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“Look up at the stars and not down at your feet. Try to make sense of what you see, and

wonder about what makes the universe exist. Be curious.”

- Stephen Hawking
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Resumo

Desde o inicio da pandemia COVID-19 que os paises do mundo inteiro implementaram
um conjunto de intervengOes ndo farmacéuticas (NPIs) como forma de combater a
evolugéo da pandemia.

Nesta dissertacdo propomos uma analise detalhada da evolucdo da pandemia que
considera o grau de restricdo das NPIs desde Marco de 2020 a Maio de 2021 e a taxa de
reprodugdo em cinco paises: India, Brasil, Reino Unido, Israel e Portugal. Alem disto,
analisamos o impacto que as dimensfes culturais de Hofstede podem ter entre as
implementacdes de varios graus de restricdo de NPIs e a taxa de reproducdo aplicando
modelos de machine learning para compreender se as caracteristicas culturais sao
informac0es Uteis para melhorar as previsdes da taxa de reproducdo. Para concretizar
estes objetivos, n6s seguimos a metodologia do CRISP-DM sendo que, reunimos dados
de Our World in Data COVID-19, Oxford COVID-19 Government Response Tracker e o
website Hofstede Insights.

Mostramos uma andlise aprofundada e extensa ao longo destes meses da pandemia a
qual mostra diferencas entre os cinco paises que implementaram as mesmas NPIs em
diferentes graus e em que a cultura desempenha um papel importante na resposta de cada

pais as varias NPIs implementadas.

Palavras-chave: COVID-19, NPlIs, intervenc¢des ndo farmacéuticas, dimensodes culturais

de Hofstede, machine learning






Abstract

Since the beginning of the COVID-19 pandemic, countries worldwide have implemented
a set of Non-Pharmaceutical Interventions (NPIs) as a way to face the evolution of the
pandemic.

In this dissertation we propose a detailed analysis of the evolution of the pandemic
that considers the degree of restriction of NPIs from March 2020 to May 2021 and the
reproduction rate in five countries: India, Brazil, United Kingdom, Israel and Portugal. In
addition to this, we analyse the impact that Hofstede's cultural dimensions may have
between implementations of various degrees of restriction of NPIs and the reproduction
rate by applying machine learning models to understand whether cultural characteristics
are useful information to improve reproduction rate predictions. To achieve these
objectives, we follow the CRISP-DM methodology being that we gather data from Our
World in Data COVID-19, Oxford COVID-19 Government Response Tracker and
Hofstede Insights website.

We show an in-depth and extensive analysis over these months of the pandemic
which shows differences between the five countries that have implemented the same NPIs
to different degrees and where culture plays an important role in each country's response

to the various NPIs implemented.

Keywords: COVID-19, NPIs, Non-Pharmaceutical Interventions, Hofstede’s cultural

dimensions, machine learning
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Chapter 1 Introduction

On the 30™ of January of 2020, the World Health Organization (WHO) declared the
coronavirus disease-2019 (COVID-19) as a Public Health Emergency of International
Concern (Bo et al., 2021; Gonzélez-Bustamante, 2021; Sohrabi et al., 2020). Since then,
the world faces a global health crisis in which the development of new variants of the
coronavirus that cause COVID-19 further aggravates the infection rate (Fontanet et al.,
2021). Worldwide, governments mobilized their resources to fight the COVID-19
pandemic through a set of Non-Pharmaceutical Interventions (NPIs) (Brauner et al.,
2021; Fontanet et al., 2021) that, allied to the increase of vaccinations, is considered
crucial to the decrease of its propagation until herd immunity is achieved (Fontanet et al.,
2021).

Each country adopted different measures over time with different restriction levels
and studying the effectiveness of these measures can help in understanding which NPIs
are the most influential regarding the virus’ propagation. In this context, the Ry, also
known as reproduction rate indicator “is defined by the expected number of secondary
cases arising from a primary case infected at time t” (Li et al., 2020), i.e. the number of
effective reproduction. Hence, it measures how many people an infected person can
infect. It constitutes an important measure in infectious diseases’ epidemiology by
reflecting several factors such as control measures, contact rates and climatic conditions
(Arroyo-Marioli et al., 2020).

By identifying the most effective NPIs, it is possible for stakeholders to implement
a selection of key measures in a timely manner to fight COVID-19 or other future
pandemics (Haug et al., 2020). In addition to the impact of the NPIs, considering
socioeconomic and cultural factors can be an asset to identify vulnerable cultural minority
groups that become a hotbed of infection by COVID-19 in order to address their needs
and then also to mitigate the spread of the virus (Waitzberg et al., 2020).



1.1 Motivation

Since the beginning of the COVID-19 pandemic, it became important to study its impact
in different countries. Empirical evidence on the effectiveness of specific policy
interventions has been limited (Liu et al., 2020). Therefore, our study proposes to make a
detailed analysis in which it considers the degree of restriction of the NPIs over time as
well as other aspects not considered in previous studies such as the vaccination policy
NPI. In addition, in this dissertation cultural characteristics were considered because
cultural attributes account for some of the global disparities in COVID-19 attributed
health outcomes (Erman & Medeiros, 2021).

During the early stages of the spread of a virus, contagion risk models (e.g.
Susceptible Infection Recovery models — SIR) were used, however, because contagion
depends on individual and social behaviour, these models are difficult to calibrate at a
relatively small scale and their spatiotemporal predictions are highly uncertain (Azevedo
et al., 2020). In addition to this, the machine learning models made in previous studies
only considered data from the year 2020 (Giiss & Tuason, 2021; Luu & Huynh, 2020;
Wang, 2021; Yeung et al., 2021).

For these reasons we first chose five different countries that we considered interesting
to analyse and compare. In this sense we chose to analyse the impact of the NPIs on the
R: for India, Brazil, the United Kingdom (UK), Israel and Portugal, considering the
various degrees of NPI restrictions until May 2021. We intend to analyse and understand
the impact of the NPIs on the pandemic control and the response of each country over
time. Brazil, India and the UK are countries from different continents, populous and had
a high number of cases of infection by COVID-19 at the beginning of the pandemic. Israel
and Portugal are also considered because they are small countries with less population.
We chose two countries from the European continent (Portugal and UK) and two from
the Asian continent (India and Israel) so that we could compare their dimensional and
populational differences in the evolution of COVID-19. All countries are culturally
different, which makes it even more interesting to analyse.

Next, in this dissertation we use data from 101 countries until May 2021 to test several
machine learning models with and without the cultural dimensions so that we can

compare the results.



1.2 Objectives

The objectives of this work are the following:
e Analyse the degrees of restriction of the NPIs, the Rt and other variables, such as
new cases, new deaths, hospitalized patients and Intensive Care Units (ICU), from
the beginning of the pandemic until May, 2021,
e Analyse whether there are differences in the implementations of various degrees
of restriction of NPIs and their corresponding Rt impact in countries, as well as

the influence of cultural dimensions to improve the prediction of the Rt evolution.

Therefore, we analyse the impact of the NPIs on the Ry for India, Brazil, the UK,
Israel and Portugal, considering the various degrees of NPI restrictions, in which through
visually appealing graphics we can observe the evolution of the Rtand explain the existing
differences through the underlying culture of these countries, based on the Hofstede
framework. Additionally, several machine learning models were analysed to understand

the influence of cultural dimensions on R¢ prediction.

1.3 Research Questions

The research questions we propose to answer with our research are:
e How can cultural characteristics explain the introduction and consequent impact
of the NPIs in different countries?

e Can cultural characteristics be useful information for predicting the R?

Culture refers to a system of values that are shared and the collective practices that
distinguish one society from another (Hofstede, 1984). Each country has its own cultural
characteristics which can have a positive or negative impact on compliance with the NPIs
implemented.

Through our research questions we try to understand if, for instance, countries with
higher power distance (e.g., India) tend to not comply with the established NPIs.
Additionally, through machine learning models we understand whether the use of cultural
dimensions together with the implemented NPIs and socio-economic characteristics

improves the prediction of the R:.



1.4 Research Method

In this dissertation the methodology used is the CRoss-Industry Standard Process for Data
Mining (CRISP-DM). According to Moro (2015) CRISP-DM can be an instance of the
Design Science Research (DSR) methodology.

Design Science Research CRISP-DM
Knowledge Process Objectives Phases Cy-c_lic
Flows Steps Iterations
| Awareness of Goal Business |,
» Problem Definition Understanding |q—
A
) 4 h 4
Suagestion Feasibility Data
99 Assessement Understanding
h 4 h 4
Development Execution Data )
Preparation
r N
h 4
Modeling
h 4 \ 4
Evaluation Metngs Evaluation —
Extraction
A 4 h 4
Conclusion Implementation| Deployment

Figure 1: The CRISP-DM methodology according to Moro (2015)

Figure 1 shows the similarities between the DSR and CRISP-DM methodologies in
which the phases of each can be compared since they present identical objectives. The
CRISP-DM methodology defines a non-rigid sequence of six phases, which allow the
construction and implementation of a Data Mining model to be used in a real environment
(Moro et al., 2011).



According to Wirth & Hipp (2000) this methodology includes six phases. The first
phase is business understanding, which consists of defining the problem by understanding
the business objectives and requirements. The second phase is called data understanding
which includes initial data collection and exploration to gain initial insights into the data,
or to detect hidden information. This is followed by the data preparation phase which
covers all activities to build the final dataset from the initial raw data, e.g., selecting
features, creating new features, and cleaning missing values. In the modelling phase
various modelling techniques are selected, applied and tuned which is followed by the
evaluation phase where the built model is evaluated to make sure it correctly achieves the
goals defined in the first phase. The deployment corresponds to the final phase of the
project where the knowledge acquired in the previous phases will be presented in order

to proceed to its implementation.

1.5 Document Structure

This dissertation is structured as follows:

e Chapter 2 Literature Review presents the existing studies in the research
area namely, on the influence of NPIs and Hofstede's cultural differences on
the evolution of COVID-19;

e Chapter 3 Methodology explains the different phases of application of the
CRISP-DM methodology;

e Chapter 4 Results shows the results and analysis of the implementation of
the various degrees of NPIs over the pandemic months through heatmaps and
line graphs as well as the results of the predictions of the machine learning
models;

e Chapter 5 Discussion compares the implementation of the restriction degrees
of the countries' NPIs considering their cultural characteristics. The results of
the models in predicting Rt with and without cultural dimensions are also
analysed;

e Chapter 6 Conclusions summarizes the main conclusions, in which the
research questions proposed in 1.3 are answered and limitations and future

work are presented.






Chapter 2 Literature Review

We present a review of the existing studies about the impact of NPIs throughout the
evolution of the pandemic and the influence of cultural dimensions. To conduct this
research, we used Google Scholar and EBSCOhost as search engines in which we used
the following search terms: COVID-19, non-pharmaceutical interventions, cultural
dimensions, Hofstede’s cultural dimensions, and machine learning. This search was
conducted between March and October 2021.

Thus, this chapter is divided into the following sections:

e Section 2.1 includes the studies of a set of countries or focusing on the studies
of a particular country in which the impact of NPIs in relation to the evolution
of COVID-19 are analysed.

e Section 2.2 includes the studies that consider the cultural factor with COVID-
19 variables.

2.1 COVID-19 and NPIs implementation worldwide

At the end of 2019 in China, the first cases of infection by COVID-19 (Bo et al., 2021;
Castex et al., 2020) were identified, generating unprecedent socioeconomic disturbances
on a global scale throughout the following months (Gonzélez-Bustamante, 2021). In this
context, mathematicians developed a measure to calculate the number of effective
reproduction, i.e., to measure the rate of transmission of an infectious disease in a
population (Liu et al., 2020). In this sense, a new method was developed that manages to
estimate the Rt in real time from three steps (Arroyo-Marioli et al., 2020): in a first phase,
they constructed a time series that quantified the infected individuals at a given moment,
then estimated the growth rate through the Kalman filter (Arroyo-Marioli et al., 2020)

and, finally, used a SIR model to obtain the R: from the estimated growth rate.



Since the beginning of the COVID-19 pandemic, several measures have been
implemented by countries worldwide with the aim of lowering new cases and new
fatalities, these measures are called NPIs (Castex et al., 2020). NPIs refer to a wide range
of top-down measures, which are governmental and bottom-up measures that refer to self-
initiated behaviours (of each citizen) that aim to interrupt the chains of infection by
changing key aspects of human behaviour (Perra, 2021). In this study, we only look at
NPIs from the top-down point of view which corresponds to the implementation of NPIs
established by the government for each country throughout these pandemic months.

The R: of individuals depends on contact mixing patterns between the infected
individual, age-specific susceptibility to infection, region-based behavioural
susceptibility, and potential seasonal forcing (Yechezkel et al., 2021). Therefore, two
fundamental strategies to control the transmission of COVID-19 can be considered:
suppression and mitigation. The suppression strategy consists of implementing and
maintaining NPIs to eliminate virus transmission or until the population is vaccinated,
aiming to reduce R to less than 1, while the mitigation strategy has the function of only
reducing the speed of virus transmission until herd immunity is achieved (Gonzélez-
Bustamante, 2021; Neil M et al., 2020).

Through our analysis of the existing literature, we verify that certain studies
scrutinize the impact of NPIs in a wide range of countries (Bo et al., 2021; Castex et al.,
2020; Duhon et al., 2021; Fuller et al., 2021; Haug et al., 2020; Islam et al., 2020; Jardine
et al., 2020; Koh et al., 2020), while others focus on a small set of countries or just in one
country (Auger et al., 2020; Chernozhukov et al., 2021; Gonzalez-Bustamante, 2021;
Jefferies et al., 2020; White & Hébert-Dufresne, 2020).

The existing studies refer to the initial period of the pandemic when the
implementation of the NPIs seems to have been crucial to control its evolution (Bo et al.,
2021; Fuller et al., 2021; Islam et al., 2020). Nevertheless, there are some controversies
regarding the impact of these measures, for example according to Duhon et al., (2021)
the NPIs did not have a strong association with the initial growth of the pandemic.
Through an analysis by time series, the effects of community related NPIs on the value
of the Rt were evaluated (Islam et al., 2020), for which no evidence was found of the
benefit of the lockdown policy in conjunction with the closure of schools and workplaces,

restrictions on mass meetings and confinement in place.



In contrast, Haug et al., (2020) identified lockdowns, limits on social gathering,
remote working and school closures as effective measures to decrease the R:. Also, Koh
et al., (2020) highlighted strict border controls, working from home, and total
confinement as effective measures for the same purpose.

More restrictive social distance NPIs such as school closures and workplace closures
are more effective in countries with lower population density, lower surface area, less air
pollution, higher Gross Domestic Product per capita (GDP per capita), lower employment
rate, higher health expenses and lower proportion of the elderly population, i.e. over 65
years old (Castex et al., 2020).

According to Bo et al., (2021) the social distancing NPI is more effective in
comparison with the mandatory face mask in public, isolation or lockdown, and traffic
restriction NPIs.

At continent level, some studies were carried out to understand the effectiveness of
NPIs in containing the pandemic, namely in Europe, where countries that implemented
stricter mitigation policies when they reached a mortality threshold earlier, tended to
report fewer deaths associated with COVID-19 compared to countries that implemented
similar policies later (Fuller et al., 2021). In the same sense, according to the results of
Koh et al., (2020) a combination of physical distance measures, if implemented early, can
be effective in containing COVID-19.

In Muslim Majority Countries despite taking different measures, those with
functional democracies were able to contain the pandemic significantly better than those
which are not democratic (Jardine et al., 2020).

In the South American continent, some countries like Uruguay and Paraguay, have
managed to contain the pandemic relatively successfully, while others appear to be
overwhelmed by COVID-19, like Brazil and Peru (Gonzalez-Bustamante, 2021).

The United States were the target of some studies in order to understand the NPIs that
had the most effectiveness in reducing infections. In Auger et al., (2020) the school
closure NPI was temporally associated with decreased COVID-19 incidence and
mortality. However, according to Chernozhukov et al., (2021) it was difficult to identify
the effect of this NPI due to the lack of variation in the timing of school closures across

states.



In India, lockdown, if implemented correctly, can reduce the total number of cases in
the short term and save time to prepare the healthcare system and monitor diseases (Ray
et al., 2020). The results of Douglas et al., (2020) indicate that the combined use of NPIs
can significantly improve the impact of the COVID-19 pandemic, although containment
of dissemination is difficult without serious community participation.

China has also developed some studies in this area, the main conclusions being that
the cities which implemented NPIs pre-emptively reported fewer cases in the first week
of their outbreaks compared with cities that started later to control and suspending
intracity public transport, closing entertainment venues and banning public gatherings
were associated with reductions in case incidence (Tian et al., 2020). According to Pan et
al., (2020) the NPIs were temporally associated with improved control of the COVID-19
outbreak.

In relation to New Zealand, through the analysis of a study Jefferies et al., (2020)
concluded that the rapid action resulted in the low incidence of new daily cases and in
low levels of population disparities by COVID-19.

Some previous studies followed a time series analysis (e.g., Auger et al., 2020; Haug
et al., 2020; Islam et al., 2020; Kozlakidis et al., 2020; Li et al., 2020; Liu et al., 2020) to
assess the impact of the NPIs on the change in COVID-19 incidence in the period of their
pre-implementation and post-implementation. Nevertheless, there is a delay in the effect
between an NPI’s introduction and withdrawal of 1-3 weeks (Li et al., 2020) because the
virus® detection occurs after an incubation period in which symptoms take on average
eight days to manifest (Castex et al., 2020).

Compartmental models are recurrently used to describe the evolution of infectious
diseases because they require little data about the population under study (Perra, 2021).
These epidemiological models include variations of the SIR model guided by a set of
differential equations relating the number of people susceptible, the number of people
infected, and the number of people recovered or who died at a given time (Ray, 2020).
The Susceptible Exposure Infection Recovery (SEIR) model is an extension of the SIR
model that incorporates an additional compartment of exposed people that is a latent
variable (Ray, 2020).
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In Caetano et al., (2021) the authors used the SEIR model in order to estimate the
effect of implementing NPIs throughout the pandemic in Portugal in which they took into
account the mix of contacts between different age groups depending on contact patterns
at work, home, school and other locations as well as, asymptomatic transmission,
hospitalization, recovery and death. In this study they found that the implementation of
NPIs decreases the number of infections and consequently the number of hospitalizations,
ICU and deaths. Similarly, in Silva et al., (2021) the authors built a deterministic
mathematical model to test several scenarios of real evolution of COVID-19 through the
analysis of the Portuguese population's readiness to follow NPIs collected in social media.
In this study the authors realized that pandemic evolutions over the past months in
different regions of the world demonstrated that population behaviour is of crucial
influence and that the same control policies, implemented in different regions and at
different times, resulted in different outcomes, since the public opinion also changes over
time.

Yechezkel et al., (2021) developed a dynamic model for the progression and
transmission of the COVID-19 virus in Israel considering variables of age, risk, and
region in which they found out that impoverished areas were associated with high
transmission rates and the NPI of elderly protection was the most effective in reducing
mortality while, the NPI of school closure had an adverse effect. Ray (2020) used a time-
varying transmission rate eSIR, which described a series of time-varying changes caused
by external variations (e.g., NPIs) and internal variations (e.g., mutations and evolutions
of the pathogen) in order to predict the number of infected and recovered people or deaths
ata given point in time. This model showed that implementing NPIs has a high probability
of reducing the number of COVID-19 cases in the short term and allowing time to prepare
a healthcare system.

There are several factors that can affect the risk of transmission of COVID-19
including demographic, economic, and environmental characteristics (Auger et al., 2020;
Bo etal., 2021; Castex et al., 2020; Chernozhukov et al., 2021; Duhon et al., 2021; Fuller
et al., 2021; Islam et al., 2020; Koh et al., 2020; White & Hébert-Dufresne, 2020).
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In addition to these factors the underlying culture of each society can also influence
the impact of NPIs since, it can influence the collective responses of a group of
individuals in their environment (Hofstede, 1984). According to Guan et al., (2020),
collective culture-oriented actions and norms in response to the pandemic of COVID-19
will serve as a top-down influence on the individual behaviours of its members, and
governments for each country must carefully balance collective and individual interests
as well as effectively manage the trade-offs of social control and individual freedom in
order to achieve the best outcomes for the public. According to Silva et al., (2021) the
social and clinical experience with COVID-19 will leave lasting marks on society and in
the healthcare systems, from Latino cultural habits (e.g. proximity, kissing) to changes in
the configuration of the healthcare systems, leaving hospitals for more complex clinical
situations and providing healthcare institutions with diagnostic and therapeutic means that
avoid systematic recourse to hospital emergencies.

2.2 NPIs and culture dimensions impact in COVID-19

Culture refers to a system of values that are shared and the collective practices that
distinguish one society from another (Hofstede, 1984). Hofstede (2011) presents six
dimensions that represent a country’s culture:
1. Power Distance, referring to the different solutions to the basic problem of human
inequality;
2. Uncertainty Avoidance, related to the level of stress in a society in the face of an
unknown future;
3. Individualism versus Collectivism, which relates to the integration of
individuals into primary groups;
4. Masculinity versus Femininity, related to the division of emotional roles
between women and men;
5. Long Term versus Short Term Orientation, relating to the choice of focus for
people's efforts: the future or the present and past;
6. Indulgence versus Restraint, related to the gratification versus control of basic

human desires related to enjoying life.
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Lu et al., (2021) states culture fundamentally shapes how people respond to crises
such as the COVID-19 pandemic and plays an important role in mask usage. According
to Gelfand et al., (2021) people in loose cultures, which have weaker norms and are much
more permissive, had much less fear of COVID-19 than people in tight cultures, which
have stricter rules and punishments for deviance.

Erman & Medeiros (2021) affirm that during the initial period of the pandemic policy
makers should more explicitly consider the cultural attributes of a society along with other
important parameters such as demographic characteristics and healthcare system
constraints in order to develop more tailored and effective policy responses.

Some studies have already added Hofstede's cultural dimensions along with NPIs in
order to study their impact on the pandemic. In particular, they have focused on data from
the first wave of the pandemic.

Wang (2021) combined government policies and national culture to explain their
influence on social distancing which showed that, the stringency index, a composite
measure based on nine response indicators such as school closures, workplace closures,
and travel bans, rescaled to a value from 0 to 100, where 100 represents the strictest
response, and Hofstede’s cultural dimensions long-term orientation and indulgence
significantly and negatively affect social distancing. On the other hand, in Gokmen et al.,
(2021) national cultural dimensions of 31 European countries were related to the rise in
the total number of COVID-19 cases per million and obtained that power distance has a
significant and negative effect while, individualism and indulgence have a positive and
significant effect. The later result diverges from the previous study in which indulgence
decreased social distance.

Guss & Tuason (2021) shows that the higher the GDP per capita is, the higher the
number of COVID-19 deaths and also, countries with high individualistic values and high
intellectual autonomy were associated with a higher number of COVID-19 deaths, while
countries with higher collectivistic values were associated with fewer COVID-19 deaths.

Luu & Huynh (2020) studied the impact of the cultural factor on respect for social
distancing measures and obtained that countries with high uncertainty avoidance predict
the lowest proportion of people gathering in public (e.g., retail and recreation, grocery

and pharmacy, parks, transit stations, workplaces).
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Yeung et al., (2021) used machine learning techniques with the goal of predicting
COVID-19 confirmed infection growth (CIG) over 14 days considering NPIs and
Hofstede's cultural dimensions. This study showed that Random Forest regression and
AdaBoost regression may be able to predict C1G14 with a considerable degree of accuracy.

Although previous studies indicate that culture impacts NPIs, for Wang (2021)
governmental strictness has more impact on social distancing than national culture since,
people may drop their guard due to exhaustion with social distancing rules after a long
time living under the pandemic of COVID-109.

Table 1 shows the studies found during the literature analysis of this dissertation in
which the authors consider cultural dimensions to understand their impact on the

evolution of the pandemic and the implementation of the NPIs.
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Reference

Countries

Objective

Table 1: Previous studies

Datasets

Features types used

Results

Gelfand et Beginning of 57 Examine the association between the * Our World in Data * COVID-19 measures Ordinary least Tight groups cooperate much faster under
al., (2021) the pandemic countries strength of social norms and the * OXCGRT * Socioeconomic measures squares regression threat and have higher survival rates than
to Oct 16™, number of cases and deaths in COVID- | « Hofstede Insights * Hofstede dimensions loose groups
2020 19
Erman & First wave of 73 Explore the global variability of public | « WHO Global Health | * Socio-demographics Random-effects Cultural attributes do account for some of the
Medeiros the pandemic countries health outcomes during the first wave Observatory Data * Health system capacity meta-analysis global disparities in COVID-19 attributed
(2021) of the pandemic Repository » COVID-19 measures models health outcomes.
* Hofstede Insights * Cultural dimensions
* Political dimensions
Gokmen et N/A 31 Investigate the impact of national * Our World in Data; * COVID-19 measures: cases; Explanatory Power distance has a significant and negative
al., (2021) European cultural dimensions on the increasing * VHD European * Hofstede dimensions: power modeling effect on IRTCCPM whereas, individualism
countries rate of the total COVID19 cases per countries; distance and collectivism and indulgence have significant and positive
million (IRTCCPM) * Hofstede Insights effects on IRTCCPM
Wang First wave of 80 Assess the impact of national culture * OXCGRT » COVID-19 measures Linear regression Social distancing decreases with long-term
(2021) the pandemic countries and government policies on social * Hofstede Insights * Hofstede culture dimensions orientation and the opposite is true for
distancing to fight COVID-19 * Google mobility *» Google Community Mobility indulgence
reports Reports
* Socio-economic measures
Yeung et April 1 to 114 Predict the national growth of * OXCGRT * NPIs measures Ridge, decision Non-time series machine learning models can
al., (2021) September countries confirmed infections growth in * Hofstede Insights * Current infection numbers tree, random forest, | predict future CIG to an appreciable degree of
30™, 2020 COVID-19 across 14 days « Johns Hopkins (CIG) AdaBoost and SVR | accuracy
University * Hofstede cultural dimensions regressions
Huynh February 16 58 Examine the role of the cultural Google * Social distancing taking place in | Ordinary Least Countries with higher uncertainty avoidance
(2020) to March 29" countries dimensions in practising social various locations Squares regression index predict the lower proportion of people
2020 distancing across the world * Hofstede cultural gathering in public
dimensions
Gliss & July 14" to 75-76 Study culture values impact in deaths « Johns Hopkins » COVID-19 measures Regression Countries with high GDP per capita, high
Tuason December countries by COVID-19 University + Socioeconomic and analyses individualistic values and high intellectual
(2021) 29" 2020 » World Health demographical measures autonomy were significantly and consistently

Organization

* Hofstede cultural
dimensions

associated with high numbers of COVID-19
deaths
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Chapter 3 Methodology

This chapter describes each of the phases of the methodology applied in this dissertation.
Figure 2 schematizes the phases of the CRISP-DM methodology applied in this

dissertation, showing the information and activities we considered for each step of the

methodology.
1. Business » 2. Data 3. Data >
3 i 5. Evaluati . v
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Figure 2: CRISP-DM methodology

Initially, we started from the identification of the existence of a problem recognised
during the literature review (Chapter 2) in the scope of the impact of the NPIs. In countries
considering their cultural differences more specifically, throughout our literature review
we did not find consensus on the impact of implementing NPIs to control the reproduction
rate. In addition to this fact, to date we found no studies that apply machine learning
models to compare the use of NPIs, socioeconomic and demographic characteristics, and
cultural dimensions in predicting the reproduction rate. Of the existing studies, these
consider the impact of NPIs and cultural dimensions with COVID-19 cases, deaths and
ClIGu4. Thus, we proceeded to the second phase, data understanding, in which we search
for datasets that contained the data needed for our analysis. Next, in the data preparation
phase, we performed all the necessary activities for data cleaning, and exploratory data
analysis (EDA). After this phase, we applied several machine learning models in order to
predict the value of the R for each of the countries using the implemented NPIs and
Hofstede’s cultural dimensions. To evaluate our work we compare our results with other
studies in Chapter 5. Also, we evaluate the models developed using three error metrics:
Mean Squared Error (MSE), Root Mean Squared Error (RMSE) and Mean Absolute Error
(MAE). Finally, the Deployment phase is done through this dissertation.

17



The rest of this chapter contains the following sections:

e Section 3.1 describes the data sources from which we extracted the data
needed to answer our research questions;

e Section 3.2 presents the procedure we followed to perform the data cleaning,
joining and processing;

e Section 3.3 describes the types of visualization chosen to show the data in
order to identify patterns and correlations for the five countries we analysed.

e Section 3.4 describes the features selected for the models and the models used
to predict R:.

¢ Insection 3.5 the model validation technique is described, as well as the errors

used to evaluate the predictions of the machine learning models.

3.1 Data Understanding

After the business understanding phase, we started by collecting the data at its sources
where we gathered daily data of COVID-19 and NPIs implemented considering their
degree of restriction throughout the pandemic from March 2020 to May 2021. Data on
cultural dimensions were also considered to understand the cultural differences of the
countries that were chosen for this analysis.

The data related to COVID-19 was obtained from the Our World in Data COVID-19
dataset’. More specifically, we collected new cases per million, new deaths per million,
reproduction rate, ICU patients per million and hospitalized patients per million.

NPIs data for COVID-19 was obtained using the Oxford COVID-19 Government
Response Tracker (OXCGRT)?2. From this dataset NPI related information of COVID-19
was collected. The NPIs’ policy values are ordinal measures which associated values are
integers between 0 and 5, which represent the restriction degree of the given measure.
Measures from three different areas were analysed:

e Containment and Closure policies (C) which include school closing, workplace

closing, cancel public events, restrictions on gatherings, close public transport,
stay at home requirements, restrictions on internal movement and international

travel controls.

L https://ourworldindata.org/coronavirus-source-data
2 https://github.com/OxCGRT/covid-policy-tracker/blob/master/documentation/interpretation_guide.md
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e Economic policies (E) that contain income support and debt / contract relief.

e Health System policies (H) with public information campaigns, testing policy,
contact tracing, facial coverings, vaccination policy and protection of elderly
people.

The cultural characteristics’ data were obtained from the Hofstede Insights® website

which includes a score ranging from 0 to 100 for each of the six cultural dimensions:
power distance, individualism, masculinity, uncertainty avoidance, long term Orientation

and indulgency.

3.2 Data Preparation

After extracting and loading the data, we proceed to its preparation by cleaning its null
values and removing variables which are not relevant to this study. The tools chosen to
perform these activities were Python* as the programming language being used and the
Jupyter Notebook® platform.

In the Our World in Data dataset (Table 2) we removed some features such as the
ISO code because the name of the country is the variable that identifies the COVID-19
data origin and is the feature used to merge the datasets. We decided to remove features
that represented total, rounded and weekly values in order to allow for cross-country
comparisons. We also removed female smokers, male smokers, extreme poverty,
cardiovascular death rate and diabetes prevalence features since these do not exist in most
of the countries datasets. We also decided to rename the feature location to country in
order to standardize this feature for later merging the datasets. Additionally, there were
Rt negative values which should be positive so we replaced with their absolute value.
Regarding the missing values, we decided to remove the rows that had no value associated
such as population, population density, median age, people aged 65 or older, GDP per
capita, hospital beds per thousand, life expectancy, human development index and
stringency index. In relation to the COVID-19 variables - new cases, new deaths, ICU
and hospitalized patients - the initial values are null because we assumed there was no
data for each country yet, so we replaced them with O until there was data, whereas after
the first appearance of a value the next null values that appear are replaced by the average

of the values for that country.

3 https://www.hofstede-insights.com/country-comparison/
4 https://www.python.org/
S https://jupyter.org/
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Additionally, we have removed the global scale values from the dataset since we want

to do an analysis per country.
Table 2: Cleaning Our World in Data Dataset

Cleaning Our World in Data Dataset Features

Removed features iso_code, tests_units, total_cases, new_cases_smoothed,
total_deaths, new_deaths _smoothed,
new_cases_smoothed_per_million,
new_cases_smoothed_per_million, icu_patients,
hosp_patients, weekly_icu_admissions,
weekly_icu_admissions_per_million,
weekly_hosp_admissions,
weekly_hosp_admissions_per_million, new_tests, total_tests,
new_tests_smoothed, new_tests_smoothed per_thousand,
tests_per_case, total_vaccinations, people_vaccinated,
people_fully vaccinated, new_vaccinations,
new_vaccinations_smoothed,
new_vaccinations_smoothed_per_million,
total_tests_per_thousand, new_tests_per_thousand,
new_vaccinations, total_vaccinations_per_hundred,
people_vaccinated_per_hundred,
people_fully_vaccinated_per_hundred,
new_tests_per_thousand, new_cases, new_deaths,
positive_rate, tests_per_case, aged_70_older,
female_smokers, male_smokers, extreme_poverty,
cardiovasc_death_rate, diabetes_prevalence

Renamed features location — country
Negative values Replaced negative values with abs()
Missing values Replaced initial missing values with 0 and after the first non-

null value replace them with the mean of those values:

e new_cases_per_million

e new_deaths per_million

e reproduction_rate

e icu_patients_per_million
e hosp_patients_per_million

Removed countries where socioeconomic and demographical
features are missing:

e population

e population_density

e median_age

e aged 65 older

e Qgdp_per_capita

o life_expectancy

e human_development_index
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In the Oxford dataset (Table 3) we removed features that were of no interest for the
analysis such as the country code, flag and initial note. The "CountryName" feature was
renamed to country for the purpose of later merging the datasets. In this dataset there were
missing values in the "end date™ and in the "policy value". In this sense, after
understanding the data, the lines that had the NPI end date ("EndDate™) set to null refer
to NPIs that were implemented and are still in force and, therefore, these missing values
were replaced by the current date of the dataset extraction. Regarding the "policy values”
with no value we decided to remove them as they would not be useful data for our
analysis.

Table 3: Cleaning Oxford Dataset

Removed features CountryCode, Flag, InitialNote
Renamed features CountryName — country
Missing values Removing PolicyValue missing values

EndDate filled with the current date

In the Hofstede Insights dataset (Table 4) we removed some features with metadata
related information such as the "adjective” and the "slug™ as well as features with useless
information to our work such as the "id" and "ivr". We also decided to rename the "title"

to "country" and the cultural dimensions by their long name instead of their short name.
Table 4: Cleaning Culture Dataset

Removed features id, slug, adjective, ivr

Renamed features title : country, pdi : power_distance, idv : individualism,
mas : masculinity, uai : uncertainty_avoidance, Ito :
long_term_orientation, ind : indulgence

Removed rows with missing values Qatar and Tunisia

After cleaning and combining the data we obtained a dataset of 101 countries with
data between March 2020 and May 2021. This dataset is composed of variables related
to COVID-19 and the NPIs in which each row represents the variable’s value per day.
The variables related to the socioeconomic and demographic characteristics, and also
Hofstede’s cultural dimensions in which each row represents the cultural values for that

specific country. We can observe these variables in Table 5.
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Table 5: The characterization of the datasets with their final features

Features Type Features

COVID-19 New cases per million
Deaths cases per million
Reproduction rate
ICU patients per million

Hospitalized patients per million

Socioeconomic and demographic Population
Population density
Median age
Aged 65 older
GDP per capita
Life expectancy

Human development index

NPIs Stringency index
Testing policy
School closing
International travel controls
Public information campaigns
Protection of elderly people
Contact tracing
Workplace closing
Stay at home requirements
Cancel public events
Restrictions on gatherings
Restrictions on internal movement
Debt/contract relief
Income support
Facial Coverings
Vaccination policy

Close public transport

Hofstede’s cultural dimensions Power distance
Individualism
Masculinity
Uncertainty avoidance
Long term orientation

Indulgence
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3.3 Exploratory Data Analysis

In a first stage we made an exploratory data analysis using correlation matrixes and line
graphs where the main goals were to understand the relationship between restriction
levels of the NPIs and COVID-19 evolution and compare the NPIs between countries as
well as understand what differences may explain the evolution of the R: for each of them.
The correlation matrix allows observing the correlations between the variables. The
closer to 1 or -1 the stronger the correlation is, and if the correlation is positive, this means
that the two variables grow in the same direction, that is, while one variable increases the
other also increases, whereas, a negative correlation means the opposite (while one
variable increases, the other decreases). It is important to highlight that the values
portrayed on the correlation matrix do not implicate causality between the variables.
Pearson's correlation is used, which evaluates the linear relation between two
continuous variables and we consider associations from moderate to very strong

correlation (Table 6).

Table 6: Correlation table according to (Schober & Schwarte, 2018)
Correlation Positive Negative

Negligible 0.00t00.10 | 0.00to0-0.10

Weak 0.10t00.39 | -0.10t0 -0.39
Moderate 0.40t00.69 | -0.40to0 -0.69
Strong 0.70t00.89 | -0.70to -0.89

Very Strong 0.90t01.00 | -0.90to -1.00

In this sense, we considered five countries for the analysis, India, Brazil, the UK,
Israel, and Portugal. The former two are among the most populous countries in the world,
with high-density cities such as Mumbai and S&o Paulo concentrating over 10M people,

which facilitates airborne infectious disease dissemination.
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Furthermore, India and Brazil belong to the so-called BRICS emerging economies
(Stuenkel, 2020), with both presenting significant inequality society layers in education
and purchasing power (Alvarez Candido et al., 2021; Kumar et al., 2019), which affects
access to healthcare services and increases the pressure over lower income layers to work,
despite imposed labour restrictions during the COVID-19 pandemic. The UK is a
developed populous country in Europe which, like India and Brazil, was heavily affected
by the COVID-19 pandemic. The UK is an interesting case study since it was the first to
approve COVID-19 vaccines and start administering them, being currently (as of May
2021) the second country with the largest percentage of its population vaccinated
(OurWorldInData, 2021). In comparison, Israel is a country with a smaller area and less
population, but since the beginning it has implemented several NPIs with a high degree
of restrictions. Israel is also the country with the largest vaccinated percentage of its
population, as of May 2021 (OurWorldInData, 2021). Finally, Portugal represents an
European country that has a similar population to Israel and that at the beginning of the
pandemic was highly praised in the first containment because after the first cases of
SARS-CoV-2 infection appeared on March 18", 2020 the government declared the first
containment (Costa et al., 2020).

Figure 3 portrays Hofstede’s six cultural dimensions (Hofstede Insigths, 2021) for
each country in analysis. Through Hofstede's cultural dimensions Brazil is characterized
as a collective society (INV=38) with a high power distance, meaning an unequal
distribution of power (PD=69), with a need to establish many rules to live in society
(UAI=76) and that has a positive and optimistic attitude towards life (ING=59). While
India is also a society that is divided by hierarchies (PD=77), it is driven by competition,
achievement and professional success (MAS=56), as its people is used to deal with
ambiguous or unknown situations (UAI=40) and present a pessimistic and restrictive
attitude as the majority of the population do not, or cannot, put much emphasis on leisure
time (ING=26).

In contrast, Israel, in which the power is considered to be more equally distributed,
and its people believe in equal rights (PD=13), they have a strong need to create rules and
devise legal systems in order to structure life in society (UAI=81), showing a preference
for normative thinking and exhibiting great respect for traditions (LTO=38). In the
indulgence dimension, Israel has no score attributed, which represents a limitation for the

analysis of this dimension for this country.
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In the UK, there is a moderate power distance, meaning a moderate distribution of
power (PD=35). The UK’s population is highly individualistic (INV=89), success-
oriented in their work (MAS=66), and also comfortable dealing with ambiguous
situations (UAI=35), tending to be optimistic and giving great importance to leisure time
(ING=69).

Finally, Portugal has a collective society (IND=27) where the hierarchical distance is
accepted and individuals closer to the top have more privileges (PDI=63). Like most
European countries, the society fosters strong relationships where everyone takes
responsibility for their group members and excessive competitiveness is not appreciated
(MAS=31). The Portuguese people is more restraint (ING=33), avoiding uncertainty
(UAI=99) and preferring normative over pragmatic thinking (LTO=28).
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Figure 3: Hofstede’s Cultural Dimensions
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In a second stage we used the data from all the countries of our dataset which is
composed of 101 countries to train several machine learning models so that we could
verify the impact of cultural dimensions in the prediction of the reproduction rate. Thus,
the 101 countries considered for the models are: Albania, Algeria, Argentina, Australia,
Austria, Azerbaijan, Bangladesh, Belarus, Belgium, Bhutan, Bolivia, Bosnia and
Herzegovina, Brazil, Bulgaria, Burkina Faso, Canada, Cape Verde, Chile, China,
Colombia, Costa Rica, Croatia, Denmark, Dominican Republic, Ecuador, Egypt, El
Salvador, Estonia, Ethiopia, Finland, France, Georgia, Germany, Ghana, Greece,
Guatemala, Honduras, Hungary, Iceland, India, Indonesia, Iran, Iraq, Ireland, Israel, Italy,
Jamaica, Japan, Jordan, Kazakhstan, Kenya, Kuwait, Latvia, Lebanon, Libya, Lithuania,
Luxembourg, Malawi, Malaysia, Malta, Mexico, Moldova, Morocco, Mozambique,
Nepal, Netherlands, New Zealand, Norway, Pakistan, Panama, Paraguay, Peru,
Philippines, Poland, Portugal, Romania, Russia, Saudi Arabia, Serbia, Singapore,
Slovakia, Slovenia, South Africa, South Korea, Spain, Sri Lanka, Suriname, Sweden,
Switzerland, Tanzania, Thailand, Trinidad and Tobago, Turkey, Ukraine, United Arab

Emirates, United Kingdom, United States, Uruguay, Venezuela, Vietnam and Zambia.

3.4 Modelling

In a first phase analysis we only considered socioeconomic and demographic
characteristics of each country as well as the degree of restriction of the NPIs
implemented in the 101 countries for predicting the Ry, over which we run a set of machine
learning models. In a second phase, we ran the same machine learning models, adding
Hofstede's cultural dimensions to the independent variables.

Through these models we aim to assess whether there is an improvement of the
models with the addition of Hofstede's cultural characteristics in predicting the R:.

For data normalization we used the StandardScaler procedure which is one of the
most used techniques in machine learning in which the features are normally distributed
with a mean value close to 0 and a standard deviation of 1 (Raju et al., 2020). After
normalizing the data, we selected the features for the machine learning models from the
dataset we obtained after the data preparation phase. Thus, we tested two data selection

methods: correlation and mutual information (Ml).
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Figure 4 shows the correlations of all independent variables with the R:. We can
observe that one of the most relevant correlations with the reproduction rate we obtained
was a weak negative correlation with the facial coverings NPI (-0.16). We also obtained
other correlations close to 0.10 and -0.10 such as, human development index (0.09),
vaccination policy (-0.09), new deaths per million (-0.08), median age (0.08), life
expectancy (0.08) and uncertainty avoidance (0.07).

Although individually each of these variables did not obtain a relevant linear
correlation with the target Ry, this does not mean that all these variables are not important
to train the predictive models. For this reason, it was decided to explore nonlinear

correlations using Ml.

Features Correlating with Rt

reproduction rate e
human_development_index - 0.09
median_age - 0.08
life_expectancy - 0.08
uncertainty_avoidance - 0.07 -0.75
aged_65_older - 0.06
gdp_per_capita - 0.04
hospital_beds_per_thousand - 0.04
C8: International travel controls - 0.04
C1: School closing - 0.04 - as0
individualism - 0.03
long_term_orientation - 0.03
masculinity - 002
new_cases_per_million - 0.02 -0.25
H8: Protection of elderly people - 0.02
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C3: Cancel public events - 0.02
H1: Public information campaigns - 0.02
stringency_index - 001 raee
C2: Workplace closing - 0.01
C7: Restrictions on internal movement - 0.01
C5: Close public transport - 001
indulgence - 0.00 --0.25
C6: Stay at home requirements - 0.00
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H3: Contact tracing - -0.01
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Figure 4: Features correlating with Rt
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MI is used as a criterion to select the best input variables (from a set of possible
variables) for the long-term forecasting objective, in other words, between two variables,
say X and Y, is the amount of information obtained from X in the presence of Y, and vice
versa (Sorjamaa et al., 2005).

This dependency measure can capture linear as well as nonlinear dependencies but
does not capture multivariate dependencies or indicate collinearity between features
(Yeung et al., 2021). Accordingly, we use the Python package ennemi® based on Ml
(Laarne et al., 2021). In Table 7 we can observe that all features obtained a mutual
information score above 0.10. The features that obtained the highest correlation were the
socioeconomic and demographic ones such as population size, GDP per capita, portion
of the elderly population (older than or equal to 65 years), population density, average
life expectancy, human development index and average age with values ranging from
0.25 to 0.29. Then the features that obtained the highest correlation were the cultural
dimensions of long-term orientation, indulgence, power distance, individualism,
masculinity, and uncertainty avoidance with values between 0.18 and 0.21. Finally, NPIs
such as close public transport, facial coverings, income support and the restriction index
obtained correlations between 0.10 and 0.27.

Through the analysis of this graphic, we can highlight that in addition to the
socioeconomic and demographic dimensions, Hofstede's cultural dimensions are relevant
to help predict the Rt value. Regarding the NPIs, these values can be explained due to the
volatile nature of their values, as there are countries that rarely change them (e.g., Brazil)
as well as countries that do it regularly (e.g., Portugal).

Yeung et al., (2021) state that all features are important to be considered in the
machine learning models because features are selected if they achieve mutual information
greater than 0.10. Therefore, all NPIs, socioeconomic and demographical features and
Hofstede's cultural dimensions were considered.

All variables present in Table 7 were considered as input for several linear, non-linear

and ensemble models. The models used were imported from the sklearn’ library.

® https://github.com/polsys/ennemi
7 https://scikit-learn.org/stable/
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Table 7: Mutual Information score

| Feature Score
Stringency index 0.27
Population 0.29
Population density 0.28
Median age 0.26

Aged 65 older 0.29

GDP per capita 0.29
Hospital beds per thousand 0.25
Life expectancy 0.28

Human development index 0.27
H2: Testing policy 0.12

C1: School closing 0.11

C8: International travel controls 0.12
H1: Public information campaigns 0.17
H8: Protection of elderly people 0.10
H3: Contact tracing 0.13

C2: Workplace closing 0.13

C6: Stay at home requirements 0.11
C3: Cancel public events 0.14
C4: Restrictions on gatherings 0.11
C7: Restrictions on internal movement 0.10
E2: Debt/contract relief 0.11

E1: Income support 0.12

H6: Facial Coverings 0.15

H7: Vaccination policy 0.15

C5: Close public transport 0.11
Power distance 0.18
Individualism 0.19
Masculinity 0.18
Uncertainty avoidance 0.18
Long term orientation 0.21
Indulgence 0.21

3.5 Evaluation

The validation technique used was the hold-out technique as it is one of the most popular
and faster validation techniques (Moro, 2015). According to Han et al., (2011) the hold-
out technique consists of randomly dividing the dataset into two independent sets, a
training set and a test set. Usually, two-thirds of the data are assigned to the training set,
and the remaining third is assigned to the test set (Han et al., 2011). Thus, we randomly

assigned two thirds of the dataset for the training set and one third for the test set.
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According to Steurer et al., (2021), in order to evaluate the applied models, we apply

three error metrics:

e The Mean Absolute Error or MAE measures the average of the sum of absolute

differences between observation values and predicted values.

e The Mean Squared Error or MSE measures the average squared difference
between the estimated and true values.

e The Root Mean Squared Error or RMSE is a monotonic transformation of the
MSE that corresponds to its root.
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Chapter 4 Results

This chapter is organized into the following sections:

e Section 4.1 includes the presentation of heatmaps and line graphs made for
each of the five countries under analysis: India, Brazil, the UK, Israel and
Portugal;

e Section 4.2 contains the results of the various machine learning models
trained on the 101 countries with the aim of predicting the evolution of the Ry,
i.e., the pandemic propagation.

4.1 Heatmap and Graph analysis for the five countries

We analysed five countries individually to understand the NPIs that most influenced the
evolution of the pandemic over time, as well as to observe differences in the degree of
the restriction of the NPIs implemented for each of the selected countries. Such approach
enables to discuss each country’s success or failure in controlling the pandemic at
different key moments and in light of each’s context, including cultural, political and
economic dimensions.

During the initial period of the pandemic, there were studies that identified the
importance of some NPIs, such as the restrictions of social distancing (Haug et al., 2020),
travel bans (Haug et al., 2020; Koh et al., 2020) and mandatory face masks
(Chernozhukov et al., 2021).

Our study covers a more recent period (mid-March 2020 until May 2" 2021) when
countries have already begun their vaccination plan, with the UK and Israel leading the
way, we also plot visually appealing graphics which are easily interpreted to discuss the
effects of the NPIs that influence most of the pandemic propagation (the R; factor) in
different countries’ context. It is important to note that the effectiveness of the NPIs’

imposition is arduous without serious community participation (Douglas et al., 2020).
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While we are focused on the reproduction rate and thus, the R; factor becomes the
most important dependent variable for identifying the influence of NPl measures, we also
considered the number of new daily cases per million and the number of new daily deaths
per million, as these three are metrics provided in the original dataset which enable to
also understand the direct impact of the NPIs. To assess the correlation between each NPI
and the above-mentioned variables, we plot a correlation heatmap and also introduce the

evolution of the Ry in easy-to-read graphics.

4.1.1 India

According to Douglas et al., (2020) and Ray et al., (2020), which report to the period
until August 2020, suppression measures in India can significantly reduce the impact of
the COVID-19 pandemic. We further analyse our results in detail here after.

For India, the analysed data reports the daily situation from March 15" 2020 to May
2" 2021.

India Heatmap l
0.4

new_cases_per_million- 0.18 -0.01 -0.12 0.17 020 0.17 0.04

new_deaths_per_million- -0.02  0.01

reproduction_rate- -0.07 = 0.25 23 E 0.22 NxilN 0.11 0.20 B=0.

H2: Testing policy-

C1: School closing

C8: International travel controls
H8: Protection of elderly people
C2: Workplace closing-

C6: Stay at home requirements
C4: Restrictions on gatherings-
C7: Restrictions on internal movement
E2: Debt/contract relief

E1l: Income support

H6: Facial Coverings
H7: Vaccination policy -

C5: Close public transport

Figure 5: India NPIs Heatmap

From the heatmap (Figure 5) we can see that the facial coverings (H6) NPI has a
strong negative correlation with the reproduction rate (-0.73), which implies that, as the
mandatory use of masks became more restrictive, the Rt value decreased. However, the

income support (E1) NPI has a moderate positive correlation (0.58).
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The latter result hints that government support to society in general (families and
businesses) might have an opposite effect to expected, with the R increasing as income
support increases, which would deserve a deeper analysis. Finally, in India there are no
visible results of the vaccination policy on the reduction of the Ry, and it has a moderate
positive association (0.51) with new cases per million, which may indicate that the
increase in vaccination coincided with the period when there were more new daily cases
of infection. As for the remaining dependent variables, we can see that the application of
the debt / contract relief (E2) NPI coincides with the reduction of the new cases and deaths
of COVID-19. While the increase of the restriction of the close public transport (C5) NPI
seemed to decrease the number of new cases of COVID-19. These results lead us to
believe that in such a heavily populated country, where the population faces some
economic difficulties, the application of these NPIs can be effective in controlling

contagions.
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Figure 6: Facial Coverings NP1 in India

In Figure 6 we can see that the implementation of the NPI facial coverings
(H6), resulted in Rt plummet, which stayed below 1 until mid-February 2021 when it
started to slightly rise again. We think that such increase can be explained by the
withdrawal / relief of the degree of restriction of the NP1 close public transports (C5) and
restrictions on internal movement (C7), which was in demand by a society desperate for
activities reopening (Yu et al., 2021) as the little income support (E1) NPI became none
in July 2020 (Figure 7). These results show that while facial coverings by itself is a really
effective measure in a large and populous country, it is not enough in the medium / long

term if not accompanied by other measures that restrict mobility.
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Figure 7: Income Support NP1 in India

Unlike the facial coverings NPl (H6), the income support NPI (E1) (Figure 7)
obtained a moderate association with the increase in R:.

Apparently, the application of this policy was soft from the beginning of its
implementation until the end of June 2020, when the soft measures ceased entirely, which
coincided with the decrease of the R:. However, during the same period of time other
NPIs, such as protection on elderly people and stay at home requirements, were applied
with a greater degree of restriction, which influenced the R decrease after July 2020. The
moderate positive correlation observed in Figure 5 is the result of the steep increase of
the Ry after February 2021 when no income support NPI was in place, which remained
steady and above the values of May-June 2020, when soft income support was
implemented. We can hypothesize that India’s little to no efforts in implementing income
support has led families and businesses to take advantage of the relaxation of mobility
NPIs to resume pre-COVID-19 regular activities, which increased contacts, as reflected
by the Rt increase. However, this is a tough call by Indian authorities, ina 1.3B population
carved by significant income inequalities, which makes it very difficult to implement
every citizen’s income support policy. The balance between mobility resume and
contagion propagation control will likely continue a subject of debate until we can bring

the pandemic under control at a worldwide scale (Han et al., 2020).
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H7: Vaccination policy
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Figure 8: Vaccination Policy NP1 in India

Although the vaccination policy (H7) does not show a moderate / strong association
with Ry, we can observe (Figure 8) that this NP1 started in mid-January and, over time, its
implementation has been increasing and it is beginning to observe its effect on the R;,
which  has started to decrease in mid-April 2021. While this isstill a
preliminary result when the vast majority of the population has not yet been vaccinated,
it should be observed with caution, as the relaxation of other measures might imply that
the R: can still increase, with drastic effects in a country already severely affected by
COVID-19.

4.1.2 Brazil

In pandemic times Brazil becomes an interesting country to analyse because it has a
different population in each region in terms of social behaviour, genetics and economic
origins, which increases the need for different medical and social management in each
area (Marson & Ortega, 2020). We analysed data from daily reports for the period from
March 14™ 2020 to May 2" 2021.
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Brazil Heatmap
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Figure 9: Brazil NPIs Heatmap

Through the observation of Brazil’s NPIs heatmap (Figure 9), as the protection of
elderly people (H8), stay at home requirements (C6) and facial coverings (H6) NPIs
became more restrictive over time, the Rt decreased. On the opposite, NP1 international
travel controls (C8) showed a moderate positive association with R:. The latter finding
leads us to hypothesize that, when international travel restrictions were imposed, the
epidemic was already well disseminated in Brazil and the contagion was local / regional,
rather than imported from abroad. Such rationale is supported by Laroze et al., (2021),
who argue that the coronavirus continued to be disseminated among local communities
in UK districts, despite regional lockdown.

As for the remaining COVID-19 variables we analysed, there were associations that
stood out. The debt / contract relief (E2) is negatively correlated with the new cases (-
0.57) and deaths per million (0.56). Nevertheless, unexpectedly, stay at home
requirements (C6) and vaccination policy (H7) NPIs have a positive correlation (Figure
9). One reason for this result might be that during the first months of the pandemic,
physical distancing measures were implemented (Rafaell et al., 2020) such as, the NPI
stay at home requirements in which corresponded to the period when the number of new

cases and deaths per million reached very high values.
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Contact tracing (H3) NPI has a negative correlation with new deaths per million.
Previous studies pointed out that tracing contacts through technologies such as
smartphones and other mobile devices are ineffective due to the lack of adoption by the
wider population and to inaccurate tracing technology (Hernandez-Orallo et al., 2020).
At the beginning of the pandemic, world experiences pointed to the need to control the
speed of the curve's progression through measures of social physical isolation (Rafaell et
al., 2020). When the pandemic was first disseminated in Brazil, some NPIs were
established, such as: restrictions on internal movement (C7), restrictions on gatherings
(C4) and stay at home requirements (C6) that portray a rising degree of restriction.

H8: Protection of elderly people
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Figure 10: Protection of elderly people NP1 in Brazil

In Figure 10 we can see that the protection of elderly people (H8) NPI since mid-
March 2020 has not changed in its degree of restriction, which has remained soft.
Although the heatmap shows a moderate negative correlation between this NPI and the
Rt (Figure 9), this is due to the sharp reduction in the Rt when the NPI is implemented,
and it does not change during the following months. It should be noted that during the
time period in which the NPI is implemented several other NPIs have been implemented,
for example, close public transport (C5), restrictions on gatherings (C4) and workplace
closing (C2).

The weak association between economic NPIs and Ry may be justified due to the
weak implementation of economic support NPIs during these months of the pandemic.
The social, political and economic challenges that the country has been facing due to the
withdrawal of labour rights and guarantees, and the increasing loss of the purchasing
power of families in recent years are strong factors that contribute to the vulnerability of

the poorest populations for coping with the pandemic (Rafaell et al., 2020).
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Figure 11: Stay at Home Requirements NP1 in Brazil

The stay at home requirements (C6) NPI appears to have been an effective measure
throughout these months of the pandemic which varied between different degrees of
restriction (Figure 11). According to Rafaell et al., (2020) at the beginning of the
pandemic in Brazil, social isolation measures such as the NP1 stay at home requirements
were imposed, which may have contributed to the reduction of Ry, which is in line with
our results.

Among all NPIs for containment and closure, this was the one that seemed to have
the greatest impact in reducing Ry, which is aligned with previous studies findings e.qg.,
Koh et al., (2020). This type of NPIs tends to reduce the need for ventilators and
hospitalization in intensive care units in a short period of time, adapting the need of the
health system’s assistance capacity (Rafaell et al., 2020). According to Marson & Ortega
(2020) there are no official data on the number of beds in the ICU beyond which the same
number is divided between public and private institutions which is in accordance with the

data sources used in our work which do not contain this information.
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Figure 12: Facial Coverings NPI in Brazil

In Figure 12 we were able to observe the decrease of R; after a more restrictive
implementation of the facial coverings (H6) NP1 which seems to confirm that this NP1 is
very important to control the transmissibility of the virus (van der Westhuizen et al.,
2020).

The resistance and the denial of the seriousness of the pandemic by the president of
the Brazilian republic may have had consequences in terms of the population's
understanding of what is the guideline to be adopted, in failures in social isolation and
damage in the implemented sanitary barriers (Rafaell et al., 2020) which may justify the
fact that the NPIs restrictions on gatherings (C4) and restrictions on internal movements
(C7) did not have a moderate / strong association with the R: decrease, despite high

restrictions having been implemented over the months of the pandemic.
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Figure 13: International Travel Controls NP1 in Brazil

The implementation of the international travel controls (C8) NP1 (Figure 13) shows
an increase in the Ry, which may indicate that this measure was implemented when the
value of the Rt was on the rise when the pandemic started.

The results by Gonzélez-Bustamante (2021) show that Brazil has just implemented
the international travel controls NPI instead of implementing key integrated suppression
policies or clear infection detection and tracking strategies to monitor the virus
dissemination throughout the community. However, in our analysis during the first three
months of the pandemic, Brazil implemented suppression NPIs such as restrictions on
gatherings (C4), stay at home requirements (C6) and close public transport (C5) as well
as NPIs linked to the detection and tracking of infections such as contact tracing (H3) and
testing policy (H2), which may have had a role in avoiding further dissemination during

the first wave.
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Figure 14: Vaccination Policy NPI in Brazil

As in India, the vaccination policy (H7) (Figure 14) in Brazil started in January 2021
and seems to be having positive results because since April 2021 the R: has not exceeded

the value 1.

4.1.3 United Kingdom

In the United Kingdom, at the beginning of the pandemic, the implementation of NPIs
was assessed as the most viable option to control the outbreak of COVID-19 (Neil et al.,
2020). Next, we will analyse UK daily data of COVID-19 reports from March 3 2020

to May 2" 2021.
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Figure 15: UK NPIs Heatmap
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By analysing the UK’s NPIs heatmap (Figure 15) we can identify several strong
associations of the NPIs cancel public events (C3), restrictions on gatherings (C4),
income support (E1) and close public transport (C5) with the reduction of the Ry, as these
NPIs have correlation values ranging from -0.74 to -0.70 with the COVID-19
reproduction rate. Also, there are also moderate associations between -0.40 to -0.69 that
stand out such as, NPIs testing policy (H2), school closing (C1), international travel
controls (C8), protection of elderly people (H8), workplace closing (C2), restriction on
internal movements (C7) and debt / contract relief (E2).

In general, the NPIs had significant negative associations with the Ry which can be
explained by a high R: value at the beginning of the pandemic and after the
implementation of the various NPIs coincided with a decrease in the R; over the months.

The NPIs contact tracing (H3), stay at home requirements (C6), facial coverings (H6)
and vaccination policy (H7) were the measures that obtained the least correlation with the
R:. It should be noted that the lack of association of these NPIs with the Ry may be related
to the relief of restriction of other NPIs during a more restrictive level of the former.

Furthermore, it can be observed that the NPIs workplace closing (C2) and stay at
home requirements (C6) have a positive correlation with the new deaths, ICU patients
and hospitalized patients per million. There are subpopulations at higher risk of
contracting COVID-19 and developing its more severe forms namely, elderly people
(Prats-Uribe et al., 2020). According to Neil et al., (2020) the combination of case
isolation, home quarantine and social distancing of people at higher risk of severe
outcomes are the most effective policy combination for mitigating the epidemic.

Although NPIs cancel public events (C3), restrictions on gatherings (C4), income
support (E1) and close public transport (C5) have had a greater degree of association in
reducing the Ry, they have not varied in their degree of implementation since the
beginning of the pandemic. In a deeper look, the NPI restrictions on gatherings (C4) was
the only NPI to which a greater degree of restriction was assigned as it was ascribed a
level of hard restriction. Then, the NPIs cancel public events (C3) and income support
(E1) were given an average degree of implementation. Only the NPI close public transport
(C5) was imposed the less severe restriction.
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In contrast, the NPIs that obtained a moderate association with the decrease in R are
those that had varying degrees of restriction implementations throughout the pandemic
with exception to NPIs testing policy (H2) and debt / contract relief (E2). The NPI testing
policy (H2) since the beginning of COVID-19 had only two variations, from March 2020
to mid-May 2020 it had a soft implementation and in the months that followed a medium
implementation, similarly to NPI debt / contract relief (E2) which in the middle of March

2020 started to be applied with a soft degree and soon afterwards, medium.
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Figure 16: School Closing NP1 in the UK

According to Neil et al., (2020) at the beginning of the pandemic, the implementation
of NPIs related to the distancing of the entire population, home isolation from cases and
home quarantine among family members should have been complemented with school
closures because educational institutions can play a large role in transmission, despite the
security measures implemented when the degree of NPI restriction decreases (Brauner et
al., 2021).

We can see that the NPI school closing (C1) (Figure 16) had several degrees of
restriction over time, when there was a relief of its degree of restriction, the R; began to
increase and a high degree of restriction was again imposed. Although NP1 school closing
(C1) is important, its more restrictive implementation has the disadvantage of being able
to contribute to the increase in absenteeism (Neil et al., 2020).
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Figure 17: Protection of Elderly People NP1 in the UK

The NPI protection of elderly people (H8) (Figure 17) had a hard degree of
implementation from mid-March 2020 to mid-March 2021. After this time there was a
decrease in the degree of restriction of this NP1 to medium, which coincided with the time
in which the NP1 vaccination policy increased its degree of implementation to hard. This
NPI seems to be important, considering that the UK has a rate of 28.52% of people over
65 (OurWorldInData, 2021).
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Figure 18: Workplace Closing NP1 in the UK

The NPI workplace closing (C2) (Figure 18) involves a substantial number of
employees that can represent a significant containment measure on the incidence of
COVID-19 (Wong et al., 2020). The UK implemented the NPI workplace closing (C2) in
March 2020 and as we can see, the increase in the restriction of this NPI, combined with
others, has a positive impact on the evolution of the pandemic, more specifically on the
value of the R because with some of the population working remotely the influx of public
transport usage and the number of individuals performing their work duties in office

closed spaces decreases.
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C7: Restrictions on internal movement
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Figure 19: Restrictions on Internal Movement NP1 in the UK
The NPI restrictions on internal movement (C7) (Figure 19) began to be implemented
in mid-March 2020 with a medium degree of restriction. Over the months, there were
some reliefs of this NPI, however, when the rise of the Ry occurred, it was reimplemented

more restrictedly, with a medium policy value. It was the case in the beginning of August
2020, middle of October 2020 and middle of November 2020.

El: Income support

Policy Value
[\) == None
3. —_—oft
= Medium
5 = Hard
2. —Very Hard
—_ — Extreme
210
&
15
AO T AT T A T T AT T AT T N T T AN T g~~~
05

202°

02°% 020 5029 502° 5020 020 5020 o‘l 020 o o‘I— AREAS
por 2 oy 2 20T\ 207 (192 00 2% 5 20 (v 20 Gec 2 o 20 o2 m(:LO e
Month

war

E2: Debt/contract relief

202° 202

20 20 5029 5020 02t
20 910 0,_‘7.0 20 ec—‘l-°\ a2 b.zO fets 202> Wy’

20
‘,\at—'l—" N,r-7-° W 220 \““_7_0 \u\ A0

Pp{
Month

Figure 20: Economic policies NPIs in the UK
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In the UK it was observed that economic NPIs (Figure 20) were associated with a
decrease in Rt (E1 = -0.70 and E2 = -0.69) which were applied with a medium degree
since the beginning of the pandemic. Given the fact that in the first three months of the
pandemic in the UK, an association was observed between socioeconomic deprivation
and the risk of infection by COVID-19 (Prats-Uribe et al., 2020), the application of
economic NPIs may have played an important role in controlling the R for the most

deprived individuals.
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Figure 21: Vaccination Policy NPI in the UK

The UK was one of the first countries to start the vaccination campaign
(OurWorldInData, 2021). In Figure 21 we can see that this was applied on a large scale
increasing its degree in mid-March 2021.

The NPI vaccination policy (H7) obtained a weak association with the R (-0.31)
(Figure 15), which may be due to the fact that it started to be implemented in mid-
December, coinciding with the arrival of winter, and that its effects are not immediately
visible. Although, we can highlight the vaccination policy (Figure 21), which has evolved

considerably since the beginning, with the Rt below 1.

4.1.4 Israel

Israel is a multi-ethnic and multicultural country which has adopted a combination of
rules of stay at home and social detachment, encouraging people to avoid leaving home
and to keep a safe distance from people outside their own home (Saban et al., 2021). In
this way, the data analysed for Israel refer to the period from March 14" 2020 to May 2"
2021.
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Israel Heatmap
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Figure 22: Israel NPIs Heatmap

In Israel’s heatmap (Figure 22), we observed that the NPIs income support (E1) and
facial coverings (H6) had a moderate negative correlation with the R.

We can also highlight the economic NPI debt / contract relief (E2), which has a
negative relation with ICU patients per million. However, the restrictions on gatherings
(C4) NPI increase as new deaths, ICU patients and hospitalized patients increase. ICU
patients increase as NPIs testing policy (H2), cancel public events (C3) and vaccination
policy (H7) increase their restriction degree. Previous studies in Israel have shown that
banning meetings was effective, with a significative effect to limit meetings to 10 people
or less (Brauner et al., 2021). Finally, the debt / contract relief (E2) NPI has a negative

correlation with ICU patients.
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Figure 23: Income Support NP1 in Israel
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In Figure 23 we can see that the NPI income support (E1) was implemented
throughout the pandemic consistently, having been eased between October 2020 and early
November 2020.

Bearing in mind that, Israel is characterized by great social disparities and a high
proportion of people living in poverty (Saban et al., 2021). Providing people with income
guarantees during periods of absence from their workplaces seems to be an important
component in meeting public health regulations (Bodas & Peleg, 2020).
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Figure 24: Facial Coverings NP1 in Israel

The association of the facial coverings NPI (H6) with the R; was due to the sharp
decrease of the R¢ at the very beginning of its implementation (Figure 24). We must
consider that during the initial period of the pandemic in March 2020 other NPIs were
implemented, namely, restrictions on gatherings (C4) and international travel controls
(C8). Throughout the implementation of the facial coverings (H6) NPI this had an
increase in restriction from mid-October 2020 to mid-December which coincides with the
increase in the Rt. This may be due to the easing of some other restrictions during this
period, for example, the lifting of the close public transport (C5) NPI. By mid-April 2021
it is noted that the government has eased the restriction on this NPl which can be justified

with the advancement of vaccination.
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Figure 25: Restrictions on gatherings NP1 in Israel

Our results only show association between the R; and the NPIs income support (E1)
and facial coverings (H6) however, these did not get much variation in degree of
restriction over these months of the pandemic in contrast to NPI restrictions on gatherings
(C4) (Figure 25) which, at the beginning of the pandemic, was implemented with a very
high degree of restriction. In Israel, holidays are critical occasions characterized by family
gatherings, increased travel and more frequent religious services, and to curb these
activities, the government has enacted special measures e.g., during the Passover period
(April 8" to April 15™), such as restrictions on gatherings and stay at home requirements
(Maor et al., 2020; Waitzberg et al., 2020).
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Figure 26: International Travel Controls NP1 in Israel
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Just the restrictions on gatherings (C4) NPI (Figure 25) and the international travel
controls (C8) NPI (Figure 26) were implemented at the beginning of the pandemic with
a high degree of restriction. Although these NPIs did not have enough association with
the R: (Figure 22), they seem to have been important measures as quarantines were
imposed on travellers from Ben-Gurion Airport, which functions as a major entry point
with 24 million travellers in 2019 (Maor et al., 2020).

We can assume that the results regarding the restrictions on gatherings (C4) and
international travel controls (C8) NPIs were due to the relief of the restriction of the NPIs
cancel of public events (C3), stay at home requirements (C6) and restrictions on internal
movement (C7), during the months of August 2020 and mid-September 2020, as well as,
the move to cold seasons and the withdrawal of NPI close public transports (C5), between
late October 2020 and January 2021.
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Figure 27: Vaccination Policy NP1 in Israel

In Figure 27, it should be noted that the vaccination policy (H7) is the NPI that
reached its maximum level of implementation since the end of March having vaccinated
29.2% of the population by January 25" 2021 (Jabal et al., 2021).

Despite the NPI vaccination policy (H7) having a weak association with the R, Israel
employs a rapid and robust vaccination effort and as of January 29" 2021 had the highest

percentage of vaccinated population (Caspi et al., 2021).
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4.1.5 Portugal

Portugal declared a state of emergency on March 18", 2020 (Costa et al., 2020) and as a
result of the lockdown a variety of NPIs were adopted namely, a ban on events with 100
or more people; a ban on drinking alcoholic beverages in public outdoor spaces, except
in outdoor dining areas and drinking lounges, duly licensed for that purpose; document
control of people at borders; air traffic to and from Portugal was banned for all flights to
and from non-EU countries, with some exceptions (Caetano et al., 2021; Silva et al.,
2021).

According to Costa et al., (2020) in a first phase of the pandemic, the evolution of the
number of confirmed cases until April 1% 2020, shows a strong relation with population
density, with the urban structure and the location of the main concentrations of
employment and then the phenomenon expanded with strong expression to the territories
of the north and central interior of the mainland territory, counties with lower population
density and an aging population. In the following analysis we consider data from March
14™ 2020 to early May 2" 2021.

Portugal Heatmap
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From Figure 28 we can see that the NPI testing policy (H2) has a strong negative
association with the reproduction rate. Additionally, the NPIs cancel public events (C3),
restrictions on gatherings (C4), close public transport (C5) and facial coverings (H6) had
moderate negative associations with the Rt.

The degree of restriction is higher in the NPIs workplace closing (C2), stay at home
requirements (C6), facial coverings (H6) and vaccination policy (H7) when the number
of ICU patients increases. The restriction degree in NP1 workplace closing (C2) is greater
when new deaths increase. The rise of the restriction degree in NPI stay at home
requirements (C6) is higher when the number of ICU and hospitalized patients is higher.

The rise in NPI facial coverings (H6) restriction coincides with the increase in new
cases, ICU patients and hospitalized patients. Finally, the NPI vaccination policy (H7)

started to be implemented to a greater extent when the number of ICU patients were

increasing.
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Figure 29: Stay at Home Requirements NP1 in Portugal

The NPI stay at home requirements (C6) (Figure 29) was among the first measures
to be implemented at the very beginning of the pandemic in March 2020 with a high
degree of restriction during the first phase of containment in Portugal. This lockdown
severely restricted the movement of individuals within the country, as well as instituted a
mandatory stay at home order for the population (Caetano et al., 2021). After 45 days of
the state of emergency, the government progressively established measures for the
reopening of the economy, but with rules for controlling the spread of the virus (Silva et
al., 2021).
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Between May 2020 and mid-June 2020 the government lowered the degree of the
restriction and between mid-August and October 2020 they completely lifted this NPI.
After this period and until early April 2021, the NPI stay at home requirements (C6) was
implemented with a medium degree of restriction and from April 2021 they lowered the

degree of restriction to soft.
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Figure 30: Restrictions on Internal Movement NP1 in Portugal

Initially the NPI restrictions on internal movement (C7) (Figure 30) began to be
implemented in March 2020 with a low degree of restriction interspersed with a higher
degree of restriction around Easter weekend in April 2020 and in early May 2020.
According to Silva et al., (2021), health literacy should be a central goal to achieve as it
prevented the breakdown of the national health system in this early period of the
pandemic.

Subsequently, in late June 2020 to late July 2020 the degree of restriction of this NPI
increases again, however, after this period the government lifts this restriction. Later on,
this NPI was implemented again between October and November 2020 and then it was
reinstated in several intervals, with medium restriction level, successively from late
December 2020 during the holidays and New Year's Eve. Despite the increase in

restriction during the Christmas season there was a rise in the R:.
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H6: Facial Coverings
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Figure 31: Facial Coverings NPI in Portugal

e

The NPI facial coverings (H6) (Figure 31) started to be implemented at the beginning
of May 2020 with a medium restriction degree and from the end of October 2020 with a

hard restriction degree. Similar to other countries in Europe, the end of summer led to an

increase in the number of new cases which was probably the result of the low perception

of the risk of infection during summer and the movement of the population during the

vacations, leading to Portugal declaring a state of calamity on October 15", 2020 and also

the mandatory use of face masks outdoors on November 4™, 2020 (Caetano et al., 2021).
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Figure 32: Vaccination Policy NPI in Portugal

The NPI vaccination policy (H7) (Figure 32) started to be implemented in late

December 2020 and coincided at the beginning of a new wave for Portugal after the

Christmas season. Subsequently, vaccination is applied on a larger scale starting in

February 2021.
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4.2 Predictive machine learning models

We tested several machine learning models in order to compare the results of data from
101 countries where each row contains the value of the Rt per day in a particular country.
Table 7 shows all the features used for the models’ input. Three types of models were
used for predicting the Ry: linear models, nonlinear models, and ensemble models.

Due to their simplicity and low complexity linear regression models are among the
most fundamental and widely used techniques to model and predict the behaviour of
massive data flows (Akgiin & Ogiidiicii, 2015).

The linear regression models that were applied were Linear Regression, Least
Absolute Shrinkage and Selection Operator (LASSO), Ridge Regression, Elastic Net,
Huber Regression, Least-Angle Regression (LARS), Passive Aggressive Regressor, and
the Stochastic Gradient Descent (SGD) Regressor.

In general, nonlinear regression models are similar to linear regression models, where
an important difference from nonlinear regression models is that the number of regression
parameters is not necessarily directly related to the number of independent variables in
the model (Crawley, 2012).

In this dissertation, we apply four nonlinear models: K Nearest Neighbours
Regression (KNN), Decision Tree Regression, Extra-Tree Regression and Support Vector
Regression (SVR).

Ensemble models aim to combine several models in order to improve the prediction
accuracy in learning problems with a numerical target variable (Mendes-Moreira et al.,
2012). The ensemble models used were AdaBoost, Random Forest Regressor, Extra-
Trees Regressor, Gradient Boosting and Extreme Gradient Boosting (XGBoost).

Table 8 shows that the results of the models improved with the addition of Hofstede’s
cultural dimensions. Comparing the results of all the models we can state that the linear
models were the ones with the highest errors. This is explained by the fact that the data
does not follow a linear trend, which can be seen through the correlations obtained in the
heatmap shown in Figure 4.

Although the linear models were those with the worst results, the ones that applied
the Huber regression obtained the lowest MAE error of 0.22292 with the use of Hofstede's
six cultural dimensions and an error of 0.22379 without them. Linear and Ridge
regression both showed the lowest MSE of 0.11174 with cultural dimensions and an error
of 0.11329 without them.

54



Also, the previous models both showed the lowest RMSE of 0.33427 with cultural
dimensions and 0.33659 without the cultural dimensions. In the nonlinear models the
error values obtained are significantly better which confirms the nonlinearity of the data,
justifying the use of Ml for the feature selection stage.

Comparing the nonlinear models, the Decision Tree regressor was the method that
obtained the best results for the three metrics: a MAE of 0.08628 with cultural dimensions
and an error of 0.08603 without them; a MSE of 0.02122 with cultural dimensions and
an error of 0.02127 without them; and a RMSE of 0.14569 with cultural dimensions and
an error of 0.14584 without them.

Finally, we tested the ensemble models which performed even better compared to the
nonlinear models. This is because these methods are an ensemble of several models, for
example, a Random Forest is an ensemble of Decision Trees.

The model with the lowest error was the Random Forest regressor with a MAE of
0.08659, a MSE of 0.02101 and a RMSE of 0.14495 without considering the use of the
cultural dimensions. These results further improve with the use of the cultural dimensions
being the Random Forest regressor the best model with a MAE of 0.08575, a MSE of
0.02077 and a RMSE of 0.14412.
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Table 8: Machine learning models results

Without the cultural dimensions ‘ With the cultural dimensions

MAE MSE RMSE ‘ MAE MSE RMSE

Predictive Model

Linear Models

Linear Regression 0.22795 0.11329 0.33659 0.22758 0.11174 0.33427
LASSO 0.22903 0.12197 0.34924 0.22903 0.12197 0.34924
Ridge 0.22795 0.11329 0.33659 0.22758 0.11174 0.33427
Elastic Net 0.22903 0.12197 0.34924 0.22903 0.12197 0.34924
Huber Regression * 0.22379 0.11693 0.34195 0.22292 0.11554 0.33992
LASSO LARS 0.22903 0.12197 0.34924 0.22903 0.12197 0.34924
Passive Aggressive | 0.34407 0.22909 0.47863 0.29025 0.16326 0.40405
Regressor

SGD Regressor 0.22842 0.11414 0.33785 0.22773 0.11261 0.33557

Non-linear Models
KNN Regressor 0.09761 0.02753 0.16593 0.09643 0.02700 0.16433
Decision Tree Regressor 0.08603 0.02127 0.14584 0.08628 0.02122 0.14569
Extra-Tree Regressor 0.08673 0.02175 0.14748 0.08642 0.02261 0.14931
SVR 0.12457 0.03815 0.19532 0.12099 0.03511 0.18738
Ensemble Models

AdaBoost Regressor 0.29101 0.13456 0.36682 0.27001 0.11759 0.34281
Random Forest Regressor | 0.08659 0.02101 0.14495 0.08575 0.02077 0.14412
Extra-Trees Regressor 0.08596 0.02088 0.14451 0.08587 0.02084 0.14437
Gradient Boosting | 0.18593 0.07183 0.26802 0.18566 0.07004 0.26466
Regressor

XGBoost Regressor 0.10535 0.02552 0.15976 0.10443 0.02504 0.15824

In order to optimize the two best ensemble models, their hyperparameters were
adjusted using the GridSearch tool. Table 9 shows the best hyperparameters used for the

Extra Trees and Random Forest.
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Table 9: Hyperparameter tuning for the three best models

Models ‘ Hyperparameters
Extra Trees Regressor Estimators: 50
Maximum depth: 100
Bootstrap: False
Minimum samples split: 2
Maximum features: auto

Minimum samples leaf: 1

Random Forest Regressor Estimators: 200
Maximum depth: 100
Bootstrap: False
Minimum samples split: 2
Maximum features: sqrt

Minimum samples leaf: 1

In general, the ensemble models obtained low R prediction errors with the addition
of the features of the six cultural dimensions along with the features of the socioeconomic,
demographic, and various degrees of restriction levels of the NPIs.

By testing the best parameters of each of the two best ensemble models it was
concluded that the Random Forest regressor obtained the lowest error. Thus, this one was
selected to predict the R; for the five countries analysed in detail in this dissertation. Table
10 shows the results obtained for predicting the R; for each of these countries. It can be
observed that India was the country that obtained the best result with a MAE of 0.02637,
MSE of 0.00163 and a RMSE of 0.04046. Whereas the UK was the worst performing
country with a MAE of 0.09994, a MSE of 0.02941and a RMSE of 0.17151.

Table 10: Results of the errors for the random forest regressor regarding the data of the five
considered countries

Errors
Countries

India
Brazil 0.03083 0.00225 0.04749
UK 0.09994 0.02941 0.17151
Israel 0.07953 0.01677 0.12951
Portugal 0.07347 0.01142 0.10687
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Chapter 5 Discussion

This chapter is divided into the following sections:
e In section 5.1 a comparison is made between the NPIs and the underlying
culture in each of the countries;
e In section 5.2 an analysis of the results of the machine learning models is
performed;
e Section 5.3 analyses the impact of cultural dimensions on the evolution of the

pandemic.

5.1 Comparison between NPIs and culture in the five
countries

Our results show the importance of imposing NPIs from the beginning of the pandemic
where there is a marked decrease in the Rt and successful response results from the early
identification of effective NPIs taking into consideration the geopolitical, social and
health system differences in each country (Leshem et al., 2020). Furthermore, it should
be taken into consideration that, the effect of the introduction and withdrawal of NPIs has
a delay of 1-3 weeks (Li et al., 2020) which may have an impact on getting associations
in NPIs.

In this analysis we address the response of five distinct countries India, Brazil, the
UK, Israel and Portugal in which we compare the various NPIs implemented and their
degrees of restriction from March 2020 to early May 2021, relating them to Hofstede's
six cultural dimensions. Hereafter, we relate our results to the culture of each country

under analysis.
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C4: Restrictions on gatherings
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Figure 33: Restrictions on Gatherings NP1 for the five countries

The NPI restrictions on gatherings (Figure 33) was one of the most restrictive
measures implemented by the countries under analysis and that had a higher degree of
restriction since its implementation, the UK and Portugal were the only countries in which
we obtained a relevant association for the NPI restrictions on gatherings. According to
Luu & Huynh (2020) countries with higher uncertainty avoidance (in our case, Portugal,
Brazil and Israel) predict the lowest proportion of people meeting in public however, in
our results Portugal was the only country that has this characteristic and obtained
correlation with decreased R:.

In India, this NPI was also implemented with no change in restriction level during
the first months of the pandemic; however, no relevant association with the Ry was found.
Although the UK and India are cultures in which there is no need to establish many rules,
in India the rules that do exist are not always obeyed by the society while in the UK the
rules that exist are respected by the population (Hofstede Insigths, 2021).

Portugal has a culture with a very high preference for uncertainty avoidance, which
had a great influence on the beginning of the pandemic. The climate of uncertainty
regarding the emergence of a new virus was conducive to the implementation and
enforcement of new rules. On the other hand, India is culturally different from Portugal
in this aspect, as they do not mind unexpected situations and rules are often in place only
to be circumvented, which may have caused the uncontrolled evolution of the number of

new cases of COVID-19 in this country.
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In Israel and Brazil, it was verified that the NPI restrictions on gatherings alternated
between hard and very hard throughout the months of the pandemic, however, there was
no association between the R; and this NPI. In the case of Brazil, it may have been due to
the fact that they are a highly indulgent society as they like to enjoy their leisure time
combined with a low level of obedience to the rules that are established for the society.
In Israel, despite being a society that sets a variety of rules, these do not always seem to
work, and the Israelis are a society that has a great respect of traditions, which may be

possible reasons for the lack of association.

C8: International travel controls
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Figure 34: International Travel Controls NPI for the five countries

The NPI international travel controls (Figure 34) was among the first NPIs to be
implemented in mid-March 2020 by Israel, Portugal, Brazil and India except in the UK
which only implemented this NPI in late May 2020. The implementation of this NPI in
the UK seems to have been later, however, in the countries under analysis, it was the only
country where this NPI had a relevant association with the Ry, contrary to the analysis of
Liu et al., (2020) where no evidence was found of the implementation of this NPI in
decreasing the Rt because it only makes sense in preventing the introduction of infections
(Russell et al., 2021).

In Israel, Portugal, Brazil, and India the governments have implemented a variety of
NPIs such as international travel controls since the beginning of the pandemic. In
countries like Brazil, Israel and Portugal there is a great need to create rules, which may

explain why so many NPIs were implemented at the beginning of the pandemic.
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H6: Facial Coverings
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Figure 35: Facial Coverings NPI for the five countries
In India, Brazil, Israel and Portugal the facial coverings NPI (Figure 35) had a
relevant association with the R:. In the UK, this NPI was only implemented in late April
2020. According to Raina et al., (2021) despite its later implementation this NPI had a
strong adherence to its use and it did not reduce its compliance with other NPIs. In
opposition, in the study of Lu et al., (2021) people in more individualistic countries are
less likely to wear masks and if we look at Hofstede's cultural dimensions it is noteworthy

that the UK is a highly individualistic society centered on the as opposed to India,
Brazil, Israel, and Portugal which have collectivism associated to their culture (Hofstede
Insigths, 2021) and, therefore, the implementation of the NPI facial coverings is seen as
an important measure right at the beginning of the pandemic for the control of the R; in

these countries where the population is inserted in cohesive groups.

H7: Vaccination policy
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Figure 36: Vaccination Policy NP1 for the five countries
Mass vaccination in combination with other NPIs is seen as one of the central
elements for pandemic control (Jabal et al., 2021). Israel, Portugal and the UK were the
first countries to implement vaccination in December 2020 while in Brazil and India

population vaccination started later in January 2021(OurWorldInData, 2021).
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Despite having no association with the Ry at the beginning of May 2021 we have
already been able to observe the Rt below 1 for Brazil, the UK, Israel, and Portugal (Figure
36).

According to the authors Brauner et al., (2021) and Fontanet et al., (2021) vaccination
coupled with other NPIs would be crucial to decrease the spread of COVID-19 however
with the emergence of new COVID-19 variants the range of immunity among the

population is not so linear.

5.2 Analysis of the Predictive Models

According to Yeung et al., (2021) machine learning models can predict the Confirmed
Infection Growth in 14 days (CI1G14) with an appreciable degree of accuracy. In this study,
the authors aimed to predict CIG14 using NPIs and Hofstede's cultural dimensions, for
which they tested five machine learning models: Ridge regression, Decision Tree
Regression, Random Forest Regression, AdaBoost Regression and Support Vector
Regression.

In this dissertation we used machine learning models to predict the Ry, we considered
different NPIs (16 ordinal and one index) than the ones chosen on the above-mentioned
study (13 ordinal and 4 indexes). Besides these, we also considered socioeconomic and
demographic features, namely population, population density, median age, population
aged 65 older, GDP per capita, life expectancy, and human development index. From our
results we can see that the use of Hofstede's cultural dimensions improved the models
compared to the models without the cultural features.

Regarding the evaluation metrics in Yeung et al., (2021), MAE and median percent
error were used while, in this dissertation MAE, MSE and RMSE were used. Also, in the
study of Yeung et al., (2021) three validation methods were used, in-distribution, out-of-
distribution and cross-validation whereas, in this dissertation the hold-out technique was
applied.
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We can see that in both studies the ensemble models were the ones that obtained
better results for the R¢ prediction because these are the combination of several predictions
coming from a set of models to make the final prediction through averaging, voting so
that the ensemble model is better than any of the individual models (Ganaie et al., 2021).
The Random Forest model was the one that obtained better results in both, being that in
Yeung et al., (2021) the authors obtained a MAE of 0.031 for predicting the CIGisand in
this dissertation we obtained an MAE of 0.085 for predicting the R:.

Table 11 shows a comparison between the study of Yeung et al., (2021) and this

dissertation in order to understand the main differences of both.

Table 11: Comparison of this dissertation with the work of Yeung et al., (2021)

Yeung et al., (2021) \ This dissertation

Objective Predict the national growth of confirmed | Understand if cultural dimensions are useful
COVID-19 infections across 14 days data to improve the R; predictions
Date range | April 1%t to September 30", 2020 March 3" 2020 to May 2™ 2021
Countries 114 101
Target Confirmed Infection Growth in 14 days | Reproduction rate (Ry)
(CIG14)
Features 17 NPIs: 13 ordinal + 4 indexes 17 NPIs: 16 ordinal + 1 index
6 Hofstede cultural dimensions 7 Socioeconomic and demographic
6 Hofstede cultural dimensions
Evaluation MAE MAE
metrics Median Percent Error MSE
RMSE
Validation In-distribution Hold out
techniques | Out-of-distribution
Cross-validation
Best models | Random Forest Random Forest
AdaBoost Extra Trees

5.3 Culture’s impact on the Rt

The Rt depends on several factors such as contact with infected individuals, age-specific
susceptibility to infection, behavioural susceptibility based on region, and seasonality
(Yechezkel et al., 2021). As a way to control and reduce the number of infections by
COVID-19 several NPIs have been imposed however, their effectiveness depends on
social compliance, namely the extent to which people reduce their daily contacts
following government restrictions that are difficult to measure prospectively (Liu et al.,
2020).
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The UK and Israel were countries that stood out positively throughout the pandemic
which can be explained by their cultural, social, economic and political context. In Israel
which is a highly regulated society (Hofstede Insigths, 2021) its population tends to
conform to government regulations as Israelis exhibit a relatively high level of trust in the
instructions of health authorities and comply with a variety of regulations, including
reporting disorderly people who violate quarantine regulations, and support compliance
with quarantine regulations and criminal actions against those who do not comply (Bodas
& Peleg, 2020).

In the case of the UK, at the start of the pandemic, the importance of research was
emphasized by medical directors, scientific advisors and the UK government. The WHO
convened scientists in mid-February 2020 and also, the UK research funding was quickly
made available to carry out the research needed to ensure the long-term health and well-
being of the population (Oyebode et al., 2021).

As opposed to Brazil and India which face different realities. In Brazil scientific
research has been greatly affected due to the reduction of its financial support and grants.
In addition, approximately 2 millions of S&o Paulo's population live in "slums™ where
people live in poor conditions, without access to health, social and financial support
(Marson & Ortega, 2020). In India, health inequalities, increasing economic, social
disparities, and distinct cultural values affect the control of COVID-19 contagions (The
Lancet, 2020).

These countries have been dealing with serious difficulties since the beginning of the
pandemic, and although they have implemented restrictions for several NPIs, their
cultural dimensions seem to exert a strong influence on their behaviour. Other factors
may have an important influence, for example in Brazil’s politics and in India’s socio-
demographic factors, as the latter has a population of 1.3 billion people (The Lancet,
2020).

Nevertheless, the UK and Israel also had some difficulties at the beginning of the
pandemic namely, Israel's healthcare system faced a chronic shortage of healthcare
resources. However, as lIsrael shifted from containment to mitigation, the structural
features were leveraged to improve the response (Leshem et al., 2020) and the UK had to
deal with a high rate of infections during the first few months of the pandemic
(OurWorldInData, 2021). Despite their difficulties they managed to control the pandemic
better than Brazil and India.
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The main difference between the UK and Israel relative to India and Brazil relates to
power distance (PDI). While the former are cultures with lower power distance meaning
that they prefer a participatory decision-making process, in India and Brazil a centralized
decision-making process dominated by top leaders is seen as a legitimate way to
formulate and implement collective coping strategies to COVID-19 (Guan et al., 2020).

Israel and the UK are countries that show to value equal rights (Hofstede Insigths,
2021) which may be one of the reasons to justify their actions for coping with the current
pandemic. For example, these countries are among the top three that applied more daily
tests and vaccinations during the pandemic (OurWorldinData, 2021).

In the case of Portugal, we can say that it had a very positive performance, for
example, in the beginning of the pandemic Portugal showed a rapid response since March
3", 2020, when the first infected Portuguese patient was declared, until March 18", 2020,
when a State of Emergency was declared in Portugal (Costa et al., 2020). Portugal was
also one of the first countries to implement vaccination in December 2020, like the UK
and Israel. It should be noted that Portugal differs from Brazil and India in several aspects,
namely in its socioeconomic and political context already described above. Compared to
India and Brazil, Portugal is a country with a lower population density, a higher human

development index and also a higher GDP per capita.
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Chapter 6 Conclusion

Since the start of the pandemic several NPIs have been implemented with varying degrees
of restriction by the five countries analysed in this dissertation. Previous researchers have
focused on analysing the impact of the NPIs implemented over the first few months of
the pandemic, but we have done a more extensive analysis from the start of the pandemic
to early May 2021 for India, Brazil, the UK, Israel and Portugal and we tested several
machine learning models, with and without Hofstede's six cultural dimensions, to
compare and understand whether these improve the prediction of the reproduction rate.
In summary, this dissertation is an in-depth and extensive analysis over these months
of the pandemic which includes the impact of the restriction degree of the NPIs
implemented, and additionally the underlying cultural component in these countries
which we believe plays an important role in each country's response to the several NPIs

implemented.

6.1 Main Contributions

This dissertation set out to answer the following research questions:

How can cultural characteristics explain the introduction and consequent
impact of the NPIs in different countries?

For this question, in this dissertation we found that the facial coverings NPI had a
strong association with the R: in India, Brazil and Israel but in the UK had a weaker
association, which may be justified by its later implementation, and that the importance
of this NPI for R; control is remarkable because COVID-19 is a virus that is easily
transmitted through the air. Other NPIs have a prominent place such as, in collective
countries as in the case of Brazil the stay at home requirements NPI, and on the other
hand, in the UK and Israel the income support NPI which seems to have been an important
measure since, with the pandemic came the increase of unemployment (Oyebode et al.,
2021).
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Our results show differences between the five countries that implemented the same
NPIs to varying degrees during this period and our analysis suggests a look at the
underlying Hofstede’s cultural dimensions indicating that India and Brazil are countries
with marked inequalities as opposed to the UK and Israel which may be reflected in the
higher number of tests performed and the latter's advanced state of immunization.
Portugal also differs from countries such as India and Brazil in socio-economic and
demographic characteristics. Overall, the UK, Portugal and Israel stand out as having
implemented vaccination by December 2020.

Can cultural characteristics be useful information for predicting the R¢?

To answer this question, we used data from 101 countries to train several machine
learning models to compare the results between the models with and without Hofstede's
cultural dimensions. Our results showed that the use of cultural dimensions helped
improve the models, and that the ones that obtained a better prediction of the R were the
ensemble models, especially the Random Forest which without the cultural dimensions
obtained a MAE of 0.08659 and with the cultural dimensions obtained an improved error
of 0.08575. Additionally, we used two models: Random Forest Regression and Extra-
Trees Regression to predict the value of the R; for the five countries considered in this
dissertation, where we found a better result for India (MAE=0.02637) and Brazil
(MAE=0.03083).

6.2 Limitations

The main limitation of this study was the lack of more specific variables on the number
of hospitalizations and ICU patients per million for India and Brazil as well as the number
of new tests per thousand for Brazil in order to better compare these two countries with

the UK, Israel and Portugal.

6.3 Future Research

Regarding the vaccination policy NPI, we started a first analysis which considered the
beginning of its implementation between mid-December 2020 and January 2021 until
May 2021 where it is possible to observe at the beginning of May 2021 the R; value is
below 1 for Brazil, the UK and Portugal. In this regard, we suggest future studies that

follow the trend of the reproduction rate as vaccination progresses over the coming
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months. In addition, with the emergence of new variants (e.g., Delta variant) we suggest
as future research a deeper analysis that includes these COVID-19 variants.

We also tested several machine learning models such as linear, nonlinear and
ensemble models to predict the R; value. The hold-out validation technique was used to

split the data, so we propose for future studies the use of other validation techniques.
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