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Abstract

In this work, the main aim was to employ deep learning techniques for predicting coro-
navirus disease 2019 (COVID-19) infections in South Africa, with a focus on enhancing
the predictive capacity of COVID-19 virus new infections. Since the surge of COVID-
19 infections, there have been concerns about the potential effects it might have in the
healthcare sector, particularly in efficiently managing resource availability and allocation.
Various researchers conducted different studies to predict the transmission of COVID-19
infections using techniques such as statistical predictive analysis, mathematical model-
ing, and machine learning approaches. Studies using mathematical and statistical mod-
eling had limitations in predicting future infection waves as they were unable to predict
future waves of infections, unlike those using machine learning. Hence, the main aim of
undertaking this study was to explore the feasibility of employing a specific subset of ma-
chine learning, specifically deep learning, to predict COVID-19 infections in South Africa.
The COVID-19 dataset used to build the deep learning models was sourced from an open
data repository. To achieve the aim, the first step was to train the basic long short-term
memory (LSTM), stacked LSTM, and bidirectional LSTM models. LSTM-based models
have demonstrated remarkable capability in capturing temporal dependencies, while the
stacked LSTM and the bidirectional LSTM architectures enhance this capability by incor-
porating additional layers and bidirectional information flow, respectively. The next step
was to empirically test the trained models on a COVID-19 real dataset to check their per-
formances based on the root mean square error (RMSE). A persistence model that was
used as a baseline model to evaluate performances for the complex models was intro-
duced. Comparing the predictions of the trained models with the baseline model, only the
basic LSTM model had an RMSE lower than the persistence model. Lastly, identify gaps
and challenges in this study and provide recommendations. The primary challenges and
gaps identified include the fact that the predictions were made for South Africa overall and
did not cater to subpopulations. This study concluded that the proposed deep learning
models exhibited enhanced predictability capacity of COVID-19 new infections compared
to previous studies that were reviewed. Additionally, the basic LSTM model was found to
be the best model for predicting COVID-19 infections in South Africa as it had the lowest
RMSE.

Keywords: COVID-19; Infection; Deep Learning; Prediction; Basic LSTM; Stacked LSTM;
Bidirectional LSTM.
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Chapter 1: Introduction and Background

1.1 Introduction

This study applied deep learning techniques to predict COVID-19 infections in South
Africa, with the goal of enhancing predictive capacity of COVID-19 virus new infections.
There were numerous concerns regarding the surge of infections and some researchers
have done different studies in relation to the prediction of COVID-19 new infections.
Some researchers have used mathematical modeling techniques, for example, Djilali and
Ghanbari (2020), and others have proposed the use of statistical predictive analysis ap-
proaches, for example, Tátrai and Várallyay (2020). However, these methods have had
some drawbacks as they have failed to correctly predict the second and third waves of
infections. Some studies employed machine learning techniques, and the results were
promising as the models were able to predict the infections, for example, Chandra et al.
(2022).

Amongst some of the work done with regards to predicting COVID-19 infections is the one
done by Djilali and Ghanbari (2020) where they used a mathematical modeling approach
and proposed an SEIR system to model COVID-19 transmission. The geographical focus
of the study was South Africa (SA), Turkey and Brazil. Based on their findings, COVID-
19 was expected to disappear from the SA community in 100 days starting from 15 April
2020. However, the findings suggest that the proposed model was not effective in predict-
ing the infections since it failed to capture the second, third, and other waves of infections
as demonstrated in Figure 1.1.

Figure 1.1: Daily COVID-19 confirmed cases in South Africa (Coronavirus in South Africa,
2021)

Another study was performed by Tátrai and Várallyay (2020), where they used a statistical
analysis approach to predict the COVID-19 epidemic growth in different countries and

1



1.2. BACKGROUND 2

regions. They managed to fit the logistic model in all the countries and regions of interest.
However, it was not possible to make a realistic fit in some regions due to few registered
infections and noise in the dataset. One of the regions had a second wave of infections
which the proposed approach failed to capture.

A similar study was carried out by Tamang et al. (2020) to predict the number of rising
cases and death cases in India, the United States of America (USA), France, and the
United Kingdom (UK). The study used a machine learning approach. Artificial neural
networks (ANN) was proposed due to its capability of learning from an experimental or
real dataset to describe non-linearity and interaction effects with great success. When
the forecasts were contrasted with an actual dataset, it became clear that ANNs could
accurately predict future COVID-19 cases in any of the specified countries. The study
had limitations in making the predictions, for instance, the predictions were made over
one week and not for longer periods.

Another study by Chandra et al. (2022) employed a deep learning technique to predict
COVID-19 infections in India over a time period of two months. The authors trained mul-
tiple different LSTM models to forecast infections in India and used the trained models to
predict COVID-19 infections on the regions they identified as hotspot areas in India. The
results from the study suggested that the proposed model, univariate random-split en-
coder decoder - long short-term memory (ED-LSTM) was effective in predicting COVID-
19 infections as it was capable of predicting the two-months ahead wave of infections.

From the studies discussed above, it can be seen that predictive modeling techniques
such as mathematical modeling and statistical modeling approaches have some short-
comings when predicting COVID-19 infections. The world was greatly affected by the
COVID-19 pandemic, which made data-driven strategies for combating infectious dis-
eases more crucial. With the availability of datasets on COVID-19, this study proposed
applying machine learning models that can accurately predict and diagnose the disease.
Importantly, these models can also be extended and adapted to other infectious diseases,
providing a powerful tool for responding to future pandemics. By leveraging the insights
gained from COVID-19 datasets, researchers and public health officials can develop more
effective strategies for preventing and managing future outbreaks.

1.2 Background

In Wuhan City - China, reports of inexplicable pneumonia cases were recorded in De-
cember 2019. It was later announced that the cases were a result of a novel coronavirus
which was named COVID-19 (coronavirus disease 2019, illustrated by Figure 1.2) by the
World Health Organisation (WHO).
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Figure 1.2: COVID-19 Image (Fusion Medical Animation, 2020)

Only a few of the hundreds of viruses that comprise the coronavirus family have been
related to mild to severe respiratory tract infections in humans. Humans who have mild to
severe respiratory tract infections have been connected to coronaviruses such as human
coronavirus 229E, human coronavirus NL63, human coronavirus OC43, human coron-
avirus HKU1, severe acute respiratory syndrome coronavirus (SARS-CoV), and middle
east respiratory syndrome coronavirus (MERSCoV) (Lone and Ahmad, 2020). First re-
ports of SARS-CoV and MERS-CoV were made in November 2002 and September 2012,
respectively (Lone and Ahmad, 2020). These two viruses caused severe respiratory ill-
nesses and significant fatality rates after emerging in animal reservoirs.

COVID-19 was caused by a novel severe acute respiratory coronavirus-2 (SARS-CoV 2)
and the WHO classified COVID-19 as a pandemic because of its rapid spread and the
seriousness of the clinical outcomes it was associated with. On 5 March 2020, news of
the virus’ first case in South Africa was released (Mbuvha and Marwala, 2020).

Initially, there was no specific medical intervention as well as preventive vaccination op-
tions available known against this virus. After the first case was reported in South Africa,
the government tried to minimise the increase in the number of COVID-19 cases by
putting some measures in place. One of the measures was placing the country under
complete lockdown for 21 days which was later extended by further 2 weeks. While the
country was under complete lockdown, the government had time to improve the health-
care facilities in the country and prepare for the surge in COVID-19 cases.

As part of the lockdown, some measures were put in place and the measures played a
crucial role in slowing down the rapid spread of COVID-19, although they had a devastat-
ing effect on the South African economy. According to data from the Labour Force Survey,
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South Africa’s employed population fell by 2.2 million in the second quarter of 2020 com-
pared to the first, which raised the nation’s already high unemployment rate (Bhorat et al.,
2020). People lost jobs as some businesses retrenched staff due to the losses incurred
during the lockdown when they were unable to operate. The small business sector was
also negatively affected by the lockdown, for example, the vendors at train stations and
taxi ranks lost the majority of their customers as fewer people commuted to work during
the lockdown. Some workers like hairstylists were also not allowed to work as part of
the restrictions that were placed and these workers were without an income for months
(Odeku, 2021).

As time progressed, there was a breakthrough in vaccine development for COVID-19.
Numerous vaccines were successfully developed by various studies in different institutes
and approved by the WHO. The South African government managed to secure doses
of the AstraZeneca vaccine. However, its rollout was put on hold after new informa-
tion came to light. This information revealed that the AstraZeneca vaccine was found to
be less effective against the coronavirus beta variant (501Y.V2 variant). Consequently,
further research was deemed necessary in South Africa (Cohen, 2021). After that, the
government managed to secure COVID-19 doses from the COVAX facility, Johnson and
Johnson as well as Pfizer. Out of the 59 million people living in South Africa, around 7
million have received vaccinations to date. Of those vaccinated, 1.7 million received the
Johnson and Johnson vaccination, whereas the remaining individuals received the Pfizer
vaccine (BBC News, 2021).

Despite the fact that a certain percentage of South Africa’s population received vaccina-
tions, it was not enough to achieve herd immunity. The government proposed contain-
ment, which aimed to immunise just enough people so that COVID-19 patient admissions
were no longer putting a strain on the country’s health system. Studies by Madhi (2021)
showed that this virus was constantly mutating and prior exposure did not provide im-
munity. Furthermore, vaccinating did not prevent future re-infection from the different
mutations of the virus.

With time, all viruses undergo mutations, including COVID-19. The majority of modifi-
cations barely alter the virus’ properties. Nevertheless, depending on the virus, certain
modifications may have an impact on the virus’ characteristics, such as its ease of trans-
mission, related health effects like the severity of the illness, the effectiveness of vaccina-
tions and medications, etc. COVID-19 also had a couple of different variants associated
with it, some having severe health implications for those affected when compared to other
variants. One of the COVID-19 variants that was of concern was the Omicron variant
(Madhi, 2021).
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1.3 Problem Statement

There was a worldwide public health emergency due to COVID-19. There were concerns
relating to the continuing surge in the number of new infections, particularly in South
Africa. The concerns are common in different sectors including the health sector, the
business sector as well as small businesses. The major concerns around the health
sector were due to limited hospital resources such as hospital beds and oxygen tanks.
A rapid increase in the number of infections and people requiring hospitalisation would
overwhelm the healthcare system, leading to a shortage of resources for those in need
(Blumberg et al., 2020).

Predicting COVID-19 infections has become a topic of interest for researchers, and var-
ious techniques have been proposed to aid decision-makers in their decision-making
processes. The study by Tamang et al. (2020), which utilised an artificial neural network
curve fitting technique to make predictions for COVID-19 infections, assumed that the
infections in all countries would follow a similar trend to that of China or South Korea.
However, the study only made predictions for one week, and it did not extend the time
frame to observe how that would affect the model’s performance or evaluate the proposed
methodology as a reliable technique for making COVID-19 predictions

Another study by Chandra et al. (2022) employed a deep learning technique to predict
COVID-19 infections in India over a time period of two months. The main limitation of
the study was that only states with COVID-19 hotspots in India were considered when
training the model and making predictions. There was no sufficient information available
on how the model performs when making predictions for infections in states that are not
COVID-19 hotspots.

Although the topic at hand pertains to health-related aspects, it is crucial to note that the
primary objective or main emphasis of this study was not focused on health. Instead, the
health-related examples served as an incidental illustration within a broader context. The
intention was to provide a specific case that could be easily understood and related to
while recognising that the study encompassed a wider range of subjects and implications
beyond the health domain. By incorporating this incidental health example, the study
aimed to enhance comprehension and highlight the applicability of using deep learning
techniques for forecasting.

To be better prepared, predictive models should be available to the decision-makers in
South Africa. The predictive analysis as well as modelling for COVID-19 infections has
been an area of interest for some researchers. Different researchers have proposed
techniques that can be used to predict COVID-19 infections in South Africa and other
parts of the world. Studies discussed in the introduction section above, it can be seen
that other predictive modeling techniques, such as mathematical and statistical model-
ing approaches, have some shortcomings when predicting COVID-19 infections. Studies
proposing the use of machine learning-based approaches in other geographical locations
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have been successful, for example, the study by Tamang et al. (2020). Therefore, this
study proposes the use of machine learning techniques, particularly deep learning, to
predict COVID-19 infections in South Africa using a dataset similar to those applied by
Chandra et al. (2022) in their study. The intention is to assist the healthcare sector in be-
ing better prepared, alerting the general public to potential surges, and providing insights
to guide policy decisions, resource allocation, and risk management strategies across
different sectors, fostering resilience and minimising disruptions in non-health domains.

1.4 Research Aim and Objectives

1.4.1 Research Aim

To employ deep learning techniques for predicting COVID-19 infections in South Africa,
with a focus on enhancing predictive modeling.

1.4.2 Research Objectives

The specific research objectives to be fulfilled in order to achieve the research aim are as
follows:

• To perform a predictive analysis using a traditional machine learning predicting
model, the Long Short-Term Memory (LSTM).

• To empirically test the proposed LSTM models on a COVID-19 real dataset.

• To provide recommendations on the challenges and gaps identified in this study
and how they could be addressed for future studies.

1.5 Research Methodology

As discussed in the previous sections, this study proposed to use deep learning tech-
niques to predict COVID-19 infections in South Africa. This study focused on predicting
the number of COVID-19 infections over time using historical data. For this study, a pub-
licly available COVID-19 dataset was used to make the predictions. This study used deep
learning techniques to predict COVID-19 infections in South Africa and all the modeling
was done on Python.
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1.5.1 Study Context

The study took place in South Africa and employed the use of deep learning techniques
to predict COVID-19 infections in South Africa. The performance of the models was
measured using metric root mean squared error to determine the accuracy of the models
when making predictions on testing data.

1.5.2 Population and Sampling

• Population

In principle, the COVID-19 data population consisted of all individuals who have
come into contact with the virus. This included those who have been diagnosed
with COVID-19, those who have been admitted to a hospital as a result of the virus,
those who have recovered from the virus and those who have passed away as a
result of the virus.

• Sampling

No data sampling was done in this study. The study made use of a publicly available
COVID-19 dataset for South Africa. The data was obtained from the Mediahack
Coronavirus web page in the form of a CSV file.

1.6 Rigour and Validity

In order to assess the model’s dependability and performance, the root mean squared
error (RMSE) metric was used to assess and validate the model. Loss or a cost function
was used as a measurement of determining how well a prediction model was perform-
ing in predicting the expected outcome. The preferred loss function for neural networks
applied to regression models used was the mean squared error (MSE) (Pradhan and Ku-
mar, 2010). The commonly used loss functions for neural networks (NN) for time series
forecasting problems are the mean squared error (MSE), the root mean squared error
(RMSE), and the mean absolute error (MAE).

1.7 Ethical Considerations

For this study, an open-source data source was used to do the modeling that will enable
predictions to be made. This study went through the NWU ethics committee to be cleared.
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1.7.1 Permission and informed consent

It was also essential to ensure that in the case where the data includes information that
was collected with informed consent, this study ensured that the ethical guidelines es-
tablished in the informed consent documents were followed. This included that the data
was used for the intended purpose and the individuals who provided the data could not
be identified in any way (Panigutti et al., 2022).

1.7.2 Fairness, transparency and social impact

Most deep learning models are subject to bias, which can result in unfair outcomes.
To ensure fairness and prevent bias, the study can involve using diverse training data,
carefully selecting features and parameters, and then testing the model on a variety of
subpopulations (Safdar et al., 2020).

Another ethical consideration that was considered is transparency. Deep learning mod-
els can be difficult to understand, to ensure transparency, the data collection and model-
ing methods will be well documented and how the model makes predictions (Safdar et al.,
2020).

Lastly, it was of importance to consider the social impact of predicting COVID-19 infec-
tions. The predictive models can have a significant impact if the decision-makers decide
to utilise the models. The findings of this work will be clearly communicated in a respon-
sible manner (Safdar et al., 2020).

1.8 Dissertation Layout

The outline of this dissertation is as follows:

Chapter 1 presents the introduction, background, problem statement, research aim and
the objectives to the study.

Chapter 2 presents an extensive literature review of machine learning algorithms for
predictive analysis as well as epidemiological modeling. It also outlines some advan-
tages and drawbacks concerning these modeling techniques for prediction purposes on
a COVID-19 dataset and identifies gaps in the studies.

Chapter 3 presents the research design, methodology and a detailed description of the
nature and methodology applied in this study. Additionally, it presents the identified pre-
dictive modeling techniques for COVID-19 infections, along with the model performance
measures utilised in this study.

Chapter 4 presents the results of this study. This chapter provides an analysis and dis-
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cussion of the research undertaken.

Chapter 5 presents the conclusions and recommendations drawn from this study. This
chapter concludes with remarks and recommendations for future studies, aiming to en-
hance areas identified for improvement within the findings.



Chapter 2: Literature Review

This chapter presents a literature review that introduces the concept of epidemiological
modeling as well as machine learning. It also highlights some of the most commonly
used models and algorithms that can be utilised to model the transmission of infectious
diseases.

2.1 Epidemiological Modelling

The study of an outbreak’s spreading behavior to forecast its trajectory and evaluate con-
tainment strategies is known as epidemiological modeling. It is a branch of mathematics
and computer science. Stochastic and deterministic models are the two categories into
which epidemic models can be divided. While deterministic models are mathematical
representations of the spread of infectious diseases in a population without incorporating
stochasticity. Stochastic models introduce randomness and are primarily used to assess
the probabilistic distributions of likely outcomes by allocating random variation in multiple
entries over time (Martcheva, 2015; Allen, 2008). In this section, some commonly used
models under the two categories will be briefly introduced.

2.1.1 Deterministic Epidemic Models

To learn more about how an epidemic spreads throughout communities, one can simply
apply any of the many classical deterministic epidemiological models that are available.
The susceptible-infected-removed (SIR) model is one of the most widely used model
(Cooper et al., 2020; Weiss, 2013; Gaeta, 2020). The model is a dynamical system
which is given by three ordinary differential equations based upon the three following
compartments:

• Susceptible S(t): This compartment refers to all individuals who are not infected
but could still contract the disease

• Infected I(t): This compartment refers to all individuals who have been infected
with the disease. They can also transmit it to those who are susceptible.

• Removed R(t): This compartment refers to all who have recovered or died as a
result of the virus and are assumed to be immune.

In general, the SIR model is usually based on the assumption that the population which
is given by N = S(t) + I(t) + R(t) is constant in time. However, Cooper et al. (2020)
proposed the use of a modified SIR model that was taking the susceptible populations

10
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as a variable which can be adjusted at various times to account for the increase in this
population. Hence the SIR model is given by the following system of ordinary differential
equations:

dS(t)

dt
= −βS(t)I(t),

dI(t)

dt
= βS(t)I(t)− γI(t),

dR(t)

dt
= γI(t),

(2.1)

where β is the infection or transmission rate and γ is the recovery rate (Cooper et al.,
2020). In Equation 2.1, dS(t)dt represents the rate of change of the number of susceptible
individuals S over time t, dI(t)dt describes the rate of change of the number of infectious in-
dividuals I over time t and dR(t)

dt represents the rate of change of the number of recovered
individuals R over time t. In summary, the three equations of the SIR model describe how
the numbers of susceptible, infectious, and recovered individuals change over time based
on the transmission and recovery rates (Cooper et al., 2020).

The SIR model has several modifications depending on the assumptions of the population
as well as the epidemic the model is based on. For example, in the case where there
is an exposure period and the individual cannot infect others, then the transmission or
spread of that epidemic can be modeled as a susceptible infected exposed removed
(SEIR) model. This is basically an extension of the SIR model but introduces the exposed
compartment. The SEIR model is given by the following system of differential equations:

dS(t)

dt
= B − βS(t)I(t)− µS(t),

dE(t)

dt
= βS(t)I(t)− (v + µ)E(t)

dI(t)

dt
= vE(t)− (γ + µ+ δ)I(t),

dR(t)

dt
= βS(t)I(t)− γI(t),

(2.2)

where β is the transmission rate, v is the progression rate which is the rate that individuals
will move from exposed class to infected class, γ is the removal rate, µ is the natural
death rate and δ is disease induced death rate (Shah and Gupta, 2013). In Equation
2.2, dE(t)

dt describes the rate of change of the number of exposed individuals E over time
t. The other equations in the system of equations defined by Equation 2.2 follow the
same descriptions given under the SIR model. In summary, the four equations of the
SEIR model provide a more detailed description of the disease transmission dynamics,
accounting for an exposed compartment where individuals are in the latent period before
becoming infectious (Shah and Gupta, 2013).

For instance, the study by Zisad et al. (2021) had the primary objective of creating a
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predictive model for confirmed COVID-19 cases in Bangladesh. An integrated model
was introduced to predict the confirmed cases in Bangladesh. The proposed integrated
model combined the SEIR epidemiological model and neural networks. The integrated
model was very effective in making the predictions as the accuracy of predictions ranged
between 90% and 99% and the integrated model yielded better per performance than the
SEIR model alone.

2.1.2 Stochastic Epidemic Models

Stochastic epidemic models are constructed based on random variables to assess proba-
bilistic distributions describing the transmission of infectious diseases through individuals.
The commonly used model SIR can be extended to give rise to a stochastic SIR model
which will contain randomness. A general stochastic SIR model is defined by the following
system of differential equations:

dS(t) = (−βS(t)I(t)− µS(t) + µ)dt− σS(t)I(t)dW (t),

dI(t) = (βS(t)I(t)− (λ+ µ)I(t))dt+ σS(t)I(t)dW (t),

dR(t) = (λI(t)− µR(t))dt,

(2.3)

where σ is a nonnegative constant, λ represents the recovery rate of infected people and
W is a real Wiener process. The other variables remain the same as defined under the
section of deterministic epidemic models (Tornatore et al., 2005).

The study by (Ndiaye et al., 2020) is an example of the stochastic epidemic models being
applied to predict the number of COVID-19 infections. The study explores using SIR mod-
els both deterministic and stochastic with numerical approximations as well as machine
learning techniques to predict the number of COVID-19 cases both for the next 7 days
and 3 weeks ahead. The stochastic model is considered mainly due to the lack of data
as well as the random factors associated with the transmission of the disease, like the
probability of touching infected objects. The key results from the study was that for some
countries, like China, the pandemic was expected to end soon within few weeks after the
study was conducted.

2.2 Machine Learning

This section presents literature on the machine learning techniques to be used in this
study. The scope of this study will only be limited to supervised learning. The long short-
term memory (LSTM) will be used to predict COVID-19 infections in South Africa.

Within the fields of computer science and artificial intelligence (AI), machine learning fo-
cuses on using data and algorithms to simulate human learning processes and gradually
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improve their accuracy. Machine learning is an important component of data science. By
employing statistical techniques, algorithms are trained to generate forecasts as well as
classifications to make key insights from given datasets (Kubat and Kubat, 2017). Ac-
cording to Khanzode and Sarode (2020), machine learning is most popular due to its
ability to produce models quickly, analyse big and more complex data and produce more
accurate results.

There are three main machine learning methods namely: supervised learning, unsuper-
vised learning, as well as reinforcement learning.

2.2.1 Supervised Learning

Supervised learning is based on training or learning a mapping function from input data to
output labels based on a labeled dataset. During training, the algorithm is presented with
labeled datasets, which instruct the algorithm on what output is related to each specific
input value. When provided with new data that it hasn’t seen before, the model is trained
until it detects underlying patterns and relationships between the labels of the input and
output data. This enables the model to produce accurate labeling results (Kubat and
Kubat, 2017). This type of learning is good for classification and regression problems,
such as determining if a patient is infected or not infected using X-ray images (diagnosis)
or predicting the number of infections for a particular disease for a given future date.
Following training, the model is provided with test data, which is labeled data that the
algorithm has not yet been made aware of in order to assess how well the algorithm will
perform with unlabeled data (Kubat and Kubat, 2017).

Supervised learning can be categorised into two methods namely; classification and re-
gression. Under the two main methods for supervised learning, there are several popular
machine learning algorithms that can be employed for various tasks and these algorithms
include linear regression, logistic regression, decision trees, random forests, support vec-
tor machines (SVM) and naive Bayes, amongst others.

1. Classification

This is a machine learning method that uses training data to determine the category
of new observations. When classifying new observations, an algorithm first learns
from the provided dataset or observations and groups them into various classes or
groups, like yes or no, 0 or 1, spam or not spam, etc. The classes are referred to as
labels, categories or targets.

• Decision Tree
Decision trees are structures that resemble flowcharts, with each internal node
denoting a test on an attribute, each branch denoting an outcome of the test,
and each leaf node representing a class label. Each tree is constructed using
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a random subset of the features and the final prediction is made by aggre-
gating the predictions of all trees, reducing overfitting and improving accuracy.
Multiple trees can be combined to form random forests which are used to make
predictions (Izza et al., 2020).

An example of an application of the decision tree algorithm in an incidental
health study would be when a hospital wants to predict the severity of COVID-
19 infection in patients. The goal would be to develop a model that classifies
patients into different groups corresponding to the different COVID-19 case
severities. The case severity can be classified into mild, moderate, and critical
and the features that can be considered may be age, gender, symptoms, ex-
posure history, any pre-existing health conditions as well as any other relevant
health metrics. The trained model can then be used to predict the severity of
COVID-19 cases for new patients based on their profiles. This can then assist
the decision-makers in the hospital to better allocate resources and prioritise
high-risk patients.

The study by Gupta et al. (2021) is an example of where the decision trees
model alongside other models was applied in a COVID-19 dataset to predict
or detect cases in India. There were three target classes namely confirmed
cases, death cases and cured cases which the proposed models were trying
to classify into. Random forests, linear model, support vector machine, deci-
sion tree as well as neural network were used to make classifications and the
random forest yielded better results than the models in detecting COVID-19
cases in India.

• Support Vector Machine
Support vector machines are effective for both classification and regression
algorithms. They find a hyperplane that best separates different classes while
maximising the margin between them. They are particularly useful when deal-
ing with a high dimensional feature space. The support vector machine learn-
ing problem is a classical quadratic optimisation problem with constraints rep-
resented as:

min
1

2
wTw

subject to yi

(
wTxi + b

)
≥ 1, i = 1, 2, . . . , l

(2.4)

where w is the weight vector subject to training, yi is the target value, b is the
bias and xi are the input features (Kecman, 2005).

The study by Parbat and Chakraborty (2020) serves as an example where
support vector regression was applied in a COVID-19 cases dataset from In-
dia. The support vector regression model predicted the total number of deaths,
recovered cases, cumulative number of confirmed cases and number of daily.
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The results suggested that the model was very effective in predicting cumula-
tive cases and did not yield as good results in predicting the number of daily
cases due to noise in the dataset for that feature as it had many spikes. Over-
all, the model had 97% accuracy in predicting deaths, recovered, cumulative
number of confirmed cases and had 87% accuracy in predicting daily new
cases.

• Naive Bayes
The Bayes theorem and the assumption of feature independence form the
foundation of naive Bayes classifiers. The naive Bayes model is based on
constructing a Bayesian model that assigns a posterior class probability to an
instance (Bayes, 1968). Let y denote the class of an observation xi, where
y ∈ {y1, y2, . . . ym} and xi = (xi1, xi2, . . . , xip). To predict the class of the
observation xi by using the Bayes rule, the highest posterior probability of:

P (yj |xi) =
P (yj)P (xi|yj)

P (xi)
(2.5)

should be obtained. Since the naive Bayes classifiers are based on the as-
sumption of independence, this implies that features x1,x2, . . . ,xp are condi-
tionally independent of each other given a certain class. Thus Equation 2.5
can be rewritten as:

P (yj |x) =

∏p
k=1 P (xk|yj)P (yj)

P (x)
. (2.6)

A simple naive Bayes classifier can be represented as:

ŷ = arg max
yj

p∏
k=1

P (xk|yj)P (yj), (2.7)

where ŷ is the maximum a posteriori class (Berrar, 2018).

The study by Romadhon and Kurniawan (2021) serves as an example where
naive Bayes amongst other models (k-nearest neighbour and logistic regres-
sion) was applied in a COVID-19 cases dataset from Indonesia. The main
aim of the study was to predict the patient’s recovery/cure rate, with the age
and gender being the main variables considered. Based on the findings of the
study, it can be noted that k-nearest neighbour, logistic regression as well as
naive Bayes can be used to predict the cure rate for COVID-19 patients in In-
donesia with the K-nearest being the most effective in predicting as it had the
highest accuracy.

2. Regression

Regression is a type of predictive modeling technique that looks into the relationship
between one or more independent variables (predictor) and a dependent variable
(target) (Sykes, 1993).
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• Linear Regression
Linear regression is a basic algorithm used for predicting a continuous output
from input features. The algorithm exhibits a linear relationship assumption
between the input features and the target variables. The general regression
model can be represented as:

y = β0 + β1X1 + β2X2 + · · ·+ βkXk + E

= β0 +
k∑
i=1

βiXi + E
(2.8)

where y is the dependent variable, X1, X2, . . . , Xk are k independent variables,
β0, β1, β2, . . . , βk are the regression coefficients representing the model pa-
rameters for a specific population, and E is the error term (Uyanık and Güler,
2013).

An example of an application of the linear regression model in an incidental
health study would be when a hospital wants to predict a patient’s blood pres-
sure based on certain patient characteristics. The goal may be to understand
how factors like gender, weight, cholesterol levels and age contribute to blood
pressure. Then, the model can be used to predict blood pressure for new
which may assist the hospital to intervene early and provide preventative mea-
sures if a patient is identified to be at risk of having high blood pressure.

The study by Rath et al. (2020) serves as an example where linear regres-
sion was applied in a COVID-19 dataset to predict the next coming days active
cases in India and Odisha. The study explored using a simple linear as well
multiple linear regression models to perform the predictions. The findings of
the study suggests that the proposed regression models were found to be very
effective in forecasting the next number daily active cases.

• Logistic Regression
Logistic regression is an algorithm mainly used for classification tasks. It is
another type of regression modeling that is used to explore the relationship
between a dependent variable and a set of independent variables. A statistical
model is built using logistic regression to describe the relationship between a
set of independent variables and a binary outcome. It uses a logistic function
to predict the likelihood that an instance will belong to a particular class. The
logistic regression model can be represented as:

P (Y = outcome of interest|X1, X2, . . . , Xk) =
1

1 + e−(β0+β1X1+β2X2+···+βkXk)

=
1

1 + e−(β0+
∑k

i=1 βiXi)

=
eβ0+

∑k
i=1 βiXi

1 + eβ0+
∑k

i=1 βiXi

(2.9)
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where Y denotes the binary variable, P is the probability of an event occurring,
X1, X2, . . . , Xk are k independent variables, β0, β1, β2, . . . , βk are parameters
corresponding to the independent variables (Palei and Das, 2009).

An example of an application of the logistic regression model in an inciden-
tal health study would be when a hospital wants to predict or assess the risk
of COVID-19 infection in individuals having symptoms of COVID-19 or seek-
ing testing if they are infected with the virus. The goal would be to develop a
model that classifies patients into two groups, those likely to test positive for
COVID-19 and those likely to test negative. The features that can be consid-
ered would be age, gender, symptoms, exposure history, a binary variable to
indicate COVID-19 test results (positive and negative), and any pre-existing
health conditions. The trained model can then be used to predict the prob-
ability of testing positive for COVID-19 for new patients and then a threshold
would need to be set that will classify the patients into positive or negative
categories. This study would potentially assist the healthcare facilities with re-
source allocation efficiently by identifying high risk individuals who may need
more immediate attention or isolation.

The study by Wang et al. (2020) serves as an example where logistic regres-
sion was applied in a COVID-19 dataset to predict the trend of the epidermic.
The study uses a two step approach to predict the trend. Firstly, the COVID-19
epidemiological data s integrated into the logistic model to fit the cap of the
epidermic trend. Then, the cap is fed into the FbProphet model to derive the
epidemic curve as well as to predict the trend of the epidemic. The results
from the study suggests that the proposed two step approach has a valuable
advantage in terms of forecasting the epidemic trend and in using the hybrid
model can significantly improve estimates of the number of infections.

2.2.2 Unsupervised Learning

Unsupervised learning is a machine learning approach that does not require the user to
supervise the model whilst it is training on unlabeled data. From the provided unlabeled
data, the model itself extracts insights and hidden patterns. Regression and classifica-
tion problems cannot be directly solved using unsupervised learning. Unlike supervised
learning, where input data is paired with corresponding output data, unsupervised learn-
ing deals solely with input data, lacking matching output data (Hinton and Sejnowski,
1999).

Unsupervised learning can be categorised into two methods namely clustering and as-
sociation. Under the two methods for unsupervised learning, there are several popular
machine learning algorithms that can be employed for various tasks. These algorithms
include k-means clustering, hierarchical clustering, principal component analysis (PCA),
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and association rule learning just to mention a few.

1. Clustering

This is a machine learning technique where the population or data points are divided
into several groups so that the data points within each group are more similar to
each other than they are to the data points outside of them. Essentially, this is a
collection of objects according to their similarities and dissimilarities amongst each
other (James et al., 2013). Some of the most commonly used clustering algorithms
are provided below.

• K-means
K-means is a clustering algorithm that partitions data into K non-overlapping
clusters. It minimises the intra-cluster variance, aiming to place each observa-
tion into the closest cluster. It is efficient and easy to implement but requires
the number of clusters to be predefined. To define K-means more formally
(James et al., 2013), let C1, . . . , Ck denote sets corresponding to each cluster.
The sets should satisfy two properties:

(a) Ck ∩ Ck′ = ∅ for all k 6= k′. This implies that the sets are unique and each
observation can only belong to one cluster.

(b) C1 ∪ C2 ∪ · · · ∪ Ck = {1, 2, . . . , n}, suggesting that each observation must
be a member of at least one of the k clusters.

The K-means clustering algorithm learning problem is a classical quadratic
optimisation problem that can be defined as:

min
C1,...,CK

K∑
k=1

W (Ck) (2.10)

where W (Ck) is the within-cluster variation which is a measure of the amount
by which observations in a cluster differ and is defined by:

W (Ck) =
1

|Cp|
∑
i,i′∈Cp

p∑
j=1

(xij − xi′j)2, (2.11)

with |Ck| denoting the number of observations in the kth cluster. Thus, Equa-
tion 2.10 becomes:

min
C1,...,CK

K∑
k=1

1

|Cp|
∑
i,i′∈Cp

p∑
j=1

(xij − xi′j)2. (2.12)

An example of an application of the K-means model in an incidental health
study would be when a hospital wants to identify distinct patterns or clusters of
COVID-19 patients based on certain healthcare indicators. The goal would be
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to gain insights into different patient profiles containing features such as age,
temperature, respiratory rate, blood test results, a binary variable indicating
COVID-19 status, and any other relevant health metrics. The different clus-
ters would enable us to analyse and understand the different patient profiles.
This study would then enable the hospital to tailor resource allocation and care
strategies based on the identified clusters. For example, more resources may
be allocated to clusters with higher severity.

The study by Kurniawan et al. (2020) serves as an example where K-means
was applied in a COVID-19 dataset to search hidden and unknown clusters of
countries exhibiting a rapid COVID-19 infections and determine the relation-
ships among a set of attributes. The major findings of this study was that the
there was a strong positive correlation among the total deaths and patients
categorised as critical.

• Hierarchical Clustering
Hierarchical clustering builds a hierarchy of clusters by recursively merging or
splitting them. It does not require specifying the number of clusters in advance
as in the case of the K-means algorithm (Wang, 2003).

The study by Rios et al. (2021) serves as an example where hierarchical clus-
tering was used to predict COVID-19 next waves of infections. The study ex-
plores the feasibility of understanding and predicting the virus’s progression
in one country by considering historical reports from others. Employing an
artificial intelligence approach based on unsupervised machine learning, the
researchers organise time series data to facilitate cross-country comparisons
and introduce a transition index. This index proves valuable in identifying po-
tential trends and informing public policies. Despite challenges related to data
collection variations among countries, the study’s visualisation metaphors of-
fer insights into historical infection paths and potential future waves, making
it a significant contribution to both COVID-19 research and unsupervised ma-
chine learning methodologies. The study acknowledges limitations related to
data collection challenges but emphasises their commonality in data-driven
projects.

• Gaussian Mixture Models
Gaussian mixture models (GMM) represent the data as a weighted sum of
Gaussian distributions. It assumes that the data is generated from a mixture of
these distributions. GMM can be used for clustering, density estimation, and
generating synthetic data. It provides flexible modeling capabilities but may
require specifying the number of components. To define the GMM mathemat-
ically, we start off by defining the Gaussian distribution (Normal distribution)
which is given by:
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N (X|µ,Σ) =
1

(2π)
D
2

√
|Σ|

exp

{
−(X − µ)TΣ−1(X − µ)

2

}
(2.13)

where µ is a D-dimensional mean vector, Σ is a D×D covariance matrix, and
|Σ| is the determinant of the covariance matrix. As previously mentioned the
GMM models each cluster as a Gaussian distribution, hence a GMM is repre-
sented as a linear combination of the basic Gaussian probability distribution is
expressed as:

p(X) =

K∑
k=1

πkN (X|µk,Σk) (2.14)

where K is the number of components in the mixture model and πk is the mix-
ing coefficient, it gives an estimate of the density of each Gaussian component
(Patel and Kushwaha, 2020).

An example of an application of the GMM model in an incidental health study
would be when a hospital wants to understand the underlying subpopulations
within COVID-19 patients based on a combination of certain healthcare indi-
cators. The goal would be to apply the GMMs to identify clusters that might
represent different severity levels among COVID-19 cases. The features that
would be considered for such a study may be age, temperature, respiratory
rate, blood test results, a binary variable indicating COVID-19 status, and any
other relevant health metrics. The GMM would be applied to the selected fea-
tures. The algorithm assumes that the data is generated from a mixture of
several Gaussian distributions, each representing a different subpopulation.
Then a cluster analysis would be performed on the resulting clusters to under-
stand the different patient subgroups. Such a study can help the hospital in
providing more personalised and targeted medical interventions based on the
characteristics of each identified subpopulation.

The study by Singhal et al. (2020) serves as an example where GMM was used
to capture the trend of a number of COVID-19 cases and predict the cases.
The introduces two methods for modeling COVID-19 infections: a mathemati-
cal model estimating critical factors influencing the virus spread and forecast-
ing active cases for the next 30 days, analysing infection containment mea-
sures in India, Italy, and the USA. The second method employs a data-driven
approach using a Gaussian mixture model to separate trend and variability in
daily infection cases, predicting peak values and corresponding dates. The
study estimates total cases and end-dates of the pandemic with 95% confi-
dence intervals, comparing results with a prior study.
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2. Association

This is another type of unsupervised learning technique that, in order to make map-
pings more profitable, checks for dependencies between data items. It looks for
interesting relationships or connections between the variables in a dataset.

• Principal Component Analysis
Principal component analysis (PCA) is a dimensionality reduction technique
that finds the most important features or components in the data. It transforms
the data into a new coordinate system to maximise the explained variance. If
a column has less variance, it has less information. PCA helps in visualising
data, reducing dimensionality, and removing redundant information (Jolliffe,
1990).

An example of an application of PCA in an incidental health study would be
when we want to reduce the dimensionality of a dataset containing various
health indicators for COVID-19 patients. The goal would be to identify the
most influential factors and potential patterns that contribute to the severity of
COVID-19 cases.

2.2.3 Reinforcement Learning

Reinforcement learning is another type of machine learning technique. In essence, it is
the science of making decisions. It involves discovering the best way to behave in a given
situation in order to maximise rewards. Through interactions with the environment and
observations of its responses, this ideal behavior is acquired (Sutton and Barto, 2018).

An example of reinforcement learning in healthcare is the use of reinforcement algorithms
to optimise treatment plans for chronic diseases. In this scenario, a reinforcement learn-
ing agent can be trained using patient data and medical guidelines to make decisions
about the dosage and frequency of medication for a patient with a chronic disease. The
agent learns from past patient outcomes and receives feedback in the form of rewards or
penalties based on the clinical outcomes of its decisions.

Through repeated interactions with the patient’s electronic health records, reinforcement
learning can learn to penalise treatment plans that are tailored to individual patient char-
acteristics and optimise the patient’s health outcome over time. This can result in more
effective and efficient treatment plans, reduced costs, and improved patient well-being.

The study by Khalilpourazari and Hashemi Doulabi (2021) serves as an example of how
reinforcement can be used to predict the COVID-19 outbreak. In this study, the focus is on
predicting the COVID-19 pandemic to aid policymakers in optimising healthcare system
capacity and resource allocation, ultimately minimising fatality rates. The researchers
propose a new hybrid reinforcement learning-based algorithm for complex optimisation
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problems, demonstrating its superiority over state-of-the-art methods. Applying the algo-
rithm to real-world data from Quebec, Canada, the study accurately forecasts the COVID-
19 outbreak trends, considering various scenarios and identifying crucial factors influenc-
ing pandemic growth. The results emphasise the significant impact of the transmission
rate on future trends, highlighting the importance of implementing social distancing mea-
sures and increasing asymptomatic case detection to curb the virus spread and halt the
pandemic.

2.2.4 Deep Learning

In this section, the concepts of neural networks as well as recurrent neural networks are
introduced in greater detail which will enable us to better understand the LSTM model.
For the purpose of this study, two categories of deep learning namely neural networks and
recurrent neural networks will be considered. It is essential to have a basic understanding
of neural networks as well as recurrent neural networks as the LSTM is built on the
foundations of the two.

Neural Network

Neural networks are artificial systems that are a class of machine learning models which
are modeled under the inspiration of biological neural networks. They are a subset of
artificial intelligence that was created to imitate how biological nervous systems and the
human brain interpret and utilise data.

It is estimated that there are 100 billion neurons in the human brain. Figure 2.1 illustrates
an example of a brain neuron. Neurons communicate via electrical signals that are short-
lived impulses in the voltage of the membrane (cell wall). Synapses on dendrites act as
mediators between interneuron connections (Gurney, 2018).
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Figure 2.1: Structure of a brain neuron (Gurney, 2018)

Every neuron normally has thousands of connections with other neurons, which means
that a constant stream of incoming signals are being received by it until they reach the
cell body. In some manner, the signals are combined, and if the total signal is greater
than a certain threshold, the neuron may produce a voltage impulse in response. This
impulse is then sent through the axon to other neurons. The axon is a branching fibre
(Gurney, 2018).

Certain incoming signals have an inhibitory effect and prevent the production of impulses,
while other incoming signals are excitatory and help to promote the generation of im-
pulses. Neural networks use this architect and processing style, which emphasises the
significance of interneuron connections throughout (Gurney, 2018).

Artificial neurons serve as the fundamental building blocks of neural or artificial neural
networks, which are composed of neurons, connections, weights, biases, propagation
functions, and learning rules. An artificial neuron’s fundamental architecture consists
of an input layer that processes data from inputs and an output layer that generates
outputs or predictions in response to the inputs. The artificial neuron’s hidden layers in
between process the input data in a non-linear way. Figure 2.2 is an illustration of the
basic structure of an artificial neuron.
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Figure 2.2: Basic structure of an artificial neuron (Yacim and Boshoff, 2018)

An artificial neuron has a finite number n of inputs. Each input xi has a corresponding
weight wi. The inputs are the set of values that are used to predict the output value
whereas weights are real values associated with each feature that specifies the impor-
tance of the value in the predictions of the output. The summation function serves to
bind the inputs and weights together and get the resulting sum. From Figure 2.2, the
summation function Σ of this particular artificial neuron is given by:

Σ =
n∑
i=1

xiwi + b, (2.15)

where b is the bias term. The result obtained from Equation 2.15 are passed to the acti-
vation function, which gives the output f(Σ) (Yacim and Boshoff, 2018). More discussion
on the activation function is provided in the following subsection.

Activation Functions

Activation functions are mathematical equations that determine the output of a neural
network model. They serve to introduce non-linearity characteristics to networks allowing
the neural networks to learn powerful operations. They are present in every neuron in
the network and help determine when to turn off neurons, based on the input used. They
also help to normalise the output of any input in the range between -1 and 1 or 0 to 1.

Some of the most commonly used activation functions are discussed below.

• ReLu
The rectified linear unit (ReLu) function is amongst the commonly used activation
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functions in modern neural networks. This function is a piecewise linear function
that returns 0 as an output if its input is negative, or otherwise directly outputs the
input (Ramachandran et al., 2017).

Mathematically, the ReLu function can be defined as:

f(x) = max(0, x). (2.16)

The visualisation presented in Figure 2.3 is a graphical representation of the ReLu
function:
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Figure 2.3: ReLu function

• Sigmoid
Another common activation function is the sigmoid function. This is a non-linear
activation function that takes input and converts it to a value between 0 and 1.
This function has the useful property that its gradient is defined everywhere and
it is mathematically easier to work with. However, the exponential functions make
it computationally expensive to compute the sigmoid function in practice and at
times leads to the ReLu function as the most preferred choice due to its simplicity
(Ramachandran et al., 2021).

Mathematically, the sigmoid function can be defined as:

S(x) =
1

1 + e−x
,

=
ex

ex + 1
, ∀x ∈ R.

(2.17)

The visualisation presented in Figure 2.4 is a graphical representation of the sig-
moid function:
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Figure 2.4: Sigmoid function

• Hyperbolic Tangent
This is a continuous non-linear activation function that produces outputs between
the values -1 and 1. This is the most commonly used activation for recurrent neural
networks and the LSTM model (Farzad et al., 2019).

Mathematically, this function can be defined as:

tanh (x) =
ex − e−x

ex + e−x
, ∀x ∈ R. (2.18)

The visualisation presented in Figure 2.5 is a graphical representation of the hyper-
bolic tangent function:
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Figure 2.5: Hyperbolic tangent function

Hadamard Product
The Hadamard product or element wise multiplication (�) of two matrices or vectors is
similar to matrix addition, corresponding elements in the same rows and columns on the
matrices are multiplied together to form a new matrix or vector (Million, 2007). The order
of matrices to be multiplied should be the same and the resulting matrix will also be of
the same order and matrices being multiplied need not necessarily be square.
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Suppose there are two matrices A and B defined as

A =


a11 a12 · · · a1n

a21 a22 · · · a2n
...

...
. . .

...
an1 an2 · · · ann

 , B =


b11 b12 · · · b1n

b21 b22 · · · b2n
...

...
. . .

...
bn1 bn2 · · · bnn

 ,

their Hadamard product will be

A�B =


a11 × b11 a12 × b12 · · · a1n × b1n
a21 × b21 a22 × b22 · · · a2n × b2n

...
...

. . .
...

an1 × bn1 an2 × bn2 · · · ann × bnn

 .

For example, consider the following matrices,

A =

[
1 2

3 4

]
, B =

[
5 6

7 8

]
,

their Hadamard product will be given by

A�B =

[
1× 5 2× 6

3× 7 4× 8

]
=

[
5 12

21 32

]
.

Recurrent Neural Network

Recurrent neural networks (RNNs) are a type of neural network where the output from the
preceding step is used as an input to the current step. All of the inputs and outputs in con-
ventional neural networks are independent of one another and these kinds of networks
do not remember things that they learn (Medsker and Jain, 2001). After every iteration,
while training the network, it starts afresh without remembering anything it has learned
during the previous iteration. This common property for traditional NN does not seem
to work for data that is sequential like time series data. RNNs are useful when making
predictions on data that is sequential since the state vector and the cell state allow us to
carry information across a larger time window than simple NN (Medsker and Jain, 2001).



Chapter 3: Research Methodology

This chapter describes the nature and scope of the methodology applied in the study. It
will present the identified predictive modeling techniques for COVID-19 infections as well
as the proposed model performance measures or metrics used in the study.

The diagram in Figure 3.1 presents the research design applied in this study as well as
the flow of how the study will take place. The following subsections will provide a detailed
description of how each step will be executed as well as reasons for each step.

Figure 3.1: A flowchart of the research design.

28
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3.1 Data Acquisition

For this particular study, the dataset used to model or predict COVID-19 infections in
South Africa is a publicly available open dataset obtained from the Mediahack Coron-
avirus Dashboard web page (https://mediahack.co.za/datastories/coronavirus/data/). A
more detailed descriptive analysis of this dataset will be provided in Chapter 4.

3.2 Data Preprocessing

Data preprocessing is a data mining step that is performed on raw data and transforms
it into a format that can easily be understood by computers and machine learning algo-
rithms. This is a very important step in the data science lifecycle. If this step is missed or
not executed properly, then the results of the model will not be reliable. The dataset used
in this study is a time series dataset, which will be utilized to predict COVID-19 infections
at a later stage in South Africa.

The first step will be to understand the data to be used and that will be achieved by
performing some data exploration. This step entails checking if there were any missing
values in the dataset, and the replace any missing values with zeros. The values that
were identified to be null were when there were not yet any observations for that particular
variable, hence, they are equivalent to zero.

Another important step that will have to be performed is feature engineering. The pro-
cess of feature engineering entails selecting, manipulating, or transforming features in
a dataset to improve the model performance and interpretability of a machine learning
model. For this particular work, we will perform feature selection which is a subset of fea-
ture engineering. Feature selection is the process of choosing a subset of significant or
relevant features from a larger set in a dataset. This is a very critical step in the machine
learning pipeline, particularly when dealing with a dataset that with many potentially ir-
relevant features that will necessarily not contribute to model performance. Once the
relevant features have been obtained, the next step will be looking at the basic statistics
(5-number summary) for each selected variable in the dataset which will be useful in iden-
tifying any outliers or anomalies in the data. This is to have a better understanding of the
type of dataset being used for predictions and then create a certain visualisation for each
feature with the purpose of assisting in understanding the data better and in identifying
trends and relationships between the selected features if they exist.

The LSTM model functions by learning a function that maps a sequence of historical
observations as input to an output observation. As such, the sequence of observations
in our dataset is transformed into multiple examples from which the LSTM can learn. For
the purpose of learning a one-step prediction, the data was split into various input/output
patterns, with three-time steps serving as the input and one-time step serving as the
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output.

Then, the data will be split into 80% and 20% for training and testing, respectively and
then data will be scaled using the MinMax Scaler. The MinMax Scaler is a data pre-
processing technique used to normalise features in a dataset, which standardises the
observations into values between 0 and 1 to make training the models easier and use
less memory.

3.3 Long Short-Term Memory Network

The challenge of learning long-term dependencies given vanishing gradients has been a
significant drawback for RNNs. The LSTM network overcomes this constraint by employ-
ing memory cells in the hidden layer, which aid in the retention of long-term dependencies
within the data. The LSTM network is an advanced RNN that allows information to persist
and is capable of learning long term dependencies.

This section presents the different proposed models to be considered for this study as
well as the hyperparameters that will be used to build the various models.

3.3.1 Persistence Model

To measure the performances of the proposed LSTM models, this study starts off by
training a baseline model to predict new COVID-19 infections. Using observations from
the current time step t, predictions for observations at the next time step t + 1 are gen-
erated. Persistence implies that future values of the time series are calculated on the
assumption that conditions remain unchanged between “current” time t and "future" time
t + 1. Persistence modeling is used to ensure that no time is being wasted by training
models that are not predictive.

3.3.2 Basic Long Short-Term Memory Model

A typical LSTM network is made up of memory blocks called cells. The LSTM cells are
responsible for remembering things and consist of three major mechanisms known as
gates. The three different types of gates of an LSTM cell are the forget gate, the input gate
as well and the output gate (Chandra et al., 2022). Figure 3.2 is an illustration of an LSTM
cell, where Xt is the input vector, Ct and Ct−1 are the current and previous cell memories,
respectively. Ht and Ht−1 are the current and previous cell outputs, respectively. C̃t is the
intermediate cell state and ft, It, Ot are the forget, input, and output gates, respectively.
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Figure 3.2: Basic LSTM Cell (Chandra et al., 2022)

The primary function of the forget gate is to decide which data from the cell state should
be retained or discarded. The information that is no longer required or is of less impor-
tance for the LSTM to understand things is removed. The equation for the forget gate is
given by:

ft = σ(XtU
f +Ht−1W

f ), (3.1)

where Xt is the input at the current timestamp, Uf is the weight associated with the
input, Ht−1 is the hidden state at the previous timestamp and W f is the weight matrix
associated with the hidden state. The sigmoid function presented by σ is applied to the
equation which ensures that the value of ft lies between 0 and 1. This ft value will be
later multiplied with the cell state of the previous timestamp.

The primary function of the input gate is to quantify the importance and significance of
the new information brought by the input. The equation for the input gate is given by:

it = σ(XtU
i +Ht−1W

i), (3.2)

where U i is the weight matrix of the input and W i is the weight matrix of input associated
with the hidden state.

As new data is coming through, the intermediate cell state should be updated to reflect the
new information. The intermediate cell state C̃t is updated using the following equation,

C̃t = tanh
(
xtU

C + ht−1W
C
)
. (3.3)

Not all in the intermediate cell will be remembered by them, only the most important and
relevant will be remembered. If there is relevant information, then the current cell state
will be updated with the relevant values being added to it. The current cell state Ct will be
updated using the following equation:

Ct = σ
(
ft � Ct−1 + it � C̃t

)
. (3.4)
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The equation to determine the value at the output gate is the following:

Ot = σ(xtU
O + ht−1W

O). (3.5)

Finally, to determine the value for the hidden state, the following equation is used:

ht = tanh(Ct)�Ot. (3.6)

Figure 3.3 depicts a representation of a basic LSTM network.

Figure 3.3: Basic LSTM Network (Chandra et al., 2022)

3.3.3 Stacked Long Short-Term Memory Model

The stacked LSTM model is an extension of a basic LSTM model. The architecture of this
model consists of multiple layers of LSTM cells. In a stacked LSTM model, the output of
each LSTM layer is fed as input to the next layer in the stack. This allows the network to
learn more complex representations of the input data by building hierarchical abstractions
across multiple layers.
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3.3.4 Bidirectional Long Short-Term Memory Model

In a standard LSTM network, the data is processed in a temporal way and the informa-
tion data that contains future features is neglected. The bidirectional LSTM addresses
these shortcomings by having two states, the forward LSTM layer which makes use of
past features, and the backward LSTM layer which utilises the future states for a spe-
cific time frame. The bidirectional LSTM has the powerful property that it can remember
long sequences since the input is considered for both directions. Figure 3.4 illustrates a
bidirectional LSTM network.

Figure 3.4: Bidirectional LSTM Network (Ihianle et al., 2020)

3.4 Hyperparameters

Hyperparameters are configurations that are set prior to training a machine learning
model and are not learned from the data used for training. They play a critical role
in determining the behavior and performance of a machine learning algorithm. Unlike
model parameters, which are learned during training (such as weights in a neural net-
work), hyperparameters are predefined by the researcher based on what the researcher
observed when doing an exploratory analysis of the data that will be used for building
the model and they remain constant throughout the training process. Below are some
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common hyperparameters in machine learning

1. Learning Rate
The learning rate controls the step size during the optimisation process, for exam-
ple, gradient descent. It establishes the rate at which a model learns. While a larger
learning rate may result in faster convergence at the risk of overshooting the opti-
mal solution, a smaller learning rate may lead to more stable convergence but may
require more training time (Goyal et al., 2017).

2. Number of epochs
An epoch is a complete pass through the entire training dataset. The number of
epochs indicates how many times the training data will be iterated over by the
model. Too many epochs can cause overfitting, while too few can cause under-
fitting (Goyal et al., 2017).

3. Batch Size
Batch size determines the number of data samples used in each iteration of training.
It can affect training speed and memory usage. Smaller batch sizes may lead to
noisier updates but can help the model generalise better (Goyal et al., 2017).

4. Number of layers and units
These hyperparameters are specific to neural networks and deep learning models.
The number of layers and the number of neurons (units) in each layer define the
model’s architecture (Phaisangittisagul, 2016).

5. Activation Functions
Activation functions are used in neural networks to introduce non-linearity. The
choice of activation function can impact how well the model can approximate com-
plex functions. More discussion on activation functions to follow in the upcoming
sections of this chapter (Ramachandran et al., 2017).

6. Dropout Rate
Dropout rate is a regularisation technique employed in neural networks to circum-
vent overfitting. The dropout rate determines the probability that a neuron is tem-
porarily "dropped out" during training, meaning it doesn’t contribute to the forward
or backward pass in that iteration (Ba and Frey, 2013).

7. Regularisation strength
Regularisation strength involves introducing a penalty term into the loss function in
order to prevent overfitting. The regularisation strength (e.g., L1 or L2 regularisa-
tion) controls the impact of this penalty on the loss (Phaisangittisagul, 2016).

8. Optimizer
Optimizers like Adam or stochastic gradient descent determine how the model’s
weights are updated during training. Each optimizer has its own hyperparameters,
such as learning rate and momentum (Li et al., 2018).
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9. Loss function
The loss function is used to measure how well the model is performing. Com-
mon loss functions include mean squared error for regression tasks and categorical
cross-entropy for classification tasks. More discussion on loss functions to follow in
the upcoming sections of this chapter (Li et al., 2018).

Table 3.1, Table 3.2, and Table 3.3 contains a summary of the different hyperparame-
ters that will be used to build the basic LSTM model, the stacked LSTM model, and the
bidirectional LSTM model, respectively.

Table 3.1: Hyperparameters for the basic LSTM model

Hyperparameter Configuration
Batch size 72
Dropout rate 0.2
Number of neurons 32
Epochs 100
Loss Mean squared error
Optimizer Adam

Table 3.2: Hyperparameters for the stacked LSTM model

Hyperparameter Configuration
Batch size 72
Dropout rate 0.2
Number of neurons 32
Epochs 100
Loss Mean squared error
Optimizer Adam

Table 3.3: Hyperparameters for the bidirectional LSTM
model

Hyperparameter Configuration
Batch size 72
Dropout rate 0.2
Number of neurons 32
Epochs 100
Loss Mean squared error
Optimizer Adam
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3.5 Performance Evaluation Metrics

A metric is needed to determine how well the model is performing. Loss or a cost func-
tion is used as a measurement of determining how well a prediction model performs in
predicting the expected outcome and if there is a change or difference between the true
and predicted value. The preferred loss function for neural networks applied to regression
models is the mean squared error (MSE) (McCaffrey, 2018).

The commonly used loss functions for NN are the following:

MSE
The mean squared error is given by:

MSE =
1

N

N∑
i=1

(yi − ŷi)2, (3.7)

where N represents the number of testing samples, yi and ŷi are the observed and
predicted values, respectively.

RMSE
The root mean squared error (RMSE) is given by:

RMSE =

√√√√ 1

N

N∑
i=1

(yi − ŷi)2. (3.8)

MAE
The mean absolute error (MAE) is given by:

MAE =
1

N
|yi − ŷi| . (3.9)

The evaluation metric that will be used for this study is the RMSE. RMSE is sensitive
to the magnitude of errors and penalises large errors more heavily than small errors.
This aligns with the objective of this work by emphasising the importance of minimising
prediction errors (Li et al., 2019). RMSE is also intuitive and easy to interpret. A lower
RMSE indicates better model performance.



Chapter 4: Results and Discussions

This chapter mainly focuses on the results of this study. This entails the selection of
features, the modeling aspect of the study, the performance of different models during
training and their effectiveness in predicting unseen testing data. Finally, an extensive
discussion comparing the results of this study with other historical studies.

4.1 Descriptive Analysis

This section provides a descriptive analysis of the dataset used in this study. This entails
the data description where the different features found in the dataset are explained. The
minimum date on the dataset is the 5th of March 2020 and the maximum date is the 22nd
of August 2021. Table 4.1 provides a description of the features found in the dataset that
will be used for modeling.

Table 4.1: COVID-19 dataset features and their definitions

Feature Definition
cumulative_cases running total of cases over time
recoveries number of recoveries
deaths_daily number of deaths per day
cumulative_deaths running total of deaths over time
active_cases number of active cases (reported cases which have

not resulted in a death or recovery)
week_label label of a week based on when the week started and

when it ended
week_no week number
cumulative_tests running total of tests over time
tests_daily number of tests per day
cases_daily number of new cases per day
perc_positive cases_daily divided by tests_daily
test_thousand cases_daily divided by tests_daily, multiplied by 1000
weekly_tests number of tests per week
weekly_cases number of cases per week
tests_per_case weekly_tests divided by weekly_cases
seven_day_positives sum of past seven days in the cases_daily column
seven_day_average seven_day_positives divided by seven_day_tests
case_fatality_rate cumulative deaths divided by cumulative_cases
fatalities_seven_days sum of the last seven days in the deaths_daily col-

umn

37
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fatalities_seven_days_average fatalities_seven_days divided by
seven_day_positives

public_tests tests done in public healthcare facilities
private_tests tests done in private healthcare facilities
new_public_tests new number of tests done in public healthcare facili-

ties
new_private_tests tests done in private healthcare facilities
7_day_weekly_average seven_day_positives divided by 7
vaccinated_total total number of vaccines administered
vaccinated_daily number of vaccines administered per day
non_sisonke_vaccination_total vaccinated_total minus vaccinated_sisonke
vaccinated_sisonke vaccinations for healthcare workers
j_and_j number of individuals who have taken the Johnson

and Johnson vaccine
pfizer number of individuals who have taken the Pfizer vac-

cine
vaccinations_7_day_average sum of last 7 days from the vaccinated_daily column,

divided by 7

4.2 Feature Selection

This step involved using a filter method to identify the highly correlated features to each
other so as to identify redundant features that will be discarded and only keep relevant
features. The goal of identifying and keeping the relevant features is that those features
will contribute to model building and interpretability.

One thing to note about the dataset used for this study was that it was mainly built with the
intention of creating dashboards that were to be used to track certain COVID-19 metrics.
Some of the features are aggregations of other features, for example, there is a feature
named weekly_tests and another feature titled tests_daily. Weeky_tests is already an ag-
gregate tests_daily, hence keeping both features will not provide any meaningful insights
since one of the fields is already contained in the other feature. Figure 4.1 contains a
heatmap that is used to visualise a correlation of the features that are in the dataset.
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Figure 4.1: Correlation matrix of the features in the COVID-19 dataset

The correlation matrix was carefully examined and the relevant features were identified to
be those related to the number of tests, the number of deaths, the number of active cases
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as well as a feature related to vaccination. For modeling purposes, the features that
will be considered are cumulative_cases, recoveries, deaths_daily, active_cases,
tests_daily, vaccinated_daily, and cases_daily. These are the unique features in the
dataset and all the other features have been obtained by performing some level of ag-
gregation on these basic features and hence exhibit high correlation to either one of the
unique features. For the purpose of this work, the features that were considered were the
ones that are on a daily level and not those that have been aggregated further. This is
due to ensuring that there is a bigger dataset that can be used to train the different deep
learning models. For more accurate predictions, a deep learning model requires a larger
dataset to be used when training the model. Hence, the variables that are on a daily level
are ideal to use in this case.

Figure 4.2, Figure 4.3, Figure 4.4, Figure 4.5, Figure 4.6, Figure 4.7, and Figure 4.8
shows plots containing time series graphs of the selected relevant variables so as to
visualise their trend over time.

Figure 4.2: Time series plot for cases_daily

Figure 4.3: Time series plot for recoveries
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Figure 4.4: Time series plot for cumulative_cases

Figure 4.5: Time series plot for active_cases

Figure 4.6: Time series plot for tests_daily

Figure 4.7: Time series plot for vaccinated_daily
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Figure 4.8: Time series plot for deaths_daily cases

It can be seen from Figure 4.2, Figure 4.5, Figure 4.6, Figure 4.8 that deaths_daily,
active_cases, tests_daily, and cases_daily follow a similar trend and whenever there are
spikes in each respective graph, they usually occur around the same time.

Figure 4.9, Figure 4.10, Figure 4.11, Figure 4.12, Figure 4.13, Figure 4.14, and Figure
4.15 shows plots containing box and whisker diagrams of the relevant variables to help
with identifying if there are any outliers in the dataset.

Figure 4.9: Boxplot for cases_daily
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Figure 4.10: Boxplot for recoveries

Figure 4.11: Boxplot for cumulative_cases

Figure 4.12: Boxplot for active_cases
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Figure 4.13: Boxplot for tests_daily

Figure 4.14: Boxplot for vaccinated_daily

Figure 4.15: Boxplot for deaths_daily cases
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From Figure 4.9, Figure 4.12, Figure 4.13 and Figure 4.15 it can be observed from the
different plots that deaths_daily, active_cases, tests_daily, and cases_daily do contain
some outliers in them. The outliers are a result when there is a spike observed in the
deaths, active infections, number of tests as well as new infections. This occurs whenever
there is a surge in the number of newly discovered infections, with spikes observed for
different features. However, when looking at the box plot for the vaccinated_daily feature,
most of the data points seem to be coming up as outliers. However, this is understandable
when looking at the time series plot above for this particular feature it can be observed
that vaccinations started about a year later after the first COVID-19 case was recorded in
South Africa. Hence, the distribution of this particular feature exhibits positive skewness.
Positive skewness in a dataset indicates that the tail of the distribution extends towards
the right, while the majority of the data points are concentrated on the left side of the
distribution. This suggests that there are relatively more lower values in the dataset
compared to higher values. In other words, the data is skewed towards the higher end
of the range, and there may be outliers or extreme values on the higher side of the
distribution. The positive skewness can evidently be observed as well from Figure 4.16
which is a frequency distribution plot for the vaccinated_daily feature. It can be seen that
the bulk of the data points are concentrated more towards the left side.

Figure 4.16: Frequency distribution plot for the vaccinated_daily feature

4.3 Results of the Training of the Models

This section presents the analysis of the learning curves which depict how the trained
models performed during training and testing. Learning curves are widely used in ma-
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chine learning for algorithms that learn incrementally over time. The metric used to evalu-
ate learning could be maximising, meaning that a larger score/error indicates more learn-
ing. The converse also holds, that for metrics that are minimising, lower scores/errors
indicate better learning. Ideally, for loss function curves, the error is expected to gradually
decrease over training iterations or epochs.

The different LSTM models were trained using scaled data which was transformed using
the MinMax scaler. Below, the loss functions for the different models that were trained
will be provided as well as the hyperparameters that were used to train each model.

Persistence Model Figure 4.17 shows the predictions made by the persistence model
indicated by the red line.

Figure 4.17: Baseline model for predicting COVID-19 infections

For this persistence model, the RMSE = 1670.991. This implies that on average, the
predictions that were made using the persistence model are off by a magnitude of ap-
proximately 1671 infections daily. This model will act as a baseline to compare the other
complex models and a model that will exhibit better performance will have a lower RMSE
than the persistence model. The persistence will be used as a borderline to measure
how effective the rest of the models in predicting new infections.

Basic LSTM Model

Figure 4.18 shows the learning curve depicting how the model performed during training
and testing for the basic LSTM model.
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Figure 4.18: Learning curve for basic LSTM model

The learning loss curve function in Figure 4.18 behaves as expected. It can be observed
that the testing and training loss curve functions decrease as the model is training. This
implies that the model can fit the data.

Stacked LSTM Model

Figure 4.19 shows the learning curve depicting how the model performed during training
and testing for the stacked LSTM model.
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Figure 4.19: Learning curve for the stacked LSTM model

The same can be observed in the case of the learning curve for the stacked LSTM model.
The training and testing are reduced with training. This implies that with more epochs,
the model tends to fit the data.

Bidirectional LSTM Model

Figure 4.20 shows the learning curve depicting how the model performed during training
and testing for the stacked LSTM model.
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Figure 4.20: Learning curve for the bidirectional LSTM model

The learning curve for the bidirectional LSTM starts off on a good trajectory but over
time the testing error curve can be seen increasing with training. This is not good as the
expectation is that the testing error should also be reduced with training. This scenario
may potentially suggest overfitting/underfitting the data.

4.4 Empirical Prediction Results

In this section, the different models that were trained will be used to make predictions for
COVID-19 infections and check how well each model is performing by looking at the error
associated with each model.

Basic LSTM Model
Figure 4.21 presents the predictions generated by the basic LSTM model for COVID-19
infections in South Africa. The figure visualises the model’s forecasts alongside the actual
values, providing a clear comparison of their performance. The x-axis represents the date
whereas the y-axis represents the number of new infections. This graphical representa-
tion offers valuable insights into the accuracy and behavior of the model’s predictions,
shedding light on its capabilities and potential areas for improvement.
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Figure 4.21: Predictions for COVID-19 infections using the basic LSTM model

Figure 4.21 provides an illustration of the predicted infections comparatively with the ac-
tual infections and theRMSE for the predictions is 1071.551. The RMSE suggests that on
average, the predictions being made for COVID-19 new infections using the basic LSTM
model are off by a magnitude of approximately 1072 infections daily. The RMSE obtained
from making predictions using the basic LSTM model is lower than that of the persistence
model, thus suggesting that the basic LSTM model outperforms the persistence model
when predicting COVID-19 infections in South Africa and yields better predictions.

Stacked LSTM Model
Similarly, the predictions made using the stacked LSTM model are depicted in Figure
4.22.

Figure 4.22: Predictions for COVID-19 infections using the stacked LSTM model

Figure 4.22 provides an illustration of the predicted infections comparatively with the ac-
tual infections and the RMSE for the predictions made using the stacked LSTM model is
3098.076. The RMSE suggests that on average, the predictions being made for COVID-
19 new infections using the stacked LSTM model are off by a magnitude of approxi-
mately 3098 infections daily. The RMSE obtained from making predictions using the
stacked LSTM model is greater than that of the persistence model, thus suggesting that
the stacked LSTM model does not outperform the persistence model when predicting
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COVID-19 infections in South Africa and yields less accurate predictions.

Bidirectional LSTM Model
Similarly, the predictions made using the bidirectional LSTM model are depicted in Figure
4.23.

Figure 4.23: Predictions for COVID-19 infections using the bidirectional LSTM model

Figure 4.23 provides an illustration of the predicted infections comparatively with the ac-
tual infections and the RMSE for the predictions made using the bidirectional LSTM
model is 6417.021. The RMSE suggests that on average, the predictions being made for
COVID-19 new infections using the bidirectional LSTM model are off by a magnitude of
approximately 6417 infections daily. The RMSE obtained from making predictions using
the bidirectional LSTM model is greater than that of the persistence model, thus suggest-
ing that the bidirectional LSTM model does not outperform the persistence model when
predicting COVID-19 infections in South Africa and yields less accurate predictions.

4.5 Discussions

There are different LSTM network architectures available and this work focused on build-
ing the basic LSTM network, stacked LSTM as well as the bidirectional LSTM. Table 4.2
provides a summary of the results that were presented in Section 4.3.

Table 4.2: Model performances

Model RMSE
Persistence model 1670.991
Basic LSTM 1071.551
Stacked LSTM 3098.076
Bidirectional LSTM 6417.021
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The persistence model serves as a borderline to check how well the created models are
performing. It can be seen that only the basic LSTM had a root mean squared error below
the persistence model and the other models were performing worse than the persistence
model. When comparing different models based on the RMSE, a lower RMSE suggests
that a model is better at making predictions compared to a model with a higher RMSE.

During model building, common hyperparameters that do not depend on model archi-
tecture were kept consistent across all three LSTM models. This was done to ensure a
fair comparison between the models, as differences in performance can be attributed to
architectural variations rather than differences in training conditions.

The predictions made using the different LSTM network architectures look promising in
the sense that the basic LSTM model and the stacked LSTM model were able to predict
the wave of infections between day 75 to about day 150 on Figure 4.21 and Figure 4.22.
This is a major improvement when compared to the work done by Djilali and Ghanbari
(2020) which failed to capture the second wave of infections and suggested COVID-19 to
become obsolete in South Africa by around November 2020, which was not the case and
can be supported by Figure 1.1 which shows new COVID-19 infections post November
2020.

The disparity between this study and the study by Djilali and Ghanbari (2020) lies in their
employed methodologies. While this study uses a deep learning approach to predict
COVID-19 infections in South Africa, the study by Djilali and Ghanbari (2020) utilised
a mathematical modeling approach to model COVID-19 transmission. Despite these
methodological differences, both studies share commonalities in terms of geographical
location and overarching objective. Geographically, they both concentrated on the same
country South Africa, ensuring a consistent contextual framework. Moreover, the primary
goal of both studies was aligned, aiming to explore and understand the transmission of
COVID-19 infections in South Africa. It is important to highlight that the principal objective
of the the study by Djilali and Ghanbari (2020) was to forecast the initial peak of infec-
tions. This study showcased notable enhancement by successfully capturing additional
waves of infections.

This study also shows a bigger improvement when compared to the findings of Chandra
et al. (2022). The main disparity between this study and the study by Chandra et al.
(2022) is the geographical location where the two studies took place. One study makes
predictions of new infections using a dataset from India whereas the other study makes
predictions using a dataset from South Africa. Also, the nature of studies was different
in the sense that the study by Chandra et al. (2022) only focused on regions that were
COVID-19 hotspot areas so essentially did not include the whole population when model-
ing was done whereas this study included all regions irrespective of whether it is a hotspot
or not. This results in predictions that are inclusive of the whole population rather than a
subset of the population.

Looking at the different RMSEs for the LSTM models developed by Chandra et al. (2022),
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the bidirectional LSTM always performed better than the basic LSTM model which is not
the case for our study. From the learning curve of the bidirectional model depicted by
Figure 4.20, it can be seen that the model may be overfitting. This is evident as the
testing loss function increases as training progresses. Also, this model does not perform
well over unseen data, this is evident when looking at Figure 4.23 and also looking at the
RMSE that was obtained when making predictions on testing data. The model tends to
be performing the worst when compared to the other models.

There were some challenges and gaps identified in this study, one of them being that
no hyperparameter tuning was performed but the hyperparameters that were used were
based on existing literature and there is absolutely no certainty if those are the best hyper-
parameters that can be used to train the deep learning models for this particular dataset.
It would be interesting to investigate using some common methods like grid search, ran-
dom search, genetic algorithms, and other relevant methods to check if no other hyperpa-
rameters can perform better than the current hyperparameters used. Another shortcom-
ing of this study is that the predictions were made for South Africa overall using a dataset
that was already aggregated at a country level and did not cater to subpopulations indi-
vidually. The demographics are not necessarily similar across the provinces and it would
be interesting to see how they differ and also test how the overarching model perform
when making prediction on subpopulations.



Chapter 5: Conclusion and Recommenda-
tions

In this work, the main aim was to employ deep learning techniques for predicting COVID-
19 infections in South Africa, with a focus on enhancing predictive capacity modeling
on COVID-19 new virus infections. There were some concerns regarding the surge of
COVID-19 infections and the effects it might have on the decision-makers in the health-
care sector to efficiently manage the strain the virus would have on the healthcare sys-
tem in terms of resource availability as well as resource allocation. Section 1.1 provided
background examples of similar studies conducted by other researchers, revealing gaps
and challenges. The gaps and challenges that were identified were also mentioned.
Various methodologies were employed, including statistical predictive analysis (logistic
regression model), mathematical epidemiological modeling (SEIR), and machine learn-
ing approaches (deep learning). Studies using mathematical and statistical modeling
had limitations in predicting future infection waves, unlike those using machine learning.
Hence, the main aim of undertaking this study was to explore the feasibility of employing
a specific subset of machine learning, specifically deep learning, to forecast COVID-19
infections in South Africa.

To achieve this aim, three objectives were outlined. The first objective involved perform-
ing a predictive analysis using the proposed LSTM networks. This was accomplished by
training various LSTM networks with the SA COVID-19 dataset and assessing their per-
formance on testing data. The study’s results were then compared to historical studies,
starting with a comparison to Djilali and Ghanbari (2020). The key difference between
the two studies lies in their methodologies, with one using mathematical modeling and
the other employing deep learning. It is important to highlight that the principal objective
of the mathematical modeling was to forecast the initial peak of infections. The deep
learning approach showcased notable enhancement by successfully capturing additional
waves of infections. Additionally, a comparison was made with the study by Chandra
et al. (2022), revealing similarities in the approach despite different datasets from various
countries. The conclusion is that the performance of the deep learning models appears
commendable, exhibiting enhanced predictability compared to previous studies. A no-
table improvement lies in their ability to accurately predict an additional wave of infections,
a capability that was lacking in the study conducted by Chandra et al. (2022).

The second objective of this study was to empirically test the proposed machine learn-
ing algorithms on a South African COVID-19 dataset. It was fulfilled by testing and doing
predictions of new infections in South Africa and plots were provided that showed the pre-
dictions in comparison to the testing set. A baseline persistence model was created and
was used to test how effective the trained LSTM models were in predicting new infections.
The RMSE was used as a benchmark metric to comment on how effective the models

54
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were performing when making predictions for new infections. The basic LSTM was the
best model to use to make predictions as it had the lowest RMSE value. When looking at
the RMSE for the stacked LSTM model and the bidirectional, they were greater than the
RMSE for the baseline model, thus suggesting that the two models did not perform better
when making predictions for new COVID-19 infections compared to the baseline model.
The results from this study contradict the results from the study by Chandra et al. (2022),
as in this study the model that was shown to do better predictions comparatively to the
other models was the basic LSTM model and the bidirectional proved to be the worst per-
forming as it had the greatest RMSE. The learning curve that was obtained when training
the bidirectional LSTM model suggested that there was the potential of overfitting on the
data whereas in the study by Chandra et al. (2022), the bidirectional LSTM was the better
model overall in making predictions and this was evident from the RSME that were ob-
tained when the different models they created were used to make predictions across all
the different regions. The conclusion was that the basic LSTM model was the best model
for predicting COVID-19 infections in South Africa as it had the lowest RMSE.

The last objective that had to be met was to provide recommendations on the gaps and
challenges identified in this study and how they could be addressed for future studies.
The main challenge and gap identified in this work was that the predictions were made
for South Africa overall using a dataset that was already aggregated at a country level and
did not cater to subpopulations individually. This study therefore recommends that future
studies be conducted to explore and recognise diverse trends within various provinces
in SA and check if the new cases follow a similar trend and have a wave of infections
occurring at the same time. If not, then multiple models can be developed each catering
to the unique dynamics exhibited by the different provinces, this would ensure accuracy
in the predictions. After the multiple varying models have been created, the models would
have to be harmonised and unified into a single comprehensive solution which would be
making predictions at a country level and then performing rigorous validation and cross-
validation to evaluate the performance of each model independently and in combination.
This approach would allow for the validation of the viability of combined models while
preserving the precision of individual province models.

It was observed that the bidirectional LSTM model which was performing worst in this
study was a better model in a different study that was making predictions for COVID-
19 infections and considering only hotspot areas. This study recommends testing if this
would be the case using a South African dataset, only focusing on COVID-19 hotspot
areas and checking if the bidirectional LSTM would give the best results. Also, perform
an extensive analysis to compare the differences and similarities between the datasets
used in this study and the study by Chandra et al. (2022) to understand why the worst
performing model in this study was the best performing model in the study by Chandra
et al. (2022).

Another shortcoming of this work is that the created forecasting models were not de-
ployed and are not in production. Decision-makers cannot utilise the models. In the
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future, this study recommends creating a dashboard based on the predictions made us-
ing the trained models which can be utilised by an external user to retrieve the results of
the forecasts and make informed decisions on time if there is a wave of infections without
having to rely much on the developer to provide the results of forecasts to them.
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