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Abstract
This study attempted to introduce moving averages and a feature selection method
to the forecasting model, with the aim of improving the fluctuating values and un-
stable accuracy of the risk index developed by the University of Witwatersrand and
iThemba LABS and used by the Gauteng Department of Health. It was confirmed
that the introduction of moving averages improved the fluctuation of the values,
with the seven-day moving average being the most effective. For feature selec-
tion, Correlation-based Feature Selection(CFS), the simplest of the filter methods
with low computational complexity, was introduced as it is not possible to spend
as much time as possible on daily operations due to providing information timely.
The introduction of CFS was found to enable efficient feature selection.
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Chapter 1

Introduction

1.1 Background

Discovered in Wuhan, China, in late December 2019, COVID-19, an infectious dis-
ease caused by a virus named Severe Acute Respiratory Syndrome-related Coro-
navirus type 2 (SARS-CoV-2), spread very quickly worldwide [1], and countries
around the world implemented their own non-pharmaceutical interventions (NPIs)
to prevent the spread of the disease within their countries [2]. While NPIs such as
travel restrictions and curfews have been effective in reducing the spread of in-
fection by reducing the movement of people, they have also resulted in economic
stagnation [3] and increased stress among the people [4] [5]. As long as this pan-
demic continues, it has become clear that the government needs to adjust the NPIs
in such a way that they cause as little stress as possible to economic activity and
individuals.

South Africa also confirmed the first cases on 5 Mar. 2020 and started lockdown
on 27 Mar., when the total number of infected people was still less than 1000; the
timing was very early. The regulations were then adjusted according to the number
of infected people [6], exceeding the first wave in early Sep. 2020 [7]. After that, the
number of new infections remained stable at 1,000 to 2,000 per day, but in mid-Nov.,
a rapid increase in the number of positive cases led to the second wave of infections,
which could be controlled in mid-Feb. 2021 by making the NPIs stricter again from
mid-Dec. Figure 1.1 shows the daily number of cases in South Africa. However,
as of April 2021, South Africa could face a third wave at any time, given that other
European countries experienced the third wave soon after the second wave had
subsided [8]. It was desirable to detect the rapid increase in the number of infected
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people as quickly as possible to help the government make decisions, such as tight-
ening NPIs. In response to this state of affairs, the University of Witwatersrand and
iThemba LABS COVID-19 modelling group developed an AI-based risk index us-
ing data on the number of infected cases and NPIs [9]. The risk index was applied
by the Gauteng premier David Makhura’s advisory council on COVID-19 and used
in decision-making for the Gauteng COVID-19 policy [10]. This study addressed
the challenges and improved the accuracy of the AI-based risk index.

FIGURE 1.1: Change in daily infection in South Africa

1.2 Literature Review

Numerous studies have been conducted worldwide to predict the spread of COVID-
19. These studies can be categorized into three main approaches: mathematical
models, statistical models, and machine learning models. A notable example of a
mathematical model is the Susceptible-Infected-Recovered-Deceased (SIRD) model,
developed to simulate the spread of viral infections [11]. Statistical models include
ARIMA and PROPHET, which are used for time series analysis [12]. Additionally,
there have been many attempts to apply deep learning within the machine learn-
ing model category [13]. While each of these models has achieved certain levels of
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success, the high number of asymptomatic COVID-19 cases makes it difficult to de-
termine the actual number of infections accurately. Consequently, a comprehensive
predictive model has not yet been developed [14].

Since perfect prediction is difficult, The University of Witwatersrand and iThemba
LABS developed a risk index using the Susceptible-Infected model (SI model) to
detect situations where there is a sudden increase in the number of infected people
from a steady state (called a wave) in order to help speed up decision-making [15].
However, the model is straightforward, and the fitting assumes a peak and quanti-
fies the current situation in relation to it. As the model does not consider NPIs, there
is room for defining a more accurate risk index by taking into account NPIs. This
research aims to develop a risk index that is more accurate than previous studies by
taking into account NPIs.

In order to incorporate NPIs into the model, quantification of NPIs is necessary.
We have looked at previous studies and found quantification of data on regulation
and changing mobility of people as a result of the regulation. Regarding regula-
tions, The Oxford COVID-19 Government Response Tracker (OxCGRT) team has
proposed a stringency index. The index is an aggregated and quantified version of
the Policy indices of COVID-19 government responses [16]. This indicator has been
used to study the impact of COVID-19 on many aspects of society [17], [18]. As
South Africa has also been quantified on a daily basis, this study will also consider
the use of these figures. In terms of mobility, Google has quantified their users’
mobility, Parks, Transit stations, Workplaces and Residential[19]. Facebook offers
two indicators as Facebook Movement Range: Change in Movement, which is a
measure of how much people are moving, and Stay Put, which is a measure of how
much people stay in a small area over the course of a day [20]. These two indica-
tors of migration can be used in this study because daily data are available for each
province in South Africa.

Using those NPIs, Stevenson & Hayashi et al. developed the COVID-19 risk in-
dex [9]. This risk index does not predict the actual number of confirmed but rather
confirms the discrepancy between measured and predicted values. This index fo-
cuses on the fact that lulls are easy to predict due to the values being stable, and
considers that a new wave may have occurred when the actual measured data de-
viates significantly from the prediction. Predictions are derived using LSTM RNNs
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with the Google Mobility Indices, Facebook Mobility Indices, and OxCGRT Strin-
gency Index explained above as features and the number of daily positives as the
objective number. LSTM RNNs are Recurrent Neural Networks (RNNs) with Long
Short Term Memory added [21] [22], and Long Short Term Memory solves the van-
ishing gradient problem that RNNs have. Specifically, it solves this problem by
introducing Long Short Term Memory cells and Short Short Term Memory cells in
the RNN block [23]. In addition, as many of the NPIs used are published about once
a week with a one-week delay, once a week, the data up to one week in advance
is used to generate a forecast up to two weeks later, from the day of the forecast to
one week later. The relative difference between that forecast value and the actual
measured value is calculated and used as the risk index below,

𝑅𝑖𝑠𝑘 𝐼𝑛𝑑𝑒𝑥 =
𝐴𝑐𝑡𝑢𝑎𝑙 𝐷𝑎𝑖𝑙𝑦 𝐶𝑜𝑛 𝑓 𝑖𝑟𝑚𝑒𝑑 𝐶𝑎𝑠𝑒𝑠 − 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐷𝑎𝑖𝑙𝑦 𝐶𝑎𝑠𝑒𝑠

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐷𝑎𝑖𝑙𝑦 𝐶𝑎𝑠𝑒𝑠
. (1.1)

Though the index was also adopted by the Gauteng Department of Health to
formulate measures against COVID-19 [24], the index had two major areas for im-
provement. One is the problem of fluctuations. As can be seen from Figure 1.2,
fluctuations occur during the week.

FIGURE 1.2: Example of the relative difference fluctuations

This is thought to be created mainly by differences in the operating conditions and
the flow of people between weekdays and holidays at laboratories and hospitals
that carry out PCR and other tests, etc. There is a concern that the values obtained
when long-term forecasts are made using LSTM cannot represent fluctuations, and
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therefore, the errors in the forecast results increase. Moving averages have been
used to counteract cyclical fluctuations of time series analysis in many studies, such
as financial data [25]. It is expected that using this method will reduce fluctuations
due to the day of the week.

Another improvement is in feature selection. In the previous study, all acquired
NPIs were used as features for prediction [9]. It is generally known that not per-
forming feature selection causes over-learning, which reduces prediction accuracy[26].
Feature selection methods are classified into three main categories: Filter methods,
Wrapper methods and Embedded methods [27]. Filter Methods are methods that
do not use machine learning models, but only data sets, and rely on the nature of
the data. Therefore, they are effective for most types of machine learning models
and are fast. The procedure is as follows:

1. Rank the features one by one according to the evaluation index.

2. Select and use the features with the highest rank.

Variables are calculated independently, so the relationship between variables is not
considered. Wrapper Methods are methods that use machine learning models to
evaluate combinations of the features. By actually using machine learning models
for evaluation, it is possible to find out relationships between the features that were
not found in Filter Methods, and to find the optimal combination of features for
each model. To perform the Wrapper Methods, the following steps are repeated:

1. Select a combination of features.

2. Train the model using the features selected in 1.

3. Evaluate the performance.

Since Wrapper Methods evaluate the machine learning model after trying 1-3 for
each combination of the features, the computational cost is very high compared to
the Filter Method. Embedded Methods are methods in which feature selections are
performed at model training time. The procedure is as follows:

1. Train a machine learning model.

2. Calculate the importance of the features.

3. Delete unimportant features.
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Lasso models, feature importance in tree models, and linear models with regression
coefficients are commonly used methods. Since the importance is evaluated during
training, the computational cost is lower than that of the Wrapper Method, and this
method can calculate relationships between the features that cannot be calculated
by Filter methods. However, since the model is trained, the computational com-
plexity is larger than that of Filter methods. In the case of this study, the risk index
needs to be updated daily, and the model needs to be rebuilt periodically; therefore,
the introduction of Filter Methods with the lowest computational complexity was
considered to facilitate smooth operation.

Taking into consideration the two points of fracture reduction and feature selec-
tion, this study attempted to improve the risk index to be more accurate and reliable
than the previous study.

1.3 Research Question

This research question aims to examine two aspects of the risk index used in the
Ministry of Health of Gauteng, as developed in a previous study by Stevenson and
Hayashi et al.[9].

• Validate whether the use of Moving Average reduces the fluctuation and im-
proves forecast accuracy.

• Verify whether the introduction of a Filter method as a feature selection method
can improve the accuracy of the prediction.

1.4 Research Aims and Objectives

1.4.1 Research Aims

This research aims to improve the accuracy of the risk index developed by Steven-
son, Hayashi et al.[9]. For early detection of when the number of COVID-19 cases
increases rapidly, which is used by the Gauteng State Government.
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1.4.2 Research Objectives

• Confirm that the use of moving averages can reduce the fluctuation of the risk
index for each day of the week.

• Confirm that the use of feature selection methods can increase forecasting ac-
curacy.

1.5 Limitations

The study experimented with data from Gauteng. It was not discussed in this study
whether the same could be said for other cantons and countries.

1.6 Overview

This study aimed to improve the accuracy of the Risk Index, an alert indicator de-
veloped by Stevenson and Hayashi et al.[9]. And adopted by the Gauteng State
Ministry of Health[24] to detect early on when the number of COVID-19 cases be-
gins to increase rapidly. We focused on the fact that the current risk index has a fluc-
tuation problem and that no feature selection method is used, and We attempted to
improve these two points.
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Chapter 2

Data

Data on COVID-19 is available from many governments, research institutes and
companies. The National Department of Health and NICD publish daily data on
COVID-19 in South Africa, including the number of cases and deaths. In addition,
since COVID-19 can be expected to spread through the number of infected people
due to the activation of human movement, the actual number of infected people and
data related to human movement are used to build a prediction model. For data on
human mobility, I use the OxCGRT Stringency Index, Google Mobility Indices and
Facebook Mobility Indices. A description of each feature is given below.

2.1 COVID-19 South African Data

The confirmed cases of COVID-19 in South Africa are published daily on the In-
ternet by The National Department of Health [28] and The National Institute for
Communicable Diseases (NICD) [29].

2.2 OxCGRT Stringency

The global prevalence of COVID-19 led to the development of several NPIs, the
most comprehensive of which is the OxCGRT Stringency Index, which shows the
policy and stringency of countries around the world. The index includes 20 indi-
cators of government response, eight government response indicators such as con-
tainment and closure responses (e.g. school closures, movement restrictions), four



9

economic policies such as income support and foreign aid for citizens, eight health-
care system-related policies such as COVID-19 testing regime, emergency invest-
ment in health and other services, vaccine-related policies. It consists of 20 indica-
tors of government response, eight government response indicators such as school
closures, movement restrictions and other containment and closure responses, four
economic policies such as income support and foreign aid for citizens, and four
healthcare system-related indicators such as COVID-19 testing regimes, emergency
investment in health and other services, and vaccine-related policies.

The data from these 20 indicators are compiled in the following four common
indices, which indicate the level of government response on a scale from 1 to 100
[30]:

1. the overall government response index, which indicates the extent to which
the government’s response varied across all indicators in the database.

2. containment and healthcare index: inspection policies and contact tracing,
short-term investment in healthcare and vaccine investments, for example, in
’lockdowns’ and closures.

3. economic support index records measures such as income support and debt
forgiveness.

4. initial severity index: which records the severity of ’lockdown’ type measures,
mainly those that restrict people’s activities.

No other index has defined policies and their severity in such detail for this pan-
demic.

2.3 Google Mobility Indices

Google Mobility Indecies are indicators that Google is releasing for a limited period
of time while COVID-19 is being expanded. The indices are broken down by loca-
tion and display the change in visits to places using the location history of mobile
devices. Specifically, six places to visit are indexed: Retail and Recreation, Grocery
and Pharmacy, Parks, Transit Stations, Workplaces and Residential. The numbers
show the percentage of change compared with the baseline, which is the median
value, for the corresponding day of the week, during the 5-week period 3 Jan.– 6
Feb. 2020 [31].
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2.4 Facebook Mobility Indices

The Facebook movement data sets were developed to assist researchers and pub-
lic health experts in monitoring and tracking how populations are responding to
physical distancing measures [20]. The Facebook mobility report has two com-
plimentary indicators to describe the change in movement over time: ’Change in
Movement’ and ’Stay Put’. Each of the indicators provides different perspectives
on movement trends. The Facebook mobility report methodology divides up geo-
graphical areas into equal area tiles. The ’Change in Movement’ indicator measures
the number of tiles people are visiting in a day in a specific region as a compari-
son to a baseline defined as the average number of tiles visited daily in Feb. 2020.
The ’Stay Put’ indicator conversely measures how many people are staying within
a single tile area for the whole day as a comparison to the February baseline. Peo-
ple who use Facebook on a mobile device have the choice of providing their precise
location. Movement Range Trends are produced by aggregating this data.

2.5 Data acquisition timing

The table below summarises the timing of updates for each feature. It can be con-
firmed that the Google and Facebook Mobility Indices are available with a one-
week delay, while other features are available daily. In line with the Google and
Facebook Mobility Indices, a two-week forecast is made every Sunday using data
that is one week behind.

TABLE 2.1: Data acquisition timing

Data acquisition timing Acquisition data
Confirmed cases Every evening Data of the day
Google Mobility Indices Every Sunday 1 week old date
Facebook Mobility Indices Every Sunday 1 week old date
OxCGRT Stringency Index Every evening Data of the day
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Chapter 3

Research Methodology

3.1 Research design

This research uses an empirical approach. Using actual data from the COVID-19
in South Africa, which is the same as the risk index in the earlier Stevenson et
al. study[9], a prediction model was developed based on data between the waves,
which were the periods of sudden increases in the number of the infections, and the
accuracy of the prediction results were compared with the results of the previous
study to check for improved accuracy.

3.2 Methods

The project was divided into two parts. First, experiments were conducted to see
how much the introduction of the moving average increased forecasting accuracy,
stabilised the value of the risk index and made it more reliable. Then, it was
checked how much the prediction accuracy could be increased by the feature se-
lection method. Note that the same method for calculating the risk index is used as
in the previous study by Fin et al.

3.2.1 Methodology of the previous study by Stevenson & Hayashi

etl.

The previous study has already been described in the Literature review section, but
a more in-depth explanation is provided here. The most important feature of this
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FIGURE 3.1: RNN structure

method is that it does not predict the increase of confirmed cases. It assumes that
the number of new confirmed cases will stabilise in the absence of a rapid increase
in the number of infections, and that these figures can be predicted. When the dis-
crepancy between predicted and measured figures widens, it is taken as a sign that
a new wave of increased infections is coming.

LSTM RNNs are used for the prediction model. RNNs have the structure shown
in Fig. 3.1, where an input 𝑥𝑡 is put in along with the time series and outputs the
value 𝑦𝑡 corresponding to the inputs through the hidden layer ℎ𝑡 . The hidden layer
ℎ𝑡 is updated according to the RNN block of the previous time and the input 𝑥𝑡 .
The original RNN block looks like Figure 3.2 [21], and as tanh is used as the acti-
vation function in each RNN block, this value always takes values between 0 and
1. This means that as the value increases, the past weights are cancelled out. This
phenomenon is called vanishing gradient, and the LSTM RNN solves this problem
by adding long-term and short-term memory cells, as shown in Fig. 3.2. Further-
more, by introducing the forget gate vector, the LSTM RNN has evolved to be able
to adjust the long-term memory cell. It is known that LSTM RNNs are generally
more accurate in prediction than RNNs[22][23].

As explained in the Data chapter, the six Google Mobility Indices and two Face-
book Mobility Indices are updated once a week with data up to one week old. A
two-week forecast is made once a week to implement the daily risk index update.
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FIGURE 3.2: Detail of Simple RNN Block

FIGURE 3.3: Detail of LSTM RNN Block
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The validity of this risk index is discussed in more detail in 𝐴𝑝𝑝𝑒𝑛𝑑𝑖𝑥𝐴.

The problem with this method is that it is unable to cope with fluctuations dur-
ing the week, resulting in a high degree of variability in the results. This leads to
deviations between measured and predicted values, which can make it appear that
there are signs of a wave. Furthermore, there is room for improvement in the fact
that all feature values are used as they are without considering feature selection.

3.2.2 Introduction of moving averages

As already mentioned earlier, it has occurred in previous studies that the risk index
is inevitably unstable in value. Moving averages, such as those used in finance,
were used to remove this fluctuation in time series analysis. Moving averages can
also be described as simple weighted averages using historical data. The use of
a weighted average allows trends to be derived more clearly [32]. There are also
two different ways of thinking about moving averages [33]. One is a backward
moving average, and the other is a central moving average. The backward moving
average is a method of averaging the values of each day going back 𝑛 days from
that day, while the central moving average is a method of calculating the average of
the values of 𝑛 days centred on that day. The 𝑖th position of the 𝑛th-order backward
moving average, 𝐵𝑀𝑛, and the 𝑖th position of the 𝑛th-order center moving average,
𝐶𝑀𝑛, are given by

𝐵𝑀𝑛 [𝑥(𝑖)] =
1
𝑛

𝑛−1∑︁
𝑗=0

𝑥(𝑖 − 𝑗), (3.1)

𝐶𝑀𝑛 [𝑥(𝑖)] =
1
𝑛

(𝑛−1)/2∑︁
𝑗=−(𝑛−1)/2

𝑥(𝑖 + 𝑗) for 𝑛 odd, (3.2)

𝐶𝑀𝑛 [𝑥(𝑖)] =
1

𝑛 − 2

(𝑛−2)/2∑︁
𝑗=−(𝑛−2)/2

𝑥(𝑖 + 𝑗) + 1
2
(𝑥(𝑖 − 𝑛/2) + 𝑥(𝑖 + 𝑛/2)) for 𝑛 even. (3.3)

Since the central moving average is centered on the day when the window size is
even, 1/2 of the values at both ends are adopted and the average is taken.
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In general, the central moving averages tend to be closer to the actual measured
values than the backward moving averages because they are averaged around the
measurement date, but they have the problem of the value resulting after 𝑛/2 days
instead. In this study, the backward moving averages were implemented because
they are necessary always to have the most up-to-date information in order to fol-
low the objective of tracking the status of COVID-19. From a heuristic point of view,
since the fluctuations in the risk index are thought to be caused by changes in the
movement of people between weekends and weekdays and the opening hours of
inspection stations, the use of a 7-day moving average is considered optimal. To
verify whether this is actually the case, a moving average of 0 to 7 was used to
check for fluctuations.

3.2.3 Introduction of a feature selection method

As mentioned earlier, the prior study has utilized all available NPIs as features to
generate prediction models and a feature selection has not been considered. As
discussed in the Literature Review section, feature selection can be expected to im-
prove prediction accuracy. Feature selection methods can be divided into three
main categories: filter methods, wrapper methods, and embedded methods [34].
The first, filter methods, are methods for selecting features based on statistical indi-
cators such as correlation coefficients between explanatory and objective variables.
The second, wrapper methods, are those in which a subset of features is input to a
machine learning algorithm, and the required features are determined by compar-
ing the performance of the model at that time. This method is time-consuming and
machine-power-intensive, as the training process needs to be repeated many times
with different combinations of features. Lastly, embedded methods are described
where variable selection is carried out simultaneously as the machine learning algo-
rithm learns [35]. Filter methods have the advantage of being computationally less
expensive than wrapper methods because they only consider the association be-
tween features and class labels. Wrapper methods require time and machine power
as they have to be trained many times with different combinations of features. In
addition, embedded methods are limited in the number of machine learning mod-
els that can be adapted. For the LSTM used in this study, there are no embedded
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methods that can be adapted. From these perspectives, this study investigates how
much accuracy can be improved by using a filter method.

One of the simplest methods, Correlation-based Feature Selection (CFS), was
introduced. CFS is based on the hypothesis that the appropriate combination of
features in Ghiselli’s test theory [36] is correlated with the objective variable. For
this data set, it is also hypothesised that stricter regulations will reduce the number
of infected people and that increased movement of people will increase the proba-
bility of people coming into contact with each other, which will increase the num-
ber of infected people. In this study, the following equation showing standardised
Pearson’s correlation coefficients for all variables was used:

𝑀𝑒𝑟𝑖𝑡𝑠 =
𝑟𝑐 𝑓√︁

𝑘 + 𝑘 (𝑘 − 1)𝑟 𝑓 𝑓
, (3.4)

where 𝑟𝑐 𝑓 is the mean of the correlation coefficient between each feature and the
objective variable, 𝑟 𝑓 𝑓 is the mean of the correlation coefficients between the re-
spective features, and 𝑘 is the number of the selected features. As the numerator is
the correlation coefficient for the objective variable, the higher the subset of highly
correlated features, the larger the value. For the denominator, which is the correla-
tion coefficient for each feature, the higher the redundancy of the subset, the smaller
the value [37].

3.3 Analysis

For the accuracy of the model, Root Mean Square Error (RMSE) is used and Naive
forecast is used as the baseline for accuracy comparison. RMSE is the most common
performance indicator for regression models and is expressed by the following for-
mula,

𝑅𝑀𝑆𝐸 =

√√
1
𝑁

𝑛∑︁
𝑖=1

(𝑦𝑖 − 𝑦𝑖)2, (3.5)
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where 𝑦𝑖 is actual confirmed cases and 𝑦𝑖 is predicted cases. In addition, as the study
required a two-week forecast, the models were evaluated on RMSE for the average
forecast value over a two-week period. Furthermore, the standard deviation (𝜎)
over two weeks was also evaluated to assess not only the accuracy but also the
reduction in fluctuations. Comparisons were also made between the existing model
by Stevenson & Hayashi et al. as the original. [9] and the simplest method, naive
forecast.

3.4 Implementation Conditions

To improve accuracy and build a robust model, hyperparameter turning, the opti-
mizer, and overfitting prevention measures were implemented.

3.4.1 Hyperparameter turning

We performed training using all combinations of layer count, unit count, window
size, and batch size through the greedy method and adopted the combination with
the highest accuracy. The conditions for each are as follows:

• Number of Layers: 1-4 layers

• Unit Size: 5, 25, 50, 100

• Window Size: 1, 3, 7

• Batch Size: 1, 2, 4, 8

3.4.2 Optimizer

We used Adam [38], which is the de facto standard optimizer.

3.4.3 Overfitting Prevention

Given the computational complexity due to the greedy method, Early Stopping [39]
[40] was employed to reduce the computation time.
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3.5 Limitations

In the case of South Africa, there were steady states between the first and second
waves for each province and similar steady states after the second wave, so We be-
lieve that the detection of this third wave was successful. If the steady state between
the waves was shorter, as in European countries, it is considered that further work
is needed to adapt the method proposed in this study.

3.6 Ethical Considerations

All of the data in this research was statistical data and not the data of individual
persons and so did not require ethical clearance. In addition, for Google and Face-
book Mobility Indices, We dealt with data obtained and aggregated by each com-
pany using appropriate processing. Detailed policies can be found on the respective
websites [41] [42].
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Chapter 4

Results and Discussion

4.1 Moving Average

The figure and table below show the results when the moving average is intro-
duced. The introduction of the moving average confirmed that the RMSE was lower
compared to the original, and the RMSE and the 𝜎 were lowest at 𝐵𝐴7, as predicted
by the heuristic. From these results, it was confirmed that the introduction of a
7-day moving average would stabilise the value of the risk index more than the
current method. This result supports the hypothesis that the operation of inspec-
tion stations and the movement of people depends on the daily confirmed cases on
different days of the week.

FIGURE 4.1: RMSE per timestep for each BA
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TABLE 4.1: RMSE for each BA

𝑅𝑀𝑆𝐸 (14𝑑𝑎𝑦𝑠𝐴𝑣𝑒.) 𝜎

𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙 76.8 13.0
𝐵𝑀3 53.2 12.5
𝐵𝑀5 49.1 5.4
𝐵𝑀7 40.2 3.9
𝐵𝑀9 49.1 8.6
𝐵𝑀11 56.3 10.1
𝐵𝑀13 52.3 5.9
𝑁𝑎𝑖𝑣𝑒𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡 111.4 20.8

4.2 Feature Section

To introduce CFS, the correlation coefficients between the objective variable, con-
firmed cases, and the explanatory variables, NPIs, were checked. As shown in FIG-
URE 4.2, the order of correlation coefficients is OxCGRT stringency, Google Gro-
cery and Pharmacy, Google Residential, Google Retail and Recreation and Google
Parks, Facebook Stay Put, Google Transit Stations, Facebook Change in Movement
and Google Workplaces. The results of the filter method were evaluated using step
backwards, an approach in which features are reduced sequentially from features
with low feature correlation coefficients. Using these correlation coefficients, Merits
were calculated for all 511 combinations of feature selection. (There are 512 com-
binations to the ninth power of two, but one combination has no more features
whatsoever.) Based on the results of the calculations, three groups were formed:
the top three Merit combinations that would be candidates for selection with the
introduction of the CFS, a group of combinations ranked 254-256 that would be in
the middle and a group of the bottom three combinations with the lowest Merit.
Details of each group are given in TABLE 4.2. Predictive models were built for a
subset of Merit ranks to check the 14-day average RMSE and 𝜎.

The results are shown in FIGURE 4.3. When attention was paid to groups ac-
cording to ranking, the accuracies were high in the top group as a whole, although
there were some exceptions. In combinations where moving averages were intro-
duced, it was observed that the accuracies tended to be higher in the top group and
lower in the bottom group. The results suggest that CFS is effective in day-to-day
operations where time is not available for tuning feature selection and that a certain
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improvement in accuracy can be expected by selecting features that will be at the
top of the Merit ranking.

FIGURE 4.2: Correlation between explanatory and objective variables
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TABLE 4.2: Group of Merits

𝐺𝑟𝑜𝑢𝑝 𝑅𝑎𝑛𝑘 𝐶𝑜𝑚𝑏𝑖𝑛𝑎𝑡𝑖𝑜𝑛 𝐴𝑏𝑠.𝑀𝑒𝑟𝑖𝑡

1 𝑔2, 𝑠 0.376
𝑇𝑜𝑝 2 𝑔2, 𝑔5, 𝑔6, 𝑠 0.376

3 𝑔1, 𝑔2, 𝑔6, 𝑠 0.374

𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙 211 𝑔1, 𝑔2, 𝑔3, 𝑔4, 𝑔5, 𝑔6, 𝑓 1, 𝑓 2, 𝑠 0.157

254 𝑔3, 𝑔6, 𝑓 2 0.137
𝑀𝑖𝑑. 255 𝑔6, 𝑓 2, 𝑠 0.137

256 𝑔3, 𝑔4, 𝑓 1, 𝑓 2, 𝑠 0.137

509 𝑔5, 𝑓 2 0.043
𝐵𝑜𝑡𝑡𝑜𝑚 510 𝑔5 0.043

511 𝑔5, 𝑓 1, 𝑓 2 0.043
𝑔1: Google Retail and Recreation
𝑔2: Google Grocery and Pharmacy
𝑔3: Google Parks
𝑔4: Google Transit Stations
𝑔5: Google Workplaces
𝑔6: Google Residential
𝑔 𝑓 1: Facebook Change in Movement
𝑓 2: Facebook Stay Put
𝑠: OxCGRT stringency

FIGURE 4.3: RMSE and 𝜎 for each feature subset
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4.3 Summary

Backwards moving averages, which take into account the average of previous val-
ues, and the CFS, which calculates Merit based on correlation coefficients and ranks
them accordingly, were introduced into the risk index by Stevenson and Hayashi et
al. to see if their accuracy could be improved. It was verified that using a 7-day
average for the moving averages improved forecasting accuracy and stability the
most. For CFS-based feature selection, the accuracy was found to improve when
the Merit value based on the correlation coefficient was high. However, the ac-
curacy was also not maximised when Merit was maximum, but only a trend was
observed.
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Chapter 5

Conclusions and Future Work

5.1 Conclusions

In this study, the accuracy of the risk index for wave detection in COVID-19, which
has been utilised in the Gauteng department of health, was improved in two as-
pects: the introduction of moving averages and feature selection. For moving aver-
ages, the accuracy was improved by about 47.7% for the two-week RMSE average
and by about 70.0% for the RMSE variability by introducing 7-day backward mov-
ing averages. For feature extraction, CFS, one of the simplest Filter methods, was
introduced. The results were compared by classifying them into three groups based
on the size of the merit: the group with the highest merit, the group with medium
merit and the group with the lowest merit, and it was confirmed that the accu-
racy was higher in the group with the highest merit. These results confirmed the
effectiveness of introducing 7-day backward moving averages and selecting a com-
bination of features that maximises Merit by CFS in reducing fluctuations in the risk
index and improving accuracy. Nevertheless, even the trend is still an improvement
in accuracy, and it is considered reasonable to make predictions with the top Merit
feature subset in daily operation.

5.2 Future Work

Fortunately, on 4 April 2022, President Ramaposa declared the National State of
Disaster terminated, ending the COVID-19 pandemic in South Africa. Globally,
many countries are returning to life as before the pandemic, and Google’s mobility
index has stopped updating since 17 October. In line with those changes, this risk
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index has also ceased to play a role. However, a situation similar to the worldwide
explosion of COVID-19 could occur at any time. As the effectiveness for decision-
making of the idea that a problem that deviates significantly from the forecast is a
harbinger of a rapid increase in the number of infections was confirmed, although
the risk index often makes it impossible actually to predict such a situation, further
improvements to this risk index for the next possible infection are noted.

The main challenge with this risk index is that a certain lull period between
waves is needed to create the model. If this lull is not long enough, the model’s ac-
curacy will suffer. In the case of Gauteng, the model was able to take data that was
able to withstand predictions, but when the waves are close together, as in the case
of the UK, the risk index cannot be calculated well. One reason for this is that only
the model trend can be taken into account when forecasting 14-time steps. The fore-
casting model under consideration is Prophet [43], a forecasting model developed
by Facebook, which is expressed by the following equation:

𝑦(𝑡) = 𝑔(𝑡) + 𝑠(𝑡) + ℎ(𝑡) + 𝜖𝑡, (5.1)

where 𝑦(𝑡) indicates the prediction, 𝑔(𝑡) the trend function, 𝑠(𝑡) the seasonal vari-
ation, ℎ(𝑡) the holiday effect and 𝜖𝑡 the error term. A non-linear logistic trend or a
non-linear trend can be used for 𝑔(𝑡), and in this case, because of the rapid rise and
fall, it is better to use a non-linear logistic trend. This model is expected to elim-
inate the need for model building, especially by slicing out the lulls. Also worth
mentioning is the section on holiday effects. The movement of people and the op-
erating conditions of inspection stations on holidays are different from those on
weekdays, and it wasn’t easy to take this into account in the current model, but this
can also be improved by using Prophet. Furthermore, the algorithm does not use
deep learning and therefore has the advantage of being computationally smaller
than the LSTM RNN. This is a significant advantage when considering day-to-day
operations. In these respects, the introduction of Prophet is worth considering.
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Appendix A

Validation of the Risk Index

A.1 Wave detection

The model built on the data in the stable state between the first and second waves
is adapted to the data after the second wave has subsided and the risk index is ob-
served. For the threshold of the risk index for each province, the distribution of the
risk index is checked and 95% of the confidence interval is used as the threshold.
When the risk index is exceeded for more than two consecutive days, a new wave
can be regarded as likely to have occurred. Since the threshold is based on the 95%
of the distribution of relative differences in the stable state between the first and
second waves, there is a theoretical 5% chance that a value will exceed the thresh-
old and only a 0.25% chance that the threshold will be exceeded on two consecutive
days. As the forecasting accuracy should drop significantly when a new wave ar-
rives, crossing the threshold two days in a row can be regarded as an indication of a
new wave. The distribution of the risk index, which is a relative difference, showed
a threshold value of approximately 1.0 for Gauteng.

A.2 The third wave detection

A forecasting model was created using the data from the first and second waves,
and the evolution of the predicted values was observed every Monday. Figure A.1
shows the measured evolution of the risk index. If the red line, the threshold, is
noted, the day on which the threshold was exceeded for two consecutive days is 6
May. At this point, the number of people actually infected with COVID-19 can be
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considered to be increasing rapidly. The government actually announced the third
wave on 14 May[44]. This shows that this system worked.

FIGURE A.1: Transition of the relative difference fluctuations
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