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The government and healthcare sector plays a major role in managing the transmis-

sion upsurge and unpleasant effects of COVID-19. The dynamics of the pandemic is

an emerging question for these parties, as this will guide their planning and strategy

implementation of disease prevention and treatment policy. The emphasis of this

study is to develop a simulation-based system that can estimate the future trans-

mission dynamics of COVID-19. The simulation will predict the current and future

trends of COVID-19 in South Africa, Italy, India, Mexico, and Fiji (SIIMCF). The pre-

diction will assist hospital management with capacity planning and assist govern-

ment in policy formulation around lockdown measures. Agent-Based Modeling and

Simulation (ABMS) is an excellent computational tool for this simulation process.

However, there are several constraints to using Agent-Based Modeling and Simula-

tion (ABMS) to simulate a real-world event. Such constraints include the duration

of the time required to perform simulation, the need for High performance com-

putational resources, and the complexity of parameter tuning. Our study consider

surrogate model as a substitute for Agent-Based Modeling and Simulation (ABMS).

Our findings show the surrogate can overcome the constraints identified by ABMS

for simulating the COVID-19 pandemic. Further, we optimize the surrogate with

the Genetic Algorithm (GA) by running a local search and extracting the best hyper-

parameter values for the surrogate. The optimization of the surrogate will enhance

the quality of its results when compared using real-world COVID-19 datasets. To

evaluate the performance of the ADRIANA system, we used three evaluation met-

rics, which are, Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and

R-squared (R2).
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Chapter 1

Introduction

1.1 Background

The COVID-19 pandemic has undoubtedly posed a significant economic and health-

related concern to many parts of the world. COVID-19 emerged as an outbreak in

Wuhan, China, and has spread to become a pandemic as declared by the World

Health Organization on 11th March, 2020 [1]. According to a report published by

Johns Hopkins University [2], the overall number of confirmed cases, recovered

cases, and death cases globally are 148 million, 85.7 million, and 3.12 million respec-

tively as of 24th April, 2021, with the first fatality case announced on 10th January,

2020 [1]. The top five countries in the world in terms of confirmed cases as of 30th

March, 2021 are the United States of America, India, Brazil, France, and Russia [1],

[2].

Below is a definition of epidemic and a pandemic:

An epidemic is referred to as the rapid spread of infectious diseases within the same

demographic group. However, a pandemic represents the rapid spread of an infectious

disease across different countries and continents with more population being affected ( -

WebMD [3]).

As highlighted by the above definition, COVID-19 disease has infiltrated coun-

tries globally, regardless of their social development status as a developed, devel-

oping, or under-developed country [1], [4]. The affected countries have established

various committees, structures, and initiatives to investigate different components

of the pandemic. The global organization in charge of monitoring COVID-19 is the

World Health Organization (WHO) [1]. Likewise, some of the organizations that

monitor the dynamics of the COVID-19 in South Africa includes: National Insti-

tute for Communicable Diseases (NICD) [5], Africa Centres for Disease Control and

Prevention [6], Department of Health in South Africa [7], and World Health Organi-

zation - South Africa division [8].

Due to the severe impact of the disease on the health sector and economic imbal-

ance, research into the computational and medical studies of the disease has been
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a key emphasis. One of the negative effects of the disease is its effect on the world

economy. Even in the financial sector, the damage caused by COVID-19 has led to

the worst trading day for the FTSE 100 (-9.10%) and S&P 500 (-9.5%) since 1987 [4].

One major strategy for limiting the virus spread is the awareness of governments

and healthcare sector about the expected number of confirmed cases. Following

that, policymakers and hospital administrator can devise and implement a workable

preventive measures.

The treatment of COVID-19 patients could place an undue strain on hospital re-

sources due to high transmission rate. Therefore, hospitals should have effective

means of administering treatment resources, because of dynamics of hospital op-

erational structure, and novelty in diseases dynamics (for example, COVID-19 is

different from SARS and Ebola in features).

As a result, providing recommendations based purely on prior experiences is

challenging because there are no general case-specific findings applicable to all hos-

pitals. In addition, the dynamic interrelationships between various factors in hospi-

tal pandemic planning must be considered. For example, changing the number of

ventilators or beds affects staffing, pharmaceutical demands, PPE, etc [9].

The majority of COVID-19-affected countries adopted severe lockdown1 mea-

sures at the initial stage of the disease outbreak [4], [10]. Likewise, patients in the

hospital who satisfy clinical and epidemiological feature of COVID-19 are quickly

isolated. For instance, the first lockdown in South Africa was imposed from 26th

March, 2020 to 16th April, 2020 [5] in an increasing degree of strictness ranging from

level-1 to level-5.

Likewise, in India, the first lockdown was enforced from 25th March, 2020 to 14th

April, 2020 [2], [4]. The daily number of confirmed cases in South Africa reduced

from 11.8% percent to 6.3% percent as a result of the lockdown measures [4], [10]. A

government would be unethical to enforce lockdown on the country indefinitely, as

this can cause a nationwide economic slump [5], [6], [11]. As a result, the govern-

ment must understand when to raise, lessen, or completely discontinue lockdown

procedures.

Furthermore, there are implicit uncertainties in patient inflow, patient duration

in the hospital, and hospital operations. Therefore, the relationship between these

elements is monitored using a random process rather than a deterministic approach

[9]. These factors strongly contribute to the degree of accuracy of prediction and

evaluation of model performance. Moreover, several existing frameworks for fore-

casting COVID-19 and hospital demand capacity do not consider the operational

constraints of their model’s flexibility and feedback mechanisms [9], [12].

1Lockdown is an emergency protocol that requires population groups to remain indoors for essen-
tial or social reasons.
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As a result, we aim to create a simulation-based decision-making system that can

integrate the aspects highlighted above and answer our research questions, which

will be discussed in a later section of this dissertation.

Several research projects have been conducted to provide scientific answers to

forecast the future of COVID-19. Researchers have used statistical models, conven-

tional machine learning models, mathematical models, epidemiology models, and

deep learning techniques. For instance, the work of Ahmar and Val [13] use ARIMA

and Sutte-ARIMA to forecast COVID-19 prevalence and stock market variables in

Spain, arriving at a mean absolute percentage error (MAPE) evaluation of 3.6%. In

addition, Ceylan et al. [12] used ARIMA to predict the confirmed cases of COVID-19

in France, Spain, and Italy with a MAPE range between 4% to 6%. In Chapter 2, we

offer an in-depth overview of the current findings in this research area.

In this study, we examined implementing a simulation-based system using an

Agent-Based Modeling and Simulation (ABMS) technique. Agent-Based Modeling

and Simulation (ABMS) are computer models that attempt to capture the behavior

responses of several agents in a simulation environment. With ABMS, the action

and role of the agents within the system must be known and defined, as well as the

interconnections that exist between the agents [14].

Over the last few years, ABMS has found relevance in simulation experiments.

Exploring an ABMS is a good option for our study. However, after carefully examin-

ing the computational cost of implementing an ABMS, the inherent implications do

not appear suitable for proposing a solution to COVID-19 because of several consid-

erations. Some issues identified are, implementing ABMS is computationally expen-

sive since it needs long simulation times, parameter tuning is complex, challenges in

model validation, and the inability to perform effectively with homogeneous data,

which is a key feature of the datasets analyzed in this study [14], [15].

To address the computational cost that is involved in using ABMS, we developed

a simulation model that can model the function (of an ABMS) and perform the oper-

ation of an ABMS in a short period. As a result, our study explores the development

of a simulation model named ADRIANA, which is made up of three different simu-

lation models namely the SEIR compartmental model, discrete event simulator, and

an optimized surrogate model. We aim to fuse these models and their individual re-

sults into the final ADRIANA. We also verify that the predictions of the ADRIANA

system are similar to real-world data. Chapter 3 of this dissertation contains details

about the structural components, formulation, and mechanism of each model in the

ADRIANA system.

In developing the ADRIANA system, we explored the Genetic Algorithm (GA)

as the optimization framework that searches the hyperparameter space for the op-

timal values for the surrogate. GA is a universal optimizer that researchers have



Chapter 1. Introduction 4

proven to be a robust optimizer for model development [16].

1.2 Problem Statement

The COVID-19 pandemic should be carefully controlled by authorities of affected

regions. We considered South Africa (for Africa), Italy (for Europe), India (for Asia),

Mexico (for North America), Colombia (for South America), and Fiji (for Oceania)

which we abbreviate as SIIMCF in this dissertation2.

Managing the spread of the COVID-19 disease requires a deliberate effort on

the part of government to recommend preventative and precautionary measures for

residents. As a result, they should thoroughly investigate the dynamics surrounding

the pandemic to establish a realistic approach to reduce disease transmission.

It is critical to run a simulation that reflects the activities of the COVID-19 pan-

demic agents, while predicting future transmission pattern. As mentioned, we con-

sider a substitute to ABMS to avoid its drawbacks. Hence, we develop and optimize

a surrogate, also termed a machine learning model that can perform similarly to the

ABMS.

The surrogate is a less computationally intensive data-driven framework that can

be executed in a short time with minimal human interaction. The optimization phase

is important in surrogate development. Optimization can assist machine learning

algorithms to optimally detect trends in historical datasets and support algorithm’s

predictions by learning patterns from datasets. A data-driven surrogate can reflect

time-variant trends in datasets without an explicit understanding of the elements

that contribute to the pattern. We use a Genetic Algorithm (GA) as an optimizer to

extract optimal hyperparameters for a surrogate model.

1.2.1 Why is Optimization Important in Surrogate Development?

The primary objective of a surrogate model is to predict an occurrence with a high

level of precision. We can only accomplish this through an optimization process.

Therefore, surrogate model optimization is accomplished by adjusting and tuning

the hyperparameter values to minimize inconsistency between the observed and

predicted values.

During the training stage, the model’s parameters are determined. Examples are

biases and weights for neural networks. They are the internal component of a model,

and their values vary depending on the input values. Contrary, hyperparameters are

assigned with initial values before the model is trained. Examples of hyperparame-

ters are learning rates, number of clusters, number of estimators, tree depth, etc. In

2Abbreviation for the six countries explored in this study (South Africa, Italy, India, Mexico, Colom-
bia, and Fiji, with South Africa as the benchmark country).
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general, hyperparameters determine the structure and output of a model. The best

hyperparameters are obtained through hyperparameter optimization, while the best

model parameters are obtained through model training.

Therefore, hyperparameter optimization is important for tuning the surrogate

to optimal standard. Obtaining the ideal hyperparameter values can contribute to

a decrease in the model error and an improvement in model accuracy. Some of the

optimization techniques include, Genetic Algorithms, gradient descent, and exhaus-

tive search. Figure 1.1 depicts the processes required in determining the best design

methods for an optimization process.

  

Need for Optimization

Choosing Design Variables

Formulate Constraints

Formulate Objective Functions

Set Variable Bounds

Select Optimization
 Framework

Obtain Solution(s)

FIGURE 1.1: Flowchart Showing Optimal Design Procedures [17]

1.3 Purpose of this Study

The intention of our study was to:

• estimate the length of a surge in hospital capacity and resource demand us-

ing an SEIR epidemiology model, a discrete event simulation, and an opti-

mized surrogate model. In addition, we predicted future transmission pattern

of COVID-19 in South Africa and the other SIIMCF countries, to capture the

third wave of the disease in South Africa and present a global perspective of

the pandemic for the next 13 months (starting from April 24, 2021);

• use the prediction to inform and enhance the decision of hospital management

and policymakers concerning lockdown measures; and
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• assist various agencies such as hospital management, economic advisors, so-

cial advisers, governments, in developing an ideal course of action that can

absorb the effect of COVID-19 diseases in their respective domains of opera-

tion.

Current research in this line is largely focused on models centered on statistical,

epidemiological, and mathematical techniques. We extend this by forecasting using

an optimal neural networks architecture. Additionally, we investigate some models

that have been developed to respond computationally to the COVID-19 pandemic.

1.4 Research Questions

To provide an optimal computational solution that will address the research problem

and accomplish the purpose of our study. The following research questions are being

investigated:

1. Compared to using the ABMS to simulate a pandemic case, how effective are

surrogate models in estimating the future transmission dynamics of COVID-19

with a global perspective?

2. Optimizing the surrogate hyperparameters is an essential procedure. How far

can we justify this optimization of the surrogate to drive forecasts?

3. To what degree can the ADRIANA system be calibrated and its predictions

used to handle future pandemic prediction problems?

1.5 Research Methodology Overview

Our analysis forecasted the transmission curve of COVID-19 in South Africa and

the SIIMCF countries using both simulated and an economic open-source dataset

explained further in Chapter 4 of this dissertation. At the time of writing, South

Africa is anticipating the third wave of the virus, which was appropriately captured

in this study.

1.5.1 Data Collection

The quantitative datasets that were used for our research were extracted from the

COVID-19 Data Repository by the Center for Systems Science and Engineering (CSSE)

at Johns Hopkins University [18]. The dataset is presented in a time-series format

which contains the daily cumulative statistics of COVID-19 confirmed cases, recov-

ered cases, and death cases (CRD) for 191 countries starting from 22nd January, 2020
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till day Xt−1, where Xt is the current day. We then extracted the subtractive daily val-

ues for the CRD cases for day n by differencing the cumulative value of day(n− 1)

from the cumulative value of day(n). That is, daily value for day(n) = (cumulative

value for day n) - (cumulative value for day n− 1). Given that the dataset is a time-

series, it is important that the datasets be made stationary [19].

We proceeded to scale the datasets to stationarity. We explored this to improve

the training process of the surrogate model. After scaling the datasets, we trained

and predicted using three optimal neural network architectures, five conventional

regression machine learning models, and two statistical regression models. The per-

formance hierarchy of the models is shown in Figure 4.33. We provide the tech-

niques that make up the ADRIANA system in Chapter 3, while we report the results

obtained in Chapter 4 of this dissertation.

1.6 Case Study

Our research primarily focuses on predicting the transmission dynamics of COVID-

19 in South Africa. In addition, we explore the same technique to predict the future

trends of COVID-19 in five(5) other countries which we referred to as SIIMCF, with

each country representing a continent.

1.7 Significance and Motivation of this Study

It is important to provide strategies that can help the prevention of infectious dis-

ease in populations. By extension, these policies are based on insights provided by

applicable frameworks that are concerned with infectious diseases.

We are driven to do this study as part of the scientific community because of the

historical contributions of computational modelers in solving real-world problems.

Secondly, there is a need for an accurate COVID-19 disease forecast mechanism that

can advise action plans to address the continuous spread of the disease globally,

which was captured in our study.

1.8 Research Contributions

This study contributes to the growing domain of knowledge on applying machine

learning optimization techniques in forecasting pandemic cases. This research aims

to build an accurate simulation of the COVID-19 pandemic case and observe the rate

of infections and recoveries, which will inform the future trend of the disease and

be useful to policymakers when planning preventive measures. Our findings will

make the following contributions:



Chapter 1. Introduction 8

(i) Use optimized machine learning techniques, time-series modeling approach,

and event simulation tool to forecast the transmission curve of the COVID-19

pandemic at a global scale by considering one country form each continent

of the world. This study evaluates the fusion of conventional machine learn-

ing, neural networks, compartmental models and statistical regression tools to

forecast the transmission dynamics of the COVID-19 pandemic.

(ii) Develop a discrete simulation of COVID-19 patient procedures in the hospital

based on their acute level. This projection informs hospital management about

peak durations of confirmed cases, and the quantity of resources needed to

optimally treat COVID-19 patients.

(iii) Inform policymakers about the best time to reduce or increase lockdown mea-

sures, and other response actions during a pandemic outbreak. Additionally,

we observe the implication of being pragmatic in enforcing lockdown mea-

sures on the population as suggested by the ADRIANA system.

1.9 Dissertation Structure

This chapter is an introductory overview of the study. It discusses the problem state-

ment, purpose of the study, objectives of the research and the research questions. The

remaining section of this dissertation is organized as follows. Chapter 2 reviewed

and identified the limitations of existing studies that address COVID-19 pandemic

case. In Chapter 3, we detailed the methodologies, datasets, implementation pro-

cesses, and how we arrived at our results. In Chapter 4, we discuss the simulation

results by the appropriate representations, and how our research questions have

been answered by the results. Finally, Chapter 5 presents a summary of the whole

research process, findings, recommendations, and suggested improvement to this

study.
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Chapter 2

Research Background and Related

Works

2.1 Introduction

This Chapter attempts to demonstrate, analyze, and discuss the outcomes of existing

computational modeling-based studies used to estimate the transmission dynamics

of COVID-19. This will let us explore some key analyses that will help our study.

We conducted a bibliographic review for two main purposes. First, we explore

publications on COVID-19 to extract computational insights, and secondly, we iden-

tify other study areas around COVID-19. General observation presents medicine,

computational science, and operations research as the three most significant study

areas regarding COVID-19. This has resulted in many research publications from

diverse domains of knowledge and specialization. We presented these publications

categorization in Figure 2.1.

Several studies have presented scientific solutions and simulation experiments

that can support the decisions of COVID-19 stakeholders. For example, hospitals

treating COVID-19 patients must have a structured insight to inform their plan for

sufficient resources planning to treat and manage infected individuals.

Furthermore, government policymakers must have a clear understanding of the

disease’s transmission trend in their specific geographic location. The majority of

COVID-19 research has sought to determine if there is a general element that governs

COVID-19 transmission in all concerned countries around the world. These studies

suggest that there are various factors associated to the transmission dynamics of

COVID-19 in their respective geographies [20], [21].

Hence, developing a simulation for COVID-19 is strongly recommended to cap-

ture solutions and forecast disease transmission patterns. Majority of simulations
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in this research area use a hybrid of discrete event simulation and optimization ap-

proaches to arrive at a near-optimal hyperparameters value representation of COVID-

19’s stakeholders, such as the healthcare system. Simulating and predicting the fu-

ture development of the COVID-19 pandemic scenario necessitates a thorough com-

parison and evaluation of the result obtained from statistical tools, deep learning

frameworks, and conventional machine learning techniques [22].

Article

44%
Erattum

1%Conference Paper

4%

Review

10%

Note

9%

Short Survey

5%

Letter

16% Editorial

8%
Data Paper

3%

FIGURE 2.1: Categorizing COVID-19 Publications Based on Focus
Area According to Scopus Database [23]

2.2 Notable Findings in Existing Studies

Current research that focuses solely on statistical regression models (such as the

Auto-Regressive (AR), Sutte-ARIMA, Moving Average (MA), and Integrated-ARMA

(ARIMA)) for predicting COVID-19 transmission rate and hospital resource demand,

has been proven to be relatively dependent on assumptions [24], which are:

(i) the variance of error terms in model architecture which accumulates with time

[19].

(ii) the inclusion of incorrect coefficients for estimating unknown model parame-

ters which can produce wrong estimates of R2 values during the model assess-

ment.

To decode the change in variance of error terms, a non-linear set of models, such

as neural network models is required.
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Alkhamis et al. [25] developed a discrete-event simulator and optimization frame-

work that formulates into a decision-making support system (DSS). The DSS recom-

mends strategies to minimize the waiting time of COVID-19 patients at Kuwaiti hos-

pitals. Based on their simulation prediction, their findings reported a 40% reduction

in COVID-19 patient waiting time and a 28% improvement in hospital service deliv-

ery. Similarly, Yeh Lin et al. [26] proposed a simulation model and a GA-based opti-

mization technique that predicts an optimal schedule for Taiwanese hospital nurses

during COVID-19 capacity treatment planning.

A study conducted by Andrew Crane et al. [9] demonstrates a system that esti-

mates COVID-19 transmission trends and simulates hospital resource capacity de-

mands. They created a discrete event simulator and used the SIR framework as

the epidemiology model. Their investigation sampled key analyses for model pa-

rameters across a 6-day doubling period, i.e. (Td = 6) [9]. They obtained a 95%

confidence interval (CI) with 97.5% and 2.5% percentile estimates using 1000 simu-

lation cycle. Their major output is a prediction that shows the total number of ward

beds, number of ventilators, number of ICU beds, number of daily admissions, and

peak demand time of hospital resources as a function of the transmission forecast.

Furthermore, research undertaken by Kunar et al. [22] explores the COVID-19

patterns in Canada. They created a regression model that predicts the transmission

rates and used the SIRS epidemiology framework to group the population into epi-

demiological compartments. They also used a wavelength transformation approach

[27] on the datasets before data fitting and simulations to minimize random noise

and conserve time-frequency features. Their findings showed a linear trend in fu-

ture transmissions of COVID-19. Their simulation model was primarily built on an

LSTM neural network which was validated with testing datasets with an accuracy

of 92.67% and a RMSE of 45.70 for long-term predictions. They were able to esti-

mate 70-day future predictions of COVID-19 infections and recoveries in Canada.

Their results were used to guide the hospital administrators of expected demand for

hospital resources.

2.3 Assumptions and Deductions from Existing Studies

Investigating existing studies relevant to model development concerning COVID-19,

we observe the assumptions made by the researchers and also unpack their results

as of the time the research was conducted.

2.3.1 Assumptions of Existing Studies

(i) Population groupings are defined explicitly, and the number of susceptible

populations does not decline evenly towards zero.
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(ii) While compartmental models have a short prediction time scale, birth and

death cases (other than those caused by COVID-19 disease) can be ignored,

and the fatality count caused by COVID-19 is a minimal percentage of the to-

tal population.

(iii) Asymmetric features in the historical datasets used for model development

causes computation errors.

(iv) The total population N is not constant, but susceptible populations are consid-

ered an adjustable parameter for generating newly infected individuals.

(v) The temporal progression of populations and key parameters influencing dis-

ease spread is identified.

2.3.2 Deductions of Current Studies

(i) Using mainly statistical models to forecast the future transmission of COVID-

19 cases raises the risk of biased predictions.

(ii) Most simulation models in the current study included graphical interface to

enable easy-to-use hyperparameter tuning. The graphical interface was incor-

porated because respective geolocation where simulation will be applied has

distinct and unique features which are considered in the model development.

(iii) Due to the dynamic response rate of the different population groups in re-

sponding to policies guiding disease spread, the results of computational mod-

els present approximated results. Population dynamics motivates researchers

to use SIR, SIRS, SEIR, SEIRD, etc., for their epidemiological simulations.

Choosing a key performance indicator (KPI)1 that defines the dynamics of dis-

ease transmission in the COVID-19 simulation process is a challenge for researchers,

because of the notion that there is no set rule for determining KPI [20]. However,

researchers in this research area were able to develop features that constitute an

ideal KPI for the simulation of COVID-19. Such KPIs include the number of dis-

charged patients, the number of unattended-to patients who returned home, the av-

erage waiting time of patients in the hospital, patient risk predictors based on char-

acteristics (such as age, previous disease infection, etc.), and the level of restricted

mobility.

It is worth noting that 88% of the countries have had their researchers work on

COVID-19 transmission and prevalence dynamics [24]. Researchers established that

statistical methods did not perform adequately in estimating the transmission trend

1Process of measuring the performance of our model activity, by combining different factors into a
production process to provide correlated information.
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of COVID-19 [22]. In addition, the results of non-optimized models underperform

the optimized models [21], [24]. However, assessing the performance of COVID-19

simulation models has resulted in some observations (such as a low R2 value) in sev-

eral West African countries [21]. Specifically caused by inconsistencies in reporting

daily cases, which resulted in uneven presentation of the confirmed, recovered, and

death cases of COVID-19.

2.4 Identified Concerns with Conventional Forecast Models

This section discusses the general challenges that have been encountered with con-

ventional unoptimized models for pandemic forecasting.

• Due to the non-linear feature of the analyzed data, a significant amount of

model tuning is needed to get a satisfactory prediction probability. The model

tuning process itself is complex because the researchers are expected to have a

reasonable insight into the structure of the dataset.

• When there are random processes or other societal variables that contribute to

data capture, the models are vulnerable to undetected errors. By implication,

when compared against recently observed values, this might result in outlier

data.

• Datasets are typically expected to fulfill a certain data standard, such as non-

null values, outliers, stationarity, and white noise, among other features for

proper modeling, and particularly regression analysis, which may not hold in

practice.

Although optimization-simulation approaches have been explored in many COVID-

19 simulation studies, a typical issue is the computation cost, particularly when

considering the complexity of implementing ABMS. Therefore, meta-models, also

known as surrogates, have been embraced and deployed by researchers to obtain

satisfactory approximation results without undertaking time-consuming and costly

simulations [22], [28].

In Table 2.1, we provide the primary literature evaluated by our study in as-

sessing the existing studies that predict the demand and allocation trend of hospital

resources for treating COVID-19, and estimating the future transmission pattern. In

addition, the study focus, simulation modules, aims, and important discoveries of

existing research are presented in Table 2.1.
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TABLE 2.1: Literature Showing Existing COVID-19 Pandemic Simu-
lation Models

Reference Research
Focus

Objectives Simulation
Modules

Andrew Crane,
Gary M.D et al. -
(CHIME) [9]

Disease
Transmission
Forecast

Obtaining an Optimum
HRA Measurement

SEIR, and
DES

Epidemic Forecast-
ing in Canada - Ku-
nar et al. [22]

Disease
Transmission
Forecast

Using AI to Predict
COVID-19 Future Occur-
rence

Regression,
SIRS
Model

Bernard and Dou-
glas - (Epidemic Ra-
tionizer) [20]

Hospital Re-
source Man-
agement

Rationing Hospital
Resources Amongst
Infected Patients

DES

Mihaela Van Der
Schaar - (Adjuto-
rium) [29]

Disease
Transmission
Forecast

Using Machine Learning
to Manage Limited Hos-
pital Resources

DES,
ABMS,
and Surro-
gate

Cleo, Lucia et al. [21] Disease
Transmission
Forecast

Obtaining an Optimal
Future Prediction of
COVID-19 Based on
Previous Pandemic
Database Data

Regression,
ARIMA,
SIRD
Model

Andrea, Franco et al.
[28]

Investigating
the Chal-
lenges in
Predicting
the Spread
of COVID-19
Pandemic

Comparing the Results of
Exponential Model and
Compartmental Models
to Predict COVID-19
with focus on R0

SIR Model

Legend for Table 2.1:

• HRA - Hospital Resource Allocation

• SEIR - Susceptible Exposed Infectious Recovered

• DES - Discrete Event Simulation

• AI - Artificial Intelligence

• SIRS - Susceptible Infectious Recovered Susceptible

• ARIMA - Auto-Regression Integrated Moving Average

• SIRD - Susceptible Infectious Recovered Death

Note: The researchers presented the performance measures of

these models as an average performance due to some factors,

such as the best result of the models are extracted based on test-

ing performance across different countries.
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We identified three noteworthy challenges in the examined literature:

• Feature estimation - It was established by analyzing the environmental fac-

tors that influence the reproduction number R0 for prediction models, which

were mostly simulated with variations of the epidemiological models, such as

SIRD, SIQED, SIS, SIRS, etc. Government policy plays a notable role around

the mobility of the population and their willingness to adhere to the policy.

• Variation of model simulation: The nature and after-effects of COVID-19 are

dependent on many parameters (such as individual response, hygiene, indi-

vidual immune resistance levels, control measures, etc.) of the affected loca-

tion; therefore, using a single model to simulate COVID-19 transmission glob-

ally may cause an inaccurate subsystem. Researchers should investigate the

characteristics that affect their location during the development of their model.

• Uncertainties - Data distribution for model training and development is con-

tinuous. Data is presented daily from history till day(n)− 1, where day(n) is

the present day. Therefore, there is possibility of data sentiment. The effect can

be bias model predictions, which reduces the performance and accuracy of the

model.

2.5 Discussion and Conclusion

We examine the existing study which explores conventional machine learning mod-

els, statistical techniques, epidemiological models, and deep learning neural net-

works. These models have been applied to simulate hospital resource demand and

allocation for COVID-19 infected individuals. Additionally, we examined the pre-

diction models that estimate future transmission of COVID-19 in various countries,

and their shortcomings noted.

Using machine learning models in analyzing various tasks, particularly in the

simulation of COVID-19 occurrences, has increased among researchers. Further-

more, we discovered that one of the key benefits of applying machine learning is its

capacity to capture and simulate the interaction between complex input and output

representations of historical data. Empirically, we concluded that machine learning

can be applied to simulate the dynamics of the COVID-19 pandemic irrespective of

the location.

The data description, quantitative models, research techniques, and components

involved in the development of the ADRIANA simulation system are all thoroughly

addressed in the next chapter of this dissertation.
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Chapter 3

Overview of Research Framework

3.1 Introduction

In this chapter, we examined the methodologies that were followed in our study.

We also detailed the approach and the results that align with our research questions.

For the simulation experiments, we expanded the procedures, datasets, and model

assessment techniques used to achieve our study goal.

3.2 Study Motivation

At the time of writing this dissertation, COVID-19 has exposed the global commu-

nity to different problems [7], [8]. Furthermore, there are demand dynamics for

hospital resources in different countries, based on the ratio of confirmed cases to

available resources in hospitals, and increases in disease transmission within the

population [1], [7]. Hence, it is vital to have a computational framework that can

help address uncertainties in the determining the future trend of COVID-19 glob-

ally, and measures the expected demand level of hospital resources required to treat

COVID-19 patients.

Using machine learning to simulate various pandemic occurrences is a contem-

porary method that has produced acceptable results globally [9], [29]. Previous stud-

ies have applied neural network architecture, kernel methods, regression analysis,

decision trees, and time series models to achieve similar objectives as evidenced in

Chapter 2 of this dissertation. Hence, the current work aims to integrate epidemio-

logical compartmental models, discrete event simulation, and machine learning into

a single system to make recommendations around lockdown policy and hospital

resources management. The forecast accuracy of a model is essential to achieve ef-

fective policy and resources management during COVID-19 pandemic. As a result,

different intervention structures have been established by the governing authorities

of the affected regions to reduce COVID-19 spread [8].
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3.3 Research Strategy

COVID-19 virus is an unprecedented event with a global impact [7], [8]. Since the

first reported South African case in March 2020, South Africa has experienced fluc-

tuating transmission pattern of the disease. Interestingly, the documented instances

of the virus are not on the decreasing trend as at time of this report [5]–[7]. There

was a first wave and a second wave (Table 4.5 and Figure 4.14), and there is a high

probability projection for the occurrence of third wave [1], [5], [8]. Consequently,

COVID-19’s transmission rate within the population largely determines the lock-

down measures and patient’s population in hospitals [5].

This study follows an exploratory process guided by previous works in which

we investigated existing models to investigate the events around COVID-19. We

formulated the model fusion of the ADRIANA system as the interrelation between

three sub-models outlined in Section 1.1 in Chapter 1 of this dissertation. The oper-

ation and structural components of ADRIANA sub-models are explained below.

• The SEIR compartmental model is used to simulate the number of susceptible

(S), exposed (E), and infectious (I) persons in the population. In essence, con-

sidering a population sample N, the SEIR simulation estimates the number of

people who can be infected, die, or recover from the disease. Hospitals can

apply the estimates of the compartmental model for capacity planning during

a pandemic surge. Different parameter configurations are also applied to SEIR

model to evaluate the model’s projection to different configurations.

The number of infected individuals who recovered or died from the disease

was simulated by SEIR model depending on criteria such as an individual’s

risk score, previous incidence of disease, age, and response to therapy. The

compartmental model’s internal operational parameters are initial disease preva-

lence, incubation rate, recovery rate, population size, and reproduction num-

ber. For this study, the SEIR model made a significant assumption that all fa-

talities occurred in hospitals, and none occurred before patients were brought

to hospitals for treatment.

• The ADRIANA system’s discrete event simulation (DES) module modeled the

sequence of operations and activities that an infected individual undertakes

in the hospital. We based our event simulation experiment on several factors

that contribute to the operation of the DES. For example, when an infected per-

son visited the hospital, we established factors (such as age group and health

history) to identify whether the patient’s health status is moderate, severe, or

critical. Therefore, we can determine the patient’s admission to either ward
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or ICU. In our simulation, individuals in moderate infection stage may be dis-

charged without being admitted to the hospital. Likewise, those in the severe

stage were admitted to the ward, and those in the critical stage were admitted

to the ICU.

The disease incubation duration for COVID-19 was estimated to be between

2 and 5 days, and an average duration of stay in the hospital for a COVID-19

patient was between 1 to 27 days [1]. Based on these parameter configuration,

the DES was able to simulate the entire sequence of patient’s admission pro-

cesses in the hospital. Also, we estimated the initial population of the DES as

the number of infectious population (I) simulated by the SEIR model.

• The surrogate model was used to learn transmission pattern from dataset to

predict the future transmission trend of COVID-19. The benchmark surrogate

for this study is LSTM neural network. Our research explored the optimization

of surrogates to ensure optimal configuration of hyperparameters.

The compartmental model, DES, and surrogate are all interrelated in this study.

The compartmental model grouped the population into epidemiological compart-

ments and obtained additional details of the population to estimate recoveries or

fatalities, which determines healthcare burden. In addition, we used the compart-

mental model to analyze the forecast of the surrogate model since the compartmen-

tal model estimated the total confirmed, recovered, and death cases from a popu-

lation distribution N. Further, we identified the SEIR parameter configuration that

generated values similar to the surrogate result, which enabled us to reproduce the

compartmental results for different population samples.

In essence, the surrogate analyzes past real-world data to predict future disease

transmission pattern. We use the GA to improve the surrogate result by searching

and selecting the best hyperparameter suggested by the GA. The goal of the GA’s

cost function is to minimize the root mean squared error (RMSE) as the loss function

during the hyperparameter search process.

3.3.1 Agent-Based Modeling and Simulation (ABMS)

Agent-Based Modeling and Simulation (ABMS) is a computation modeling method

that has attracted recognition in modeling experiment in the last few decades [30].

An Agent-Based Model and Simulation (ABMS) is a framework in which agents

continually interact together in the same environment [31]. For example, agents

improve their mutual action through information exchange in swarm or ant colony

optimization [32]. Their interaction is influenced by achieving an optimal end-state

within the environment in which several agents are connected [33].
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As detailed by Gary et al. [15], a typical ABMS-formulated system comprises

three main parts. They are (1) the agents, their characteristics, and behaviours in the

system, (2) a protocol establishing the interaction mechanism between the agents,

and (3) the environment in which the agents operate.

3.3.1.1 When is ABMS Useful in Research Work?

The application of ABMS to research is based on, but not limited to, when:

(1) It is essential to interpret the natural concept of a research idea to understand

the purpose and goals of the study. (2) It is important to analyze how well a system

interpret and simulate event processes to ensure reliability and comprehensiveness

of the system. (3) A research methodology must make predictions based on the

dynamic interactions of agents within the system. (4) There is a need to test for

dynamic “what-if?” scenarios when agents’ patterns of behaviour in the system are

altered.

3.3.1.2 Understanding the Agent in ABMS

To recognize an agent in modeling, it must have some inherent characteristics, which

include, but are not limited to: the ability to reside within its environment, ability

to observe, learn and represent its behavior based on the sensorial knowledge of

the environment, ability to be autonomous, and possess high interaction with other

agents in the environment. In general, whether the agents are human, autonomous,

or organizational, they are the decision-actors in an ABMS-based system. The agent

representation in an ABMS system is shown in Figure 3.1.

ABMS is used in various disciplines, including system science, computer science,

traditional modeling, simulation studies, and other research fields [14], [15], [34].

Table 3.1 provides different application areas of ABMS and their summaries.

3.3.1.3 Benefits and Critique of an ABMS - In relation to our study

Considering the benefit that ABMS provides in real-world modeling problems such

as COVID-19, our study carefully analyzed the associated computational implica-

tion. Our analysis highlighted some of the strengths and drawbacks of using ABMS.

3.3.1.4 Benefits in Implementing ABMS

ABMS is excellent in simulating experiments for hypothesis testing, and also func-

tions well to decode the relationship between agents in a system [33]. We can deduce

that ABMS can be exploited as a type of contextual magnifying glass to better grasp

the reality of our study event, the COVID-19 pandemic, as it offers the natural repre-

sentation of the system [30], [39]. Additionally, ABMS is adaptable, could simulate
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Attributes:
     Static: name,...

        Dynamic: resources, memory,...

Methods:
     Behaviors

        Behaviors that modifies behaviors
      Update rules for dynamic attributes

                 ...

Agent

Agent interaction 
with the environment

Agent interaction  with other agents

Agent interaction 
with the environment

Agent interaction with other agents

FIGURE 3.1: A Typical Agent Representation in an ABMS System

TABLE 3.1: Some Fields of Application of the ABMS

Application Field Description
Epidemic Modeling Bio-attacks - Evaluation of a scalable citywide

multi-agent model (Carley et al. [35])
Energy Analysis Simulation based analysis of offshore wind energy

(Mast et al. [36])
Biomedical Study ABMS Immune-simulator showing interaction be-

tween innate and adaptive immunity (Folcik et al.
[15])

Organizational Decision
Making

ABMS approach to allow negotiations for achiev-
ing global objectives in location planning of inter-
modal freight hubs (Van Dam et al. [37])

Industrial Chemistry molecular self-organization modeling via ABMS
(Troisi et al. [34])

Market Analysis Using ABMS to predict future tourism market
place in sub-orbital space tourism region (Chara-
nia et al. [38])

Air Traffic Control An Agent-Based Model focusing on analyzing con-
trol policies and performance of an air traffic man-
agement resources (Conway et al. [14])

Ecology Simulation of interaction between predator-prey
and whales (Testa et al. [39])

Anthropology ABMS describing the structure and dynamics of
a prehistoric settlement patterns in lake Titicaca
basin of Peru (Griffin et al. [33])

Crime Analysis ABMS simulation approach to predict burglary
rate in Leeds and Vancouver (Malleson et al. [40])
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complex systems [40], and allows for the development of system-specific features

which is vital to our study.

Considering these ABMS’ strengths to our research has positioned us to provide

scientific results to COVID-19 event. ABMS has many advantages, some of which

have been highlighted. Though we did not explore the implementation of ABMS, we

can ascertain that the beneficial features of an ABMS in the context of our research

were duly represented in the ADRIANA system.

3.3.1.5 Critiques and Limitations of ABMS

COVID-19 event as the main focus of this study, we considered the relevance and

contributions of an ABMS in modeling phase. Although, we highlighted the benefits

of adopting an ABMS as a research instrument in our study, we equally considered

the drawbacks of implementing an ABMS, which are noted below.

The modeling and integration of various agents and their interactions in the sys-

tem incurs high computational cost. These computational costs are due to long sim-

ulation time of the system, high computing capacity required to develop and execute

the simulation, and complex technique used to evaluate the simulation’s accuracy.

Despite recent technological advancements, running the ABMS still requires a high-

capacity power specification.

Additionally, relating the ABMS simulation to our study includes human actors

that could lead to irregular activities, biased decisions, and complex identities. In

essence, the conduct of human agents in an ABMS system is difficult to ascertain

and evaluate [39]. Another limitation of the ABMS regarding our study is that more

practical processes are required to have a full system. ABMS analyses a system at

unit level rather than an integrated level. This puts further emphasis on the compu-

tational constraints of implementing the ABMS in our study.

Therefore, relating the application of ABMS to our study, we identified the fol-

lowing agents: population, susceptible individuals, exposed individuals, infected

individuals, recovered individuals, policymakers, hospitals, hospital equipment, wards,

and intensive care units (ICU). Furthermore, factors that contribute to the interaction

of the agents include infection rate, recovery rate, reproduction number, algorithmic

hyperparameters, algorithmic operations, numbers of confirmed, recovered, death

cases, the intensity level of the lockdown, ICU occupancy rate, ward occupancy rate,

individual risk predictor, and individual features (such as immune strength).

3.3.2 Discrete Event Simulation

Discrete event simulation (DES) is a tool for simulating the process and performance

of a real-world event [41]. It has been applied in different fields including health,
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networks, and capital investment [42]. In addition, researchers have used DES to

simulate complex real-world problems [42], [43].

The functionality of a DES involves representing a system as a sequence of asyn-

chronous processes [43]. The events can be hospital admission, patient stay in hos-

pital ward or intensive care unit (ICU), patient discharge from hospital, and patient

transfer to another hospital [42]. Throughout simulation events, DES assumes a sta-

ble system environment [44]. The entities (objects that move within the system),

resources (items required to trigger an event), and events (processes of the object)

are the typical components of a DES system [43].

The architecture of the discrete event simulation presupposes that the simulated

system changes at distinct points in simulation time. The simulation system is asyn-

chronous, implying that it does not operate on a perpetual clock but on simulation

time intervals [42].

Our analysis adopted a DES paradigm, with the patients modeled as a separate

unit with related features which might change based on the simulation constraints.

The entire DES approach involves: the arrival of infected patients at the hospital,

admitting a patient to a ward or ICU (depending on disease severity), estimating

the time of arrival, estimating treatment time, survival probability (based on factors

such as individual risk predictors), estimating the number of treatment resources,

and categorizing the patient as either dead or recovered.

The DES has an event queue and allows complex decision logic to be introduced

in the simulation process, which is not always possible with other types of simula-

tion approaches [41]. In addition, DES enables us to test different “what-if?” condi-

tions during result analysis.

3.3.3 Trade-Off: Discrete Event Simulation, and Agent-Based Modeling
and Simulation in Epidemiology

The ABMS and DES are two commonly used techniques for simulating complex

real-world events [34], [35]. Our study shows that DES functionality is constructed

in a top-down strategy. The top-down strategy by the DES allows for a less complex

model construction and evaluation with a lower computational budget. Contrary,

the functionality of ABMS is constructed on a bottom-up design, which enhances

the communication between agents and the simulation environment [18].

A comparative study of ABMS and DES reveals that for pandemic simulation,

ABMS requires larger computing resources than DES [44]. Therefore, we considered

the use of DES and a surrogate as a substitute for ABMS to reduce computational

costs while maximizing results.
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3.4 Surrogate Optimization Through Genetic Algorithm

3.4.1 Background

Nature has been the source of inspiration for many human innovations. Artificial

Neural Networks and Genetic Algorithms are two examples of these innovations

[26], [45]. Genetic Algorithm (GA) is a type of evolutionary algorithms (EA) [26].

The GA decodes the actual or suggested solution to a problem and then applies a

recombination operator to the data to preserve critical features of the solution.

Genetic Algorithms (GA) are search-based and meta-heuristic algorithms that

function on natural evolution and genetic principles [26]. Holland J. at Michigan

University, United States of America, was the first to introduce Genetic Algorithm

(GA) to the research field in the 1960s and 1970s [41]. The search ability of GAs

is based on evolution process by initiating the search with a random set of solu-

tions and producing successive generations as results. Genetic Algorithms (GA) are

usually regarded as function optimizers and are applied to a different form of appli-

cations.

In GA’s, the survival of the fittest or a natural selection mechanism represents

the core principle guiding its search-selection operation [41]. Since the operation of

GA is similar to the concept of solution evolution by forming generations of solution

populations, it requires a fitness function as a decision component [45]. The GA is

well-suited for searching solutions with high complexity, which frequently involve

discrete, large, and non-linear features. However, while GA does not guarantee an

absolute optimal solution, the findings of GA are near the global optimum in the

search space [43].

An individual represents a member of the solution to the problem to be evalu-

ated and resolved [16]. Predefined rules governs the optimal selection of the fittest

individuals from a population for each generation [26]. The selection process begins

with the starting population and continues until the selection function reaches a ter-

mination criteria. The pseudo-code illustrating the step-wise implementation of GA

is presented in Figure 1.

Basic features included in the structural formation of the GA contribute to clas-

sifying GA as heuristic optimization, and generate-and-test optimization algorithm

[16], [26]. The key structural features of GA are individual representation, evalua-

tion of fitness function, population, survivor selection technique, gene, chromosome,

parents selection mechanism, parents variation operators, mutation, and recombina-

tion [16], [43]. In the current research, the state-of-the-art (SOTA) operation of the

GA is described as (1 + (ϕ, ϕ)). Here, the crossover ϕ is applied to increase the mo-

mentum of searching the hyperparameter space and filtering the run-time analysis

to optimize the upper bound of the search result [16], [43].
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Algorithm 1 Pseudo Code for Genetic Algorithm

Parameter Definition
1 < N < ∞, n > 0, Xbest;
SELECT(α), RECOMBINE(β), MUTATE(γ);

BEGIN
INITIALIZE population Xn with random solution
EVALUATE each candidate Cn of the population
REPEAT UNTIL (TERMINATION CONDITION is satisfied)
for i = 1 to N do

(1) SELECT parent as PnBest (i.e, α(Cn))
(2) RECOMBINE pairs of PARENT as Sn (i.e, β(PnBest))
(3) MUTATE the resulting offspring as R0 (i.e, γ(Sn))
(4) EVALUATE new candidate as Ĉn (i.e, R0(o f f spring))
(5) SELECT individuals for next generation
if Ĉn is better than Xn then

UPDATE Xbest with Ĉn
end if

end for
RETURN the best solution Xbest
END

3.4.1.1 Notion Guiding Natural Selection by the Genetic Algorithm

The natural selection process of the GA begins by identifying the fittest individuals

from a population sample. The selection is based on defined condition(s) within the

simulation system. The selected fittest individuals produce offspring with natural

characteristics inherent in their parents, which are then transferred to the succeed-

ing generation to produce another population. If parents of an offspring selection

are fitter, the generated offspring will have a better chance of being picked as the

fittest individual. This process is repeated until the fittest individuals are identi-

fied from a generation, or the predefined termination conditions are satisfied. The

flowchart in Figure 3.2 illustrates the functional phases of the GA before terminating

its operation.

3.4.2 Phases of Genetic Algorithm Operation

The application of GA is an important phase in optimizing the surrogate. The five

(5) functional phases involved in implementing the Genetic Algorithm are outlined

below. The phases explored by GA are initial population, fitness function estimation,

selection, crossover, and mutation. Depending on the type of surrogate’s problem,

each phase may include a sub-unit.
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Start

Generate a population of chromosomes of size N:
X1,X2,...,XN

Stop

Calculate the fitness of each chromosome:
f(X1),f(X2),...,f(XN)

Select a pair of chromosomes for mating

With crossover probability p0, exchange part of the

 two selected chromosomes and create two offspring

With the mutation probability pm, randomly change 
the gene values in the two offspring chromosomes

Place the resulting chromosomes in the 
new population

Is the size of new 
Population equal to N?

Replace the current chromosome population 
with the new population

No

Yes

No

Yes

FIGURE 3.2: Flowchart Showing Operation of Genetic Algorithm [17]

3.4.2.1 Initial Population

The GA’s process begins with a population, which is a collection of randomly gener-

ated individuals. Each individual represents a solution to the optimization problem

we want to solve. Genes are a set of characteristics or factors that are unique to each

individual. To generate a distinct chromosome, genes are arranged into a single

string (or solution). The genes are encoded into chromosomes with binary repre-

sentation, which subsequently produces the population in which GA acts upon as

shown in Figure 3.3.
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Population

0 0 0 0 0 0 0X1

1 0 1 1 0 1 1X2

1 0 1 0 0 1 0X3

Gene

Chromosome

FIGURE 3.3: Population Distribution of Genetic Algorithm

3.4.2.2 Fitness Function

The fitness function determines the inferential quality of a model [26]. It determines

whether a model will converge to an optimal result or not. The GA performs best

at stronger fitness levels. There are two primary types of fitness functions in GA

optimization. The first type is a static fitness function, which optimizes using a de-

fined set of test cases. The second category is a mutable fitness function, which is the

coexistence of a sequence of test cases in the search space [46].

The computational field and problem dynamics in which GA will be explored

determines the fitness function to be considered. For example, the Pareto fitness

function developed to address a multi-objective optimal design concept, as shown

in Equation 3.1 uses the maximin function as the fitness function [46].

F(xi) = max
j 6=i;j∈Q

[
min

l≤g≤h

{
fg(Xi)− fg(Xj)

}]
(3.1)

where f (xi) represent fitness of the ith design, Q represent independent point

in the current population, and j, l, g, h represents specific data points in the search

space.

3.4.2.3 Selection Technique

In GA’s optimization process, selection is the method of identifying the fittest genomes

(or parents) in a population sample to transmit their genetic features to the next gen-

eration through a crossover operator. The fittest genomes are chosen based on their

estimated fitness score in relation to a defined reference. The following are the key

methods for implementing the selection process by the GA:



Chapter 3. Overview of Research Framework 27

(I) After evaluating the fitness function for each individual in the population, a

fitness value is assigned to the individual. Then, the fitness value is standard-

ized to ensure that a uniform aggregate value is obtained throughout the pop-

ulation. To normalize a fitness value in the search space, an individual fitness

value is divided by the total fitness values.

(II) We compute the accumulated normalized fitness values for each individual in

the population by summing the individual fitness value and the fitness values

of all previous individuals. A hypothesis to ensure that the normalization pro-

cess is successfully executed recommends that the cumulative fitness value for

the last individual in the population must be equal to one (1), else the normal-

ization procedure is inaccurate and will be repeated [41].

(III) The GA selects a real number p at random between 0 and 1.

(IV) The selected individual must have an accumulated normalized value n greater

than or equal to p, i.e. n ≥ p.

The GA uses different techniques in its selection process, such as fitness propor-

tionate, roulette wheel, Boltzmann selection, stochastic sampling, steady-state selec-

tion, elitism selection, and tournament selection [16], [41]. The stochastic sampling

technique was considered in this study, and is implemented by random selection of

individuals in a generation. Next, the fitness score for the selected individuals is

computed, and the individual with highest fitness score is finally selected [26], [47].

3.4.2.4 Crossover Operation

Crossover, also known as recombination in Evolutionary Algorithms (EA), is a ge-

netic operator used to blend the genetic features of two selected parents in a popula-

tion to generate a new offspring [41], [48]. It is the most important stage of the GA’s

operation. The new offspring generated through crossover are mutated before inte-

gration into the population. The mutation procedure will be covered in later section

of this dissertation.

Various algorithms in evolutionary computation captures genetic information

using different data structures, allowing genetic representation to be merged with

various crossover operators [17]. Data structures that can be merged with crossover

operators are often vectors of real values and bit arrays [41]. The GA stores the

genetic features in a chromosome encoded by a bit array.

The crossover technique for bit array is a good representation of the genetic re-

combination process. A random crossover point p0 from the gene formation is cho-

sen to match each pair of parents in a bit array representation of the chromosomes.

Figure 3.4 is a typical demonstration of the crossover procedure. In this example,



Chapter 3. Overview of Research Framework 28

we assumed that the crossover point was on gene four (4). Next, new offspring are

produced from the crossover operation by exchanging their parents’ genes until a

crossover termination level is reached.

0 0 0 0 0 0 0X1

1 1 1 1 1 1 1

Crossover Point

Original Population

0 0 0 0 0 0 0X1(c)

1 1 1 1 1 1 1

Original Population

1 1 1 1 0 0 0X(offspring)

0 0 0 0 1 1 1

New Offspring

Crossover Operation

Generate 
New Offspring

FIGURE 3.4: Representation of Crossover by Genetic Algorithm [17]

3.4.2.5 Mutation

Mutation is one of the genetic operators that functions by adding new character-

istic features to the genetic search space in an evolutionary sense [47]. Mutation

helps other genetic operators avoid feature loss[41]. For example, it prevents chro-

mosomes from exhibiting many similarities in their features. The mutation operator

exhibits different characteristics in a population sample during the GA’s operation,

especially when population features are static because of crossover reiteration and

reproduction operators [16], [41].

One of the major impacts of mutation is that it handles variations in individual

chromosomes when compared to their parents. Mutation operates on a bit-array

level by copying values from one string to another with transferable mutated bit

features [41]. However, the mutation probability (pm) is typically a small value.

Empirically, the type of mutation operator used is determined by the environ-

ment in which the Genetic Algorithm functions. For example, every population

contains several mutation operators for different genomes. The following mutation

operators are applicable to different fields of Genetic Algorithm’s operation: swap,

interchanging, bit flip, creep, reversing, scramble, random resetting, uniform, inver-

sion, and insert mutation [17], [41]. The typical mutation processes of the Genetic

Algorithm is depicted in Figure 3.5.
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FIGURE 3.5: Typical Mutation Process of the Genetic Algorithm [17]

3.4.2.6 Termination Operation

The Genetic Algorithm terminates when the population converges (that is, it does

not produce different offspring from the preceding generation) [16], [26]. The final

implementation phase of a GA is the termination phase, which is determined by

different factors.

In general, GA stops its operation when newly produced populations converge

to a point in the search space [26]. The convergence indicates that the characteristics

of GA’s new offspring are not significantly different from those of previous gener-

ations. Typically, the termination operation of GA occurs when, but is not limited

to:

• A predefined termination criteria has been satisfied.

• An individual solution in a population reaches a certain degree of fitness.

• A defined number of generations have been completed.

• There is consistency in the features of new offspring and subsequent popula-

tions, and will not provide better result, that is, population variation features

fade to a diminishing point.

3.4.3 Convergence Metric of Genetic Algorithm

The Genetic Algorithm (GA) is a stochastic search algorithm. More particularly, de-

pending on the complexity of the solution space, there is no certainty that the GA

will uncover the absolute solution to the problem description [26]. Thus, it is re-

alistic to assume that the GA converges to a mean value after exploring the search
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space [16]. The mutation operator is one of the core components that contribute to

the convergence dynamics of the GA [17], [47]. In essence, the convergence of the

GA to a global optimum can be expected if it has been running for a long time and

acted upon by a mutation operator.

Computationally, there is an average upper limit on the maximum iterations re-

quired for the GA to reach convergence [16]. In general, the upper bound value

decreases as the population size in the solution space increases. Researchers demon-

strated this by proposing and exploring convergence assumptions that apply to their

optimization problem [41], [47].

3.4.4 Operational Constraints of Genetic Algorithm

The Genetic Algorithm considered as a universal optimizer for solving optimization

problems has certain constraints [16], [41]. Some of which are listed below:

• Efficient modeling of the objective fitness function is quite challenging. As a

result, using GA to represent complex problems may demand prolonged time

and high computational requirements, both of which may be unsuitable for

analysis.

• When modeling and optimizing complex problems with the GA, identifying

a point when a global optimum has been attained may be challenging. One

major reason for the challenge is that, while successive generations may attain

high fitness values, they can be misinterpreted as a global optimum, resulting

in a skewed optimization result [41].

• Developing GAs to solve an optimization problems with binary values only

(e.g., success or failure, as in the decision tree) may be challenging, because

there is no convergence condition for such optimization design [17].

• In several optimization problems, the GA exhibits biased solutions towards

converging to local optima rather than the global optimum of the problem

specification. Therefore, GA cannot substitute short-term fitness for long-term

fitness solutions.

3.4.5 Applications of Genetic Algorithms

The Genetic Algorithm has been widely applied to different areas of research and

in different domains of knowledge [26], [41]. It has become one of the sought-after

tools used by researchers for optimizing models [26]. Some of its application ar-

eas involves machine learning, multi-modal optimization, engineering, finance, eco-

nomics, process scheduling, wireless sensor network, and natural science [16], [41],

[47]. The key vocabularies used in Genetic Algorithm is presented in Table 3.2
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TABLE 3.2: Vocabularies Used in Genetic Algorithms

Vocabulary Description

Genes (bits) Unit part of a solution

Alleles Values of genes

Locus Location of a gene

Genotype Encrypted solution

Phenotype Decrypted solution

Chromosome(individual, string) Solution (coding)

Population Collection of solutions

An overview of the relationship between the operation of Genetic Algorithm and

simulation experiment is presented in Figure 3.6.
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FIGURE 3.6: Overview of the Relationship Between GA and Simula-
tion Development

3.4.6 Underpinnings of Genetic Algorithm

Evolutionary Computation (EC) is an advanced modeling discipline with several

techniques and processes, where a well formed modeling framework is subjected to

complexity [16], [41]. Therefore, different high-level EC libraries have been devel-

oped to provide answers to complex computational problems.
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This study explored the deep learning framework, heuristic machine learning

approaches, and statistical models. One of the key goals of this study was to confirm

that the surrogate is calibrated to give a good solution. The optimal hyperparameter

calibration of the surrogate model influences surrogate quality. We adopted the Ge-

netic Algorithm (GA) as a framework for optimizing the deep learning architecture.

We used the GridSearch technique with a 10-fold cross-validation parameter search

to enhance the performance of the heuristic model. To arrive at the optimal hyper-

parameter values for other forecast models explored in this study, we analyzed the

internal features of the models.

Our study explored Distributed Evolutionary Algorithm in Python (DEAP) frame-

work, which is one of the derivatives of the Genetic Algorithms and relates to Evo-

lutionary Computation (EC).

The Distributed Evolutionary Algorithms in Python (DEAP) framework is a tool

created and built on the Python programming language which researchers embrace

to create advanced Evolutionary Computation systems [49]. DEAP1 framework fo-

cuses on providing functional tools for accelerated evolutionary algorithms, with a

clear implementation process (i.e. in pseudocode).

The DEAP architecture is also notable for its emphasis on code simplicity and

compactness, which attracted our attention to its implementation as the evolution-

ary optimization engine. One of the primary strengths of DEAP architecture is

that it provides transparent parallel processing in optimization process [49], [50].

Researchers use different novel techniques in DEAP to solve real-world problems.

They considered DEAP to be a useful tool in the optimization process [50]. The gen-

eral architecture and core modules of DEAP algorithm is illustrated in Figure 3.7.

3.4.7 Implementation Analysis of DEAP Architecture in Our Study

The core internal architecture of the DEAP framework in our study comprises three

major parts: the base, creator, and toolbox module.

The base module contains data structures and objects extensively used in Genetic

Algorithm computation; however, it has not been implemented in the Python official

library [50]. The creator module enables the formulation of classes in real-time (or

run-time) using composition or inheritance features. As a result, user-specific GA

functionality may be activated by dynamically adding functions and data as argu-

ments to pre-existing classes. In practice, the creator module assists in generating

populations and genotypes from different data structures encountered throughout

the optimization experiment [50].

1Freely available at: https://deap.readthedocs.io/ and http://github.com/DEAP/deap
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FIGURE 3.7: Core Architectural Modules of DEAP [49]

The toolbox module is a container for the operators (or tools) used to simulate

the genetic operation of the DEAP framework [49]. During implementation, we pop-

ulated the toolbox with useful computational DEAP tools. Furthermore, the DEAP

framework uses Distributed Task Manager (DTM) in the implementation process to

create and allocate sub-tasks among different internal modules [50].

During DEAP implementation, we represented individuals in a population as

a Bernoulli randomly generated 10-bits string, with the first 6-bits representing the

window size optimization feature of the neural network and the last 4-bits represent-

ing neuron optimization of the neural network. The goal was to maximize the pre-

diction accuracy of the network model while minimizing the network’s computed

Root Mean Squared Error (RMSE). The toolbox contains parameters such as indi-

vidual binary bits, mutate operator, population, select operator, evaluate operator

(fitness function), and crossover operator.

The implementation procedures of DEAP architecture in this study involve ran-

dom generation of individuals through a Bernoulli binary function generator. The

binary value generated has gene length of 10, which produces the individuals that

forms the population. Next, a crossover probability (cxpb) was applied to the popula-

tion in the present generation. A random mutation probability (mutpb) was applied

to shuffle the index of the individual population, and finally, the fittest parameter is

chosen based on the pre-defined selection criteria. The selection criteria is a mini-

mum RMSE with an optimal accuracy evaluated during the GA’s iteration process.

These feature combinations are allowed to function on training data to compute the

optimal window size and neuron size to feed the surrogate neural network.

As shown in Table 4.9 and Appendix B, the DEAP implementation in our study
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has number of generations of 45, population size of 10, gene length of 10, mutation

probability of 0.1, and crossover probability of 0.3. In addition, Figure 3.8 repre-

sents the transitional process of individuals between different generations in GA as

explored by DEAP architecture.

Top
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Current Generation

Elitist 
Selection

One Chromosome
from top

One Chromosome
from entire 
population

Crossover

Mutation

Next Generation

Best

Worst

FIGURE 3.8: Genetic Algorithm’s Transitional Process Between Gen-
erations [49]

3.5 Epidemiology Compartmental Model

Applying compartmental model to simulate a pandemic event is a recent develop-

ment by researchers in the last decade [24], [51]. The compartmental simulation is

used to examine the transmission dynamics of infectious disease in a population

sample N. The complexity level of the disease determines the compartmental model

settings required to extract insight of the disease spread dynamics and to evaluate

required control strategies.

The SEIR model is an early development of the epidemiology mathematical com-

partmental model, which was developed by public health physicians (R.A. Ross,

A.G McKendrick, W.H Hamer, and W.O, Kermack) and supported by the statisti-

cal contribution of J.Brownlee between 1900 and 1935 [52]. Compartmental models

have been extensively applied as an efficient tool to simulate disease infection rate,

and associated dynamics [51], [53].

Our study explores the epidemiological compartmental model by grouping ho-

mogenous populations into four different compartments, namely, susceptible (S),

Exposed (E), Infectious (I), and Recovered (R). Individuals in a population with a

function of time t can be categorized as susceptible S(t), exposed but not infectious

E(t), eventually infectious I(t), or recovered (otherwise immune) R(t). The SEIR
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model has been applied to simulate population groupings of different infectious dis-

eases such as Ebola, Dengue, Flu, and Measles [54], [55]. Categorizing individuals

into various compartments considers the relationship between the compartments

and the transition of individuals to next compartment.

Our research covered the compartmental simulation of the COVID-19 pandemic.

During SEIR simulation process, we ensure that there is no flow of new susceptible

individuals. Therefore, the number of infectious population diminishes to zero over

time. During a pandemic, one of the primary difficulties of interest to policymakers

and public health practitioners is identifying the severity level of the disease in the

population, which guides the formulation of disease prevention policy.

These concerns can be further subdivided to ask how long the pandemic would

last. How many individuals in the population will be affected by the disease and

need treatment? What is the average maximum number of individuals requiring

urgent treatment at a given time t? We provided applicable solutions to resolve

these concerns by developing a compartmental model to group population based

on transmission dynamics.

3.5.1 SEIR Compartmental Model Simulation Process

We assumed that the dynamics of COVID-19 disease transmission are deterministic.

Therefore, the population’s behavior depends entirely on the historical response to

the pandemic and the rules governing the simulation function. We also assume that

the number of individuals in a compartment is a differential function of time t while

defining the internal components of each compartments of the model. In addition, at

the inception of a pandemic, there are few infectious individuals in the population,

and the transmission rate is mostly regulated by random interactions between the

non-infectious and infectious populations. We considered these interaction dynam-

ics during SEIR model development.

The time t is an independent variable in the SEIR model development. We math-

ematically expressed the rate of population movement within compartments as a

time derivative. As a result, estimating the duration of stay of individuals in each

compartment is based on using ordinary differential equations [56]. To develop

COVID-19 compartmental transmission simulation, we ensured that our assump-

tions were valid (through research) regarding the determining factor that drives the

rate of flow of individuals between the compartments. Simply stated, we built a

mathematical expression in the simulation that relates the infection rate with the

recovery rate in the compartmental simulation as expressed in next paragraph.

Next, we implemented the assumptions concerning infection dynamics, referred

to as the mass action frequency [57]. According to the mass action frequency hy-

pothesis, the rate at which a disease expands in a population is jointly proportional
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to the product of susceptible persons S and infected individuals I. Therefore, taking

r as a numerical constant and the degree of new infection as C, we can express the

law of mass action frequency as:

C = rIS (3.2)

To demonstrate the law of mass action frequency, suppose a population of size

N, with an individual average contact rate of δN which is sufficiently assumed to

transmit infection in time t. Then, computing the probability of a spontaneous con-

tact of an infectious individual with a susceptible individual is given as S/N. Fur-

thermore, computing the rate of new infections in unit time per infectious individual

is estimated as (δN)(S/N). Therefore, we are able to generate new infection rate in

the population as δSI = (δN)(S/N)I.

Conversely, the probability of a susceptible individual interacting with an in-

fected individual is I/N. As a result, the degree of new infections in the susceptible

population is given as (δN)(I/N), and the rate of new infection in the population

is δSI = (δN)(I/N)S. It is worth noting that both mathematical methods described

above are for estimating the magnitude of new infections in a population during

a pandemic. Essentially, different compartment structures have unique complexi-

ties. These complexities determine the different accuracy levels of estimating new

infection rate. Figure 3.9 illustrates the operational transition diagram of the SEIR

architectural structure.
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FIGURE 3.9: SEIR Compartmental Population Transfer Diagram [57]

In Figure 3.9, the total population is grouped into the susceptible, exposed, infec-

tious and recovered partitions, represented by S(t), E(t), I(t), and R(t) respectively.

The birth rate and mortality rates are assumed to be equal and are symbolized by

b. Furthermore, the disease is not expected to lead to the death of the starting in-

dividual in order to sustain the overall population density, that is, S(t) + E(t) +
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I(t) + R(t) = 1. Furthermore, the expression expresses the bi-linear mass action

of the compartment’s operation as shown in Equation 3.2. The variables p and q re-

spectively measure the proportion of new offspring from the infected and exposed

compartment.

The birth flow of individuals into the susceptible compartment is denoted as

b− pbE− qbI, while the birth flow of individuals into the exposed compartments is

represented as pbE + qbI. Generally, for proper compartmental modeling operation,

the conditions 0 ≤ p ≤ 1 and 0 ≤ q ≤ 1 must be satisfied. The compartmental trans-

fer diagram illustrated in Figure 3.9 is the Euler differential equations for simulating

the SEIR model represented by Equation 3.3.



S
′
(t) = b− rIS− pbE− qbI − bS Susceptible compartment

E
′
(t) = rIS + pbE + qbI − (ε + b)E Exposed compartment

I
′
(t) = E− (γ + b)I Infectious compartment

R
′
(t) = γI − bR Recovered compartment

(3.3)

Further, we investigate Equation 3.3 in the following numerical field:

Σ = {(S, E, I, R) ∈ R4
+ : S + E + I + R = 1}

We observed that Σ is positively even in Equation 3.3. The variable ε > 0 rep-

resents the rate at which exposed populations becomes infectious. Likewise, γ ≥ 0

represents the recovery rate of infectious individuals in the population. Therefore,

we express 1/ε to represent the mean incubation period or the latent period, and

1/γ to represent the mean infections. If γ = 0, it indicates that there is no recovery

from the disease and Equation 3.3 reduces to a Susceptible, Exposed, Infectious (SEI)

model.

Likewise, if ε tends towards infinity, (i.e. ε −→ ∞), then latent period is insignifi-

cant, which reduces Equation 3.3 to a Susceptible, Infectious, Recovered (SIR) model.

Also, if p = q = b = 0, then Equation 3.3 translates to a classical SEIR model. These

claims have been proven in a studies of by Greenhalgh et al. [55] and Hethcote et al.

[56].

The SEIR simulation derived a cardinal reproduction number R0(p, q) which de-

termines the overall dynamics of Equation 3.3. Reproduction number2 is the number

of secondary occurrences produced by an infectious individual in a susceptible pop-

ulation during an pandemic. R0 is dimensionless with a unit of time−1[51], which is

mathematically expressed as:

2Evaluating the rate at which an individual at the infectious stage of disease produces another
infectious individual in a closed population.
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R0 ∝
( contact

time
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( time
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More clearly:

R0 = ρ.d.τ

where ρ represents the average contact rate between susceptible and infected

individuals in a closed population, τ shows the disease transmission probability3,

and d is the duration which an infectious individual manages an infection.

3.6 Design Study for Machine Learning Forecasting

Machine learning is the engineering approach where computer systems observe pat-

terns and learn from past occurrences [58]. A system’s learning function is regarded

as its ability to improve on a task T based on experience E, with respect to a perfor-

mance metric P, to generate intelligent predictions about the observed pattern [58],

[59]. A task can be a COVID-19 forecast, a crime rate forecast, or anything else mea-

sured using prediction accuracy like the root mean square error and the experience

represented by the historical dataset.

More specifically, the machine learning field is concerned with solving two re-

lated questions, which are. (1) How can computer systems be engineered to enhance

their operation through experience? and (2) What are the fundamental statistical and

computational information rules governing the learning system? Analytical study

of the machine learning approach is required to answer the posed questions.

The sub-sections below describes the machine learning frameworks that were ex-

plored in this study. They consist of Neural networks (subsection 3.6.1), regression

(subsection 3.6.4), decision tree (subsection 3.6.4.2), and kernel (subsection 3.6.3) ma-

chine learning methods.

3.6.1 Neural Networks

Neural networks (NN) are mathematical and computational models that process

information using a learning paradigm similar to brain structural formation [59].

Neural networks (NN) are showing great strides in time series forecasting [60]. In

addition, NN does not require accurate data-assumption conditions before being

applied, and also can efficiently simulate imperfect or incomplete datasets [60].

3The probability of a susceptible individual getting infected when contact is made with an infectious
individual.
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3.6.1.1 Recurrent Neural Network

Recurrent neural networks (RNNs) are very effective and persistent information

models for addressing complex tasks [59]. They are a type of neural networks that

adequately represent data sequences using an internal memory structure [59]. The

fundamental architecture is similar to feed-forward neural networks (FFNNs), with

feedback loops connecting current and previous results [45], [59]. RNNs structural

formulation includes an input gate, a hidden layer, and an output gate.

Kumar et al. [22] and Ella et al. [45] demonstrated that RNN could accurately

forecast COVID-19 transmission trends by using the long short-term memory (LSTM)

network, a variant of RNN. Their analysis also indicates that the neural model out-

performs the statistical ARMA and ARIMA models.

Figure 3.10 illustrates the structural component of the RNN, showing the hidden

layer transferring information from one input unit to the other in the network se-

quentially. Wx represents the weight for the hidden layer, Wy is the weight vector

for the output layer, and Wh represents weight vectors at different time intervals.

The input and output vector at time t are denoted by xn and yn respectively, and the

activation function represented by hn.
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FIGURE 3.10: Schematic Diagram of the Recurrent Neural Network
Architecture [61].

The operation of the hidden layer at timestamp t for RNNs is computed with

h(t) = f (ht−1, xt), where the present state, previous state, and input state are repre-

sented by ht, ht−1, and xt respectively. Likewise, the operation of the output layer

at timestamp t is computed as y(t) = Why.ht, where yt is the output and Why is the

weight at output layer.
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Our study explores multilayer Perceptron (MLP), and two RNNs, the Long Short-

Term Memory (LSTM), and Gated Recurrent Unit (GRU). They are described below.

3.6.1.2 Long Short-Term Memory Neural Network

Long Short-Term Memory (LSTM) is a variant of RNN that is used to adequately

represent the temporal sequence of data to determine long-term dependencies [22].

LSTM has been applied to various labeling and sequence prediction tasks. The three

major gates in the architecture of LSTM are input, forget and output gate. LSTM

operates by mapping an input sequence xi = (x1, x2, ..., xn) to an output sequence

yi = (y1, y2, ..., yn) by evaluating the network activation function.

A study conducted by Kumar et al. [22] revealed that LSTM networks could ac-

curately forecast the COVID-19 transmission rate. Their study demonstrated that

LSTM provides a notable improvement in forecast outcomes in comparison to tra-

ditional forecasting approaches. In our study, we stacked four (4) LSTM layers in

our LSTM implementation. Furthermore, to avoid model overfitting, we introduced

a dropout layer between the stacked layers. Finally, we added early-stopping con-

straint to the LSTM architecture to terminate the training process whenever the val-

idation metrics converges.

3.6.1.3 Multilayer Perceptron Neural Network

The Multilayer Perceptron (MLP) neural network, commonly known as the feed for-

ward neural network (FFNN), is the core of contemporary neural network architec-

ture. They are neural network types in which information flow is transmitted in a

forward direction from the input node to the output node [61]. The main goal of

MLP is to estimate a predictor function f , that relates an input vector x̃ to a out-

put variable y, (i.e. y = f (x̃)) [59]. MLP allows nonlinear correlation between data

features to be accurately modeled, which is dominant in the COVID-19 datasets.

Rikz et al. [45] conducted a study that established the strength of MLP to forecast

COVID-19 transmission patterns. They integrated a multilayer feed forward neural

network with an enhanced interior search algorithm based on probabilistic learning

to improve the model performance [45].

3.6.1.4 Gated Recurrent Unit

For sequence learning tasks, the Gated Recurrent Unit (GRU) uses a network archi-

tecture similar to LSTM. Unlike LSTM, GRU has only two gates, which are the reset

gate and the update gate. GRU can solve the concerns of gradient expansion and

vanishing inherent in traditional RNNs while still learning long-term dependencies
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[62]. Additionally, compared to LSTM, the operation of GRU is less complex and

faster for training and task execution [61].

3.6.2 Neural Network Activation Functions

Given a set of inputs to the neural network, then the activation function, also termed

the transfer function, is used to regulate a network node’s output. The activation

functions applied for model development are determined by the type of problems to

be analyzed. Some of neural network’s activation functions include hyperbolic tan-

gent (tanh), exponential linear unit (ELU), leaky rectified linear unit (Leaky ReLU),

softplus, and sigmoid shrinkage [62]. Our study considered the ReLU activation

function for the neural network models.

3.6.3 Kernel Methods - Support Vector Machine (SVM)

Support Vector Machines (SVMs) are supervised machine learning algorithms that

have demonstrated success in classification (using pattern recognition) and regression-

related tasks [63]. In the past, using SVMs for computational tasks was supported

by factors such as (1) Whilst other machine learning techniques, such as ANN, con-

verge to local minima, SVM solutions converge to a global optimum. (2) Rather than

minimizing the training error, SVMs will minimize the upper limit of its model’s

general performance, making it more efficient with good generalization results. (3)

SVM has Convex optimization feature to achieve optimal results [64], and (4) Out-

liers in datasets have less influence on SVM output. Additionally, SVM is efficient at

dealing high dimensional data [63], [64].

SVMs operates by dividing data into two distinct classes using a hyperplane as

demonstrated in Figure 3.11. The data points in the training set can be classified as

belonging to either of the two split classes. Essentially, SVMs split data points into

classes to construct an optimum hyperplane that maximizes the distance between

the data points and the hyperplane.

3.6.4 Regression Model for COVID-19 Forecasting

A regression model is a type of modeling technique that analyses the relationship

that exists between a predictor variable and a target variable [65]. It has been applied

in different computational disciplines, such as time series and forecasting studies

[65], [66]. Typically, a regression model has an intercept a, slope of the regression

line~b, independent variable x, and an error term ε. Mathematically, we present the

multi-linear regression model (explored in this study) by:

y(xi) = a + b1xi−1 + b2xi−2 + ... + bnxi−n + ε (3.4)
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FIGURE 3.11: Schematic diagram of Support Vector Machine [63]

A study by Zhenyu et al. [65] has demonstrated the use of regression models in

COVID-19 forecasting. They considered linear regression, Lasso, multi-polynomial,

and multi-linear regression model for their prediction to guide in hospital capac-

ity planning and policy implementation to mitigate the disease transmission in the

United States of America. Our study also implemented the linear regression model

with implementation details discussed in Chapter 4.

3.6.4.1 Support Vector Regression

We applied support vector regression (SVR), a sub-model of SVM for prediction task.

Further, as demonstrated in Equation 3.5, the implementation of an estimator func-

tion (ε− sensitivity) is essential, and is considered for modeling SVM’s regression

task.

Lε(xi) =

0, i f |yi − f (xi)| ≤ ε, ε ≥ 0

|yi − f (xi)| − ε, else
(3.5)

where f (xi) is the predicted values, yi is the observed values, and ε is the error

estimate.

The error estimator function for SVR as proposed by Nesreen et al. [67] is il-

lustrated by f (x) = ∑M
n=1(α

∗
m − αm)xTx + b, where the Lagrange multipliers are

represented by αm and α∗m, the bias term is denoted by b, and the input values are

represented by x.

Lagrange multipliers are significant for error estimation because SVR is applied
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to solve constraint optimization problem [63]. Lagrange multipliers works by intro-

ducing a random variable into the model architecture [63], [67]. In essence, mini-

mizing the loss function J = C ∑M
n=1 |Lε(xi)|+ 1

2 ||w||2 resulted in optimization of the

error estimation function [67].

The work of Suvarna et al.[66] demonstrated how SVR is effectively used to pre-

dict the transmission dynamics of COVID-19. They compared the result obtained

from SVR with the neural networks, and they achieved a similar result.

3.6.4.2 Random Forest

Random forest (RF) is one of the modern models that have been used for classifi-

cation and regression analysis [68]. The random forest regressor (RFR) is a vari-

ant of the RF. It addresses regression problems by generating multiple decision tree

branches during model training [64], [68].

Implementing RFR in our research experiment as one of the surrogates also re-

sulted in high performance of ADRIANA system, especially when optimized. Due

to the similar model design of the RFR and DTR, we also considered the decision

tree regressor (DTR) in our study. We configured the parameters required to fit the

datasets for both models. The tree (in RFR and DTR) represents their structural en-

vironment, mathematically illustrated in Equation 3.6.

y(xi) =
1
H

H

∑
n=1

Tnxi (3.6)

where H specifies the number of trees in the forest, Tn represents individual trees

in the forest.

3.7 Time Series Models for COVID-19 Forecasting

Different studies on COVID-19 research have also examined the use of statistical

techniques to forecast the transmission patterns of the disease, as highlighted in

Chapter 2. However, the emergence of the pandemic disease shows a specific pattern

in datasets that models should decode to give an effective forecast. For the COVID-

19 prediction, time series models such as the Auto-Regressive Integrated Moving

Average (ARIMA), Auto-Regressive Moving Average (ARMA), Auto-Regressive (AR),

and Moving Average (MA) have been explored by researchers. However, these time

series models were shown to be based on presumptions, causing their inability to

accurately forecast transmission pattern of COVID-19 [13], [24].

We considered ARIMA and AR time series models to forecast the COVID-19

transmission pattern. We observed the degree of performance of time series model
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in our research. Despite formulating these time series models with the best param-

eter calibration, they did not give optimal prediction performance and could not

correctly fit the data compared to other machine learning models that we explored.

Kumar et al.[22] conducted an investigation that predicted the transmission wave

of COVID-19 in Canada using LSTM neural networks and ARMA time series model.

They concluded that time series models did not meet their expectations as statistical

results were analyzed against real-world data. The limitation of time series models

were also evidenced in the works of Cleo et al.[18] and Marta et al.[24].

The parameter values are critical part of executing the ARIMA model. The (AR)-

(I)-(MA) is made up of three parameters: p for the AR, d for the I, and q for the MA,

interpreted as follows: p is the number of previous time steps to be considered for

current prediction, d the number of times the series should be differenced to achieve

a stationary series, and q is the autoregression error estimation variable. Appropriate

statistical tools have been considered in our study to estimate the optimal p, d, q

model values, which are presented in Table 4.9 of Chapter 4.

3.8 Model Performance Evaluation Indices

A suitable model assessment approach is required to build an accurate machine

learning model. Performance evaluation is a major part of machine learning de-

velopment process. The surrogate model’s development life cycle includes unifying

the model’s components into a single unit, testing the model with new observations,

and assessing the model using set of evaluation metrics. The feedback from the

analysis will influence the model improvement until the model reaches the desired

accuracy.

In addition, machine learning performance measures how efficient the model

can correlate an input to an output. Also, it measures model’s generalization to new

observations that were absent during the model training phase [69]. Datasets were

splitted into training and testing sets to assess the accuracy of a model. Our study

used 70% of the dataset for training and 30% of the dataset for testing the surrogates,

which is consistent with the SIIMCF’s CRD cases.

To assess model’s quality, both the training and test datasets must be evaluated to

extract the error dynamics. We considered Mean Absolute Error (MAE), Root Mean

Squared Error (RMSE), and R-squared (R2) as the surrogate evaluation metrics.

Mean Absolute Error (MAE) is an estimate of the average magnitude of the

model error without considering its direction in the hyperplane [70]. MAE is com-

puted by summing the absolute difference between the observed and predicted val-

ues, and is mathematically represented by:
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(
1
n

) n

∑
i=1
|yi − n̂|, (3.7)

where n is the number of observations, yi is the observed values, and n̂ is the

predicted values.

Root Mean Square Error (RMSE) measures the standard deviation error of model’s

prediction by estimating the distance between a regression line and data points [69].

Additionally, we used RMSE for error estimation to minimize loss function in the

surrogates [62]. RMSE is mathematically represented by
√
( 1

n )∑n
i=1(yi − n̂)2, where

yi represents the set of observed values, n̂ represents the set of predicted values, and

n is the number of observations.

R-Squared (R2) measures the co-linearity between the predicted and observed

values [71]. It estimates the model accuracy by examining the estimated values be-

tween a range of 0 and 1. An R2 value closer to 1 indicate a better model fit with less

error variance between the two sets of observations (the observed and predicted val-

ues) [71]. Generally, R2 is proportional to the model accuracy. R2 is mathematically

represented as 1−SSres
1−SStot

, where SSres is the sum of squares of the residual errors of the

model, and SStot is the total sum of errors.

3.8.1 Model Evaluation Using Confidence Interval

Confidence intervals (CIs) are techniques of quantitative validation in modeling and

simulation experiment [72]. They are range of values that include a numerical con-

centration of interest [72]. The confidence level is a percentage-based evaluation

of an unknown value based on statistical similarity to standard confidence interval

values.

3.8.1.1 Confidence Interval Computation

To compute confidence interval, if we denote the lower limit and the upper limit

of a population distribution as L̃b and Ũb respectively, population mean to be `,

error margin to be τ, and critical value to be ξl . Then, we can express the CI to

be [(`− τ), (`+ τ)]. The error margin τ depends on data feature from population

distribution.

Assuming a dataset has a normal distribution and a standard deviation of σ, then

the confidence interval is computed mathematically as illustrated in Equation 3.8:

[
(`− ξl)

σ
√

η
, (`+ ξl)

σ
√

η

]
(3.8)
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Where ξl represent the critical value (obtained from statistical tables) for the pop-

ulation distribution with confidence level l, and η is the frequency of the population

distribution.

3.8.1.2 Confidence Interval Validation

In this study, we ensured high estimation accuracy of model performance. We ex-

plored eight (8) steps to compute the confidence intervals of our model results. The

steps are outlined below:

(1) We selected the output of a model variable χi for validation.

(2) Based on model execution, we computed values of model execution samples

η.

(3) We ran the model η-times, observed the output variable χi for every ith−iteration

to generate the samples χ1, χ2, χ3, ..., χn.

(4) We computed the standard deviation σ, and the mean ` of the model from the

distribution χ1, χ2, χ3, ..., χn obtained from (3).

(5) We obtain the critical value (from statistical table) ξl by examining the distri-

bution of the model output in (3), the distribution size η, and the standard

deviation σ.

(6) We obtained the confidence level c.

(7) Based on the parameters selected, the confidence interval CI was estimated by

applying Equation 3.8.

(8) We verified if the model output variable Υ was within the computed confi-

dence interval. If L̃b ≤ Υ ≤ Ũb, then the model was valid, else, the model was

invalid for population distribution χ1, χ2, χ3, ..., χn.

Illustration: Given error margin (∇), and a variable χi (i.e, point estimate), we

computed lower bound L and upper bound U of the series [χ – ∇, χ +∇] as shown

in Table 3.3. From Table 4.10, we extracted the LSTM’s forecast (as the series χi) for

confirmed cases in South Africa for day 70±5 with values from day-65 to day-75.

We used the following parameter configuration, sample size (n) is 11 with values

shown in Table 3.3, the mean (`) of the distribution (χi) is estimated as 1363.5, the

standard deviation (σ) is estimated as 421.8, error margin (∇) computed as 249, the

degree of freedom is computed as n− 1 is 10, and the critical value ξl (used for the

t-distribution to estimate the confidence level) of 0.95.
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We estimated the confidence interval as values between 1364± 249, resulting in

data points ranging from [1120 to 1610], with 1120 and 1610 being the lower bound

and upper bound respectively.

TABLE 3.3: Estimation of Confidence Interval

Day Lower Bound (L) Actual Value (χi) Upper Bound (U)

65 855 1104 1353
66 685 934 1183
67 714 963 1212
68 1053 1302 1551
69 1166 1415 1664
70 1279 1528 1777
71 1308 1557 1806
72 826 1075 1324
73 1308 1557 1806
74 826 1075 1324
75 2160 2490 2658

3.8.2 Mean Absolute Percentage Error

The Mean Absolute Percent Error (MAPE) is a good evaluation metric to estimate

the prediction accuracy of two data series [73]. MAPE is the average or mean of

predicted absolute error measured in percentage. MAPE is estimated by summing

the absolute percentage error of the two series. In essence, smaller MAPE indicates

better prediction accuracy [73].

The MAPE formula is divided into two parts, which are the M part and the APE

part. The M is the mean or average of the estimated APE values. M is calculated by

dividing the APE by the number of data points in the series. Therefore, if abs is the

absolute value, then APE is computed by:

abs(actuals− predictions)
actuals

where actuals and predictions are different data series. For example, considering

data series (actual and prediction) with four (4) data points, as shown in Table 3.4,

then the MAPE is estimated as follows:

TABLE 3.4: MAPE Computation Example

Point1 Point2 Point3 Point4 Total

Actuals 150 90 100 80 420
Predictions 130 150 90 100 470
APE 13% 66% 10% 25% 12%

MAPE 29%
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How we applied MAPE to estimate simulation (SEIR and DES) outputs in the

ADRIANA system is highlighted in Section 3.9.1 of Chapter 4.

3.9 Summary

The strategies used in this study were aimed at answering the research questions.

The following is a quick synopsis of research process to answer our research ques-

tions.

(I) Compared to using the ABMS to simulate a pandemic case, how effective are

surrogate models in estimating the future transmission dynamics of COVID-19

with a global perspective?

Our research has shown that we can use compartmental model, DES, and surrogate

model, as substitute to ABMS to forecast COVID-19 transmission pattern. The ap-

plication and interrelation of a compartmental model, discrete event simulation and

optimized surrogate significantly influenced the strength of the ADRIANA system.

Although, LSTM neural network is the benchmark model for this study, we also con-

sidered nine (9) separate models.

(II) Optimizing the surrogate hyperparameters is an essential procedure. How far

can we justify this optimization of the surrogate to drive forecasts?

The surrogate optimization gave us the best hyperparameter configuration for optimal

result of the ADRIANA system. Our study also evidenced that optimized model out-

performs an unoptimized model for prediction. In addition, we calibrated the SEIR

parameters to fit the surrogate training and test predictions before running the same

configuration for a given number of days (n).

(III) To what degree can the ADRIANA system be calibrated and its predictions

used to handle future pandemic prediction problems?

Surrogate models can be calibrated to attain a minimal loss function with improved

accuracy. The result obtained by hyperparameters configuration with minimal error

identifies the accuracy level that can be attributed to the model for prediction task.

3.9.1 Summary of the Implementation Procedures

This section provides an overview of the implementation specifics explored in our

study. It highlights the essential approaches that we applied to obtain our results.

The source code for engineering the ADRIANA system can be accessed through this

link for reproducible result.

1) We retrieved the daily cumulative COVID-19 CRD datasets for the SIIMCF

countries from the data repository of Johns Hopkins University’s Center for

https://github.com/timzzy/adriana
https://github.com/timzzy/adriana
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Systems Science and Engineering (CSSE) [18]. The datasets were uniform with

the COVID-19 cases reported by monitoring platforms such as NICD [5], WHO

[5], and International Journal of Infectious Disease [74].

2) We transformed each SIIMCF’s confirmed, recovered, and fatality case from

(1) into a time series form.

3) As stated in Section 4.6.2, the SEIR model was initialized (before tuning) with

random parameters and a starting population N. The parameter configuration

of the SEIR model was essential to avoid out-of-range values and ensure qual-

ity model simulation. The parameter configuration was consistent to produce

results that closely match the real-world datasets extracted in (1).

4) The DES fetched the infectious population from the SEIR result in (3) and sim-

ulated the patient hospitalization events from admission through discharge

or death as illustrated in Figure 4.25. We used the infectious population in

the SEIR MODEL to be COVID-19 confirmed cases. The infectious population

modeled by DES produced the number of recoveries and fatalities. We de-

veloped a lambda function in python to record the number of recoveries and

fatalities simulated by the DES.

5) We used the MAPE function described in Section 3.8.2, and illustrated by Ta-

ble 4.8 to estimate accuracy of the real-world datasets in (1) with the simulated

datasets in steps (3) and (4). Additionally, we used confidence interval tech-

nique described in Section 3.8.1 to estimate the acceptable range of values by

comparing datasets in (1), and datasets simulated in steps (3) and (4).

6) Next, we performed exploratory data analysis and preprocessed the datasets

in steps (1), (3) and (4) to a standard form to allow proper fit by the surrogate

for accurate prediction.

7) The surrogate is fitted with three types of datasets which are: (1) The real-

world dataset extracted in step 1. (2) The simulated datasets analyzed in step 6,

and lastly (3) The combination of real-world dataset and the simulated dataset

to form a multivariate input with a univariate output. The surrogate was

trained with 70% of the data, and tested with 30% of the data. The data split-

ting (into training and test) was consistent to all the three categories of datasets

used in this study. Next, the surrogate is calibrated to obtain and allocate the

best hyperparameter configurations for optimal surrogate result.

8) Next, we applied evaluation metrics on the surrogate, assessed and compared

its performance with each of the datasets described in (7). The surrogate eval-

uation results for the datasets described in (7) are presented in Chapter 4.



Chapter 3. Overview of Research Framework 50

9) Finally, we plotted the surrogate and epidemiological results graphically for

visual representation.

10) The procedures outlined in (2)-(7) were applied to the simulation experiment

of the SIIMCF countries.

The ADRIANA system is made up of the models mentioned in stages (3), (4), and

(7) as illustrated in Figure 4.30. In addition, we expanded on the ADRIANA system’s

architecture by simulating the surrogate with three dataset types as discussed in

Section 4.1. Additionally, we compared the results obtained by fitting the surrogate

with the three categories of datasets described in Section 4.1.

Note: Relating to the implementation procedure highlighted in Sec-

tion 3.9.1, and ADRIANA system architecture illustrated by Fig-

ure 4.30, the following are noted:

(1) The DES estimates number of recovered and death based on the

infectious population (I) of the SEIR model. We considered the infec-

tious population as the confirmed cases.

(2) Considering that our study is concerned with recommendation

for hospitals and government regarding COVID-19 transmission, the

SEIR and DES capabilities are significantly useful to hospitals in guid-

ing capacity requirements. For example, hospitals can estimate the

number of patients expected for ward or ICU admission in a region by

configuring DES parameters applicable to them. Likewise, the trans-

mission trend forecast of the surrogate is significantly useful to the

government to guide policy development around lockdown measure.

For example, governments can estimate when they should increase or

decrease lockdown levels based on high or low transmission pattern

of COVID-19.

(3) We can trust the ADRIANA system’s projection to estimate

COVID-19’s transmission dynamics, both for patient hospitalization

and disease transmission trend, because we carefully followed steps

(1)-(7) highlighted in Section 3.9.1.

3.10 Ethical Consideration

We do not require ethical clearance for this study, because our datasets were open-

sourced and freely extracted from John Hopkins COVID-19 data repository [2]. Through-

out the course of this research, we had no interaction with COVID-19 patients or

hospitals.
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3.11 Conclusion

This chapter provided the methodology that was explored in our study, and how

the research questions have been answered. In chapter 4, we discuss model imple-

mentation processes, and results of our study.
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Chapter 4

Results and Discussion

4.1 Introduction

The focus of this research was to establish an accurate estimate of the future trans-

mission dynamics of COVID-19 in South Africa (the catchment area of this study)

and one country from each continent. We considered South Africa (for Africa), Italy

(for Europe), India (for Asia), Mexico (for North America), Colombia (for South

America), and Fiji (for Oceania) which we represented as SIIMCF countries.

The transmission dynamics determines the hospital resource demand needed to

treat patients as shown in Figure 4.25. There are underlying objectives that must be

satisfied to achieve the goal (highlighted in Section 1.3 of Chapter 1) of this study.

The objectives of ADRIANA’s development were achieved by: (1) We used an SEIR

compartmental model to simulate and categorize population into compartment by

applying parameter estimation. (2) We used a discrete event simulation to capture

COVID-19’s patients journey in the hospital, and (3) We developed a surrogate that

can present the future transmission trend of COVID-19.

The interaction of the sub-models (described in Section 1.1 of Chapter 1) within

the ADRIANA system is illustrated by Figure 4.30. Furthermore, the implementa-

tion procedures followed in this study is summarized in Section 3.9.1 of Chapter 3.

We performed the experimental study using ten prediction models, two were sta-

tistical models and eight were machine learning models. These models were trained,

tested, and evaluated to achieve the best predictions, with the procedures illustrated

in Figure 4.1. More specifically, the long short-term memory (LSTM) neural network

model serves as the benchmark model. The next subsection discusses the research

findings as well as the procedures followed to obtain our research result.



Chapter 4. Results and Discussion 53

Problem

Definition

Model

Deployment

Data

Interpretation

Data

Preprocessing

Model

Development

Model

Evaluation

Data

Collection

 Data

Source

Result
Presentation

FIGURE 4.1: Synopsis of Model Development Phase

NOTE: The following acronyms describes the operation of the surro-

gate with the three categories of datasets:

(1) S-REAL: Represents a surrogate fitted with real-world dataset.

(2) S-SIMUL: Signifies a surrogate fitted with datasets from the SEIR

and DES simulation experimens.

(3) S-SIREAL: Signifies a surrogate fitted with real-world and simu-

lation datasets to form a multivariate solution as input and gives a

univariate series as output. It is noteworthy that the dependent vari-

able (yi) for the S-SIREAL is computed as the average of the real-world

and simulation datasets at any point i in the series.

4.2 Data Collection and Preprocessing

We explored two sources of data in this study, which are the real-world datasets and

the simulated datasets. The real-world datasets was extracted from the COVID-19

data repository by the Center for Systems Science and Engineering (CSSE) at Johns

Hopkins University [18]. The datasets contains the daily cumulative statistics of

COVID-19 confirmed cases, recovered cases, and death cases (CRD) for 191 countries

across the globe starting from January 22nd, 2020 up till April 23rd, 2021.
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The simulated dataset were obtained from the simulation experiment of the SEIR

model and discrete event simulator as described in Section 3.9.1. We performed data

preprocessing operation for the real-world and simulated datasets. Both the real-

world and simulated datasets were presented in time-series format for simulation

experiment.

4.2.1 Data Cleaning

The datasets contained the cumulative values of COVID-19 confirmed, recovered,

and death cases (CRD) in separate excel files. The applicable libraries in the python

framework1 were used to filter data for the SIIMCF countries from the excel doc-

ument. We extracted the daily CRD cases by subtracting the cumulative value of

the previous day from the current day, (i.e. daily CRD value = cumulative value of

today - cumulative value of yesterday) because we fit the surrogate with the daily

values.

From the excel files containing CRD cases, the top horizontal axis showed the

recorded date for the cases, while the successive rows contained the respective val-

ues for different countries. We transformed the datasets to a dataframe (after the

focus-country filter is applied) to ensure that both the date column and the con-

firmed, recovered, and death cases were presented on a horizontal axis. For the most

part, the dataframe functions as temporary internal memory storage for the machine

learning application framework, in which further analysis can be performed [58].

It should be noted that the CRD cases are applicable to the surrogate model as

highlighted in Section 3.9.1. Therefore, we were able to forecast the confirmed, re-

covered, and death cases for the SIIMCF countries. We initialized the SEIR model pa-

rameters before the population was grouped into compartments. Furthermore, the

starting dataset used by the DES model (to demonstrate patients’ hospitalization)

is the population in the infectious compartment of the SEIR model, as explained in

Section 3.3 of Chapter 3.

4.2.2 Missing Values

The analysis of the CRD datasets for the SIIMCF countries contains non-missing

or null values. Hence, the CRD data presentation was consistent. Furthermore,

we examined confirmed, recovered, and death cases as a distinct scenario for the

regression analysis.

1https://www.python.org/
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4.2.3 Data Transformation

Data normalization is an essential aspect of data preparation for modeling opera-

tions such as scale-up, scale-down, and numerical feature extraction [58]. Many

machine learning models require scaling to achieve their maximum performance.

However, the CRD dataset contains data points with different scales. Therefore, for

an efficient surrogate training process to learn data features, normalization is con-

sidered through scaling.

Data can be normalized using a variety of approaches, including Z-score, deci-

mal scaling, min-max scaling, and integer scaling [75]. We considered the min-max

scaling technique. The min-max scaling approach is flexible to outliers and fits the

dataset within a data boundary. In our instance, the lower and upper bounds are re-

spectively 0.00001 and 1. The mathematical representation of the min-max featured

scalar Â adopted in our study is:

Â =

(
A−min(A)

max(A)−min(A)

)
× (d− c) + c

where A is a set containing range of values for the dataset, c and d are the pre-

assigned lower bound and upper bound values.

4.3 Implementation Procedures and Experimental Result

In this section, we focus on the implementation specifics and strategies that were

explored. We present the observations, assertions, data features, models, and sta-

tistical analyses that were explored. First, we investigated the COVID-19 dynamics

on a global scale before emphasizing South Africa as the benchmark country of this

study.

4.3.1 Exploratory Data Analysis

This section offers a summary of the data analysis techniques used in our work.

Our research examined the characteristics of the datasets that are required to fit a

surrogate for optimal results. Table 4.1, Table 4.2, Table 4.3, and Table 4.4 shows the

analysis and features of the datasets used in our study.

In addition, we assessed the CRD datasets for outliers to estimate the degree

of data variation within the datasets. We provide the assessment result in subsec-

tion 4.3.4 of this chapter.

Similarly, we applied the Pearson correlation coefficient framework to obtain

the relationship between CRD variables. This informed our understanding of the

relationship between the confirmed, recovered, and death cases of COVID-19 for

each SIIMCF country. Figure 4.2 presents the correlation analysis for South Africa’s
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TABLE 4.1: Summary of COVID-19 Real-World Dataset for SIIMCF Countries [2]

Country Cases Min Max STD Q-0.25 Q-0.50 Q-0.75 Skew Kurtosis

South Africa Confirmed 0 21980 4453.9 596 1676.5 4046.3 1.8 2.9
(Africa) Recovered 0 45858 4822.5 389.7 1441.5 4041.5 3.2 15.5

Fatalities 0 844 148.7 13 73 151 2.3 5.9
Italy Confirmed 148 40902 9837.2 454 3492 15336 1.1 0.3
(Europe) Recovered 883 39266 8987.7 366 1943.5 14998 1.1 0.1

Fatalities 31 993 250 15 219 456 0.6 0.8
India Confirmed 1858 346786 48199.6 3934.5 19731 52394.3 3.2 13.8
(Asia) Recovered 2258 219838 33247.5 1718.8 17991.5 50302.8 1.7 4.4

Fatalities 39 2624 419.7 90 291 650 1.4 2.7
Mexico Confirmed 0 28115 4458.9 1526.7 4797 6599 1.5 3.9
(North Recovered 893 27160 5786.6 1155.5 4011 6258.8 -8.5 141.7
America) Fatalities 0 3050 415.8 146.5 436.5 669.5 1.6 5.6
Colombia Confirmed 0 21078 5048.1 646.8 6052 9146 0.5 -0.4
(South Recovered 6151 89557 7376.9 103.3 4902 9463.8 1.5 54.8
America) Fatalities 0 430 123.2 18 163 236 0.3 -0.9
Fiji Confirmed 0 8 0.8 0 0 0 5.6 38.7
(Oceania) Recovered 0 6 0.6 0 0 0 5.4 33.2

Fatalities 0 1 0.1 0 0 0 15.1 226.5

TABLE 4.2: Summary of COVID-19 Simulated Dataset for the SIIMCF Countries

Country Cases Min Max STD Q-0.25 Q-0.50 Q-0.75 Skew Kurtosis

South Africa Confirmed 0 20870 4362.4 534 1772.1 4078.6 1.6 2.3
(Africa) Recovered 0 45762 4471.4 382.4 1255.1 4341.2 3.1 14.7

Fatalities 0 682 135.5 11 63 142 2.1 5.3
Italy Confirmed 136 40550 9347.8 442 3481 15268 1.1 0.5
(Europe) Recovered 836 38280 8988.4 356 1842.5 14594 1.3 0.2

Fatalities 30 954 241 15 210 465 0.7 0.9
India Confirmed 1813 340765 48201.3 3924.2 19633 52388.3 3.4 11.2
(Asia) Recovered 2290 216398 33310.2 1713.4 17580.8 50350.4 1.6 4.9

Fatalities 33 2622 420.2 79 267 640 1.3 2.3
Mexico Confirmed 0 28230 4480.4 1496.3 4396 6560 1.3 -3.2
(North Recovered 894 27169 5285.4 1130.3 4022 6272.6 7.5 128.3
America) Fatalities 0 3085 410.2 133.7 422.6 680.3 1.2 5.4
Colombia Confirmed 0 21046 5034.7 654.2 6044 9154 0.3 0.2
(South Recovered 6124 89625 7338.4 112.6 4305 9679.6 1.3 -2.1
America) Fatalities 0 415 132.8 14 173 232 0.4 0.3
Fiji Confirmed 0 7 0.5 0 0 0 5.3 22.9
(Oceania) Recovered 0 4 0.3 0 0 0 3.5 28.6

Fatalities 0 1 0.1 0 0 0 13.3 189.3
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CRD dataset, which indicates that the pairwise distribution of the CRD datasets was

strongly correlated since all the correlation values are 0.68 or greater. The correla-

tion coefficient (both real-world and simulated datasets) obtained for other SIIMCF

countries are presented in Appendix I and Appendix J of this dissertation.
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FIGURE 4.2: Correlation Matrix for South Africa CRD Datasets

4.3.2 Correlation Analysis and Stationarity Test

In regression analyses, correlation and covariance are techniques used to identify

relationships between two or more variables [65].

Before fitting the surrogate model, we analyzed the CRD datasets for stationar-

ity. Stationarity transforms the series to a constant mean, variance, and probability

distribution [76]. Stationarity provided us with better accuracy in the model, as un-

wanted trends in the dataset are eliminated. We examined stationarity for the CRD

dataset using the autocorrelation function (ACF), Partial Autocorrelation Function

(PACF) and statistical tests, as shown in Tables 4.3 and Table 4.4.

4.3.2.1 Autocorrelation Function

The Autocorrelation Function (ACF) defines the correlation of a regression param-

eter with itself at different time-lags [77]. The ACF technique is used in regression
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analysis to extract key features in time series analysis and to determine the moving

average (MA) component of the ARIMA model [77], [78].

The auto-covariance function of a regression is represented by Equation 4.1, then

we estimated the auto-correlation function as:

C̃vk =
1
η

η−k

∑
p=1

(χp − χ̄)(χp+k − x̄), for some lag k, (4.1)

We noted that in Equation 4.1, a variance (χp) evaluated with the denominator of

η equals autocovariance (χp) evaluated at lag = 0 (i.e c̃0). Therefore, we computed

the autocorrelation function (ACF) as represented in Equation 4.2.

˘Autk =
C̃vk

C̃v0
= Cor(χp, χp+k) (4.2)

4.3.2.2 Partial Autocorrelation Function

Partial autocorrelation function (PACF) estimates the linear relation of a sequence

(χt) with a lagged variance of itself χt+p, in which linear dependence (χt−1, χt−2, ..., χt−(p−1))

has been eliminated [78]. PACF helps to estimate the AR component of the ARIMA

model configuration. Mathematically, the PACF can be represented as shown in

Equation 4.3.

f j =

Cor(χ1, χ0) = r1 at j = 1

Cor(χj − χ
j−1
j , χ0 − χ

j−1
0 ) at j ≥ 2

(4.3)

We used the visual representation of ACF-plot to determine if the CRD datasets

are stationary. The PACF helped us to identify the optimal order of p, d, and q in

the ARIMA model as described in subsection 3.6.4 of Chapter 3. The ACF and PACF

visual result of confirmed case for South Africa is shown in Figure 4.3, while those of

SIIMCF countries are presented in Appendix L and Appendix M of this dissertation.

Analyzing the ACF-PACF plot illustrated by Figure 4.3 for south Africa’s con-

firmed case, the first column on the first row is the visual plot of the original series,

the first column on both the second row and third row are the visual plot of the

differenced series. The second column on the first row is the ACF statistical test to

check if the series is stationary or not. The plot on the second column in the second

row confirms that differencing d of order 1 (i.e. d = 1) is sufficient to transform the

dataset to a stationary series. Finally, the second column on the third row is a PACF

plot that suggests the number of previous time-steps the model (ARIMA) should

consider to predict the current time-step. The same interpretation is consistent for

the ACF-PACF representation for the SIIMCF countries as presented in Appendix L

of this dissertation.
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FIGURE 4.3: ACF-PACF Plot of Confirmed Case in South Africa

In addition, to estimate the optimal ARIMA parameters, we computed a math-

ematical iteration by fitting the ARIMA model on a combination of p, d, q values

between the range of [0, 8]. Next, we applied a lambda function to extract p, d, q con-

figuration that resulted in lowest Akaike Information Criterion (AIC) value as pre-

sented in Tables 4.3 and 4.4. In addition to the ACF and PACF hypotheses, we used

the Adfuller statistical test (ADF-test) and the Kwiatkowski–Phillips–Schmidt–Shin

test (KPSS-test) to also verify stationarity in the SIIMCF CRD datasets.

The ADF-test proposes that the regression series has a unit root feature, which

implies the series is not stationary. We applied the ADF hypothesis by scanning the

CRD datasets and estimated the probabilistic value (p-value) against a 0.05 signif-

icance level. In essence, if the p-value is greater than 0.05, then we accept the null

hypothesis (H0) that the series is not stationary, otherwise, we reject the null hy-

pothesis (H1) [75]. The null hypothesis indicate that there exist a unit root in the

time series data [79]. The unit root is a time series property which determines non-

stationarity of a time series dataset.

Additionally, we applied KPSS-test to check for stationarity. To evaluate KPSS
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test, if the p < 0.05 significance level, we accept the hypothesis H0 that the series is

non-stationary, and reject the hypothesis H1 if p > 0.05 significance level.

4.3.3 Transforming Data to Stationarity

We can use several statistical methods to transform CRD datasets to stationary se-

ries, including differencing, seasonal adjustment, transformation, and de-trending.

However, we only considered differencing in our study as it was sufficient for our

experiment. We estimated the order of differencing d by subtracting a value at a pre-

vious dth data point from a value at a current data point t. Differencing technique is

mathematically expressed by X̂t = Xt − Xt−d, where Xt is the current data point on

the series, Xt−d is the previous dth data point, and d is the order of differencing.

After analyzing the CRD datasets with ACF, ADF-test, and KPSS-test, we iden-

tified that CRD datasets for the SIIMCF countries are not stationary. Therefore, the

datasets must be transformed to a stationary series before we train the models. The

ACF and PACF stationarity tests are visually presented in Section 4.3.2 and Ap-

pendix L. Additionally, the p-value and minimum AIC parameter estimated for the

ADF-test and KPSS-test are presented in Tables 4.3 and 4.4.

4.3.4 Outlier Data

Detecting Outliers is an essential procedure in time series analysis [78]. Outliers

are data points that deviates significantly from the rest of the datasets [77], [78].

Outliers can be caused by reasons such as, theoretical estimation error and data pre-

sentation [80]. Outliers must be statistically assessed and eliminated to minimize

skewed model performance. Outliers are evident in the CRD datasets examined in

this study, as seen in Figure 4.4 (South Africa CRD datasets). We identified that scal-

ing datasets (real-world and simulated data) to stationarity is a major technique to

eliminate outliers from the CRD datasets. Data outlier analysis for other SIIMCF

countries is presented in Appendix K of this dissertation.

4.4 Schematic Analysis of COVID-19 Global Scale

Our study considered predicting the future transmission trend of COVID-19 glob-

ally. We examined one country from each of the world’s seven continents, excluding

Antarctica because of its shared boundaries with other surrounding countries and

inability to retrieve its datasets [4]. Additionally, we evaluated the future dynamics

of the CRD cases between the SIIMCF countries to identify the future trend of the

disease globally. In Table 4.5, we presented the major economic and social milestones

of COVID-19 globally, from November 2019 to February 2021.
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TABLE 4.3: Highlight of CRD Statistical Test for the SIIMCF Countries

Country Cases ADF Test KPSS Test AR-Lag

South Africa Confirmed p-value = 0.12 p-value = 0.04 1
(Africa) Min AIC = 5,087.7

Recovered p-value = 0.98 p-value = 0.03 1
Min AIC = 4,714.1

Death p-value = 0.96 p-value = 0.02 1
Min AIC = 2,708.2

Italy Confirmed p-value = 0.47 p-value = 0.01 2
(Europe) Min AIC = 8,387.1

Recovered p-value = 0.63 p-value = 0.01 1
Min AIC = 5,874.6

Death p-value = 0.07 p-value = 0.03 1
Min AIC = 3,555.10

India Confirmed p-value = 0.82 p-value = 0.01 1
(Asia) Min AIC = 6,022.7

Recovered p-value = 0.96 p-value = 0.01 2
Min AIC = 3,495.1

Death p-value = 0.72 p-value = 0.02 1
Min AIC = 4,064.1

Mexico Confirmed p-value = 0.67 p-value = 0.03 1
(North Min AIC = 8,590.1
America) Recovered p-value = 0.39 p-value = 0.01 1

Min AIC = 6,572.2
Death p-value = 0.32 p-value = 0.01 1

Min AIC = 4,475.3
Colombia Confirmed p-value = 0.64 p-value = 0.01 1
(South Min AIC = 7,792.7
America) Recovered p-value = 0.30 p-value = 0.01 1

Min AIC = 6,709.4
Death p-value = 0.28 p-value = 0.01 1

Min AIC = 3,322.6
Fiji Confirmed p-value = 0.56 p-value = 0.02 1
(Oceania) Min AIC = 1,188.2

Recovered p-value = 0.23 p-value = 0.03 1
Min AIC = 535.2

Death p-value = 0.21 p-value = 0.02 1
Min AIC = 582.7
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TABLE 4.4: Highlight of Simulated CRD Statistical Test for SIIMCF
Countries

Country Cases ADF Test KPSS Test AR-Lag

South Africa Confirmed p-value = 0.11 p-value = 0.03 1
(Africa) Min AIC = 4,8067.4

Recovered p-value = 0.65 p-value = 0.04 1
Min AIC = 4,674.6

Death p-value = 0.85 p-value = 0.01 1
Min AIC = 2,452.3

Italy Confirmed p-value = 0.37 p-value = 0.01 1
(Europe) Min AIC = 8,201.3

Recovered p-value = 0.34 p-value = 0.03 1
Min AIC = 5,454.3

Death p-value = 0.06 p-value = 0.02 1
Min AIC = 3,576.30

India Confirmed p-value = 0.32 p-value = 0.01 1
(Asia) Min AIC = 5,687.2

Recovered p-value = 0.66 p-value = 0.01 1
Min AIC = 3,211.4

Death p-value = 0.35 p-value = 0.02 1
Min AIC = 4,039.1

Mexico Confirmed p-value = 0.76 p-value = 0.02 2
(North Min AIC = 7,549.6
America) Recovered p-value = 0.42 p-value = 0.01 1

Min AIC = 6,980.3
Death p-value = 0.22 p-value = 0.01 1

Min AIC = 4,385.3
Colombia Confirmed p-value = 0.44 p-value = 0.01 1
(South Min AIC = 7,721.7
America) Recovered p-value = 0.20 p-value = 0.01 1

Min AIC = 6,307.4
Death p-value = 0.23 p-value = 0.01 1

Min AIC = 3,212.4
Fiji Confirmed p-value = 0.42 p-value = 0.01 1
(Oceania) Min AIC = 1,167.2

Recovered p-value = 0.23 p-value = 0.02 2
Min AIC = 504.2

Death p-value = 0.33 p-value = 0.01 2
Min AIC = -584.7
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TABLE 4.5: COVID-19 Major Milestones on a Global Scale (Nov, 2019
to Feb, 2021)

Date Location Milestone

17th November,
2019

China First confirmed COVID-19 case globally
[8].

28th January, 2020 South
Africa

NICD commenced COVID-19 testing on
citizens [5], [7].

12th February,
2020

Barcelona World’s largest mobile phone exhibition,
Mobile world congress (WWC) cancelled
over COVID-19 concerns [2].

13th February,
2020

Spain First death of COVID-19 recorded glob-
ally [2], [8]

5th March, 2020 South
Africa

First confirmed case of COVID-19
recorded [5], [7].

10th March, 2020 Italy Italian prime minister announced partial
lockdown [2], [8].

11th March, 2020 World WHO declared COVID-19 as a pandemic
[8].

17th March, 2020 South
Africa

Authority for regulating health product
announced its intention to expedite re-
view of vaccines, treatments and clinical
trials [5], [8].

23rd March, 2020 China China stops quarantine in Wuhan after
two months of total lockdown [2], [5], [8]

23rd March, 2020 United
Kingdom

Prime minister of the United Kingdom
declared partial lockdown [2].

26th March, 2020 South
Africa

First total lockdown (level 5 ) enforced by
government [5].

27th March, 2020 South
Africa

First death of COVID-19 in South Africa
[5], [7].

March 2020 - Nov
2020

South
Africa

First wave of COVID-19 in South Africa
[5], [7].

28th March, 2020 Spain Government enforced stricter lockdown
measure [2], [8].

1st February, 2021 South
Africa

Arrival of first set of vaccine [5].

December 2020 -
April 2021

South
Africa

Second wave of COVID-19 in South
Africa [5], [7].

17th February,
2021

South
Africa

Administering of first set of vaccine [5].
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FIGURE 4.4: Outlier Detection of South Africa CRD Dataset

The monthly figures of COVID-19 confirmed, recovered, and death cases for the

SIIMCF countries are presented visually in Figure 4.5, Figure 4.6, and Figure 4.7

respectively.
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FIGURE 4.5: Intercontinental Monthly Dynamics of COVID-19 Con-
firmed Case (January 2020 - April 2021) [2]

4.4.1 Schematic Analysis of COVID-19 in Africa

The COVID-19 pandemic has expanded throughout the continents. We extended

our research analysis to capture the existing key findings of the transmission pattern

of COVID-19 in Africa. We considered Africa’s COVID-19 analysis because South
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covered Case (January 2020 - April 2021) [2]
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FIGURE 4.7: Intercontinental Monthly Dynamics of COVID-19 Death
Case (January 2020 - April 2021) [2]

Africa as our study’s catchment area, is located within Africa. According to a study

conducted by a team of African-based researchers [81], acknowledged by the World

Health Organization (WHO [8]), and reported by the British Broadcasting Corpora-

tion (BBC [4]), the top five (5) countries affected by COVID-19 in Africa is presented

in Table 4.6.

Figure 4.8 is the schematic diagram showing the monthly cumulative confirmed

cases, recovered cases, and death cases for top five (5) countries affected by COVID-

19 in Africa.
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TABLE 4.6: Top Five (5) African Countries Affected by COVID-19 [81]

Number Confirmed Cases Active Cases Recovered Cases Fatality Cases

1 South Africa South Africa South Africa South Africa
2 Morocco Algeria Morocco Egypt
3 Tunisia Ethiopia Tunisia Morocco
4 Egypt Libya Egypt Tunisia
5 Ethiopia Morocco Ethiopia Algeria
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FIGURE 4.8: Cumulative Confirmed, Active, Recovery and Fatal
Cases in Africa (February 2020 - March 2021) [82]

4.4.2 Schematic Analysis of COVID-19 in South Africa

Policymakers in South Africa considered lockdown as one of the major intervention

strategies to reduce the transmission of COVID-19. In Table 4.7, we presented the

average percentage daily increase of COVID-19’s confirmed cases in South Africa

for different lockdown levels [81], [82].

Additionally, in Figure 4.14, we illustrated the different periods of lockdown

against the CRD cumulative case in South Africa. The information was acquired

from the portals of the National Institute of Communicable Diseases (NICD) in South

Africa [5], and World Health Organization (WHO) in South Africa [8]. From March

2020 to April 2021, the lockdown stages range from alert level-5 to alert level-1, rep-

resenting the decreasing degree of public mobility strictness [7], [8].
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FIGURE 4.9: Daily Changes in Confirmed, Recovery, and Fatal Cases
in Africa (February 2020 - March 2021) [82]
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FIGURE 4.10: African Countries with Top Five Highest Confirmed
Cases (February 2020 - March 2021) [82]

4.4.3 COVID-19 Risk Index Analysis in South Africa

The risk index primarily describes the overall result of the risk assessment of an

event [83]. The risk index examined in our study is focused on fundamental risk

factors of COVID-19 disease. They include variables that exist before the pandemic

which has influenced the transmission dynamics of COVID-19 in South Africa [84].

In addition, risk index is applied to identify locations where the secondary impact

of COVID-19 will be most severe [83], [84].
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FIGURE 4.11: African Countries with Top Five Highest Active Cases
(March 2020 - March 2021) [82]
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FIGURE 4.12: African Countries with Top Five Highest Recovery
Cases (February 2020 - March 2021) [82]

To assess the risk index of COVID-19’s third wave in South Africa, computing

a risk index greater than 10 indicates that the predicted third-wave is statistically

accepted. Generally, risk indexes with values of 10 and 7.5 reflect high and medium

risk thresholds respectively [84].

The mathematical expression to estimate COVID-19’s risk index in the SIIMCF

countries are represented by Equation 4.4.
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FIGURE 4.13: African Countries with Top Five Highest Fatal Cases
(March 2020 - March 2021) [82]

  

Level 5
Lockdown

Level 4
Lockdown

Level 3
Lockdown

Level 2
Lockdown

Level 1
Lockdown

Level 3
Lockdown

Level 1
Lockdown

05
-M

arc
h-2

0

16
-A

pri
l-2

0

01
-M

ay
-20

30
-M

ay
-20

02
-Ju

ne
-20

16
-A

ug
-20

17
-A

ug
-20

19
-S

ep
t-2

0

20
-S

ep
t-2

0

28
-D

ec
-20

29
-D

ec
-20

28
-Fe

b-2
1

Date

Cu
mu

lat
ive

 C
as

es

01
-M

arc
h-2

1

24
-A

pri
l-2

1

0.0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

1.6
1e6
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x̃i = 100
(

âi− p̂i
p̂i

)
ỹi = 10

(
1

1+ âi
t̂j

)

if ỹi > 8, risk index = x̃i + ỹi; else risk index = x̃i

(4.4)

Where âi represents the actual cases, p̂i represents the present day prediction, t̂j
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FIGURE 4.15: Monthly Confirmed, Recovered, and Death Cases in
South Africa (January, 2020 - April 2021) [82]

TABLE 4.7: Average Daily Increase of COVID-19 Confirmed Case Un-
der Different Lockdown Levels in South Africa [81]

Lockdown Level Value (%)

Before Lockdown 0.01 - 41.43
Level 1 0.96 - 5.37
Level 2 0.93 - 5.38
Level 3 0.65 - 3.80
Level 4 0.34 - 0.36
Level 5 0.10 - 0.43

represents total prediction. The total prediction t̂j and present-day prediction p̂i are

evaluated by using the susceptible infectious (SI) model technique. The SI model

describes an epidemiological model that uses a first-order differential equation to

evaluate the patterns of infectious disease over a defined time duration [53].

According to the SI model, each member in the susceptible population has an

equal and high risk of becoming infected if they contact an infected individual. The

fundamental parameters in the SI model to measure disease transmission are So and

Io at a given time n = 0, which represents the number of susceptible and infected

populations, respectively.
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FIGURE 4.16: Monthly Observation of COVID-19 Confirmed Case
Across the Provinces in South Africa (March, 2020 - April 2021) [82]
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FIGURE 4.18: Monthly Observation of COVID-19 Recovered Case
Across the Provinces in South Africa (March, 2020 - April 2021) [82]

0 0.5 1 1.5 2 2.5 3 3.5

·105

KwaZulu Natal

Gauteng

Western Cape

Eastern Cape

Free State

North West

Mpumalanga

Limpopo

Northern Cape

3.46 · 105

3.29 · 105

1.85 · 105

1.83 · 105

87,997

80,340

53,228

47,129

34,220

Recovered Case

Pr
ov

in
ce

Recovered Case

FIGURE 4.19: Cumulative Recovered Cases by Province in South
Africa (March, 2020 - April 2021) [82]



Chapter 4. Results and Discussion 73

20
20

-0
3

20
20

-0
4

20
20

-0
5

20
20

-0
6

20
20

-0
7

20
20

-0
8

20
20

-0
9

20
20

-1
0

20
20

-1
1

20
20

-1
2

20
21

-0
1

20
21

-0
2

20
21

-0
3

20
21

-0
4

0

1,000

2,000

3,000

4,000

Date

N
um

be
r

of
C

as
es

Western Cape
Gauteng
Eastern Cape
KwaZulu Natal
Free State
Mpumalanga
North West
Limpopo
Northern Cape

FIGURE 4.20: Monthly Observation of COVID-19 Death Case Across
the Provinces in South Africa (March, 2020 - April 2021) [82]

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 1.1 1.2

·104

Western Cape

Eastern Cape

Gauteng

KwaZulu Natal

Free State

Limpopo

North West

Mpumalanga

Northern Cape

11,584

11,507

10,567

10,426

3,819

2,278

1,706

1,393

882

Death Case

Pr
ov

in
ce

Death Case

FIGURE 4.21: Cumulative Death Cases by Province in South Africa
(March, 2020 - April 2021) [82]



Chapter 4. Results and Discussion 74

4.4.3.1 Risk Index Evaluation for South African Provinces

Figure 4.22 shows the analysis of the COVID-19 risk index for the nine (9) provinces

of South Africa. These values were established by a team of South African re-

searchers [82].

4.4.3.2 Why Did We Examine the Risk Index?

Considering the impact of measuring the risk index in managing COVID-19 assists

in predicting hospital resource demand which informs hospital capacity planning.

In our study, the provincial risk analysis was undertaken to offer a computational

perspective and influence of each province to the dynamics of COVID-19’s third-

wave in South Africa. The scope of measuring the risk index in this study does not

include predicting the social vulnerability impact of COVID-19 (for example, the

effect of COVID-19 in evaluating conflict risk within the population) and does not

consider the mechanism that influences the secondary impact of the pandemic [83].
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FIGURE 4.22: Risk Index of South Africa Provinces (August 2020 -
April 2021) [82]

Figure 4.22 captures the various risk index distribution of COVID-19 across South

African provinces. We observed an exponential rise of risk index corresponding to

the confirmed cases recorded within the specified period.
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TABLE 4.8: MAPE Computation for SIIMCF CRD Dataset

Country Cases MAPE Accuracy (100 - MAPE)

South Africa Confirmed 9.7% 90.3%
Recovered 8.6% 91.4%
Death 12.2% 67.8%

Italy Confirmed 11.1% 90.3%
Recovered 13.6% 86.4%
Death 10.4% 89.6%

India Confirmed 5.9% 94.1%
Recovered 13.1% 86.9%
Death 9.4% 90.6%

Mexico Confirmed 8.7% 91.3%
Recovered 13.3% 86.7%
Death 12.2% 87.8%

Colombia Confirmed 12.8% 87.2%
Recovered 13.1% 86.9%
Death 6.9% 93.1%

Fiji Confirmed 2.1% 97.9%
Recovered 6.9% 93.1%
Death 3.2% 96.8%

We analyzed the risk projection based on current social and economic factors that

contributed to disease spread. According to Figure 4.22, five provinces have sim-

ilar high-risk index patterns, followed by other provinces with different risk level.

Lastly, from Figure 4.22, the COVID-19’s risk index was high when the national lock-

down in South Africa was eased to a minimum level and low when the lockdown

was enforced.

4.4.4 MAPE Computation and Result

As discussed in Section 3.8.2 of Chapter 3, we applied MAPE to evaluate accuracy

of dataset simulated by the SEIR model and DES against real-world data. We used

15% as the maximum MAPE error that can be accepted to ensure valid forecast of the

surrogate. Whenever we compute a MAPE error greater than 15%, we reconfigured

the SEIR and DES parameters, and re-simulate the models until we achieve a MAPE

less than or equal to 15% as illustrated in Figure 4.30. We presented the estimated

MAPE computation for the SIIMCF countries in Table 4.8.

4.5 Hyperparameter Selection

Our study focused on optimization by analyzing and selecting the best surrogate

hyperparameters using an optimization algorithm before fitting them to datasets.

We adjusted the surrogate using the selected hyperparameters to get satisfactory
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results. Table 4.9 presents the surrogate hyperparameter selection for South Africa

CRD datasets, whereas Appendix B provides the surrogate hyperparameter selec-

tion for other SIIMCF countries.

4.6 Experimental Result

In this section, we show the result of the model fusion investigated in our study.

We presented the CRD forecast graphs for the SIIMCF countries. In addition, in

relation to our project’s goals, we proposed the ideal period for policymakers to be

strict or reduce lockdown action. Furthermore, our findings provide hospitals with

a prediction (based on real-world datasets) of the peak time when hospital resources

are likely to be underused or overwhelmed as shown in Table 4.10 and Table 4.11.

Similarly, the future predictions showing the estimate of COVID-19 CRD’s peak

period computed with the simulated datasets (S-SIMUL), and hybrid of simulated

and real-world datasets (S-SIREAL) are presented in Appendix H of this disserta-

tion. The forecasted day range (e.g 10±5) is applied to allow for the model’s flexibil-

ity of the predicted days.

4.6.1 Results Presentation

The findings of the ADRIANA model fusion is provided in this section, which com-

prises the SEIR model, discrete event simulation and surrogate result. The model

implementation summary is presented in Section 3.9.1. Additionally, the key fea-

tures of the ADRIANA system is shown in Figure 4.23.

4.6.2 SEIR Compartmental Model Result

Our study demonstrated the implementation of the SEIR compartmental model by

grouping populations into COVID-19 epidemiological compartments for the SIIMCF

countries. The model parameters were initialized at a realistic value for valid model

simulation. The exposed compartment E(t) of the model was initialized with pop-

ulation value E(t) = 1, infectious compartment I(t) was initialized with population

value of I(t) = 1, and recovered compartment was initialized with population value

R(t) = 0.

The total population N was initialized at 150,000. The susceptible compartment

was initialized with population S(t) = N − (E(t) + I(t) + R(t)), the infection rate

ε was initialized as 1.38, the incubation rate 1/ε initialized as 0.19, reproduction

number R0 initialized as 4, recovery rate γ was initialized as 0.34, and number of

days initialized as 150 days. Each of the parameters can be adjusted to decode the

effect of modifying the model’s internal parameters to attain the desired result. Fig-

ure 4.24 shows the overview of the SEIR simulation output after being initialized
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TABLE 4.9: Optimal Model Hyperparameter Selection for South
Africa

S-REAL S-SIMUL S-SIREAL

Model Hyperparameter C R D C R D C R D

LSTM, Neurons 58 51 56 49 42 54 46 66 35
GRU Window Size 9 11 6 5 6 8 10 11 9

Learning Rate 0.01 0.01 0.01 0.04 0.04 0.04 0.03 0.03 0.03
MLP Batch Size 64 53 55 61 62 71 59 54 44

Unit 32 24 16 18 16 22 21 12 14
Learning Rate 0.01 0.01 0.03 0.01 0.03 0.02 0.01 0.06 0.01
Solver Adam Adam Adam Adam Adam Adam Adam Adam Adam

XGBR Learning Rate 0.05 0.05 0.05 0.02 0.03 0.02 0.01 0.01 0.01
Max Depth 3 3 3 3 3 3 3 3 3
Max features 20 20 20 20 20 20 20 20 20
Estimators 25 25 25 25 25 25 25 25 25

RFR Estimator 20 20 20 25 25 25 15 15 15
Max features 20 25 25 20 20 20 20 20 20
Max Depth 6 6 4 6 6 6 4 6 4
Min Split 3 3 3 3 3 3 3 3 3
Min Leaf 7 6 7 8 7 7 7 7 8

SVR Epsilon 0.6 0.6 0.2 0.4 0.6 0.4 0.4 0.3 0.6
Kernel Linear Linear Linear Linear Linear Linear Linear Linear Linear

LR Coefficient(β) 0.91 0.56 0.41 0.37 0.54 1.24 0.26 2.17 3.03
Intercept(α) 11.41 13.33 23.41 22.22 43.02 12.34 17.40 13.89 18.73

DTR Max Depth 6 6 6 6 6 6 6 6 6
Min Split 9 7 9 7 9 7 9 7 9
Min Leaf 5 5 5 5 5 5 5 5 5

ARIMA (p,d,q) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0)
p-value 0.90 0.96 0.94 0.64 0.86 0.65 0.82 0.61 0.63
Min AIC 5087.7 4714.1 2708.2 3133.9 2128.7 1428.5 2032.5 1249.2 1023.4

GA Population Size 10 10 10 10 10 10 10 10 10
Generation 45 45 45 45 45 45 45 45 45
Gene Length 10 10 10 10 10 10 10 10 10
Crossover 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.3
Mutation 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1



Chapter 4. Results and Discussion 78

  

Data
Source

Pandemic 
Prevalence

Estimate

Prediction
Inference

Recommendation

Exploratory 
Data Analysis

Prediction Model

Simulation Model

Data
Frame

Model
Formation

Frame

Decision 
Support
Frame

Time Series Analysis
Feature Extraction

Data Pre-processing

Pandemic Trend Detection
Population Grouping

Deep Learning
Regression Models

Event Simulation Model
Statistical Model

Patient Categorization

Healthcare Management
Disease Transmission Trend

Social Impact

Optimal Disease Control
Hospital Resources Estimation

Lockdown Policy

FIGURE 4.23: ADRIANA System Features

0 50 100 150 200 250 300 350
0

0.5

1

1.5

2

2.5

3

·104

Days

Po
pu

la
ti

on

Susceptible
Exposed
Infectious
Recovered

FIGURE 4.24: SEIR Simulation Model for COVID-19 in South Africa

with the aforementioned parameter configurations. The initial conditions of the

compartmental model at time t = 0 are defined as S(0) ≥ 0, E(0) ≥ 0, I(0) ≥ 0,

and R(0) ≥ 0. Appendix A presents the visual controls used to calibrate the SEIR
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model. The model calibration process follows a standard representation that was

applied to all the SIIMCF countries.

From Figure 4.24, we discovered that, when the population in the susceptible

compartment (S) declines, the population in the exposed compartment (E) begins to

decrease whenever S intercepts E at an equilibrium. Similarly, if the population in

the susceptible compartment (S) declines, the population in the infectious compart-

ments (I) begins to decrease whenever S intercepts I at equilibrium.

We presented the SEIR framework developed in this study as a modular de-

sign that could recreate the dynamics of epidemiology compartments in the SIIMCF

countries.

4.6.3 Discrete Event Simulation Result (DES)

The DES simulates the COVID-19 event regarding the resources required to treat

COVID-19 patients in the hospital. The DES obtained initial population from the

output presented as the number of infectious individuals in the SEIR epidemiol-

ogy. The DES simulates the entire hospital experience of the patient from admission

through exit. The simulation time and parameter settings corresponds to the ob-

servations reported by COVID-19 monitoring platforms, such as the World Health

Organization [8], National Institute for Communicable Diseases in South Africa [5],

and South Africa Ministry of Health [7].
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The DES parameters are population (series of infectious population from the

SEIR model), time of patient arrival and exit from hospital, and patients’ risk factor
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(such as age, immune threshold, infection history). The result of the DES is a data se-

ries estimating number of recoveries or fatalities that is expected from COVID-19 in-

fectious population. DES categorizes patients as mild, severe, or critical. In addition,

DES estimates the number of COVID-19 patients that will be admitted for either ICU

or ward treatment, and predicts the peak demand time of hospital resources. DES

simulation procedure explored in this study is illustrated by Figure 4.25.

4.6.4 Presentation of Surrogate Result

We presented the surrogate result in this section. As described in Section 4.1, we

fitted the surrgate with the three types of datasets and compared the results. We

observed that the surrogate was more accurate on the real-world datasets (S-REAL),

followed by the simulated datasets (S-SIMUL), and hybrid datasets (S-SIREAL). The

surrogate results for each of these datasets are presented in Figures 4.27, 4.28, and

4.29.

In addition, the CRD’s surrogate forecast extracted for the S-REAL, S-SIMUL,

and S-SIREAL for South Africa is presented the Figure 4.31. The evaluation met-

rics used to estimate the surrogate accuracy with the three categories of datasets is

presented by Table 4.12 and Appendix G of this dissertation.

To describe the surrogate result, first, we plotted the actual CRD values versus

the surrogate’s predictions. Next, we show the future transmission trend of the CRD

cases in South Africa and SIIMCF countries. The model evaluation results evaluated

for the CRD cases in South Africa are presented in Table 4.12, while Appendix G

shows the model evaluation results for the SIIMCF countries.

4.6.4.1 Actual Values Versus Surrogate Prediction

In Figure 4.26, we presented the graphical result of the surrogate predictions plotted

against actual values for South Africa’s CRD cases, while those of other SIIMCF

countries are presented in Appendix C of this dissertation.

4.6.4.2 Schematics of Actual Values, Surrogate Prediction and Surrogate Forecast

Figures 4.27, 4.28, and 4.29 shows the graphical presentation of the actual values

plotted against surrogate predictions and surrogate’s forecast for South Africa CRD

cases for S-REAL, S-SIMUL, and S-SIREAL. Similarly, the surrogate’s forecast pro-

jection for SIIMCF countries are presented in Appendix D of this dissertation.
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FIGURE 4.26: CRD Prediction Plot for South Africa
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FIGURE 4.27: Prediction and Forecast Plot for South Africa
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FIGURE 4.28: Prediction and Forecast Plot for South Africa (S-SIMUL)
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FIGURE 4.29: Prediction and Forecast Plot for South Africa (S-SIREAL)
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4.6.4.3 Combining the CRD Forecast for SIIMCF Countries

In Figure 4.31, we presented the CRD transmission trend forecasted by the surrogate

for South Africa, while those of SIIMCF countries are presented in Appendix E of

this dissertation.

4.6.4.4 Prediction Models

This section presents ADRIANA’s CRD forecast for the SIIMCF countries. We show

the result of stacked LSTM, the benchmark model of this study in Figure 4.32, while

the results of other models are presented in Appendix F of this dissertation.

Interpretation of data representation in Table 4.10 and Table 4.11:

1. 150±5 represents day observation within the range [145,155].

2. 150±5− 200±6 represents day observation from range [145,150] to

[194,206].

Illustration: The confirmed cases (C) for South Africa for GRU model

in Table 4.10 with values 100±5 − 150±6 indicate GRU’s forecast

of an increase in confirmed cases between the day range [95,105]

and [144,156]. The interpretation is consistent with other values in

Tables 4.10, 4.11, H.1, H.2, H.3, and H.4.

Note: Fiji has blank prevalence day range because the country’s

CRD dataset is consistently between zero (0) and one (1). Therefore,

surrogates cannot fit the data properly, as a linear trend of zero(0) or

one (1) was observed in the predictions and forecasts as presented in

Tables 4.10, 4.11, H.1, H.2, H.3, and H.4.

4.7 Model Evaluation Metrics

During model development, it is important that model quality is accurately mea-

sured. Therefore, it is vital to establish a good model evaluation strategy to measure

model accuracy. This section outline the evaluation metrics for the ten (10) predic-

tion models explored in this study. We used three model evaluation metrics, namely,

Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and R-squared (R2)

as described in Section 3.8 of Chapter 3.

We presented the evaluation metrics for South Africa simulation experiment

(with the three categories of datasets) in Figure 4.12. The model with the least RMSE,
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FIGURE 4.31: CRD Forecast for South Africa
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FIGURE 4.32: Stacked LSTM CRD Forecast for the SIIMCF Countries
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TABLE 4.10: Surrogate Disease Prevalence Day Forecast

Country Case LSTM GRU MLP XGBR SVR

South C 70±5− 150±8 100±5− 150±6 95±5− 150±9 90±10− 150±6 90±10− 150±6

Africa 270±5− 320±3 270±6− 320±5 270±8− 330±7 260±5− 320±2 230±10− 330±5

R 270±5− 150±3 110±2− 150±5 110±3− 160±7 110±5− 150±10 110±10− 150±5

250±5− 340±7 260±3− 320±9 260±4− 350±3 260±5− 350±9 270±2− 320±4

D 120±2− 150±5 120±5− 150±5 120±5− 160±5 120±3− 150±10 110±6− 150±2

Italy C 220±8 220±5− 380±5 210±4 220±6 210±8

350±3− 390±4 375±4 360±4− 390±3 365±5 350±2− 390±4

R 270±3− 340±7 263±8− 375±4 250±8− 310±4 240±8− 380±3 250±4− 300±5

385±6 380±8 360±9

D 42±5− 315±6 43±6− 390±5 44±5− 286±10 45±5 35±8

392±5 395±4 375±8 245±6− 320±8 219±8− 320±2

375±10 379±2

India C 120±5− 235±4 125±3− 249±5 110±5− 230±8 200±5− 245±9 120±5− 230±7

355±6− 390±5 350±6− 390±6 353±2− 390±4 340±5− 370±3 360±6

R 240±3− 340±6 242±8− 320±4 240±5− 29±5 120±6− 240±3 230±8− 300±3

375±7 380±4 360±3− 385±4 365±6

D 10±3− 210±5 20±9− 210±3 12±6− 230±7 15±5− 250±8 12±4− 260±7

360±5 375±7 370±4 360±7 375±2

Mexico C 250±7− 330±4 260±5− 300±8 265±6− 310±8 90±5− 240±4 255±6− 310±5

350±4− 380±3 365±5 255±5− 340±4

R 145±4− 320±7 150±5− 340±2 155±4− 350±7 140±8− 345±9 130±6− 360±5

D 195±4 200±9 55±6− 200±6 70±4− 200±4 60±4− 190±3

310±5 210±4− 350±6 380±10 250±5− 350±3

Colombia C 110±4− 160±6 13±8− 160±4 125±6− 190±5 120±4− 160±5 130±7− 160±4

270±6− 310±7 220±4− 320±9 290±2− 310±4 250±6− 320±4 260±5− 295±6

R 248±6 249±6 150±4− 190±6 245±5 150±4− 250±4

320±4 310±5 240±4− 260±8

D 120±6− 160±3 125±4− 180±6 120±5− 190±6 90±4− 180±6 120±5− 140±8

260±5− 340±5 265±8− 330±2 290±6− 340±4 200±2− 340±2 300±5− 340±4

375±6 380±3 388±5 375±10 378±7

Fiji C – – – – –

R – – – – –

D – – – – –
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TABLE 4.11: Surrogate Disease Prevalence Day Forecast (continued...)

Country Case RFR DTR LR AR ARIMA

South C 90±5− 150±6 100±5− 150±3 90±7− 150±4 40±20 150±10

Africa 230±7− 320±3 260±4− 330±9 260±4− 320±8 100±5− 200±4 200±5

R 100±6− 150±3 100±8− 150±2 110±4− 150±5 120±8− 180±5 220±10

250±4− 320±5 270±5− 320±6 260±8− 320±5 120±5− 170±3 250±4

D 110±4− 150±9 120±5− 160±5 120±6− 150±5 50±10 175±5

Italy C 215±10 205±6 210±5− 240±6 180±4 150±6

375±8 370±6 370±5

R 260±3− 380±7 240±2− 340±2 240±6− 300±5 300±2 365±2

380±10 330±9 376±5

D 25±5− 36±4 15±5 12±6− 26±4 13±2 36±5

375±3 380±5 383±4

India C 120±5− 247±4 125±6− 245±3 130±5− 255±8 120±6 350±4

355±5 375±6 370±6 120±3− 350±4 150±10

R 230±4− 290±3 25±8− 320±6 230±6− 260±3 290±2− 360±3 365±5

360±2− 380±3 335±6− 390±3 350±6 255±6− 340±3

D 130±3− 230±6 125±3− 220±9 140±5− 200±6 145±20 150±10

360±2− 385±4 360±6 355±6

Mexico C 100±6− 170±3 200±10 250±4− 340±9 140±10 150±5

250±3− 350±8 250±6− 350±3

R 100±6− 270±2 120±3− 360±6 135±4− 370±6 120±5 180±10

D 55±3− 195±7 60±4− 180±4 90±8− 170±4 50±20 95±9

260±5− 370±3 290±3− 350±8 250±4− 340±6

Colombia C 120±6− 160±7 130±4− 155±8 120±6− 190±6 135±8 150±6

250±6− 320±4 255±2− 320±8 260±3− 290±6

380±5 376±8 370±8

R 120±5− 260±3 210±8− 250±5 240±5− 260±8 140±7 195±10

280±3− 320±8

D 120±4− 155±5 120±6− 160±3 125±3− 145±4 146±6 270±3

260±3− 330±2 300±2− 340±3 285±3− 340±2

375±6 389±5 385±4

Fiji C – – – – –

R – – – – –

D – – – – –
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FIGURE 4.33: Model Performance Hierarchy

least MAE, and highest R2 indicate the best performing model for each CRD case

and are presented and in bold. The model evaluation for the SIIMCF countries are

presented in Appendix G of this dissertation.

4.7.1 Model Performance Analysis

Overall, the models explored in this study performed well since they could reflect

the goal of our study in forecasting COVID-19 transmission patterns in SIIMCF

countries. As shown in Figure 4.33, we rated the performance of the models based

on the evaluation metrics presented in Table 4.12 and Appendix G of this disserta-

tion. The hierarchy of the model in Figure 4.33 is on a ranking position of 1 to 10

signifying an increasing ranking order. The model performance rank is consistent

for the three categories of datasets explored in this study.

4.8 Conclusion

We discussed the core functionality and the results achieved from the sub-models

that formulated the ADRIANA system. Also, as shown in Table 4.10 and Table 4.11,

we presented the period when there would be an increase or decrease in CRD cases

for each SIIMCF country as predicted by the models. Lastly, we presented the results

(visually and theoretically) of our study both in this chapter and appendix section of

this dissertation.
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TABLE 4.12: Model Evaluation Metrics for South Africa

S-REAL S-SIMUL S-SIREAL

Model Cases RMSE MAE R2 RMSE MAE R2 RMSE MAE R2

LSTM Confirmed 31.33 41.19 0.96 38.01 55.91 0.89 42.76 39.88 0.76

Recovered 144.22 98.44 0.89 151.36 120.65 0.75 169.02 98.86 0.63

Death 138.82 87.06 0.75 41.34 156.41 0.75 231.33 184.76 0.69

GRU Confirmed 34.34 27.74 0.84 43.51 28.79 0.73 58.53 29.94 0.69

Recovered 143.10 94.92 0.41 162.48 99.26 0.63 235.40 97.65 0.72

Death 189.54 93.71 0.85 183.49 112.42 0.78 195.59 125.23 0.61

MLP Confirmed 47.14 47.45 0.92 52.59 59.46 0.69 74.85 59.31 0.61

Recovered 189.02 114.48 0.45 212.24 146.21 0.67 317.42 164.48 0.83

Death 215.16 175.69 0.69 123.57 98.63 0.64 186.61 104.69 0.58

XGBR Confirmed 677.53 431.95 0.71 621.34 691.13 0.70 872.13 748.85 0.58

Recovered 8351.45 5382.05 0.60 8490.38 6852.55 0.45 7332.02 6392.51 0.39

Death 272.81 196.66 0.64 312.49 201.47 0.62 305.86 289.21 0.52

RFR Confirmed 2478.96 1397.71 0.91 2587.41 1577.90 0.72 3834.91 2489.17 0.66

Recovered 5099.74 2731.33 0.80 6241.93 2892.39 0.75 6029.45 2939.43 0.34

Death 193.22 253.66 0.69 99.35 68.46 0.62 134.52 101.36 0.52

SVR Confirmed 142.76 248.83 0.92 169.64 282.45 0.74 195.60 384.36 0.38

Recovered 354.62 258.98 0.53 365.82 271.52 0.31 388.26 408.81 0.29

Death 117.65 175.38 0.64 126.68 94.82 0.62 271.42 89.58 0.34

LR Confirmed 137.79 958.98 0.92 156.54 979.32 0.65 167.63 1058.08 0.82

Recovered 5226.33 2529.19 0.42 6386.23 2893.28 0.40 6763.43 2939.19 0.33

Death 120.57 176.39 0.64 122.71 78.49 0.62 215.39 145.44 0.44

DTR Confirmed 570.13 1383.40 0.91 688.42 1541.77 0.84 760.31 1583.84 0.72

Recovered 6153.67 3352.54 0.61 6351.72 4814.50 0.49 6452.72 3632.81 0.21

Death 169.84 108.81 0.63 216.52 118.45 0.62 329.54 157.26 0.47

AR Confirmed 6705.23 4737.39 0.38 6603.52 4898.93 0.34 7405.89 4396.35 0.28

Recovered 6864.37 4052.41 0.41 6592.73 4914.61 0.30 7293.46 4826.43 0.26

Death 230.28 153.73 0.24 249.84 166.33 0.22 282.24 198.63 0.19

ARIMA Confirmed 4745.20 2969.01 0.82 4849.30 2930.68 0.45 4282.30 3101.01 0.23

Recovered 7107.04 4154.26 0.29 6407.45 4293.32 0.19 7426.33 4784.62 0.19

Death 255.06 169.06 0.37 286.68 1719.68 0.32 306.61 191.42 0.29
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The next chapter provides the summary of this study, and a computational solution-

guide to the COVID-19 event. The recommendation that can be adopted by hospital

management for administrative control and the government regarding lockdown

policy formulation.
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Chapter 5

Conclusion

5.1 Introduction

This chapter concludes our study. Section 5.4 presents the general study summary,

the contribution and relevance of this work to the research community is presented

in Section 5.3. We made suggestions for future work in Section 5.5, and we high-

lighted the recommendations for government and hospital management in Section 5.5.1.

Our study explored 180 scenarios for each category of the datasets explored, 18

surrogate experiments, one (1) SEIR compartmental framework, and one (1) discrete

event simulation (DES) model. The breakdown of the scenerios are ten (10) models,

six (6) countries, and three (3) cases, (confirmed, recovered, and death cases). We

had one (1) SEIR and one (1) DES because they were developed as a blueprint that

can be adjusted to the COVID-19 event simulations of the SIIMCF countries. Our

study showed how an optimized machine learning model outperforms statistical

methods, as shown by model performance metrics in Chapter 4. Furthermore, our

analysis was able to estimate the peak duration of hospital resources demand needed

to treat infected individuals. Lastly, our findings can guide governments regarding

lockdown policy by estimating the period of high transmission of COVID-19. There-

fore, we have achieved the research goals and objectives.

5.2 General Inferences and Observations

In this subsection, we highlight key observations and interpretations deduced from

our findings.

• Empirically, our results showed that fatality cases for SIIMCF countries are on

the lower margin (compared to the confirmed and recovered cases) for both

observed and forecast values. At the time of writing, the case fatality rate in

South Africa was 2.95%, Italy was 2.87%, Colombia was 2.54%, and India was

1.34%, according to a report by WHO [1] and John Hopkins research [2], [85].
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• The simulated and real-world dataset for Fiji, which we evaluated for Ocea-

nia continent, had a confined range of values for the daily CRD cases, ranging

between zero (0) and one (1). The model simulation for Fiji resulted in un-

usual and flat modeling results for SEIR, DES, and surrogate experiment as

presented in Tables 4.10, 4.11, H.1, H.2, H.3, and H.4.

• Our forecast indicated that South Africa, the benchmark country of this study,

would experience an increase in the confirmed cases at different periods, as

presented in Tables 4.10, 4.11, H.1, H.2, H.3, and H.4. However, the predicted

recovery rate was higher than the mortality rate, implying that more individ-

uals with confirmed COVID-19 cases would recover from COVID-19, which is

consistent to the SIIMCF countries.

• For 400 days (starting from 24th, April 2021), there is no single peak period for

CRD cases in the SIIMCF countries. Tables 4.10, 4.11, H.1, H.2, H.3, and H.4

outlines the different CRD peak periods predicted by ADRIANA system for

the SIIMCF countries.

• There was no correlation between the CRD cases of the SIIMCF countries, im-

plying that an increasing or decreasing trend in a country’s CRD case does not

influence other SIIMCF countries. Each SIIMCF country’s analysis of COVID-

19 is unique and examined as a distinct entity.

• Investigating the future trend of COVID-19’s CRD cases for the SIIMCF coun-

tries, we present the following;

Confirmed Cases: According to Tables 4.10 and 4.11, and Figure 4.32, Mex-

ico will experience the highest increase of confirmed cases, followed by India,

Italy, South Africa, Colombia, and Fiji. Likewise, the confirmed cases for the

SIIMCF countries showed similar transmission patterns, but in different mag-

nitude. The implication of the similar transmission pattern is that preventative

measures should be severe and properly adhered to by population. Similarly,

hospitals in these countries should prepare to accommodate more patients dur-

ing the predicted uptick period of COVID-19’s confirmed cases. Furthermore,

our analyses predicted that South Africa and Colombia will experience a min-

imal downward trend of confirmed cases between early February 2022 and

March 2022.

Recovered Cases: According to the analysis of recovered cases presented in

Table 4.10 and Table 4.11, Mexico will experience the highest recovery rate,

followed by India, South Africa, Italy, Colombia, and Fiji . Additionally, our

findings reported that the recovery pattern in India would be on the increase

by April 2022. In addition, the average ratio of confirmed cases to recovery
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cases for the SIIMCF countries would be approximately 6:2, indicating that

there will be more active cases than recovered cases.

Death Cases: According to the results presented in Tables 4.10, 4.11, H.1, H.2,

H.3, and H.4, Mexico exhibit a wavy death pattern. Similarly, India will experi-

ence a spike in fatalities at four different periods from January, 2022. However,

depending on the population’s adherence to preventative measures, India’s

uptick in death cases can be minimized. Our findings predicted the mortality

cases in the SIIMCF countries to decrease between November 2021 and March

2022.

We would like to report the following observations:

(i) Overall, there is a high probability that COVID-19 would be prevalent

globally until April 2022. Our study findings evidenced this claim and

also, COVID-19 publication by World Health Organization [8].

(ii) The predictions of the CRD cases is limited to the six SIIMCF countries

considered in this study, and not all the countries in the world.

5.3 Contribution

Our research study offers three significant contributions to the field of research.

• First, we examined the CRD cases in the SIIMCF countries, spanning the global

continent. Next, we evaluated the risk index (Section 4.4.3) and analyzed the

reported CRD cases for the provinces in South Africa as the study’s benchmark

country. The risk index evaluation provided us with helpful insight about the

disease’s transmission dynamics in each province.

• Second, as stated in Section 4.6.2 of Chapter 4, we implemented a blueprint of

an SEIR compartment model and a DES. The SEIR model is capable of sim-

ulating the number of exposed, infectious, and recovered (or death) cases in

any population based on defined local parameters. The infectious population

in the SEIR compartment was used as initial population for the discrete sim-

ulator. Likewise, DES simulates the treatment activities of infected COVID-19

patients in hospitals.

Furthermore, our models were trained with the COVID-19’s CRD dataset for

each SIIMCF country. The daily 400-day disease transmission pattern was gen-

erated from 24th April, 2021 to 22nd May, 2022. Additionally, we were able to

detect the trend in the SIIMCF’s CRD forecasts as shown in Figure 4.32. The
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CRD forecast presents a global perspective about the future transmission of

COVID-19.

• Third, our study can ensure that government and hospitals are ready for the

peak scenarios to provide optimal preventive measures and disease-risk con-

trol. The surrogate forecast can guide the government in its policy-making pro-

cess regarding lockdown measures. In addition hospital management can use

the SEIR result, event simulation, and surrogate forecast to guide preparation

towards hospital resources demand required in the future to accommodate the

treatment of infected individuals conveniently.

Our study observed that SIIMCF countries experienced different levels of so-

cial impact and considered lockdown as a major disease-spread preventive strategy.

Therefore, our work is acknowledged and relevant in predicting the future dynamics

of COVID-19 globally.

5.4 Conclusion

The COVID-19 pandemic caused significant threat to humanity, and its negative im-

pact is inevitable [1], [4], [8]. some COVID-19’s negative impact includes loss of

lives, loss of jobs, and health challenges [5], [8]. One of the notable health challenges

of COVID-19 is severe lung damage, resulting in death of several individuals glob-

ally. The global death toll of 3,582,724 was recorded as of 23rd April, 2021 [2], [7].

Many healthcare and scientific modeling research studies have offered innovative

and novel ideas as computational solution to the COVID-19 event. Different compu-

tational studies about COVID-19 pandemic evolved from Operation Research (OR)

and Artificial Intelligence (AI). These approaches have significantly contributed to

policy-regulation solutions, economic guide, and healthcare management centered

around COVID-19 pandemic.

Recently, using deep learning framework for COVID-19’s prediction has gained

much attention. In the past, deep learning techniques were commonly recognized

as only effective at dealing with non-linear computational tasks [86]. Our study’s

benchmark model utilizes deep learning, and is able to forecast both long-term and

short-term COVID-19 trend. Additionally, we expanded the existing literature (high-

lighted in Chapter 2) by integrating three models (described in Chapter 1 and de-

tailed in Chapter 3) into a single system named ADRIANA for prediction.

Using evolutionary approach to optimize surrogate models for prediction is ad-

vantageous for modeling task [45] by using Genetic Algorithm (GA). The Genetic

Algorithm is an efficient tool for optimizing forecast models. GA operates by encod-

ing data using chromosome representation [26], [47]. It is worth noting that, because
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GAs are modular and can easily adapt to different model structure, GA optimiza-

tion process is less complex. Therefore, GA method can be adjusted to fit different

hypothetical modeling scenarios [26].

From theoretical perspective, hospital administrators should: (a) understand

COVID-19 patients’ trend, available treatment resources, and economic implications

in hospital management, (b) be able to adjust resource allocation model parameters

(for example, available beds in the wards or ICU, and patients’ length of stay) of the

discrete event simulator for further analyses, and (c) formulate implementation plan

regarding observed changes in (b).

Similarly, policymakers should: (a) observe the adherence level of population to

lockdown measures, (b) ensure that lockdown measures are not economically bur-

densome for citizens to adopt. Lockdown not properly managed can lead to differ-

ent social vices, and (c) provide basic socio-economic support which are beneficial

to citizens.

Our findings indicated that COVID-19 would be globally dominant by minimum

of 230-days from 24th April, 2021. Empirical study predicts that countries, such as

South Africa and France, already anticipated the third wave of the disease [1], [4].

We captured this scenario in our simulation experiment and we presented the re-

sults and explanations in Tables 4.10, 4.11, H.1, H.2, H.3, and H.4 in Section 3.9.1 of

Chapter 4.

The models investigated in this study used the COVID-19 transmission trend in

past 400 days to forecast transmission trend for next 400 days. The learning function

of COVID-19’s past transmission trend to predict future trend was consistent for

SIIMCF country’s forecast experiment. Therefore, we are able to adequately predict

disease peak duration. The predictions are beneficial to hospital management and

government to inform policy, planning, and intervention action to control COVID-19

spread.

We strongly recommended that hospital administration and policymakers iden-

tify confirmed case trend versus recovered and death cases trend to guide policy

formulation. The recommendation is given because the number of confirmed cases

determines key intervention and policy planning structure for COVID-19 transmis-

sion. We observed the peak period of CRD cases for the SIIMCF countries as pre-

sented in Tables 4.10, 4.11, H.1, H.2, H.3, and H.4.

For example, the confirmed cases (C) for South Africa in Table 4.10 with value

70±5− 150±8 represents the stacked LSTM. The forecast estimated an upsurge in

the confirmed cases between the day range [65,75] to [142,158]. Therefore, it im-

plies, between days 65 and 158, (starting 24th April 2021), hospital management

should expect and prepare treatment for more infected patients. Similarly, the es-

timate recommends that government should raise the level of lockdown for these
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day range. The computation and recommendation is applicable and consistent for

SIIMCF countries.

5.5 Recommendation for Future Work

Our study proved the ability of machine learning to predict COVID-19’s future

transmission trend globally. We have identified four key areas of further study in

this research.

Recommendation 1: Considering external factors, ADRIANA system can be pro-

grammed to dynamically adapt to different pandemic cases. In addition, evaluate

and integrate the factors that influence pandemic transmission trend (such as the at-

mospheric conditions, geolocation, population response to government policy, and

age bracket).

Recommendation 2: Novel GA models, such as hybrid neural networks-GAs,

can be developed to suit specific geolocation. Hence, primary "What-if" model cali-

bration could be expanded to include broader hypothetical scenarios.

Recommendation 3: Using a multi-objective optimization function to config-

ure the surrogate hyperparameters. Especially by creating a CRD data-aggregation

module to substitute each CRD modeling.

Recommendation 4: Our simulation did not consider the distribution mecha-

nism of vaccines to the population, and distribution of personal protective equip-

ment (PPE) to healthcare personnel. Further research can be explored to integrate

these components into a single system, through a visual-control-based system.

5.5.1 COVID-19’s Policy Recommendation

Several measures have been undertaken to reduce the increasing transmission rate

of COVID-19 in South Africa and SIIMCF countries. Therefore, policymakers can

use data-driven machine learning approaches to enhance their effort to reduce the

high transmission rate of COVID-19. The recommended policy includes:

Discretion in Model Applications: Although, models explored in this research

presented excellent forecasts, they should be applied with discretion for practical

use, and should not be entirely relied on. Different factors can influence the accuracy

of the model. The factors can be data alteration used for simulation, and different

external factors that could modify COVID-19 CRD cases in geolocation.

Lockdown Regulations: It is vital to categorize government’s policy on lock-

down measures. The categorization will guide access to specific infrastructure and

public settings. In general, total lockdown of population is discouraged, since it

could lead to unexpected crises. Therefore, the lockdown policy should be flexible

and firmly adhered by citizens.
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Engage More Medical Professionals: Based on the future projection of the ADRI-

ANA system, especially for confirmed cases, hospital management should engage

more competent medical professionals to treat various COVID-19 cases. In addition,

based on the number of confirmed cases for hospital admission, the ratio of medical

personnel to the infected patient should be about 4:3 [15]. The ratio estimate will

allow patients to access supervised medical treatment. By so doing, COVID-19’s

transmission can be reduced. Likewise, well-being of healthcare professionals must

be considered with utmost importance by providing sufficient personal protective

equipment (PPE) when administering treatments to patients.

Economic support to citizens: One of the major intervention strategies for min-

imizing COVID-19 transmission is the lockdown strategy. Government’s inability

to manage lockdown policy efficiently could lead to severe crises, as some popula-

tion fragments may experience social difficulty. Individuals may fail to meet their

fundamental needs, economic demands, and other responsibilities as a result of the

aforementioned flaws, which may lead to anti-social behavior in the society.

A recommendation for government is to create a sufficient welfare management

scheme that can help citizens meet basic needs during the lockdown. The welfare

scheme can be: reduced cost of items, relief funds, housing allowances, free health-

care services, and loans. In addition, the welfare scheme will strengthen citizen’s

credibility, demonstrating government’s concern for their well-being.

5.6 Disclosure of Competing Interest

We declare no commercial interests or personal connections that may appear to have

motivated our study. Our primary goal is to provide computational solution to re-

duce the increasing trend of COVID-19 in the SIIMCF countries.
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Appendix A

SEIR Simulation Graph

The Figure A.1 represents the design and controls for tuning the parameters of the

SEIR model. The parameters architecture are consistent and can be applied to all the

SIIMCF countries. The implementation details and results interpretation of the SEIR

model are described in Chapter 4, Section 4.6.2 of this dissertation.

FIGURE A.1: SEIR Simulation Based on Configured Parameters
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Appendix B

Surrogate Hyperparameter

Selection

This section delves into the hyperparameter selection of optimal surrogates for each

of the countries investigated in this study. The surrogate is modified using the se-

lected hyperparameters to get appropriate results.
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TABLE B.1: Optimal Model Hyperparameter Selection for Italy

S-REAL S-SIMUL S-SIREAL

Model Hyperparameter C R D C R D C R D

LSTM, Neurons 62 56 52 48 42 53 61 64 68
GRU Window Size 10 12 9 10 6 11 8 6 5

Learning Rate 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02
MLP Batch Size 50 40 43 46 56 51 58 47 56

Unit 16 12 18 11 18 10 14 16 9
Learning Rate 0.01 0.04 0.03 0.01 0.02 0.02 0.01 0.06 0.01
Solver Adam Adam Adam Adam Adam Adam Adam Adam Adam

XGBR Learning Rate 0.005 0.005 0.005 0.01 0.03 0.02 0.004 0.04 0.03
Max Depth 3 3 3 3 3 3 3 3 3
Max features 15 15 15 15 15 15 15 15 15
Estimators 20 20 20 20 20 20 20 20 20

RFR Estimator 20 20 20 25 20 20 10 15 10
Max features 15 25 25 15 25 15 15 15 20
Max Depth 4 4 4 4 4 6 4 4 4
Min Split 3 2 4 3 4 3 4 2 3
Min Leaf 7 7 6 8 6 6 6 7 6

SVR Epsilon 0.8 0.4 0.6 0.2 0.2 0.4 0.12 0.8 0.4
Kernel Linear Linear Linear Linear Linear Linear Linear Linear Linear

LR Coefficient(β) 0.63 0.57 0.81 1.25 0.34 3.01 0.33 2.14 1.48
Intercept(α) 6.30 23.78 18.52 51.12 23.62 31.14 27.40 16.24 17.03

DTR Max Depth 8 8 8 6 4 8 6 8 6
Min Split 4 4 6 6 12 6 6 6 6
Min Leaf 3 3 3 2 4 3 2 3 3

ARIMA (p,d,q) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0)
p-value 0.92 0.56 0.63 0.91 0.72 0.57 0.93 0.64 0.72
Min AIC 5087.7 4714.1 2708.2 2147.2 31498.5 1082.4 4030.1 1932.4 20127.2

GA Population Size 10 10 10 10 10 10 10 10 10
Generation 45 45 45 45 45 45 45 45 45
Gene Length 10 10 10 10 10 10 10 10 10
Crossover 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.3
Mutation 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
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TABLE B.2: Optimal Model Hyperparameter Selection for India

S-REAL S-SIMUL S-SIREAL

Model Hyperparameter C R D C R D C R D

LSTM, Neurons 64 54 64 72 48 40 58 67 62
GRU Window Size 8 12 9 5 7 6 5 6 7

Learning Rate 0.01 0.01 0.01 0.03 0.03 0.03 0.05 0.05 0.05
MLP Batch Size 48 52 44 51 53 57 68 46 53

Unit 28 16 23 16 18 24 15 19 21
Learning Rate 0.03 0.02 0.02 0.01 0.01 0.02 0.01 0.06 0.01
Solver Adam Adam Adam Adam Adam Adam Adam Adam Adam

XGBR Learning Rate 0.01 0.01 0.01 0.05 0.05 0.05 0.02 0.02 0.02
Max Depth 3 3 3 3 3 3 3 3 3
Max features 10 10 10 10 10 10 10 10 10
Estimators 15 15 15 15 15 15 15 15 15

RFR Estimator 10 10 10 10 10 10 10 10 10
Max features 15 15 15 12 12 12 13 13 13
Max Depth 4 4 4 4 4 4 4 4 4
Min Split 3 3 3 3 3 3 3 3 3
Min Leaf 8 6 8 8 6 8 8 6 8

SVR Epsilon 0.2 0.4 0.2 0.6 0.6 0.6 0.3 0.3 0.3
Kernel Linear Linear Linear Linear Linear Linear Linear Linear Linear

LR Coefficient(β) 1.21 0.32 9.27 2.67 0.41 2.27 10.76 4.28 5.43
Intercept(α) 19.07 19.98 33.53 21.20 23.08 32.52 12.52 17.12 18.75

DTR Max Depth 4 4 4 4 4 4 4 4 4
Min Split 7 7 7 7 7 7 7 7 7
Min Leaf 3 3 3 3 3 3 3 3 3

ARIMA (p,d,q) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0)
p-value 0.94 0.91 0.92 0.64 0.56 0.91 0.84 0.67 0.94
Min AIC 2057.4 6744.5 1767.8 1037.3 2827.2 2376.4 2051.5 5232.5 1008.5

GA Population Size 10 10 10 10 10 10 10 10 10
Generation 45 45 45 45 45 45 45 45 45
Gene Length 10 10 10 10 10 10 10 10 10
Crossover 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.3
Mutation 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
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TABLE B.3: Optimal Model Hyperparameter Selection for Mexico

S-REAL S-SIMUL S-SIREAL

Model Hyperparameter C R D C R D C R D

LSTM, Neurons 72 52 67 36 44 89 86 67 65
GRU Window Size 12 14 8 11 9 12 10 14 8

Learning Rate 0.01 0.01 0.01 0.08 0.08 0.08 0.04 0.04 0.04
MLP Batch Size 62 51 42 44 61 49 53 52 46

Unit 28 21 18 22 14 18 12 16 19
Learning Rate 0.05 0.02 0.01 0.01 0.01 0.03 0.01 0.02 0.02
Solver Adam Adam Adam Adam Adam Adam Adam Adam Adam

XGBR Learning Rate 0.012 0.05 0.010 0.02 0.02 0.03 0.04 0.03 0.02
Max Depth 3 3 3 3 3 3 3 3 3
Max features 25 25 25 25 25 25 25 25 25
Estimators 20 20 20 20 20 20 20 20 20

RFR Estimator 30 30 30 25 20 25 25 15 25
Max features 25 25 25 15 10 15 10 25 20
Max Depth 4 3 4 4 4 6 4 4 4
Min Split 5 2 5 3 4 6 4 8 2
Min Leaf 3 3 3 6 2 2 8 8 8

SVR Epsilon 0.2 0.7 0.3 0.1 0.7 0.5 0.16 0.18 0.2
Kernel Linear Linear Linear Linear Linear Linear Linear Linear Linear

LR Coefficient(β) 2.42 0.32 6.34 0.45 0.27 0.62 0.36 3.54 2.06
Intercept(α) 1.07 15.34 12.02 18.14 33.42 23.19 24.72 18.49 15.22

DTR Max Depth 6 6 6 4 4 6 4 6 6
Min Split 5 5 5 9 2 4 6 12 4
Min Leaf 3 2 3 3 5 2 4 4 2

ARIMA (p,d,q) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0)
p-value 0.90 0.96 0.94 0.96 0.62 0.33 0.83 0.62 0.74
Min AIC 7033.7 6581.6 7408.8 105.7 3981.5 1233.5 2353.1 1233.8 2012.5

GA Population Size 10 10 10 10 10 10 10 10 10
Generation 45 45 45 45 45 45 45 45 45
Gene Length 10 10 10 10 10 10 10 10 10
Crossover 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.3
Mutation 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1



Appendix B. Surrogate Hyperparameter Selection 106

TABLE B.4: Optimal Model Hyperparameter Selection for Colombia

S-REAL S-SIMUL S-SIREAL

Model Hyperparameter C R D C R D C R D

LSTM, Neurons 74 78 64 61 63 58 54 44 61
GRU Window Size 16 6 12 6 8 5 16 14 14

Learning Rate 0.03 0.03 0.03 0.02 0.03 0.01 0.03 0.07 0.07
MLP Batch Size 52 46 51 62 68 63 36 52 56

Unit 16 12 32 18 32 19 17 18 21
Learning Rate 0.03 0.02 0.01 0.01 0.01 0.02 0.01 0.06 0.01
Solver Adam Adam Adam Adam Adam Adam Adam Adam Adam

XGBR Learning Rate 0.02 0.015 0.014 0.04 0.02 0.03 0.02 0.02 0.16
Max Depth 3 3 3 3 3 3 3 3 3
Max features 30 30 30 25 35 15 25 15 35
Estimators 20 35 30 25 15 35 25 30 15

RFR Estimator 15 15 15 20 20 15 15 25 20
Max features 10 15 10 15 25 25 10 15 20
Max Depth 6 6 8 7 5 4 3 6 8
Min Split 4 2 5 5 4 6 4 8 2
Min Leaf 7 5 5 6 4 4 4 3 3

SVR Epsilon 0.2 0.6 0.4 0.4 0.3 0.4 0.8 0.2 0.14
Kernel Linear Linear Linear Linear Linear Linear Linear Linear Linear

LR Coefficient(β) 3.31 0.44 0.57 3.26 0.54 1.41 2.23 4.02 3.91
Intercept(α) 12.21 19.30 6.72 8.12 3.24 15.52 26.83 11.19 13.63

DTR Max Depth 8 8 8 4 6 8 8 8 3
Min Split 3 3 3 6 9 2 4 7 4
Min Leaf 3 3 5 5 3 3 3 3 3

ARIMA (p,d,q) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0)
p-value 0.14 0.19 0.13 0.42 0.31 0.34 0.15 0.42 0.33
Min AIC 7033.7 6581.6 7408.8 3105.1 4286.2 2821.4 8659.2 1322.4 60409.4

GA Population Size 10 10 10 10 10 10 10 10 10
Generation 45 45 45 45 45 45 45 45 45
Gene Length 10 10 10 10 10 10 10 10 10
Crossover 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.3
Mutation 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
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TABLE B.5: Optimal Model Hyperparameter Selection for Fiji

S-REAL S-SIMUL S-SIREAL

Model Hyperparameter C R D C R D C R D

LSTM, Neurons 46 32 45 52 43 58 54 44 61
GRU Window Size 5 6 4 10 8 5 11 9 4

Learning Rate 0.03 0.03 0.03 0.02 0.03 0.01 0.03 0.07 0.07
MLP Batch Size 42 36 43 52 58 34 31 52 50

Unit 12 16 11 18 34 12 15 21 34
Learning Rate 0.02 0.01 0.01 0.01 0.01 0.01 0.02 0.04 0.01
Solver Adam Adam Adam Adam Adam Adam Adam Adam Adam

XGBR Learning Rate 0.012 0.010 0.002 0.14 0.20 0.05 0.04 0.007 0.12
Max Depth 3 3 3 3 3 3 3 3 3
Max features 10 10 15 25 10 25 35 10 20
Estimators 25 15 20 15 20 25 15 30 25

RFR Estimator 30 15 30 25 35 10 10 15 25
Max features 10 5 5 10 15 15 16 15 25
Max Depth 4 6 8 7 3 4 5 5 8
Min Split 8 5 5 4 7 6 2 4 3
Min Leaf 5 4 8 6 3 4 7 3 5

SVR Epsilon 0.2 0.8 0.16 0.4 0.3 0.2 0.8 0.4 0.12
Kernel Linear Linear Linear Linear Linear Linear Linear Linear Linear

LR Coefficient(β) 0.01 0.01 0.02 0.2 0.31 0.11 0.32 0.01 0.13
Intercept(α) 1.31 1.20 1.27 1.21 1.42 1.25 1.38 1.91 1.36

DTR Max Depth 6 2 2 4 6 2 6 2 5
Min Split 4 5 3 6 2 7 5 4 5
Min Leaf 4 7 6 5 4 2 8 4 5

ARIMA (p,d,q) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0) (1,1,0)
p-value 0.11 0.09 0.12 0.24 0.13 0.43 0.12 0.22 0.18
Min AIC 34.7 83.6 25.5 55.9 32.65 21.5 19.4 17.3 12.32

GA Population Size 10 10 10 10 10 10 10 10 10
Generation 45 45 45 45 45 45 45 45 45
Gene Length 10 10 10 10 10 10 10 10 10
Crossover 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.3
Mutation 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
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Appendix C

Schematics of Actual Values Versus

Model Predictions
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Appendix D

Schematics of Actual Values,

Predictions, and Forecast
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Appendix E

Schematics of CRD Forecast for

SIIMCF Countries
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Appendix F

C, R and D Models Forecast
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Appendix G

SIIMCF Model Evaluation Metrics

The model evaluation metrics for the SIIMCF countries are presented in the tables

below as defined in Section 3.8 of Chapter 3.
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TABLE G.1: Model Evaluation Metrics for Italy

S-REAL S-SIMUL S-SIREAL

Model Cases RMSE MAE R2 RMSE MAE R2 RMSE MAE R2

LSTM Confirmed 44.09 27.64 0.91 48.91 37.73 0.88 51.49 36.24 0.72

Recovered 152.54 125.40 0.82 178.37 148.46 0.73 193.41 185.99 0.65

Death 10.15 78.77 0.79 45.25 198.37 0.57 94.65 214.52 0.46

GRU Confirmed 94.28 74.91 0.88 95.13 88.12 0.69 124.34 88.48 0.66

Recovered 134.95 109.02 0.42 124.05 128.33 0.41 181.85 182.65 0.36

Death 88.83 92.79 0.63 85.45 73.89 0.55 90.48 82.90 0.52

MLP Confirmed 88.19 65.15 0.87 93.48 74.25 0.58 99.39 79.01 0.68

Recovered 139.02 104.28 0.75 142.34 111.88 0.71 179.08 134.56 0.61

Death 175.12 85.69 0.82 195.6 48.39 0.72 194.26 32.87 0.70

XGBR Confirmed 232.51 462.14 0.75 267.52 4882.23 0.72 334.59 498.04 0.55

Recovered 346.39 327.05 0.56 366.49 341.53 0.34 415.93 390.45 0.26

Death 777.21 173.08 0.50 793.58 183.18 0.45 983.42 183.04 0.44

RFR Confirmed 3612.41 2903.74 0.82 3921.14 3101.54 0.74 38322.31 2991.59 0.62

Recovered 5164.32 4059.69 0.42 6129.24 4895.77 0.39 6242.36 4399.39 0.52

Death 116.41 87.67 0.76 128.39 98.64 0.66 146.49 83.62 0.45

SVR Confirmed 3400.86 2716.27 0.84 3459.26 2839.74 0.72 3496.39 239.39 0.48

Recovered 4922.01 3597.85 0.66 4950.45 3392.53 0.71 5231.41 3956.33 0.52

Death 3128.31 2198.01 0.72 3243.19 2378.91 0.71 3592.32 2859.41 0.56

LR Confirmed 3253.21 2625.14 0.49 3485.81 2734.24 0.42 3893.54 2729.44 0.44

Recovered 4859.93 3528.81 0.69 45102.39 3688.50 0.64 4921.33 35902.12 0.53

Death 110.13 81.33 0.62 160.42 88.38 0.61 190.39 86.26 0.59

DTR Confirmed 3514.31 2785.78 0.49 3612.45 2892.18 0.42 4390.43 2902.17 0.38

Recovered 6108.21 4840.52 0.12 6215.18 4937.34 0.45 7046.59 4930.24 0.33

Death 133.46 101.17 0.76 138.64 183.38 0.46 156.90 212.82 0.35

AR Confirmed 7057.91 5415.09 0.70 7341.15 5628.74 0.72 9347.69 316.29 0.62

Recovered 7033.22 5705.59 0.94 7054.49 5849.49 0.41 82093.38 5805.29 0.67

Death 216.76 181.75 0.24 234.64 187.99 0.19 257.58 189.45 0.19

ARIMA Confirmed 4591.77 3728.93 0.34 4728.49 3847.03 0209 4892.78 3739.43 0.21

Recovered 12716.02 11704.15 0.25 12412.32 10550.45 0.23 19490.32 11924.33 0.22

Death 3708.84 337.55 0.21 3790.34 349.67 0.21 3809.45 359.36 0.16
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TABLE G.2: Model Evaluation Metrics for India

S-REAL S-SIMUL S-SIREAL

Model Cases RMSE MAE R2 RMSE MAE R2 RMSE MAE R2

LSTM Confirmed 505.05 218.73 0.90 575.38 288.84 0.87 582.91 284.64 0.73

Recovered 218.11 223.98 0.72 545.48 56.39 0.62 553.44 83.54 0.68

Death 323.54 151.74 0.60 102.39 193.48 0.91 166.67 193.54 0.40

GRU Confirmed 553.28 221.86 0.75 693.59 268.94 0.66 873.83 256.89 0.54

Recovered 502.23 230.06 0.67 833.33 450.39 0.63 712.46 283.85 0.54

Death 257.96 115.54 0.75 289.29 167.29 0.65 297.42 125.46 0.56

MLP Confirmed 565.84 80.08 0.83 588.43 89.83 0.72 616.73 89.84 0.64

Recovered 192.73 110.65 0.82 167.99 135.39 0.74 362.93 160.39 0.59

Death 237.47 113.73 0.79 362.49 139.99 0.72 487.97 427.23 0.64

XGBR Confirmed 768.22 859.61 0.58 892.38 902.31 0.52 768.22 1059.41 0.48

Recovered 428.90 662.04 0.75 488.73 6390.38 0.65 892.48 362.34 0.98

Death 609.89 330.50 0.96 699.52 389.38 0.53 749.34 412.67 0.51

RFR Confirmed 1083.33 2353.08 0.89 1292.59 4330.73 0.83 3350.85 2568.43 0.66

Recovered 305.08 1084.86 0.85 360.18 1893.59 0.55 409.39 343.36 0.25

Death 325.25 121.53 0.96 376.22 136.85 0.68 452.89 148.89 0.67

SVR Confirmed 9113.15 5376.44 0.88 9694.45 5630.59 0.59 9873.22 5585.98 0.74

Recovered 8689.44 4969.36 0.75 85783.85 4983.93 0.75 8903.63 4895.95 0.59

Death 100.41 53.24 0.96 167.94 67.55 0.86 228.69 39.44 0.56

LR Confirmed 630.64 692.98 0.78 850.90 739.09 0.67 815.44 642.84 0.56

Recovered 267.81 42.33 0.95 58.55 90.38 0.81 101.43 89.49 0.65

Death 114.29 65.43 0.92 145.49 98.63 0.56 130.19 59.95 0.46

DTR Confirmed 642.94 866.43 0.58 767.94 937.02 0.52 693.34 887.59 0.52

Recovered 282.03 797.09 0.75 312.34 799.49 0.74 356.52 818.39 0.53

Death 459.34 156.43 0.76 352.35 195.49 0.66 602.35 196.33 0.46

AR Confirmed 565.21 541.77 0.32 595.64 660.09 0.51 395.59 901.33 0.21

Recovered 962.82 538.04 0.44 603.66 937.24 0.34 354.35 3804.55 0.32

Death 534.15 389.52 0.19 594.49 3453.67 0.14 589.95 349.78 0.32

ARIMA Confirmed 7311.53 3513.36 0.44 2804.66 3994.23 0.16 4030.40 340.22 0.17

Recovered 4266.06 3974.82 0.31 466.23 3054.20 0.41 440.45 34595.22 0.42

Death 521.21 365.36 0.31 849.22 932.45 0.41 856.89 338.45 0.29
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TABLE G.3: Model Evaluation Metrics for Mexico

S-REAL S-SIMUL S-SIREAL

Model Cases RMSE MAE R2 RMSE MAE R2 RMSE MAE R2

LSTM Confirmed 402.30 369.12 0.81 456.15 386.22 0.78 522.45 390.21 0.74

Recovered 1699.25 1676.70 0.58 1738.93 392.31 0.53 210.45 1982.89 0.42

Death 598.01 391.52 0.53 698.44 457.92 0.61 892.48 420.56 0.44

GRU Confirmed 519.25 361.68 0.72 549.03 392.59 0.49 782.48 934.44 0.42

Recovered 1711.01 1693.34 0.92 1854.34 1963.33 0.89 3289.27 1384.55 0.64

Death 490.98 337.09 0.70 520.20 382.34 0.69 691.10 357.80 0.89

MLP Confirmed 488.58 307.71 0.48 593.44 316.31 0.58 741.98 456.40 0.45

Recovered 1706.14 1692.86 0.53 2909.34 2940.03 0.63 1516.21 1490.03 0.59

Death 328.67 327.91 0.72 942.95 930.33 0.42 532.69 359.58 0.42

XGBR Confirmed 8566.16 6878.14 0.66 8593.23 6723.94 0.61 8893.09 6493.49 0.52

Recovered 8078.18 7004.38 0.65 8903.28 7394.21 0.35 9301.13 7305.01 0.56

Death 871.32 132.55 0.79 893.76 754.84 0.63 925.462 798.23 0.43

RFR Confirmed 4869.19 3181.29 0.36 4489.32 3283.90 0.31 5230.35 3233.69 0.28

Recovered 4518.61 2704.39 0.35 4734.16 2490.44 0.24 4902.76 2903.44 0.36

Death 511.13 334.47 0.55 532.34 393.56 0.45 632.44 390.34 0.73

SVR Confirmed 4171.68 2436.21 0.76 4276.42 2578.76 0.66 4490.72 3894.21 0.55

Recovered 3851.08 1651.89 0.85 3739.30 1927.32 0.54 4390.82 1394.30 0.42

Death 513.63 294.83 0.72 559.53 258.93 0.55 523.73 384.94 0.83

LR Confirmed 412.93 268.04 0.66 434.90 572.81 0.48 712.43 228.02 0.58

Recovered 201.62 768.73 0.85 605.98 794.33 0.59 717.59 759.54 0.59

Death 482.04 302.25 0.79 528.53 393.48 0.98 536.12 653.89 0.65

DTR Confirmed 186.93 274.68 0.36 212.56 849.33 0.54 564.03 483.45 0.59

Recovered 5212.51 3013.25 0.35 3453.33 934.61 0.75 4932.40 3435.33 0.38

Death 499.07 322.80 0.29 532.65 938.32 0.49 812.34 399.32 0.26

AR Confirmed 5388.36 4554.12 0.36 5694.22 4495.20 0.27 5590.33 4559.42 0.32

Recovered 4969.83 4071.04 0.45 4395.30 4390.22 0.35 5303.55 4932.34 0.44

Death 427.62 590.67 0.47 538.59 734.66 0.37 683.27 739.33 0.67

ARIMA Confirmed 1081.04 740.33 0.12 1201.34 690.23 0.30 1806.44 450.45 0.43

Recovered 6120.88 5109.87 0.35 6310.43 5409.38 0.45 6385.29 5590.45 0.47

Death 2011.25 396.68 0.36 643.60 369.44 0.26 795.95 638.28 0.11
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TABLE G.4: Model Evaluation Metrics for Colombia

S-REAL S-SIMUL S-SIREAL

Model Cases RMSE MAE R2 RMSE MAE R2 RMSE MAE R2

LSTM Confirmed 46.49 63.68 0.95 54.01 66.44 0.92 96.30 49.80 0.88

Recovered 58.21 44.59 0.87 128.12 17.45 0.56 169.36 89.72 0.47

Death 70.23 60.20 0.65 13.44 930.32 0.83 27.45 76.35 0.64

GRU Confirmed 91.57 68.72 0.35 121.45 428.02 0.45 191.34 67.25 0.49

Recovered 59.23 46.16 0.65 239.32 43.65 0.52 39.33 32.01 0.74

Death 42.19 31.69 0.21 349.32 32.54 0.34 232.34 38.97 0.45

MLP Confirmed 84.78 37.02 0.83 242.75 39.44 0.63 85.90 33.67 0.95

Recovered 74.90 65.72 0.72 124.91 59.79 0.34 232.50 625.42 0.52

Death 46.11 38.54 0.81 49.31 35.66 0.88 243.03 48.64 0.61

XGBR Confirmed 9594.01 8396.98 0.90 1093.45 6943.48 0.45 5930.02 8495.99 0.63

Recovered 1550.09 9454.07 0.65 2342.90 4596.33 0.36 2965.34 6956.23 0.45

Death 248.34 226.35 0.54 325.43 219.45 0.66 251.56 233.345 0.67

RFR Confirmed 443.49 413.82 0.90 481.72 435.44 0.85 450.45 436.22 0.85

Recovered 86.57 948.78 0.75 124.93 1024.33 0.85 186.72 1044.38 0.49

Death 59.44 44.24 0.94 102.45 234.24 0.88 142.86 124.42 0.82

SVR Confirmed 1553.47 1112.24 0.78 1903.33 14520.41 0.68 1670.66 1630.34 0.57

Recovered 2351.06 1596.18 0.75 3013.64 1689.21 0.26 2411.26 1609.32 0.69

Death 26.11 20.44 0.54 67.32 32.55 0.74 46.14 32.56 0.64

LR Confirmed 366.25 726.19 0.75 492.15 492.35 0.45 349.13 794.39 0.49

Recovered 32.16 125.79 0.64 59.23 59.45 0.62 33.49 60.39 0.54

Death 553.03 119.95 0.70 560.33 140.92 0.65 930.32 159.35 0.67

DTR Confirmed 2938.42 2104.25 0.90 2494.12 2233.52 0.94 2349.56 2493.52 0.85

Recovered 3583.22 2516.94 0.75 3693.32 2303.33 0.67 3496.32 2635.54 0.78

Death 63.52 45.30 0.94 89.53 144.83 0.47 133.27 49.06 0.59

AR Confirmed 6814.51 5866.10 0.35 2854.34 4950.33 0.67 6956.85 5954.21 0.73

Recovered 5337.99 3785.63 0.55 6855.44 3842.35 0.55 5495.60 2405.32 0.61

Death 492.71 338.48 0.35 528.63 442.44 0.54 795.44 305.33 0.66

ARIMA Confirmed 7991.81 6139.97 0.36 3682.91 4385.37 0.38 3953.96 9053.54 0.39

Recovered 5080.28 410.78 0.56 534.18 424.68 0.66 3920.33 4910.33 0.46

Death 510.23 409.62 0.51 595.13 490.45 0.53 752.59 549.58 0.61
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TABLE G.5: Model Evaluation Metrics for Fiji

S-REAL S-SIMUL S-SIREAL

Model Cases RMSE MAE R2 RMSE MAE R2 RMSE MAE R2

LSTM Confirmed 0.12 0.04 0.48 0.11 0.03 0.38 0.14 0.04 0.32

Recovered 0.14 0.04 0.44 0.12 0.21 0.27 0.12 0.3 0.29

Death 0.01 0.01 0.10 0.01 0.02 0.10 0.01 0.03 0.64

GRU Confirmed 0.14 0.09 0.52 0.16 0.5 0.8 0.12 1.15 0.19

Recovered 0.14 0.04 0.67 2.34 5.64 0.15 5.26 3.61 0.45

Death 42.19 31.69 0.21 5.95 3.26 0.31 6.17 5.99 0.08

MLP Confirmed 0.09 0.04 0.21 14.41 1.64 0.7 0.03 0.05 0.04

Recovered 0.04 0.02 0.23 23.69 21.32 0.61 2.09 4.41 0.30

Death 0.11 0.11 0.01 3.12 3.71 0.10 6.70 8.90 0.16

XGBR Confirmed 1.12 0.65 0.15 3.16 4.33 0.55 4.78 2.42 0.85

Recovered 0.87 0.56 0.10 0.26 0.14 0.23 2.37 10.81 0.24

Death 0.39 0.32 0.90 0.23 0.74 0.40 0.57 0.84 0.32

RFR Confirmed 1.12 0.43 0.19 0.15 0.35 0.75 0.32 0.63 0.20

Recovered 0.85 0.31 0.10 0.72 0.65 0.20 10.01 0.36 0.20

Death 0.01 0.01 0.90 0.15 0.10 0.25 2.10 0.70 0.81

SVR Confirmed 1.14 0.41 0.50 1.32 0.44 0.06 3.14 0.52 0.44

Recovered 0.85 0.30 0.10 0.56 0.45 0.32 0.33 0.41 0.15

Death 0.10 0.19 0.90 0.20 0.12 0.14 5.33 10.92 0.28

LR Confirmed 1.13 0.44 0.50 6.19 3.37 0.03 2.18 0.46 0.40

Recovered 0.83 0.31 0.10 0.88 0.46 0.21 6.81 43.51 0.30

Death 0.06 0.06 0.50 4.25 10.26 0.54 0.65 0.25 0.23

DTR Confirmed 1.13 0.44 0.55 3.15 5.40 0.65 2.10 0.44 0.51

Recovered 0.85 0.30 0.10 3.84 0.39 0.27 14.65 12.32 0.53

Death 0.06 0.06 0.90 0.65 12.69 0.34 13.89 25.12 0.60

AR Confirmed 1.13 0.46 0.27 12.63 5.5 0.40 10.33 23.35 0.25

Recovered 0.85 0.32 0.01 29.02 3.41 0.26 12.43 18.31 0.19

Death 0.01 0.01 0.10 0.4 0.9 0.35 0.08 0.35 0.34

ARIMA Confirmed 3.17 3.09 0.03 5.18 3.32 0.38 13.54 19.55 0.31

Recovered 1.52 1.47 0.11 61.32 10.17 0.20 13.22 18.22 0.45

Death 4.17 3.63 0.13 3.15 3.16 0.50 3.15 3.83 0.14
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Appendix H

Disease Prevalence Days (S-SIMUL

and S-SIREAL)

In this section, we present the disease prevalence days for the forecast models con-

sidered in this study relating to the simulated datasets together with the hybrid of

simulated and real-world datasets. The interpretation of the table value is consistent

as described in Section 4.6.4.4 of Chapter 4.

Tables H.1 and H.2 represents the disease prevalence days of the models relat-

ing to the simulated datasets, whereas, Tables H.3 and H.4 represents the disease

prevalence days of the models relating to the hybrid of simulated and real world

datsets.
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TABLE H.1: Surrogate Disease Prevalence Day Forecast (S-SIMUL)

Country Case LSTM GRU MLP XGBR SVR

South C 65±4− 150±6 110±5− 114±5 92±4− 1146±4 96±11− 135±8 90±6− 112±3

(Africa) 230±5− 340±4 260±4− 330±5 245±6− 330±5 250±5− 300±3 222±3− 312±4

R 220±5− 130±3 95±2− 135±5 80±5− 135±4 65±5− 150±10 110±10− 150±5

224±4− 320±4 280±7− 280±8 160±2− 315±3 250±5− 315±3 250±2− 340±2

D 103±4− 120±6 110±5− 120±3 60±5− 120±5 140±3− 125±5 124±3− 142±4

Italy C 215±8 120±3− 320±2 205±4 215±3 215±8

315±3− 320±6 325±2 312±1− 370±3 310±5 250±5− 390±4

R 240±3− 310±3 223±6− 315±2 575±2− 315±3 220±3− 320±3 230±3− 240±3

325±4 365±3 315±7

D 37±5− 335±4 48±2− 310±4 55±8− 236±8 40±3 38±5

363±3 363±3 325±3 272±3− 310±3 220±4− 349±2

375±10 379±2

India C 123±3− 285±4 123±3− 289±5 120±5− 215±5 220±5− 225±4 132±5− 220±7

321±4− 365±5 315±3− 320±2 362±2− 410±2 335±3− 319±5 345±3

R 215±3− 310±3 212±8− 322±3 244±5− 32±6 125±4− 245±4 220±4− 320±3

355±4 312±3 330±4− 395±4 335±6

D 7±3− 220±3 15±9− 330±3 12±6− 218±5 18±5− 230±8 22±4− 280±7

220±3 325±3 340±3 344±9 385±2

Mexico C 253±5− 325±2 245±5− 320±4 215±4− 320±4 100±5− 220±2 273±6− 345±3

312±4− 345±3 335±5 255±5− 330±4

R 135±4− 312±4 138±5− 340±2 135±4− 357±6 132±10− 325±7 127±2− 320±5

D 177±3 180±9 90±6− 230±6 85±4− 230±4 55±4− 210±3

325±5 220±4− 315±6 345±10 223±5− 352±3

Colombia C 124±3− 130±4 19±8− 130±3 135±6− 185±5 125±4− 120±5 120±7− 132±2

225±3− 315±7 230±4− 310±9 232±2− 349±4 255±6− 325±4 265±5− 310±6

R 228±2 229±4 163±4− 210±6 235±5 145±4− 230±4

314±4 290±5 230±4− 245±3

D 115±6− 135±2 115±9− 156±2 80±5− 145±6 45±2− 165±2 125±2− 132±2

247±2− 312±2 288±4− 325±2 225±3− 318±9 232±2− 319±2 338±4− 335±4

315±4 370±2 392±2 335±5 346±7

Fiji C – – – – –

R – – – – –

D – – – – –
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TABLE H.2: Surrogate Disease Prevalence Day Forecast (S-SIMUL
continued...)

Country Case RFR DTR LR AR ARIMA

South C 87±5− 130±3 29±4− 134±3 80±7− 135±3 30±20 130±10

Africa 245±5− 324±2 245±4− 313±3 249±2− 330±9 115±5− 226±2 215±5

R 86±3− 115±3 127±8− 145±2 98±4− 135±5 134±8− 140±5 215±8

223±3− 312±3 27±3− 313±5 245±3− 322±4 115±4− 135±3 235±9

D 105±2− 123±6 112±3− 189±4 129±5− 123±2 43±6 188±5

Italy C 228±8 187±4 245±5− 232±6 173±3 134±4

334±3 359±3 330±2

R 264±9− 376±5 213±2− 313±4 244±6− 329±4 340±2 388±4

359±5 321±4 356±3

D 34±2− 39±3 21±3 14±3− 29±3 18±3 42±3

382±4 367±5 353±3

India C 124±4− 247±3 145±6− 235±5 134±3− 277±4 132±4 315±3

334±3 364±3 367±2 128±5− 340±8 153±6

R 223±6− 312±4 29±4− 334±3 246±3− 250±5 14±2− 376±7 384±3

353±4− 317±3 342±4− 386±3 342±4 273±4− 337±8

D 122±5− 241±5 128±2− 225±6 134±2− 218±3 139±0 176±5

340±2− 386±3 347±3 366±7

Mexico C 92±3− 165±4 221±4 253±4− 376±4 147±3 134±7

250±3− 350±8 250±6− 350±3

R 108±4− 284±4 129±3− 317±6 143±4− 356±3 140±2 167±8

D 67±7− 188±3 63±4− 172±8 92±3− 177±3 58±12 123±5

249±6− 370±3 321±8− 340±9 260±4− 332±3

Colombia C 112±3− 154±4 128±4− 145±8 125±4− 166±8 128±3 176±2

237±3− 312±3 242±2− 313±4 273±2− 310±4

375±9 363±3 364±2

R 132±2− 213±2 223±7− 213±2 280±2− 299±2 135±5 165±9

265±3− 312±8

D 112±4− 162±5 128±6− 142±3 151±8− 149±4 137±6 284±3

255±3− 312±5 321±4− 334±2 275±4− 349±4

394±8 381±5 392±4

Fiji C – – – – –

R – – – – –

D – – – – –
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TABLE H.3: Surrogate Disease Prevalence Day Forecast (S-SIREAL)

Country Case LSTM GRU MLP XGBR SVR

South C 83±4− 149±6 92±3− 160±4 64±3− 142±5 78±3− 1640±4 78±5− 115±4

(Africa) 268±4− 324±3 284±4− 324±2 265±4− 320±5 246±4− 323±2 238±4− 342±3

R 280±5− 143±2 103±2− 135±4 120±5− 152±8 15±5− 136±4 115±6− 165±3

243±3− 325±6 253±3− 323±6 271±4− 360±3 268±3− 332±7 284±2− 312±3

D 113±2− 145±5 135±2− 142±5 126±3− 145±2 125±2− 136±5 113±4− 132±2

Italy C 212±5 223±5− 386±3 214±3 226±4 219±5

343±3− 396±2 381±4 372±4− 384±2 369±3 334±2− 392±4

R 267±3− 352±5 256±5− 368±3 242±4− 314±2 242±6− 383±2 255±4− 293±2

381±3 372±4 353±4

D 42±3− 304±3 41±3− 385±3 43±5− 283±5 41±8 38±3

383±2 391±8 371±3 244±1− 332±3 221±3− 324±2

373±3 382±2

India C 118±5− 231±2 134±3− 252±2 115±2− 235±3 220±3− 232±3 126±5− 237±7

362±2− 382±3 334±4− 376±3 345±2− 383±4 350±5− 365±3 363±4

R 236±2− 335±3 232±2− 322±3 240±5− 29±5 116±6− 236±3 234±3− 288±2

369±4 383±4 352±3− 367±2 354±2

D 7±9− 212±2 16±4− 214±5 14±6− 233±4 15±5− 244±3 18±4− 256±4

355±4 362±5 384±2 363±4 367±4

Mexico C 234±4− 335±7 262±5− 291±6 271±4− 304±5 86±3− 234±3 253±3− 311±6

353±3− 387±3 369±3 245±3− 332±9

R 132±4− 312±5 145±3− 363±3 159±2− 362±3 132±9− 339±6 135±2− 371±1

D 185±3 189±3 52±3− 212±4 67±2− 215±2 45±4− 210±9

302±3 222±7− 352±3 385±6 252±8− 353±9

Colombia C 123±2− 150±4 19±4− 174±2 123±3 −
216±45

131±8− 172±3 148±3− 155±4

265±2− 34±4 225±3− 334±2 310±8− 302±5 243±5− 312±9 263±2− 267±3

R 268±2 234±2 143±1− 190±6 254±2 172±4− 252±2

304±9 308±3 229±1− 234±9

D 125±2− 134±9 121±3− 172±9 125±9− 201±3 109±3− 174±5 128±2− 132±1

232±2− 332±2 275±4− 323±2 310±4− 332±8 202±3− 336±6 308±2− 329±3

365±3 345±3 369±4 365±3 378±5

Fiji C – – – – –

R – – – – –

D – – – – –
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TABLE H.4: Surrogate Disease Prevalence Day Forecast (S-SIREAL
continued...)

Country Case RFR DTR LR AR ARIMA

South C 76±3− 135±4 109±2− 165±4 95±3− 172±8 38±13 157±7

Africa 239±4− 313±1 267±2− 343±6 273±4− 330±3 89±3− 204±3 195±3

R 111±1− 162±4 94±3− 152±6 103±5− 138±4 124±6− 175±3 232±7

240±2− 312±4 278±4− 313±8 271±3− 326±2 123±3− 164±8 259±2

D 115±4− 146±4 123±4− 172±4 122±4− 163±3 58±9 171±3

Italy C 207±4 212±5 212±6− 234±3 175±3 160±4

383±4 372±4 372±4

R 266±7− 373±5 238±5− 332±5 242±3− 287±9 305±4 372±4

374±6 323±8 356±4

D 23±8− 31±3 21±3 26±4− 34±4 18±4 31±3

386±4 374±4 392±3

C 112±4− 246±3 122±2− 252±8 123±8− 262±4 128±5 352±3

346±3 365±3 368±3 112±6− 362±6 153±5

R 223±8− 274±7 28±4− 313±5 238±4− 253±2 267±4− 374±3 375±3

354±8− 373±4 341±4− 384±5 383±3 276±4− 332±8

D 134±5− 234±5 122±3− 249±3 132±2− 209±3 149±12 142±9

353±4− 372±6 361±4 362±6

Mexico C 102±5− 177±4 204±5 234±1− 334±3 147±6 154±3

262±2− 342±5 236±9− 339±5

R 106±3− 264±6 124±2− 345±9 133±8− 373±3 118±3 193±10

D 63±6− 215±3 45±5− 173±4 96±4− 173±6 56±12 93±4

264±3− 373±3 288±2− 380±4 252±6− 338±3

Colombia C 124±3− 158±3 129±6− 172±2 123±8− 184±3 128±4 161±9

252±3− 314±1 261±3− 322±5 274±2− 288±4

373±10 384±2 372±3

R 132±2− 253±2 205±4− 238±6 235±2− 243±6 148±3 187±16

265±5− 312±7

D 130±2− 148±8 112±3− 173±4 134±5− 148±2 132±2 284±6

272±4− 342±3 312±7− 352±6 292±6− 352±8

386±3 383±2 375±3

Fiji C – – – – –

R – – – – –

D – – – – –
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Appendix I

Datasets Correlation Exploration

In this section and as described in Section 4.3.1 we present the correlation between

the confirmed, recovered, and death cases for the SIIMCF Countries.

Italy (Europe): Figure I.1 shows that the CRD datasets explored for Italy in this

study are strongly correlated.
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FIGURE I.1: Correlation Matrix for Italy CRD Datasets

India (Asia): As evidenced in Figure I.1, the CRD datasets explored for India in

this study are strongly correlated.

Mexico (North America): The CRD datasets explored for Mexico are highly cor-

related as shown in Figure I.1.

Colombia (South America): We show in Figure I.1 that the CRD datasets ex-

plored for Colombia in our study are highly correlated.

Fiji (Oceania): Figure I.1 shows that the CRD datasets explored for Fiji are weakly

correlated. This shows that a variable has a weak statistical influence on the other

correlated variable in the dataset.

The above explanations are also consistent with the simulated datasets as evi-

denced in Appendix J
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TABLE I.1: Dataset Correlation Plot for the SIIMCF Countries

India Mexico
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Appendix J

Datasets Correlation Exploration

for Simulated Datasets

TABLE J.1: Dataset Correlations Plot for the SIIMCF Countries

South Africa Italy
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TABLE J.2: Dataset Correlations Plot for the SIIMCF Countries

Colombia Fiji
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Appendix K

Outlier Exploration of Datasets

The data exploration to check for outliers in the CRD datasets of the countries ex-

plored in our study are presented below.
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FIGURE K.1: Outlier Detection of Italy CRD Dataset

Observation - Our outlier detection study reveals that the CRD datasets for the

SIIMCF countries contains outlier data. We rationalized the datasets and carried out

the procedures outlined in Section 4.3.4.



A
ppendix

K
.

O
utlier

Exploration
ofD

atasets
145

India Mexico

1 2 3

0

50000

100000

150000

200000

250000

300000

350000

Outlier Check for India

1 2 3

80000

60000

40000

20000

0

20000

Outlier Check for Mexico

Colombia Fiji

1 2 3

60000

40000

20000

0

20000

40000

60000

80000

Outlier Check for colombia

1 2 3

0

1

2

3

4

5

6

7

8

Outlier Check for Fiji



146

Appendix L

Visual Estimation of Datasets (A)

L.1 Real-World Datasets

This section aims to present the visuals for the ACF and PACF representing of the

real world CRD datasets for all the countries investigated in this study. The inter-

pretation of the visuals remain the same as described in Section 4.3.2 of Chapter 4.
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FIGURE L.1: ACF-PACF Plot of Confirmed Case in Italy
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FIGURE L.2: ACF-PACF Plot of Confirmed Case in India
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FIGURE L.3: ACF-PACF Plot of Confirmed Case in Mexico
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FIGURE L.4: ACF-PACF Plot of Confirmed Case in Colombia
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FIGURE L.5: ACF-PACF Plot of Confirmed Case in Fiji
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Appendix M

Visual Estimation of Datasets (B)

M.1 Simulated Datasets

This section aims to present the visuals for the ACF and PACF representing of the

simulated CRD datasets for all the countries investigated in this study. The interpre-

tation of the visuals remain the same as described in Section 4.3.2 of Chapter 4.
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FIGURE M.1: ACF-PACF Plot of Confirmed Case in Italy
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FIGURE M.2: ACF-PACF Plot of Confirmed Case in India
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