomach or intestines (Gutierrez et al., 2024; Minodier et al., 2017).

1.2 Problem Statement

The diagnosis and classification of RTI cases depends on the accurate assessment and diagno-

sis of clinical signs and symptoms by medical specialists and practitioners. To date, medical

practitioners have been the gold standard in the diagnosis and classification of RTI cases. Never-

theless, the assessment and diagnosis process done by medical practitioners’ exhibit drawbacks

such as cost, time, inconsistency amongst many. Misclassification of RTI cases can lead to

the unnecessary treatment costs of antibiotics administered in self-limiting infections, delayed

treatment due to prolonged time for differential diagnoses, and inconsistent diagnosis of RTI

cases with similar clinical features resulting in poor outcomes.

1.3 Justification

Machine learning approaches can be used as an alternative to improve the clinical decision-

making process and overall diagnosis and classification of RTI cases. Significant costs were



1.4 Aims and Objectives 3

associated with antibiotic treatment in patients with self-limited respiratory infections. Machine

learning can identify patients requiring antibiotics treatment and improve appropriate prescrip-

tion of antibiotics (Oonsivilai et al., 2018). In cancer research for non-communicable diseases,

machine learning has not only performed better than the physicians, but also predict patients’

symptoms with high accuracy, specificity, and sensitivity in real-time, limiting time constrains.

Additionally, in a clinical cardiovascular disease research project, machine learning was used to

predict the survival of patients with heart failure, which became a supporting tool for clinicians

(Chicco and Jurman, 2020; Chicco and Rovelli, 2019). Findings from these areas of research,

revealed the significance of machine learning prediction models in clinical decision support of

disease diagnosis and survival prediction for chronic patients, limiting inconsistencies. The re-

search output generated from these studies, have encouraged our research in the use of machine

learning approaches to improve the clinical decision support for diagnosis and classification of

RTI cases as well as highlight the type of data points that could assist clinicians for inclusion in

future studies.

1.4 Aims and Objectives

The research project aim was to apply supervised machine learning techniques to build predic-

tion models that would classify RTI cases and non-RTI cases, and evaluate optimum model to

serves as powerful clinical tool to aid practitioner’s diagnosis. The objectives to achieve the aim

were:

1. To describe and compare the clinical, demographic, and socioeconomic characteristics of

RTI cases and non-RTI cases.

2. To apply supervised machine learning to classify RTI and non-RTI cases and identify key

clinical, demographic, and socio-economic predictors of RTI.

3. To evaluate the performance of different supervised machine learning models and identify

the optimal model for classifying RTI and non-RTI cases.

1.5 Literature Review

1.5.1 Aetiology of acute respiratory tract infections

Bacterial pathogens were thought to be the leading cause of RTIs in both children and adults

(Suarez et al., 2015). However, increasing evidence suggests that viral respiratory infections
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play an important role in RTI hospitalisation, which could progress to acute respiratory distress

syndrome, and ultimately mortality (Cohen et al., 2015b,c; Suarez et al., 2015). One of the

common and severe respiratory infections is community-acquired pneumonia (CAP), which ac-

count for 40% cases of hospitalisation, of which 20% of these cases are immunocompromised

patients (Azoulay et al., 2020; Niederman and Torres, 2022). For a long time, bacteria have

been isolated from CAP patients, particularly from young children and older adults. Findings

from a study with a purpose of analysing the aetiology, incidence and outcome of CAP, reported

a viral aetiology in 23.4% of hospital patients admitted and presenting with fever (Tao et al.,

2018; To et al., 2019).

Amongst the infectious pathogens detected in RTI cases, influenza, human metapneumovirus

(hMPV) and respiratory syncytial virus (RSV) were the major viruses detected in children

below 5 years of age along with Streptococcus pneumoniae as co-infection (Cohen et al.,

2015a). Amongst the adults who were hospitalised, viruses including influenza A and B,

RSV and hMPV together with bacteria (S. pneumoniae, Staphylococcus aureus and Moraxella

catarrhalis) as coinfections were detected (Suarez et al., 2015). A study conducted in South

Africa, detected 37% human rhinovirus (hRV), 26% RSV, 26% adenovirus and 10% enterovirus

in children RTI cases (Cohen et al., 2015c). Respiratory viruses cause of morbidity and mor-

tality in immunocompromised RTI cases, including patients with acquired immunodeficiency

syndrome (Venter et al., 2011).

1.5.2 Epidemiology of respiratory tract infections

The diagnosis of acute respiratory tract infections can be challenging in identifying the cause,

because the infections can affect both the lower and the upper respiratory tract (Wu et al.,

2024). The upper respiratory tract is represented by the sinuses, nasopharynx, larynx, peri-

tonsillar structures and epiglottis, whereas the lower respiratory tract is represented by pul-

monary parenchyma and bronchial tree. Acute respiratory infections may exhibit rhinitis, si-

nusitis, otitis, pharyngitis, epiglottitis, tracheitis as upper tract disease, bronchitis, bronchiolitis

and pneumonia as lower tract disease, or both. Acute upper respiratory tract infections are

largely viral in nature, with majority of infections mild and self-limiting, and some cases may

advance to severe infection requiring additional examination and further tests. Acute lower res-

piratory tract infections are mild and short-lived episodes that affect the airways and cause bron-

chitis, which could advance to severe life-threatening pneumonia through pulmonary parenchy-
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mal inflammation. Virus and bacteria are responsible for LRTI infections; however, bacteria

are responsible for the majority of community-acquired pneumonia (Rogan, 2016; Saleri and

Edward, 2019).

Symptoms and signs that present clinically, may sometimes overlap depending on the type of

infection and respiratory tract location, especially in cases of co-infection by both virus and bac-

teria (Sumitomo and Kawabata, 2024). It is globally accepted that cough, particularly chronic

cough that last 10 or more days is an indicator of clinical representation of acute respiratory in-

fections. Together with fever ( 38°C), symptoms such as nasal congestion and sometimes nasal

discharge and localised pain are experienced by patients. Cough is associated with the mecha-

nisms that cause inflammation of bronchoalveolar and airway, which ultimately induce sputum

(Cho et al., 2019; Jaume et al., 2020). However, clinical representation of RTIs is non-specific

in some clinical cases (Gentilotti et al., 2022), which maybe attributable to the geographic area

and microorganism pathogenesis.

Risk factors associated with RTI and hospitalisation may not be constant across all ages, as

age itself is a major risk factor (e.g. children below 1 years and adults 65 years and older) (Le

Roux et al., 2019; Storms et al., 2017). A study conducted by Le Roux et al. (2019), reported

that in South Africa, low birth weight, delayed or missed vaccinations, and maternal smoking

were risk factors for RTI in children below the age of 2 years. However, infants in their first

6 months of life were at higher risk of hospitalisation with RTI, especially if born to human

immunodeficiency virus (HIV)-infected mothers. In addition to age and smoking, HIV is a

known risk factor in adult RTI hospitalisations. Another risk factor in adults aged 65 years

and older who were hospitalised with pneumonia was more than three co-morbidities (Abadom

et al., 2016; Storms et al., 2017).

1.5.3 Clinical practice applied to respiratory tract infections

1.5.3.1 Standard clinical healthcare practice

Standard clinical practice has a set of guidelines that are vital components of the healthcare

system, which provide cost-effective medical management of common and uncommon health

conditions. At the centre of clinical practice guideline, there is a principle of classifying disease

or infections in the form of diagnosis which is regarded as gold-standard of clinical decision

making (Croft et al., 2015).
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Clinical guidelines have been designed to assist healthcare providers in the diagnosis and treat-

ment of acute respiratory tract infections, however, guidelines may fall short due to level of

healthcare facilities and service rendered. To provide the appropriate treatment that would en-

sure patient recovery, accurate diagnosis and cause of illness must be properly determined.

Furthermore, the guidelines can be used by healthcare providers to inform patient on the treat-

ment they would likely to receive when diagnosis and cause of illness has been confirmed (De

São José et al., 2014; McCracken, 2001).

Clinical practice guidelines are vigorous, and systematic in their approach, and should be able to

address the respiratory tract infections and pathogens involved. Each guideline for the diagnosis

of respiratory tract infections has been based on either viral and /or bacterial infections, or those

without pathogens aetiology (De São José et al., 2014; McCracken, 2001).

1.5.3.2 Clinical practice and healthcare challenges

There are many challenges and problems that affect the employment of comprehensive, ef-

fective and reputable healthcare services to the communities including where the facilities are

located. The internal challenges are systemic in nature, ranging from healthcare management,

performance measurement, control systems, legislation and guidelines (Ippolito et al., 2023).

All internal challenges can be managed to improve healthcare and impact the clinical manage-

ment, by introducing artificial intelligence, in particular machine learning (Kelly et al., 2019).

The external healthcare management challenge often include the negative attitude towards clin-

ical guidelines, coming from healthcare facilities managers, healthcare providers, and patients

themselves. Many external factors can affect the ability of the healthcare provider to execute

the appropriate guideline recommendations, while patient expectations of some treatments can

hinder healthcare provider’s adherence to the guidelines, especially its recommendations (Mc-

Cracken, 2001).

The main driver of the issues and problems encountered in the management and healthcare ser-

vice delivery is the cost implications involved in the running of healthcare facilities. The budget

provided to the facilities may not be enough to run all essential services, rendering clinical ad-

ministration ineffective as costs escalate (Ostadi et al., 2023).
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Zhang et al. (2016) reported that the cost implications for treating RTIs in children is measured

in millions of dollars annually, severely affecting low- and middle-income countries (LMICs).

This can be attributed to low gross national income. In high-income countries, treatment for

acute respiratory tract infections per case of outpatients was reported to be US$ 334.6 in USA,

US$ 251.1 in Germany and US$ 254.9 in Australia (Zhang et al., 2016). In LMICs, treatment

for hospitalised acute respiratory tract infection per case cost US$ 249.7 in Zambia and US$

162.1 in Kenya (Zhang et al., 2016). In South Africa, treatment cost for outpatients with acute

respiratory tract infection was US$ 263.1 per case, and cost for treatment in a tertiary hospital

for acute to severe respiratory tract infection was US$ 491.4 per case (Zhang et al., 2016).

1.5.4 Evidence-based clinical practice and decision support

Evidence-based medicine is achieved when clinical prediction tools, clinical decision rules

and/or clinical decision support tools are used as prediction algorithm and risk models for prog-

nosis and diagnosis of infections. Decision rules aim to directly encourage healthcare providers’

conduct, while prediction rules provide support to healthcare providers in predicting risk with

the premise that precise predictions would lead to improved decisions (Cowley et al., 2019;

Sutton et al., 2020).

Evidence-based clinical practice is a framework that utilises the power of statistics and prob-

ability to determine the cause of disease and infections. Infections and diseases have been

diagnosed with accuracy and precision when statistical tests are applied to measure past cases

and disease likelihoods are predicted, which create further knowledge in the prognosis (New-

man and Kohn, 2020; Phillips, 2010).

To complement the clinical practice guidelines, evidence-based decision could be powerful tools

to improve clinical decision making on the foundation of grouped clinical signs and symptoms.

However, most published evidence-based clinical decision support tools have been developed

for serious infections primarily at hospital emergency departments, which lack external valida-

tion for primary healthcare practice (Van Ierland et al., 2015).

The purpose of evidence-based clinical decision tools is to estimate the likelihood of a clinical

condition by taking into account a small amount of highly valid predictors and variables. Their
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aim is to assist healthcare providers in making decisions under unfavourable conditions and

improve diagnostic, and decision-making, with the primary purpose of improving the quality of

patient care (Sutton et al., 2020). Some evidence-based clinical decision tools aim to ‘rule out’

conditions by classifying patients who are very unlikely to have an illness, ultimately reducing

unnecessary testing without compromising patient care (Cowley et al., 2019). Kwan et al.

(2020) reported that, when an evidence-based clinical decision support system is employed,

patients receiving desired care increased proportionally by 5.8% (4.0% - 7.6%).

1.5.4.1 Evidence-based diagnosis of respiratory tract infections

The diagnosis of respiratory tract infection using evidence-based clinical guidelines to reduce

variability has been previously adopted to support clinical decisions. A study evaluated an

evidence-base clinical guidelines and decision support tool, developed to decrease the prescrip-

tion rate of antibiotics in RTI cases presenting at the private hospital in Quito, Ecuador. The

clinical decision support tool included guidelines to diagnose and identify self-limiting respira-

tory tract infections. Researchers in the study also analysed the short- and long-term effects of

the clinical guideline tool implementation. A three phase implementation process for the tool

was initiated, the first one in 2010, followed by the post-implementation in 2011 and the last

implementation in 2018.The study showed the reduction in antibiotics prescription by health-

care providers, resulting in preventive overuse of medication for self-limiting respiratory tract

infections (Sánchez et al., 2021). Another evidence-based clinical decision system was devel-

oped to aid healthcare providers to ruling out pneumonia, which also aided in reducing rate of

unneeded antibiotic prescriptions (Steurer et al., 2011).

A review of prediction rule tools developed in the 128 centres in eight European countries (Toll

et al., 2008), aimed to measure different validation methods to assist with the strengthening of

evidence-based clinical decision and prediction rule tools. In this study, researchers indicate that

a major limitation to all clinical decision systems was the validation of such systems, as testing

the generalisation of evidence predictions rules across a gold standard of healthcare providers,

was difficult (Toll et al., 2008).

1.5.4.2 Artificial intelligence and decision-rule in clinical practice

Machine learning is a branch of AI that use specific statistical and mathematical traits to iden-

tify patterns from data to solve problems and improve with experience. Machine learning is a
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computation of intelligent computer programs and written algorithm that learn from provided

data and predict the outcome (Kersting, 2018). Machine learning was first used in the 1952, two

years after companies started developing machines with ability to make decision like humans

(Kaul et al., 2020). Electronics industries adopted AI computational modelling in their robotics

engineering and innovation; however, medical science was slow to adopt AI. In the early 1960s,

medical science was introduced to AI when biomedical web-based knowledge database systems

were developed and implemented (Kaul et al., 2020).

Data captured in electronic health systems from patients seen at healthcare facilities and re-

search sites, which forms big data and infrastructure for data warehousing, are in use for

purposes of guiding evidence-based clinical practice in recent times. Artificial intelligence

approaches, specifically Gaussian Naive Bayes (GNB), deep and reinforcement learning, are

remarkably well-matched to deal with the amount of patient data collected, type and format

of data and impending questions in primary healthcare. Artificial intelligence can assistant

healthcare providers in simplifying difficult task of stratifying patients at risk for interventions,

identifying those most at risk of severe infection and disease (Giordano et al., 2021).

Since 2010, there has been an exponential rise in electronic data and breakthroughs in com-

puting power which contributed to significant advancements in AI, including machine learning,

for clinical decision support for diagnosis, treatment, and prognosis. Although there have been

favourable outcomes in the use of AI and machine learning, there also been challenges in inter-

preting machine learning results and translating these into clinical terms (Hernandez-Boussard

et al., 2020; Yang et al., 2023). Most of the challenges experienced relate to data sample lacking

representation and missing values, results interpretation, and model setting such as hyperparam-

eter tuning for accurate prediction and classification (Ostojic et al., 2024; Stam et al., 2023).

1.5.4.3 Machine learning techniques in clinical practice

The use of machine learning for development of clinical prediction models was not common

until the early 90s, when artificial neural networks (ANNs) and decision tree (DT) algorithms

were used for cancer diagnosis and detection (Cruz and Wishart, 2006). In a published review

on the use of machine learning techniques; ANN, GNB, support vector machine (SVM) and

DT were the four main techniques used for development of cancer prediction models. The main

finding for cancer prediction models was improved inference in cancer progression and future
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feature selection, especially in modelling predictions for cancer susceptibility, recurrence and

survival (Kourou et al., 2015).

There are many studies which report respiratory tract infection morbidity, mortality and the

associated risk factors. Most of these studies make use of conventional machine learning pre-

diction models (Troeger et al., 2018). The published reports on machine learning applications

in the RTI domain are very limited, especially those that assist in RTI diagnosis and classi-

fication using prediction models. Available reports used retrospective data to model machine

learning classification of respiratory tract infections caused by viruses (Mai and Krauthammer,

2017), predicting past influenza outbreaks (Zhang and Nawata, 2017) and the risk of mortality

of non-severe pneumonia cases (Tuti et al., 2017). Findings for a viral RTI classification model

attained a positive predictive value ranging from 50.1 % to 64.7% and a negative predictive

value ranging from 52.1% to 100% (Mai and Krauthammer, 2017). One study on influenza

outbreaks, reports an accuracy of 95% (Zhang and Nawata, 2017). Similar work using risk of

mortality of non-severe pneumonia cases, attained an area under the curve (AUC) above 0.7

(Tuti et al., 2017).

The finding of these studies proved that machine learning models can classify respiratory tract

infection and pneumonia, thus improving clinical decision making. Both studies recommend

using larger sample sizes with more clinical features than what is currently monitored during

diagnosis (Naydenova et al., 2016; Olayemi et al., 2019). Both studies achieved over 80%

precision, accuracy, sensitivity and AUC. There is little research that reports the application

of machine learning in the classification of RTI cases. Therefore, the current research seeks to

close the gap in the existing body of knowledge by applying novel machine learning approaches

to determine and classify RTI and non-RTI cases.
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CHAPTER 2

2 CLASSIFICATION THEORY

2.1 Research Methodology Framework

Supervised machine learning is defined as processes that use historical data, learn noticeable

relationships, and use that knowledge to make prediction on new data. This process of learning

was made possible by statistical algorithms employed to read raw data, select suitable features,

and build a suitable prediction model for classification of target outcome on new data (Biswas

et al., 2021). A framework overview described below and in figure 7 in materials and methods

section, outlined in graphics, the processes applied and employed to classify possible RTI cases

from other classes, following a classification model design and evaluation.

The initial step was to collect the dataset from where it was securely stored and prepare data

for analysis. The main dataset, which contain collated RTI, gastrointestinal tract infections

(GTI) cases and acute febrile disease of unknown cause (AFDUC), was cleaned, configured,

feature scaled and put through many pre-processing procedures that identified features suitable

for model design and development. After pre-processing, statistical analysis was conducted, and

then the dataset was imputed and normalised for model design. Additionally, post statistical

analysis, data imputation and normalisation, the main dataset was split into three subsets of

classification classes, RTI, AFDUC and GTI as model 1 data subset, RTI and AFDUC as model

2 data subset, and lastly RTI and GTI as model 3 data subset. Each data subset was split into

train and test datasets, which were used to train all models designed and to test each model

through series of evaluation metrics listed below.

2.1.1 Data pre-processing and feature engineering

Data pre-processing and feature engineering were the two phases of machine learning that pre-

pared the data for model development, testing, validation and evaluation for classification of a

target diagnosis outcome. The processes of pre-processing, feature engineering, data splitting

and classification of target outcome were done using Python libraries listed in table 1 below.
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Table 1: Python Libraries for ML

Library Function
NumPy Indexing, sorting, and reshaping array of real numbers in multi-dimension.
Pandas Processing data sets into pre-defined Data Frames supported by NumPy multi-

dimensional arrays.
Matplotlib
Seaborn

Graph plotting and visualization of multivariate data points.

ScyPy For statistical analysis (ANOVA package, chi-squared contingency packages).
Scikit-learn Pre-processing packages for data cleaning and manipulation, Classification

packages for model design and evaluation (SVM, RF, ANN, test and train,
confusion matrix and evaluation metrics.

2.1.1.1 Data pre-processing

Pre-processing mainly involved data cleaning and normalisation, which also included trans-

formation and integration of data, outliers and noise identification (García et al., 2016).Data

cleaning included the removal of noise and inconsistent data, while data transformation and

integration was responsible for conversion and consolidation of data. Data normalisation was

performed in both pre-processing and feature selection phases, which included data and vari-

able values recoded. Missing values were dealt with by either removing the whole record for

critical variables and imputing a value in replacement, while stop words were removed.

Missing Value Imputation

Analyses based on incomplete cases were shown to be biased when the data was missing at

random. However, removing the whole record with missing variable data points did not bias

the results statistically but inferences impacted model fitting during design. Such biases were

overcome by performing missing value imputations. Data imputation included replacing miss-

ing values with the mean of the observed values for that variable and using information from

related observations within the collected variables.

For the imputation of both categorical and numerical (ordinal and continuous) values, two ma-

chine learning techniques were employed and the best one chosen and used. The first technique

employed was K-Nearest Neighbour (KNN) imputation, where imputed values for cases with

missing values corresponded to the value of similar cases. Imputation tests employed by KNN

was the distance calculation of variable values in the presence of missing values to measure

the imputation value. The second imputation technique used was Multivariate Imputation by

Chained Equations (MICE), which operates under the assumption that values or observations
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are missing at random. Imputation tests employed by MICE included both linear and logistic

regression models suitable for both continuous and categorical variables (Memon et al., 2023).

Remove Stop Words

Stop words are commonly used words such as (’i’, ’saw’, ’we’, ’don’t’, ’know’) that are nat-

urally filtered out during a natural language processing (NLP) task to improve text analysis

(Kashina et al., 2020). Stop word removal was essential to improve machine learning model’s

priority on words which would translate in achievement of accurate predictions. Stop word re-

moval also helped in the reduction of dimensionality in the data set. NLTK Python library has

no less than 179 stop words available for English language package. Examples of English stop

words of letter "a" are: (a, about, above, after, again, against, all, am, an, and, any, are, aren’t,

as, at).

Data Normalisation

The collected clinical and non-clinical data, was pre-processed using a normalisation technique

essential in the process of assembling the collected data. Consistency across features was vary-

ing data ranges maintained, moreover, it was feasible to modify numerical variables in a given

dataset. Amongst a variety of normalisation techniques, the min–max normalising technique

was ranked the best and has been regularly deployed for linear transformation and data nor-

malisation. The data was altered to settle within a pre-established range in this occurrence.

The maximum value for each characteristic was one, and the minimum value was zero; and the

values that remained were transformed to decimal numbers ranging from 0 to 1.

2.1.1.2 Feature engineering

Feature engineering was a process that improved the performance of a model, using algorithms

that can apply: feature scaling and selection, outliers and data encoding, dimension reduction

and data balancing. The importance of selecting suitable variables as predictors and features

in a prediction model to classify target class, as preferred outcome, rests on the understanding

what the algorithm was supposed to learn.

Feature scaling was a process that involved feature integration within the same magnitude

and a common range (García et al., 2016). Features scaling included operations on text lan-

guage processing namely, tokenisation, stemming and lemmatisation. The tokenisation process
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segmented text into single words, clauses, and sentences by separating words and removing

punctuation. Stemming reduced related words to a common stem (Kashina et al., 2020), while

lemmatisation removed the inflectional endings of words and returned the dictionary form of

the word.

Tokenisation

In plain terms, tokenisation is a procedure of turning a series of words in a sentences into to-

kens. Tokenisation was the most essential technique in natural language processing pipeline.

Tokenisation turned a significant portion of text in a sentence into a string character, called to-

ken. There were many tokenisation algorithms to choose from, however, we chose to use word

piece tokeniser over many available such as: Penn-tree, Byte pair encoding and Sentence piece

tokenisers just to name a few.

Stemming

Stemming is a procedure of converting and changing the form of words into their base form.

Stemming technique helped to produce morphological variations of a base word to express

grammatical attribute. Stemming is a process that bind a portion of a word with suffixes or

prefixes such as (-ed, -ize, -s, -de, mis). So, stemming resulted in text that are not genuine

words. Stemming algorithms are extensively used in pre-processing, before machine learning

modelling design.

Lemmatisation

Lemmatisation is a natural language processing algorithm that process text on the morphologi-

cal analysis of each word. Lemmatisation also uses wordnet, a morphological function, built on

a grammatical knowledge base platform. Lemmatisation was conducted following stemming,

and it was carried out on the tokenised words. Following stemming, lemmatisation is the highly

essential pipeline of natural language processing technique. In this research study, stemming

and lemmatisation were used extensively, e.g., ‘convulsions’ became ‘convulsion’, ‘dehydra-

tions’ became ‘dehydration’ and ‘infections’ became infection.

Feature Selection

Feature selection has a variety of manual and data-driven techniques that falls into three classes,

namely the filter, wrapper, and embedded methods. The filter techniques included methods that

had computed the correlation of each feature to the outcome variable class. The wrapper tech-
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nique allowed for measure of subset of features that were uninformative and proposed a score

for them. Lastly, the embedded technique performed feature selection by regularisation which

encouraged models to use few features as opposed to many features (Ou et al., 2020; Zheng and

Casari, 2018).

Lastly, the techniques used for feature selection to complete the data processing phase included,

the Term Frequency and Inverse Document Frequency (TF-IDF) and the Bag of Words (BOW)

technique. TF-IDF had shown to be the best technique when compared to the BOW during

feature engineering process, which also conserved some semantic nature of the sequence. The

phrase “term frequency” expressed the number of times a word occurs in a text sequence, such

as the likelihood of a word to appear in a text documentation. The formular of TF-IDF consisted

of two piece, the initial piece computed the Term Frequency and the second piece estimated the

Inverse Document Frequency which lay between 0 and 1.

2.1.2 Machine learning classifiers

2.1.2.1 Support Vector Machine

The support vector machine uses a minimum of two data points belonging to two classes sep-

arated by a hyperplane line, and the techniques’ goal was to classify target outcome in a clean

and unused dataset and indicate which class they belong to.

Figure 1: Support Vector Machine

The SVM figure 1 above, classified the point above or on the hyperplane as class +1 (X), and

the point below the hyperplane as class -1 (Y ), and w as weight, x as independent variable, and
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b bias, as per the equation 1 below.

f (xi) =

(
+1 i f w · x+b ≥ 0
−1 i f w · x+b < 0

)
(1)

When class X and class Y are separated by hyperplane, points from each class that are closer

to the line will be marked as support vectors. The further apart the support vectors are from

each class, the bigger the margins between them increased. The bigger the margins, the higher

our confidence that the algorithm can classify RTI case. The technique was chosen because

overfitting has minimum effect on predictors during modelling.

2.1.2.2 Random Forest

The random forest (RF) consisted of multiple combinations of decision trees, a technique of

combining many draft models to achieve one optimal final model, illustrated in figure 2 below.

Using a decision tree technique for target outcome classification, depends on the chosen feature

and the condition applied to the technique’s computational function.

Figure 2: Random Forest

Since we were conducting a prediction model for RTI classification, a feature (e.g., sex or HIV

status) represents a condition that was split into two branches (notes), male and female branches

for sex and HIV- and HIV+ branches for HIV status. Then each branch was further split into

two more branches (yes/no) based on another condition (e.g., age <1) presented by feature ‘age’.

Until branch splitting was not required anymore, the technique was stopped and a decision was

given.



2.1 Research Methodology Framework 17

IGini(Xk) =
C

∑
i=1

p(i|k)(1− p(i|k)) (2)

The random forest equation 2 above measures the Gini impurity (outcome), and was based on

the probability of misclassification of a data point categorised using a label chosen randomly

from the branch. To explain each parameter, p(i|k) was the frequency of the label i at a branch

and C was the number of unique labels. This algorithm was chosen because the same features

were used more than once with different conditions each time to maximize on an expected

decision of RTI outcome classification.

2.1.2.3 Artificial Neural Network

Multilayer perceptron (MLP), is an artificial neural network made up of multilayer neurons that

works in similar ways to the brain processing an input signal. In this study, multilayer neuron

network technique modelled a complex patterns of neurons that were able to predict a target

outcome as illustrated in figure 3. All features were included as predictors on the input layer (1st

layer) of the algorithm code, then the technique processed the input as ‘brain neuron’ and passed

the processed information through to the middle layer called hidden layer. The hidden layer then

processed the information as inputs and the output information was transmitted to the output

layer as an expected prediction outcome (Bre et al., 2018; Zhang et al., 2018). This technique

was chosen for its high accuracy in prediction models which were closer to the expected and

actual value.

Figure 3: Artificial Neural Network

The two ANN equations below measure the function outcome probability (Y0/Y1), based on a
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of linear regression model. The equation 3, is a linear format of the classification and equation

4, the sigmodal format classification. The parameters w−T represents the weights applied on

each independent variable x, and b represent the bias in input layer.

f (x) = z = w−T (x+b) (3)

f (x) = z = σ(w−T (x+b)) (4)

The interpretation of the artificial neural network prediction outcome is a horizontal tree dia-

gram. The tree diagram was composed of black and grey lines connecting all added features

and/or variables in input layer to all nodes in the hidden layer for statistical computation. The

outcome information in the hidden layer was then connected to the output layer classification

outcome Y1 (RTI cases) and Y0 (non-RTI cases) with black and grey lines. The black lines indi-

cated the positive weights and grey lines indicated the negative weights. Line thickness was in

proportion to the relative magnitude of each weight (Zhang et al., 2018).

2.1.3 Model optimisation

During the model training, two optimisation techniques, namely K-fold and GridSearch cross-

validation, were applied to strengthen and optimise the best classification model. GridSearch

cross-validation was the process of performing automated hyperparameter tuning, to determine

the optimal values for a trained model. On the other hand, k-fold cross-validation was a method

of data resampling, used to choose and fine tune hyper-parameters of a model by maximizing

the performance of prediction on a limited data (Ou et al., 2020). Firstly, the data was randomly

split into 10 subsets (10-fold iterations), then the model was trained ten times with 9 subsets as

training sets and 1 subset as testing set. In these 10 iteration runs, each data point (case) ended

up in the 1 testing subset exactly once.

2.1.4 Model evaluation

Evaluation of the machine learning model was a crucial and important step that determined how

effective the model was, based on performance metrics using test dataset. For the purpose of

model evaluation, six performance metrics were used, which were adapted metrics from the

confusion matrix in figure 4.

A confusion matrix is made up of the actual values and predicted values, measured as true

positives (TP), false positives (FP), true negatives (TN) and false negatives (FN). Each metrics
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Figure 4: Confusion Matrix

is briefly explained below:

1. Accuracy: Measure of total number of true predicted cases over the total number of all

predicted cases.

Accuracy =
T P+T N

T P+FP+T N +FN
(5)

2. Precision: Measure of all true positive predicted cases over total number of positive predicted

cases. Fraction of true predicted cases out of total true cases.

Precision =
T P

T P+FP
(6)

3. Specificity: Measure of total number of true negatives cases over total number of all negative

cases.

Speci f icity =
T N

FP+T N
(7)

4. The F1-score was used to measure accuracy of predictions by the model. This was the

weighted harmonic mean of the models’ precision and recall.

F1score = 2× Recall ×Precision
Recall +Precision

(8)

5. Receiver operating characteristics (ROC) curve, a classification performance metric, figure

5, which plotted a probability curve of true positives (sensitivity) against false positive (speci-

ficity) rates. Sensitivity referred to the proportion of positive RTI cases that were correctly

classified as positives (true positive rate), while specificity referred to the proportion of nega-

tive non-RTI cases that were correctly classified as negatives (true negative rate). Area under
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the curve was an overall performance measure of classifier to distinguish between two or more

classes, which was maximized by ROC curve hugging the top left corner of the graph (Jebb

et al., 2017; Sparks et al., 2008; Uddin et al., 2019). Area under the ROC curve is a graphical

schematic that assesses the ability of each classifier and model, to measure the predicted and

actual values beyond the threshold of 0.5 AUC.

Figure 5: ROC Curve and Area Under Curve

The ROC curve graph x-axis is 1 – specificity and y-axis sensitivity. On the graph, a diagonal

line is drawn from the bottom left corner to the top right corner of the graph, representing 50%

of both sensitivity and specificity of test model and area under the ROC curve of 0.5. On the

graph, we put points for cut-off parameter value of the test model, plotting the true positive rate

and false positive rate of the test at that value and connecting these points that created a ROC

curve. The desired outcome performance of the model was a ROC curve far above the diagonal

line with the measured AUC between 0.8 and 1, to accept the model.
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CHAPTER 3

3 MATERIALS AND METHODS

3.1 Primary Study Design and Setting

The African Network for Improved Diagnostics, Epidemiology and Management of Common

Infectious Agents (ANDEMIA) (Schubert et al., 2021), was a syndromic hospital-based sentinel

surveillance program investigating the aetiology and clinical characteristics of acute respiratory

tract infections (RTI), acute gastrointestinal tract infections (GTI), and acute febrile disease

of unknown cause (AFDUC) in sub-Saharan Africa. The study included 12 rural and urban

healthcare facilities in four African countries: the Republic of South Africa, Burkina Faso,

Democratic Republic of the Congo and Côte d’Ivoire). In South African setting, the study was

conducted at Kalafong Hospital, an urban site, and Mapulaneng/Matikwana hospitals, the rural

sites, enrolling informed consented patients presenting with either RTI, GTI and AFDUC syn-

dromes, conducted between 2018 and 2022.

3.1.1 Primary Study Population and Sample Size

The study population included patients of all ages who meet the RTI, GTI or AFDUC case

definitions and a sample size of 1600. ANDEMIA aimed to identify the aetiology of common

infections in selected African settings, assess associated risk factors, and monitor antimicro-

bial resistance. Additionally, the program aimed to expand the understanding of the causes and

management of common infectious diseases in sub-Saharan Africa, particularly among chil-

dren, and to improve the detection and management of emerging pathogens. To achieve its aim,

a comprehensive diagnostic tool/protocol was employed, which included classic bacteriology,

antimicrobial resistance screening, multiplex real-time PCR, and high throughput sequencing.

Following the COVID-19 outbreak, PCR testing for SARS-CoV-2 and full genomic analysis

information was initiated. Furthermore, standardised questionnaires were employed to collect

clinical data, demographic, behavioural, and socioeconomic data for epidemiologic analyses.

3.1.2 Primary Study Inclusion and Exclusion Criteria

RTI cases were enrolled when the following criteria were met:
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• Fever ≥ 38°C or history of fever (or self-reported) with onset within the last 10 days.

• ≥ 1 respiratory signs/symptoms in the last 10 days: cough, expectoration, dyspnoea

(shortness of breath), pulmonary consolidation, and chest pain.

• Signs of severity necessitating hospitalisation.

RTI cases were not enrolled when the criteria listed above were met and the patient was not

hospitalised or admitted for less than 24 hours.

AFDUC cases were enrolled when the following criteria were met:

• Fever ≥ 38°C or history of fever (or self-reported) with onset within the last 10 days,

• Absence of evident cause other than acute neurological disease,

• Signs of severity necessitating hospitalisation.

AFDUC cases were not enrolled when the criteria listed above were not met and the patient was

not hospitalised or admitted for less than 24 hours.

GTI cases were enrolled when the following criteria were met:

• 3 loose or liquid stools in the last 24 hours,

• Diarrhoea ≤ 4 weeks,

• Signs of severity necessitating hospitalisation.

GTI cases were not enrolled when the criteria listed above were not met and the patient was not

hospitalised or admitted for less than 24 hours.

3.2 Secondary Study Design and Population

This was a secondary data analysis research study of data collected from a retrospective ob-

servational cohort study of respiratory tract infections: RTI, and two non-RTI cases: AFDUC

and GTI, enrolled in ANDEMIA surveillance study. All patients enrolled with each syndromes

were included and there was no additional exclusion criteria applied.
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3.3 Data Collection and Management

ANDEMIA case information was collected on paper forms at each site, and transcribed into

electronic form in Voozanoo™, a secure online database capturing system. Voozanoo™, is a

copyright user-oriented web-based platform for development of databases for research in clin-

ical studies and other fields of science. The data entered and stored in Voozanoo™, had no

personal identification of the enrolled patients, but rather a designated and anonymised identi-

fication number. The final dataset size before pre-rocessing was 1204 rows for RTI and 1748

rows for non-RTI (982 AFDUC and 766 GTI). The data analysis was carried out at the National

Institute for Communicable Disease (NICD), Johannesburg, South Africa.

3.4 Collected Study Variables

In this study, all structured variables collected were used as features (predictors) for machine

learning model design and evaluation, with only three being continuous numerical and the re-

mainder categorical—the majority of which were nominal, primarily binary in nature, while

the rest were ordinal, based on ranked categories. Additionally, a few cases diagnosed with

both RTI and GTI were excluded from both statistical analysis and model design as the sam-

ple size was small (n = 169 rows). See below the finalised classifications tasks datasets Figure 6.

Figure 6: Finalised Classification Task 1, 2 and 3 Datasets

Amongst these predictors, history of fever (Wright and Auwaerter, 2020) and cough (Morice

et al., 2020), were the main signs and symptoms associated with clinical respiratory infec-

tions. Other clinical signs and symptoms collected were patient’s hospital admission temper-

ature readings, shortness of breath, expectoration, chest pain, pulmonary consolidation and
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number of days since symptoms onset, which were primary risk-factors likely associated with

RTI outcome. Additional clinical and non-clinical features collected included basic patient de-

mographic and socio-economic characteristics, such as level of education, employment status,

geo-location, drinking and cooking water source. Additional, unstructured variable derived

through natural language processing—such as free-text other respiratory symptoms descrip-

tions—were obtained during secondary data collection. However, they were excluded from the

final modeling and statistical analyses due to several limitations: a high proportion of missing

values and most overlap with existing structured variable: namely cough, and insufficient data

density or variability. These variables remain accessible for future exploratory work or alter-

native modeling strategies. However, the cough value was extracted with a logic condition to

supplement the cough variable that was coded missing or no, when cough was indicated in the

other respiratory symptom variable as additional respiratory sign.

3.5 Data Pre-processing and Model Design

Figure 7: Classification Model Design

After downloading the main dataset, incomplete records with only records ids were re-
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moved, data cleaned and outlier deleted final and a final cleaned dataset containing a total

sample size of 2948 data-points (rows) created. Following data cleaning, a single final dataset

was used for analysis with sample size per syndrome of 1200 rows for RTI cases, 982 rows for

AFDUC cases and 766 rows for GTI cases was created, with 30 predictors for all syndromes

(Figure 7). The missingness test was computed on this single dataset, to observe the pattern of

missing values. The majority of variables had missingness levels below 20%, and a few had

levels between 40% and 50%, only one variable had missingness level of 53%. Figure 8 show

the levels of missing values, and the most important variables had fewer missing values except

one core variable missing 50% of the values. The missingness percentages were computed with

simple NumPy® mean/sum times 100 and the diagram was computed with missingno® python

library package.

Figure 8: Missing Values per Variable

Before statistical analysis test were computed following data cleaning, the final and cleaned

dataset categorical variables were recoded to numerical variables, that match the format as ei-

ther ranked or Boelean. Recoding was done with Numpy® library for the non-missing values

and the three syndromes or classes were compared to each other using two statistical tests:

one-way ANOVA for continuous variables and X2 chi-square test for categorical variables. The

reason to use ANOVA of the non-normally distributed continuous variables and X2 chi-square

on the categorical variables was because the sample size was high enough for the computation.

The statistical test p-values and significance was reported in Table 2 and interpreted in the dis-
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cussion.

Following statistical analysis, the variables with missing values were then imputed using sklearn

impute library, specifically using Iterative imputer and KNN imputer. Reasons using these two

techniques was that over 60% of the variables had less than 10 percent of missing values, which

made it possible to use these techniques. Furthermore, the variables were normalised using

Min–Max normalising technique. Before data imputation and normalisation, the final dataset

was separated into classes, based on the syndrome (RTI, AFDU and GTI), and computation was

performed on each class separated into individual datasets, see figure 7. Following imputation

and normalisation, three classification tasks’ datasets were created that was modelled indepen-

dently with three machine learning techniques each. Classification task 1 had all three classes

merged together (RTI, AFDUC and GTI datasets), while classification task 2 was only RTI and

AFDUC datasets merged together and lastly, classification 3 with RTI and GTI datasets merged

together.

Additionally, correlation tests were computed on continuous variables and also on recoded cat-

egorical variable, to measure two variables association and possible multicollinearity. The cor-

relation method was performed on the variables that had values imputed for each classification

task dataset. For positive correlation, values ranged from zero (negligible correlation) to one

(strong correlation (0 < correlation <= 1) and negative correlation values ranged from zero (neg-

ligible correlation) minus to one (strong correction) (-1 <= correlation < 0). For the association

of two variables, when positive correlation is observed, means one variable increase, so does

the other, and the negative correlation is observed, means when one variable increase, the other

decrease.

Each classification task datasets were modelled with three classification algorithms, model de-

sign and development, and lastly evaluation. The three classification task datasets were split

into data for training and fitting the model, and data for validation and testing of the model.

Initially, cross validation (CV) technique was used to fine tune the hyper-parameters for better

model development, after the data was split first into train and test data. The sklearn package

with model selection packages was used, particularly GridSearchCV was computed. A normal

model training, testing and evaluation procedure was performed parallel to the CV procedure.

We later decided to drop the CV procedure, as it did not yield a better model, when evaluation

procedures were performed. Furthermore, the three models were developed, using three algo-
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rithms namely: random forest, neural network MLP and support vector machine. Each model

was trained, tested and validated and lastly, evaluated using 3 classification tasks datasets, see

Figure 9, which adhere to standard ML workflow.

The data was split into 70% for model training, 30% for model testing. The features that were

selected to design and build the prediction model were also measured to determine their signif-

icance in building a robust model. The two techniques were employed to measure and compare

each feature’s significant outcome between the two methods. Mean Decrease in Impurity (MDI)

and Permutation Importance were the techniques used to measure the feature’s importance dur-

ing model development. MDI measured and calculated the Gini impurity reduction score, while

permutation measured the importance of a feature following a random shuffle.

3.6 Experimental Environment

Cleaning of data, feature design, statistical analysis, model design and development, and model

evaluation were done on Python scripting language (version 3.12.4; Python Software Foun-

dation, Delaware, USA) 64-bit based on the SPYDER (version 6.0.3 (standalone)) Integrated

Development Environment (IDE), installed on Microsoft Windows 11 professional 64-bit oper-

ating system, an 11th Gen Intel Core i5-1155G7 @2.50GHz processor with 8Gb random access

memory. The following Python libraries were used: Pandas (version 2.2.3) in high performance

data structure manipulation and transformation, while NumPy (version 1.26.4) facilitated the

manipulation of numerical data processing and Matplotlib (version 3.10.0) and Seaborn (ver-

sion 0.13.2) mainly for plotting graphs. Scipy (version 1.14.1) library was used mainly for

statistical analysis and Scikit-learn (version 1.6.1) library, which contained a wide range of

packages such as pre-processing, model_selection, modelling classifiers and metrics packages,

was used for model training and evaluation.
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CHAPTER 4

4 RESULTS AND FINDINGS

4.1 Patient Characteristics and Datasets

AFDUC and GTI datasets were fully merged with RTI dataset, resulting in a design classifica-

tion 1 dataset. Furthermore, AFDUC and GTI were merged again with RTI separately to make

classification task 2 dataset with RTI and AFDUC, and classification task 3 dataset with RTI

and GTI as illustrated by Figure 9.

Figure 9: Finalised Classification Task 1, 2 and 3 Datasets

4.2 Pre-processed Data and Analysis

Statistical analysis was done on the cleaned, recoded and un-imputed ANDEMIA dataset con-

taining all three classes/syndromes as listed in Table 2. Amongst the three syndromes, 21.9%

of cases were of people living with HIV (PLHIV) and 34.9% of cases were of children under

one year of age. Amongst the syndromes, RTI had highest overall numbers of cases enrolled,

largely from age group one year and below with 42% of cases when compared to AFDUC and

GTI.

However, cases diagnosed with AFDUC, were higher in age groups 1 – 4 years with 40.2%

(395/982), 5 – 24 years with 14.1% and 25 – 49 years with 18.9% (of cases observed. GTI

syndrome had the lowest overall numbers of cases, accounting for the second highest in age

group one year and below with 38.9% cases and highest numbers of cases in the 50 years and

above group with 8.9%. The outcome of the age group comparison between the three symptoms
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showed significance (p < 0.000), indicating that differences were observed between the classes

in terms of age.

Table 2: Comparison of patient characteristics for all syndromes

Sample Characteristics Total (n=2948) RTI (n=1200) AFDUC (n=982) GTI (n=766) p-value
Male 1519 (51.9%) 591 (49.8%) 532 (54.4%) 396 (51.8%) 0.1067
Age (years)-median(IQR) 1 (0.6-23) 1 (0.3-27) 2 (1-21.8) 1 (0.7-18) 0.1061
Age group (years)

<1 year 1030 (35%) 504 (42%) 228 (23.2%) 298 (38.9%) <0.001
1-4 years 925 (31.4%) 293 (24.4%) 395 (40.2%) 237 (30.9%)

5-24 years 281 (9.5%) 85 (7.1%) 138 (14.1%) 58 (7.6%)
25-49 years 511 (17.3%) 220 (18.3%) 186 (18.9%) 105 (13.7%)

50> years 201 (6.8%) 98 (8.2%) 35 (3.6%) 68 (8.9%)
Clinical signs and symptoms
PLHIV 578 (21.9%) 256 (23.7%) 172 (19.9%) 150 (21.7%) 0.1339
BMI 16.3 (14.1-19.4) 16.6 (14.4-20.3) 16.3 (14.1-19.3) 15.7 (13.6-18.4) 0.4336
Temperature(°C)-
median(IQR) 37.5 (37-38.3) 37.5 (37-38) 38 (37.3-38.6) 37.4 (36.8-38) <0.001

Self-reported fever 2532 (89.1%) 1023 (90.9%) 935 (97%) 574 (76.2%) <0.001
Cough 1497 (91%) 1106 (96.8%) 227 (80.2%) 164 (74.2%) <0.001
Shortness of breath 1045 (62.2%) 934 (79.3%) 42 (14.8%) 69 (31.5%) <0.001
Pulmonary consolidation 62 (4.5%) 56 (5.8%) 2 (0.7%) 4 (2.5%) 0.0009
Chest pain 354 (21.3%) 308 (26.5%) 17 (6%) 29 (13.3%) <0.001
Expectoration 464 (27.7%) 409 (34.8%) 20 (7.1%) 35 (16%) <0.001
Expectoration with blood 63 (3.8%) 58 (5%) 2 (0.7%) 3 (1.4%) 0.0005
Weight loss 1177 (40.3%) 448 (37.5%) 262 (27%) 467 (61.6%) <0.001
Chills 522 (19.1%) 186 (18.1%) 231 (24%) 105 (14.1%) <0.001
Fatique 1805 (65.6%) 584 (56.8%) 669 (68.9%) 552 (73.3%) <0.001
Headache 611 (20.9%) 204 (17.1%) 308 (31.7%) 99 (13%) <0.001
Muscle pain 126 (4.3%) 47 (4%) 51 (5.2%) 28 (3.7%) 0.2126
Painful swollen glands 30 (1%) 7 (0.6%) 15 (1.5%) 8 (1.1%) 0.0911
Blue lips & skin 39 (2.4%) 33(2.9%) 0 (0) 6 (2.8%) 0.0151
Hospitalised in the last 12
months 323 (11%) 125 (10.6%) 114 (11.7%) 84 (11%) 0.7131

Socio-economic characteristics
Patient smoke 94 (3.4%) 37 (3.4%) 38 (4.1%) 19 (2.7%) 0.3197
Smoke at home 678 (23.2%) 260 (22%) 235 (24%) 183 (24%) 0.4449
Level of education

None 62 (2.1%) 27 (2.3%) 16 (1.6%) 19 (2.5%) <0.001
<= 6 years 214 (7.3%) 102 (8.6%) 40 (4.1%) 72 (9.5%)
7-10 years 768 (26.3%) 309 (26%) 239 (24.5%) 220 (29%)
>10 years 360 (12.3%) 154 (13%) 132 (13.5%) 74 (9.7%)

Employment, Self report
Unemployed 560 (70.8%) 240 (71.2%) 162 (62.5%) 151 (77.4%) 0.1324

Full time 137 (17.3%) 51 (15.1%) 59 (22.8%) 27 (13.8%)
Part time 51 (6.4%) 22 (6.5%) 19 (7.3%) 10 (5.1%)

Self-employed 30 (3.8%) 12 (3.6%) 11 (4.2%) 7 (3.5%)
Employment, Par-
ent/Guardian

Unemployed 1450 (69.2%) 600 (73.5%) 477 (66.8%) 373 (66.3%) 0.0185
Full time 471 (22.5%) 162 (19.9%) 174 (24.4%) 135 (24%)
Part time 101 (4.8%) 35 (4.3%) 35 (4.9%) 31 (5.5%)

Self-employed 37 (1.8%) 7 (0.9%) 18 (2.5%) 12 (2.1%)
Geographic Area

Urban 1790 (60.7%) 666 (55.5%) 688 (70.1%) 436 (56.9%) <0.001
Village 1158 (39.3%) 534 (44.5%) 294 (29.9%) 330 (43.1%)

Water Source
Piped Water 2715 (93.6%) 1108 (93.7%) 916 (94.4%) 691 (92.4%) 0.22

Rain/Spring/River 185 (6.4%) 74 (6.3%) 54 (5.6%) 57 (7.6%)

The overall median age of all patients was one year (IQR of 0.6-23 years), with most cases

in infants, and the comparison between the classes was not significant (p = 0.1061) indicating

limited difference in age.
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The majority of patients enrolled were male accounting for 51.9% of all cases, with a high

proportion coming from the urban area (60.7%) and a significant difference observed when

compared to the rural area (p < 0.001). Most patients (93.6%), had access to piped and im-

proved water sources, and a difference was observed (p = 0.22) when compared to cases that

collected water from springs and rivers. A high proportion of unemployment was observed in

this study, with 70.8% in self-reporting patients and 69.2% in parents and legal guardians. In

patients who self-reported employment status, 17.3% were employed full time, while 6.4% had

part time employment and 3.8% were self-employed. There were no significant differences in

the self-reported employment status in the various syndromes (p = 0.1324). Parents and legal

guardians reported 22.4% full-time employment, 4.8% part time employment and 1.8% self-

employment. A difference in employment status was noted between syndromes with slightly

less people employed in the RTI class compared to the AFDUC or GTI class (p = 0.0185). The

overall majority of patients 18 years and older (12.3%) reported to have more than ten years of

education, and of those, 13% were RTI cases, 13.5% AFDUC cases and 9.7% GTI cases. When

we look at the rest of education group, 26.3% had 7 to 10 years of education, while 7.3% had

education for only 6 years or less and 2.1% reported no education at all.

Figure 10: Classification Task 1 Predictors, Correlation Coefficient Matrix

When comparing the clinical signs and symptoms amongst cases between the three syndromes,

there was no major differences in symptoms such cough (p < 0.001), self-reported fever (p <

0.001), shortness of breath (p < 0.001), expectoration (p < 0.001) and pulmonary consolidation



4.2 Pre-processed Data and Analysis 31

(p = 0.0028). The clinical signs that showed no difference across the three syndromes’ symp-

toms were muscle pain (p = 0.3254), painful swollen glands (p = 0.1574) and hospitalisation

in the last 12 months (p = 0.6298). Even the patient smoke risk factor selected as a feature was

not statistically significant (p = 0.5044) when datasets were compared, possibly due to missing

values across the datasets.

Figure 11: Classification Task 2 Predictors, Correlation Coefficient Matrix

A correlation graphic output outlining the association between two sets of variable data was

created as shown in figures 10, 11 and 12 for all the models. We had a very few variables that

correlated positively, even fewer variables that correlated negatively. When you look at vari-

ables that had positive relationship, their correlation values were the highest, scoring above 0.5

and reaching 0.6 and above for each model. For classification task 1 (Figure 10), age group

variable correlated positively with chest pain variable, reaching a value of 0.65, correlated with

headache at value of 0.59, and HIV status variable reaching a value of 0.62.

Difficulty breathing was the only variable that had a negative relationship with syndrome vari-

able at value -0.50 for classification task 1. However, difficulty breathing variable that had a

negative correlation to syndrome variable, when one increase, the other will decrease.

The variable interaction pattern observed in classification task 1, was also observed in classifi-

cation task 2 and 3 variables correlations outcomes. For classification task 2 (Figure 11), age
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Figure 12: Classification Task 3 Predictors, Correlation Coefficient Matrix

group variables had a positive coefficient with moderate correlation to chest pain, reaching a

value of 0.64, while headache variable had positive coefficient of 0.62, and HIV status reaching

a positive coefficient of 0.63. The variable, difficulty breathing had a negative coefficient of

-0.67, moderately correlating with syndrome variable.

For classification task 3 (Figure 12), age group correlated from moderate to strong with most

variables, reaching positive coefficient of 0.55 to 0.71 range. The age group variable had a

strong correlation, with positively coefficient of 0.71 with chest pain, positively coefficient

of 0.55 with headache, and lastly, positively coefficient of 0.61 with HIV status. HIV status

correlated moderately with chest pain variable, which had a positive coefficient of 0.53, while

difficulty breathing correlated moderately with RTI, GTI and AFDUC syndrome variables, with

a negative coefficient value of -0.54.

4.3 Model Development Outcome and Evaluation

Table 3 present the performance metrics (accuracy, precision, specificity and F1-score) for the

top three chosen classifiers and all of the metrics are presented for each classification task. In

Table 3, we observed that the classifier, random forest, scored higher on classification task 2

and out-performed other classifiers on all three classification tasks. However, classification task

2 presented the highest performance score when compared to other classification tasks across

the classifiers, and even within the same classifier.
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Table 3: Classification Tasks Performance Comparison Measured by 4 Importance Scores

Classifiers and Tasks Accuracy Precision Specificity F1-Score
Random Forest Task 1 0.86 0.86 0.93 0.86

Task 2 0.95 0.95 0.94 0.95
Task 3 0.92 0.92 0.89 0.92

Neural Network MLP Task 1 0.83 0.83 0.92 0.83
Task 2 0.92 0.92 0.91 0.92
Task 3 0.90 0.90 0.88 0.90

Support Vector Machine Task 1 0.81 0.82 0.92 0.81
Task 2 0.91 0.92 0.92 0.91
Task 3 0.89 0.90 0.89 0.89

Each classifier and classification task performance metrics were also plotted as illustrated by

figure 13. The graph helped visualise the classifier and model performance, specifically demon-

strating the best performing overall classifier as random forest, which was followed by support

vector machine. Both classifiers performed very well on classification task 2 and 3 datasets,

while all classifiers performed poorly on the classification task 1 dataset, specifically support

vector machine classifier.

Figure 13: Performance Comparison of Classification Tasks

In this study, Area Under the ROC curve (AUROC) analysis was the methods performed to

demonstrate the relationship between true and false positive rates of the predicted and actual

values, as illustrated in figures 14, 15 and 16. Classification task 2 had the highest accuracy,

precision, specificity and F1 scores in all classifiers, random forest scoring highest, followed by

support vector machine and neural network scoring last. Classification task 3 performed well,

slightly inferior to classification task 2 performance evaluation metric scoring on all classifiers.
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Only classification task 2 and 3 achieved scoring above 0.91 for all performance evaluation ma-

trices. Each of the designed models performed well under each classifier, by achieving AUC

above 0.8. Although, the performance was the lowest when compared to classification task 2

and 3, classification task 1 was able to achieve AUC above 0.90, for all classifiers, even though

3 classes were compared and measured.

(a) Task 1 AUROC Curve (b) Task 2 AUROC Curve (c) Task 3 AUROC Curve

Figure 14: Random Forest Area under ROC Curve for all Classification Tasks

Using all three classes as illustrated in classification task 1 for each classifier, we have observed

that AUC is reduced (Figure 14a). However, classification task 2 (Figure 14b) and 3 (Figure

14c) only have two classes, which generated higher AUC values (0.99) for random forest clas-

sifier.

(a) Task 1 AUROC Curve (b) Task 2 AUROC Curve (c) Task 3 AUROC Curve

Figure 15: Neural Network MLP Area under ROC Curve for all Classification Tasks

Comparison of classifiers based on the ROC and AUC value showed that random forest had

the best outcome as the overall classifier, and that the classification task 2 dataset achieved the

highest AUC and best shaped ROC. Support vector machine classifier had the poorest ROCs in
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all the classification tasks, especially in classification task 3. Overall, classification task 3 ROC

shape was slightly unusual and less convex at the top, when compared to classification task 1

and 2, for neural network MLP and support vector machine classifiers.

(a) Task 1 AUROC Curve (b) Task 2 AUROC Curve (c) Task 3 AUROC Curve

Figure 16: Support Vector Machine Area under ROC Curve for all Classification Tasks

MDI, Gini impurity and permutation importance scores were measured across a set of features

attributed to each model. The MDI computation was derived from Random Forest Classifier

model, as it was the best model from the three that were measured. The average mean value

across all models datasets were calculated and result, which are presented in Figures 17, 18 and

19. The feature with the high Gini impurity score, was placed higher in the important features’

scale and the feature with low Gini impurity score, was placed lower in the importance feature

scale for each model. Both permutation and MDI importance showed a similar ability in distin-

guishing highly important features.

(a) Task 1 Gini Feature Importance (b) Task 1 Permutation Feature Importance

Figure 17: Gini and Permutation Feature Importance for Classification Task 1

It appears that the variables difficulty breathing, cough and expectoration, were the most im-

portant features in all three models by Gini score feature importance. Furthermore, similar
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(a) Task 2 Gini Feature Importance (b) Task 2 Permutation Feature Importance

Figure 18: Gini and Permutation Feature Importance for Classification Task 2

variables also scored higher by permutation feature importance. At most, only a few features

were regarded as important by both techniques. However, after the top three features, the re-

maining variable’s importance varied in scoring, while others scored higher by Gini impurity,

and scored lower by permutation importance.

(a) Task 3 Gini Feature Importance (b) Task 3 Permutation Feature Importance

Figure 19: Gini and Permutation Feature Importance for Classification Task 3

However, two features in particular demonstrated altered importance. Feature date range onset

scored within the top ten features in classification task 1 and 2, then became the worst perform-

ing feature in classification task 3 scoring outside top 10 for both Gini impurity and permutation

importance scores. Variable weight loss, performed well in classification task 1 and 3, scoring

within the top 10, and performed worse in classification task 2 scoring lower outside top 10.
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CHAPTER 5

5 DISCUSSION AND CONCLUSION

5.1 Discussion

5.1.1 Main findings

In this study, the predictive models for the diagnosis of RTI were developed by applying vari-

ous machine learning methodologies. The applicability of the model was tested, analyzed and

evaluated to fulfil the study aim and objectives. We initially used cross-validation data split-

ting technique to fine tune the design models during development phase, and identified that

RTI classification outcome was not different from classified RTI outcome from data split with

standard procedure. However, the data processing requirement for system transactions was very

high with the cross-validation splitting, with the duration of the process taking longer than the

standard splitting procedure.

Correlation of independent features was measured, to determine the multicollinearity that was

likely to emerge between features. The machine learning prediction model ranked the age

group variable high amongst important features, indicating that age is an important risk factor

for pneumonia (Sun et al., 2022). Furthermore, the age group feature, correlated with other

features from moderate to high degree, specifically with HIV status, headache and chest pain

features, in all three models. The rest of the features had low degree of correlation or close

to no correlation, with mostly negative values close to zero. Feature importance for all three

models scored age in the top ten important features for RTI classification. Moreover, a study

reported that age was a risk factor for a recurring lower RTI (Kara et al., 2024), and another

study associated age as potential risk factor for acute RTI (Nshimiyimana and Zhou, 2022).

Most features that were measured and ranked within the top ten, were features that had low

correlation amongst each other, and the age group feature.

In all models, classification of RTI was predicted with high accuracy, precision and specificity.

The score above 80% was mostly desirable for each model performance metric, which included

the AUC and ROC curve scoring of above 0.8. Although model 1 had the lowest prediction

accuracy, precision and specificity scores in all three classifiers, the likelihood reason was the
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prediction of RTI class amongst two more classes. We achieved the best prediction results using

random forest models, able to classify RTI within one and two classes, with high performance

scoring of above 80% with all scoring metrics. The classified RTI ROC curve shape was robust

with the expected shape, which was able to measure the AUC above 0.92 for three classes and

AUC above 0.95 for two classes.

5.1.2 Clinical implications of prediction model

The prediction model outcome of this study suggests that the minimum number of features used

to design and build a machine learning classification model, achieved satisfactory levels of pre-

diction performance. Most critical signs and symptoms presented and used to diagnose RTI

during medical examination, were amongst the most important feature that built all three pre-

diction models. Each model was able to predict RTI outcome in a test data, amongst AFDUC

and GTI syndromes, from previously diagnosed cases by medical professionals. Similar find-

ings were reported for other machine learning prediction models, outperforming and matching

medical doctor’s clinical judgment when assessing clinical risk mortality score in patients with

sepsis (van Doorn et al., 2021).

Looking at each model, even though the performed was different, there was insight that was

observed. The classification tasks 2 dataset, which was a subset of RTI and AFDUC datasets,

share similarity in that both contain data from respiratory infection patients. Classification task

2 outperformed other tasks in all the models (algorithms). The when you compare the models ,

with classification task 2, random forest performed better than both SVM and ANN, due clas-

sification or class boundaries which makes SVM and ANN harder to classify.

The model can be used as the primary screening for RTIs, to differentiate self-limiting illness

requiring a few days of recovery, to acute illness that requires a longer recovery period. In this

study, we observed that, the date_range_onset variable was a top 10 important features that build

a robust model to classified RTI, with cases experiencing acute infection in the 10 days prior

to hospital admission. The longer the duration of clinical signs and symptoms, the longer the

respiratory infection caused by viral infection, particularly in children (Paalanne et al., 2023).

Machine learning has been widely used in healthcare facilities, apart from being used to predict

health determinants of patients, it is also used in the collection of patient history and improve

patient experience in healthcare services (Javaid et al., 2022).
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5.1.3 Strength and limitation of this study

Since the study had up to 50% of children below the age of one year, we had a limitation of not

using the childhood vaccination records to determine the association of not receiving vaccine

and pneumococcal and respiratory tract infection. The main limitation of the study was the

sample size, which was quite small for machine learning computational power. The advantage

was that, we did not have to worry about overfitting issues, which are inherent in large sample

size. Risk of bias is one of the metrics we did not measure in this study, especially since we

have used a small sample size and moderate number of missing data values.

5.2 Conclusion

In this study, we differentiated the RTI from other infections that may have similar signs and

symptoms, such as cough, fever, and temperature presented by patient during hospital admis-

sion. Although socioeconomic features were used to design the model, the permutation and

MDI scoring was low, which made them less important when model was built. Compared to

the standard and conventional statistical applications, the approach of applying supervised ma-

chine learning techniques showed significant performance in prediction of RTI outcome. The

results of this work demonstrate the superiority of random forest models’ applicability in ma-

chine learning classification of RTI. In conclusion, the predictive models presented in this study

presents an accurate estimated of RTI classification from AFDUC and GTI, which provides im-

portant evidence that RTIs can be effectively screened without time constraints, manpower and

cost implications.

Although the performance of the RTI model exceeded our expectations, the median age of the

cases included in the model datasets was one year, which indicated the majority of cases were

infants and children. The management of illness is different for adults and children, especially

infants in the first two months of life and children two months and up to five years. The general

model we designed, only looked at the overall symptoms and vital signs, which may not be

unique to infants and children, and mostly common in adults. Some of the symptoms not in-

cluded which are prevalent in infants include chest indrawing, nasal flaring and granting which

are associated with respiratory infections in the very young. A different approach is needed

that will look at modelling RTIs classification in different age groups, as shown in our findings

which suggest age as a risk factor. This will allow the use of specific symptoms, likely to be

diagnosed in infants and children as model predictors, for age groups in children.
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The other issue that affects the classification of RTIs is the misdiagnosis of pleuropulmonary

and nasal and throat infections, especially the community acquired pneumoniae and other res-

piratory infections (Eshaghi et al., 2025). Misdiagnosis leads to delays in the identification of

aetiology, which extends the period of infection and may drive disease progress from acute to

severe infection. If we can minimize the time to diagnosis, RTIs can be more readily classified

and the specific treatment administered. Our observations suggest that infection date onset is

critical in the identification of RTI, and possibly the severity of the infection.

We observed limitations in this study, the minor one being the sample size, which affects pre-

diction models with overfitting, resulting in less desirable classification outcomes. One good

feature of machine learning is that, it does not suffer from bias through statistical power deter-

mination which other modelling are dependent on. Rather, having a large sample size, which is

critical in machine learning prediction models, is the only option that would guarantee model

accuracy of above 80% (Rajput et al., 2023). Sample size should be at a certain threshold to

make meaningful prediction observations, and when that threshold is reached, there may not be

an additional benefit to the classification outcome. Another minor limitation was the exclusion

of some socio-economic variables, in particular the breastfeeding variable, in which the lack of

breastfeeding reported a risk factor in one study (Kassaw et al., 2024).

A major limitation we have observed in this study was the missing data of vital clinical signs

and symptoms. The assumption is that, data was missing at random, which is common in

every healthcare facility, suggesting inadequate handling of patient medical history and socio-

economic information. Although, the missingness of data was addressed with techniques that

imputed values were the data was missing, significant bias was avoided. Although imputation

of data works, the issue is how significant and unique is the missing value to each patient. As re-

ported elsewhere, imputation purpose in classification models is to reduce bias of covariates on

prediction outcome over reduction of bias of other covariates (Blythe et al., 2023). Imputation

should be the last resort to missing values, care when collecting and transcribing data should be

done with care to limit missingness.
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A APPENDICES

Appendix 1: Random Forest Confusion Matrix

(a) Model 1 Confusion Matrix (b) Model 2 Confusion Matrix (c) Model 3 Confusion Matrix

Figure 20: Random Forest Confusion Matrix for all Classification Tasks

Appendix 2: Neural Network MPL Confusion Matrix

(a) Model 1 Confusion Matrix (b) Model 2 Confusion Matrix (c) Model 3 Confusion Matrix

Figure 21: Random Forest Confusion Matrix for all Classification Tasks

Appendix 3: Support Vector Machine Confusion Matrix

(a) Model 1 Confusion Matrix (b) Model 2 Confusion Matrix (c) Model 3 Confusion Matrix

Figure 22: Random Forest Confusion Matrix for all Classification Tasks
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