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ABSTRACT

Systems biology is an interdisciplinary approach investigating complex biological systems at di!er-
ent levels by combining experimental and modelling approaches to understand underlying mech-
anisms of health and disease. Complex systems including biological systems are a!ected by a
plethora of interactions and dynamic processes often with the aim to ensure robustness to emer-
gent system properties. The need for interdisciplinary approaches became very evident in the
recent COVID-19 pandemic spreading around the globe since the end of 2019. This pandemic
came with a bundle of urgent epidemiological open questions including the infection and transmis-
sion mechanisms of the virus, its pathogenicity and the relation to clinical symptoms. During the
pandemic, mathematical modelling became an essential tool to integrate biological and healthcare
data into mechanistic frameworks for projections of future developments and the assessment of
di!erent mitigation strategies. In this regard, systems biology with its interdisciplinary approach
was a widely applied framework to support society in the COVID-19 crisis.
In my thesis, I applied di!erent mathematical modelling approaches as a tool to identify under-
lying mechanisms of the complex dynamics of the COVID-19 pandemic with a specific focus on
the situation in Luxembourg. For this purpose, I analysed the COVID-19 pandemic at its dif-
ferent phases and from various perspectives by investigating mitigation strategies, consequences
in the healthcare and economical system, and pandemic preparedness in terms of early-warning
signals for re-emergence of new COVID-19 outbreaks by extended and adapted epidemiological
Susceptible-Exposed-Infectious-Recovered (SEIR) models.
For the early phase of the pandemic when no pharmaceutical interventions were available, I invest-
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igated synergies of non-pharmaceutical interventions to control epidemic outbreaks by an SEIR
model extended by contact tracing of positive cases and subsequent quarantine. Interestingly, the
findings showed that a rapid and strong lockdown attained a similar mitigation as a combination
of social distancing and e"cient contact tracing.
With the advancement of the pandemic and development of vaccines, the question on herd im-
munity as a mechanism to stop the pandemic became of general interest. For a quantitative
assessment, I assessed the potential way to herd immunity by vaccination and infections by a
SEIR model extended with a detailed disease progression module considering hospitalizations and
deaths. With the appropriate parameterization of the model based on data from Luxembourg,
Austria and Sweden, the results could disentangle the interplay between vaccination and active
infections for herd immunity in dependence on social interactions. For this purpose, a new method
to calculate the reproduction number Reff from the systems equation was developed to provides
an estimation of the minimal size of the immunized sub-population required to reach herd im-
munity.
To investigate the interplay between the epidemiological dynamics and economical consequences
of COVID-19 crisis in Luxembourg, I co-developed an epidemionomic model that allows to com-
pare the e!ect of health-related sickness leaves and lockdown on the Luxembourg economy in a
sector specific manner. The analysis showed that due to the economic structure of Luxembourg,
the loss in gross domestic product was be smaller than 0.4% also because only less than 2% of
the population were infected at the same time.
Finally, I investigated the applicability of early warning signals (EWS) from the theory of complex
systems as a tool for pandemic preparedness. EWS aim is to detect impending critical transitions
of complex systems and represent therefore a promising tool to indicate potential future COVID-
19 infection waves. Applying di!erent EWS approaches to data of COVID-19 infection waves in
various countries showed the potential of these indicators to inform public health administrations
and the public on the risk of an epidemic wave early on.
Overall, this thesis applies extended epidemiological modelling in a systems biology manner to
investigate quantitatively di!erent aspects of the COVID-19 pandemic and provides new insights
into tools for pandemic preparedness.
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CHAPTER 1
INTRODUCTION

“All models are wrong, but some of them are useful. ”
George E. P. Box, 1976

As for many of us within the scientific community, the unexpected arrival of COVID-19 has not left
una!ected my research work. Particularly, the focus of my studies drastically shifted from breast
cancer research towards COVID-19. This thesis has evolved within the period of the COVID-19
pandemic which challenged societies world-wide at di!erent levels including socio-economic and
healthcare aspects. In December 2019, the outbreak of a new, highly contagious disease: COVID-
19. A respiratory disease caused by the RNA-based virus SARS-CoV-2 that was first found in
Wuhan, China. On 11 March 2020, the World Health Organization (WHO) o"cially declared its
outbreak as a pandemic. The main focus of this thesis, however, lies on the spread of COVID-19
in Luxembourg. The first case in Luxembourg was detected on 24 February 2020 and a fast
subsequent increase in daily cases led to a general lockdown in Luxembourg on 18 March 2020.
Half of humanity in 90 countries were in lockdown in April 2020 [1]. In Luxembourg, implementing
a general lockdown meant: a general stay-at-home order, the closure of all non-essential shops,
home-schooling for pupils and students, and home-o"ce for the working population wherever
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possible.
Coming from the field of applied mathematics, I decided to bring my modelling skills to the
COVID-19 Task Force. The COVID-19 Task Force provides the national political decision-makers
with scientific counsel and expertise for making their decisions on mitigation measures against this,
until then, rather unknown disease. This task force was set up across di!erent research institutes
and ministries to bring together trans-institutional and trans-disciplinary expertise [2]. Within the
task force, one stream focusses on statistical projections based on Luxembourgish data provided
by several Ministries. Since March 2020, I have been part of this very stream. My contributions
helped me learn quickly how to apply my previously acquired modelling knowledge to the pandemic
behaviour. It has been an intense, yet unique, challenging and exciting experience.
One of the first tasks of the COVID-19 Task Force was the general epidemic assessment in terms
of determining the e!ective reproduction number, producing projections for hospitalization rates,
and investigate asymptomatic cases. The e!ective reproduction number represents the number
of new infections an infectious individual causes [3]. An increasing number of people were getting
sick and some of them severe, needing hospital care. The goal of the projection for hospitalization
rates is to simulate ICU- and hospital bed needs in the upcoming weeks and help hospitals to
anticipate future capacity needs and prepare accordingly. Asymptomatic cases are people who are
infected with the virus without developing symptoms. The investigation of asymptomatic cases is
important, as they still can pass on the virus, mainly undetected. This was one of the reasons why
Luxembourg implemented the Large-Scale testing or mass screening, besides of accompanying the
reopening phase after the lockdown [4, 5].
The assessment of the, in the beginning rather unknown, impact of COVID-19 on the society and
particularly on the healthcare system required an interdisciplinary approach combining domain
knowledge from molecular biology, virology, computational modelling, mathematics as well as
from economics and humanities. In this respect, systems biology, with its general aim to decipher
the complexity of the biological system and understand mechanistically the dynamics at every
organizational level by models [6], became an important interdisciplinary approach during the
COVID-19 pandemics. Biological phenomena are often complex processes [7]. In complex systems,
the behaviour cannot be understood without the consideration of the individual parts and their
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interactions [8]. Complex systems develop by self-organization [9]. The complexity of these
systems can make the establishment of a model a challenge [10] but if successful, modelling is
an essential tool to advance the knowledge of the system and provide a framework to generate
and hypotheses and testify these [6]. George Box, a British statistician said the famous lines "All
models are wrong, but some of them are useful". The idea of the quote is that a model cannot
completely represent reality, but is just an approximation of a real world object. Models simplify
the real world in order to understand the fundamental characteristics of a system. A model just
takes into account a selection of specific aspects of a system. Models can be of experimental or
mathematical nature. Experimental modelling in biology has as goal to gain new information on
biological processes and lead to biological hypotheses [7, 11, 12]. Mathematical modelling is used
to describe, understand and predict systems [13]. Mathematical models are representations of
basic aspects based on prior knowledge, such as physical laws and are less costly than experiments.
There are di!erent kind of mathematical models such as dynamical systems, statistical models,
di!erential equations, or game theoretic models [13]. Since self-organisation is strongly linked
to the temporal domain in which an entity is emerging, dynamics is an essential tool to reveal
underlying mechanisms of complex systems. Dynamical models describing the change of system
properties in time can focus on the qualitative or quantitative behavior of the solutions [14] and
are often described by ordinary di!erential equations (ODE) [14].
In the general framework of the epidemiology of infectious diseases, mathematical modelling is
a tool of great versatility. The main goal of epidemiological modelling is to gain insights into
the underlying mechanisms and system properties that determine the spread of the disease. In
this respect, epidemiological modelling is able to advise control and mitigation strategies. The
beginning of epidemiological modelling was marked by the work of Daniel Bernoulli in the early
18th century as a response to smallpox [15] in which he analyzed the mortality of the disease
in a systematic manner [16, 17]. The first model able to describe the temporal behaviour of an
epidemics is the basic compartment model, introduced in 1927 by Kermack and McKendrick [18].
The Kermack and McKendrick describes the spread of infectious diseases by rates of flow between
the di!erent compartments by ODEs. Reformulation of so called SIR or SEIR compartment models
(see Section 3.3 for detailed introduction) were used for the modelling of di!erent disease outbreaks
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such as severe acute respiratory syndrome coronavirus (SARS), influenza A virus subtype H5N1 in
2005 [19], influenza A virus subtype H1N1 in 2009 [20] and Ebola in 2014 [21]. Also in the recent
COVID-19 pandemic, compartment models were also widely used for analyses and projections
and adapted to the specificities of the virus and di!erent societies. Extended SEIR model or
SIR model for COVID-19 were developed in order to take into account for hospitalization and
death [22–25]. Additionally, I want to emphasize the COVID Simulator is a mathematical model
for the trend of the COVID-19 pandemic in federal states of Germany based on an extended
SEIR model and applies Non-Linear Mixed E!ects (NLME) approach [26]. A work to highlight is
the analysis of the e!ect of non-pharmaceutical interventions (NPI) on the spread of COVID-19
with a combined SIR model and a Bayesian parameter inference [27]. Stochastic age-structured
transmission model was used to investigate NPI in UK [28]. The impact of NPI scenarios were
also analysed with an agent-based models [29].

1.1 Framework of the thesis

Also the presented thesis has extended epidemiological compartment models for the analysis of the
COVID-19 pandemic with a focus on Luxembourg in a systems biology manner. For this purpose,
the general scope of systems biology and its approaches are introduced in Chapter 1. Chapter 2
presents the objectives and the aims of the presented thesis. The main scientific background of
the thesis such as an introduction to modelling in general as well as epidemiological modelling in
particular and its di!erent stages is given in Chapter 3. Additionally, it gives a brief overview on
epidemiological modelling and the methods used for parameter estimation and for detecting early
warning signals. Based on this background, the thesis investigates the e!ects and di!erent stages
of COVID-19 pandemic from various aspects such as mitigation strategies, health, economical
and early-warning signals as re-emergence of new COVID-19 outbreaks. The first arising question
of COVID-19 Task Force was to investigate possible mitigation strategies, that are highlighted
in Chapter 4 focusing on the e!ectiveness of non-pharmaceutical interventions and analysing the
e!ect of synergies of di!erent mitigation strategies.
As the healthcare system was under pressure, I created a model to predict the upcoming needs of
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hospital and ICU beds. Furthermore, my model is not just applicable to Luxembourg, but as well
parameterized for Sweden and Austria. In December 2020, as vaccines became available, a new
question gain in interest. The question arose when herd immunity is reached. These upcoming
questions are tackled in Chapter 5.
The lockdown in Luxembourg became e!ective on 18 March 2020 and the first reopening happened
on 20 April. The first sector reopened after lockdown was the construction sector. A consequence
of a lockdown is obviously loss of Gross domestic product (GDP), which is part of the investigations
in Chapter 6.
In Chapter 7, the performance of early warning signals (EWS) in disease re-emergence is analysed.
EWS are used to detect critical transitions in the data in the framework of new COVID-19
outbreaks.
The Fig. 1.1 summarizes the di!erent challenges faced and investigated during the on-going
pandemic in Luxembourg which are tackled in the main part of this thesis.

Figure 1.1: The di!erent challenges investigated during the pandemic in Luxembourg. The images are taken from
PowerPoint stock images Version 16.59

Apart from the di!erent questions investigated in the main part of the thesis (Chapter 4-7), the
additional investigations and analyses in the framework of COVID-19 Task Force provided for
the Ministries are presented in Chapter 8.1. Finally, the results of the thesis are summarized in
Chapter 8.2.

1.2 Systems biology and interdisciplinary research

The field of systems biology is part of life sciences and has been lately instituted. Its goal is
to understand the system of living matter as a whole [30], by connecting molecular biology with
complementary approaches from cell biology and physiology [31, 32]. Moreover, it is defined as an
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integration of various fields such as computational and experimental research in order to decipher
the mechanism underlying the complex biological processes [30] using a holistic approach [33].
Historically, the basis of systems engineering was established 60 years ago, even if Ludwig von
Bertalan!y came up with the concept of systems theory in biology during 1940s. Nobert Weiner
introduced the topic of system-level understanding into the field of biology by establishing the
field of cybernetics [30, 34].
Furthermore, systems biology wants to understand the "broader picture" at di!erent scales of living
matter as well as complex interactions within biological systems [30]. However, new technologies
allowing to explore additional dimensions of the data space are missing [35].
To tackle biological dynamics and systems biology two di!erent approaches can be used: bottom-
up and top-down. Both concepts aim at collecting information from di!erent layers in order to
gain new insights.

1.2.1 Bottom-up

The bottom-up concept is based on the assimilation of prior knowledge on the dynamics of the
most important components of the system [30]. The idea of the approach is to associate pathway
models leading to a predictive model for the complete system [36]. This approach is appropriated
in the case the organism is well known, as it brings together organism-specific knowledge into
an entire genome-scale model with the aim to gain insights into interactions arising in a system
[37] and anticipate system behaviour [36]. Bottom-up systems biology are mechanism-based [36].
It is indeed based on experimental data of a subsystem which gives information on molecular
properties (such as enzyme kinetics) and on a subset of the system in relation to perturbation,
leading to the construction of a predictive model [36]. The models used in this approach are
mostly in silico.

1.2.2 Top-down

A top-down approach aims at gaining insights into cells (such as molecular mechanisms), modules
and patterns of functional behaviour by working with system-wide data [36]. The concept starts
with genome-wide large experimental data sets which are then analysed and integrated. It became
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a dominant approach with the establishment of the ’omics’ methodology [38] and is mainly
phenomenological [36]. This approach allows to better understand molecular mechanisms from
data, instead of deducing them from prior knowledge and it is build on induction [36].

1.3 COVID-19 as complex system: from biology to society

Complex systems science was a key-changer for the way of thinking about science [39]. Complex
systems look at the system as a whole with its many factors that cooperate. A famous quote
often cited in that context, comes from Aristotle who claimed: "The whole is more than the
sum of its parts". Complex systems are considered to be dynamic, nonlinear, multidimensional
and adaptive [40]. The information at di!erent scales is unified into the system by networks of
relationships which lead to the "emergence" behaviors [35, 39].
The three fundamental concepts important to understand complex biological systems are robust-
ness, emergence and modularity [41]. Robustness which is an inherent property, means that
biological systems keep their phenotypic stability even in situations of perturbations [41]. Emer-
gence in the context of complex systems is linked to emergence properties. Emergence properties
are properties of individual parts which are insu"cient to understand the entire system behaviour
[42]. Modularity is an important characteristic that assists the system in preventing the spread of
damage during the process of evolution [43].
Complexity in the context of COVID-19 pandemic can be observed as it results from multilevel and
multiscale interactions between, for example, pathogen, host and external factors [44]. COVID-
19 pandemic had a wide-range impact on society. The pandemic showed the vulnerability of the
globalized society. There has never been such a potential for infectious disease to spread than
right now with urban migration, increased global travel and population growth. All this factors
led to the rapid transmission of COVID-19 across the world. In some cases, superspreader events
occurred where one infected person caused a large outbreak among the guests. In order to reduce
the spreading, governments implemented non-pharmaceutical interventions such as for example
lockdown, masks and social distancing.
COVID-19 had not only an impact on health, but non-pharmaceutical interventions such as lock-
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down had a repercussion on society and economy. For example, in the case that people could not
earn money during the period of lockdown. Furthermore, COVID-19 revealed the limits of the
capacities of the healthcare system. Medical stu! rushed to figure out how to treat the new dis-
ease and isolate COVID-19 patients adequately. Companies redirected their productions towards
health related materials. Moreover, society resilience relies on the participation of the population.
Social distancing puts individual resilience to the test.

Figure 1.2: Complexity from a top-down approach

The four layers investigated in Fig. 1.2 are the components of SARS-CoV-2, SARS-CoV-2, the
host and the society.

1.3.1 Components of SARS-CoV-2

Coronavirus is a membraninfold ribonucleic acid (RNA)-virus. Coronavirus creates virions with a
diameter of around 80-140 nm. It consists of the following structure proteins: spike glycoprotein,
envelope small membrane protein (E-protein), membrane protein (M-protein) and nucleoprotein
(N-protein). On the surface of the virions is located the spike glycoprotein. The spike glycopro-
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tein’s task is to enter the host cell by binding to the cellular entry receptor [45]. The binding is
the beginning of the infection.

Figure 1.3: Structure of SARS-CoV-2 from [46]

1.3.2 SARS-CoV-2

Coronaviruses are a broad family of RNA viruses and pathogens for human and vertebrates [47, 48].
Furthermore, the name coronaviruses is due to the crown-like spines on their surface [49]. In the
1960s, the first coronavirus was discovered [48]. There are seven human coronaviruses 229E (al-
pha coronavirus), NL63 (alpha coronavirus), OC43 (beta coronavirus), HKU1 (beta coronavirus),
MERS-CoV (MERS, beta coronavirus), SARS-CoV (SARS, beta coronavirus) and SARS-CoV-2
(COVID-19) and are categorized into alpha and beta species [49, 50]. Middle East respirat-
ory syndrome coronavirus (MERS-CoV) is a zoonotic virus transferred to humans from infected
dromedaries. MERS spread to 27 countries around the world in 2012 and first reported in Saudi
Arabia. Worldwide, 8098 were infected and 858 died of MERS. The symptoms of MERS are fever,
cough and shortness of breath [51].
SARS is a zoonotic virus transferred to humans from infected bats. SARS first appeared in Asia
in 2003 and spread to 28 countries around the world. Worldwide, 8098 were infected and 774 died
of SARS and the symptoms of SARS starts with high fever and other symptoms are headache,
feeling of discomfort, body aches and dry cough after 2 to 7 days [52]. Most people su!ering
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from SARS develop pneumonia.
In December 2019, a new infectious disease first identified in Wuhan (China) caused by severe
acute respiratory syndrome coronavirus 2 (SARS-CoV-2). SARS-CoV-2 is a new coronavirus
widespread in mammalians, humans and avian species [53]. On 11 March 2020, world health
organization (WHO) declared COVID-19 a pandemic. Until 24 May 2022, 52,6102,346 people
were infected worldwide and 6278785 people had died of COVID-19 [54]. The characteristics of
the infection are diverse: we can have asymptomatic, mild to severe outcome. Most common
symptoms of this illness are fever, cough, tiredness and loss of taste or smell [55]. By nature,
all RNA-viruses including SARS-CoV-2 change their characteristics over time. The variant can
change in a way that the virus spreads easier or that the disease gets less severe.
WHO distinguishes between variants of interest and variants of concern due to the emergence of
variants that put danger on the global public health [56]. A variant of interest (VOI) has specific
marker linked to changes of phenotype for example in the receptor binding. Actually, WHO clas-
sified no SARS-COV-2 variant as VOI. A variant of concern (VOC) has changes in the pathogen
features responsible for example for a higher transmissibility. WHO classifies the following once
as VOC: alpha, beta, gamma, delta and omicron.

1.3.3 Host

Individuals can transmit the disease via close contact with an infectious person. COVID-19
is mainly transmitted by droplets which are small liquid particles of di!erent sizes [57]. The
transmission of SARS-CoV-2 can happen in three ways. First by short-range airborne which is the
inhalation of infectious droplets at short reach. Second by infectious droplets having immediate
contact with eyes, mouth or nose [58]. Third by, touching eyes, mouth or nose with COVID-
19 contaminated hands [59]. In order to better understand the spreading of COVID-19, further
research is needed.
The following basic precautions can reduce the risk of getting COVID-19. The buzzwords for
reduction of the risk are keep social distance, wear a mask, disinfect and wash your hands regularly,
get vaccinated and aerate spaces [60].
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1.3.4 Society

The pandemic not only has an e!ect on health, but as well on the economy and society. COVID-19
has changed our day-to-day lives. The work mainly shifted towards remote working, and home-
schooling was introduced. Other facets impacted, were traveling restrictions, disrupted supply
chains, reduced social gatherings, isolation of elderly people and restriction of leisure activities
[61]. COVID-19 a!ected all segments of the population. Poor people are more impacted by
health and economic issues linked to COVID-19 [62]. Elderly people are mainly at risk to su!er
badly from an infection with COVID-19, notably the once su!ering from cardiovascular disease,
hypertension and diabetes. Furthermore, elderly people also su!ered a lot from social isolation.
Not to mention the pain, people go through when they lost their most loved ones due to COVID-
19. COVID-19 not only can cause death, but a range from 10 percent to more than 50 percent
of all confirmed cases su!er from Long-COVID [63].
Test yourself regularly in order to avoid spreading the disease to others. Two di!erent kinds of
tests are di!erentiated: Polymerase chain reaction(PCR)-test and rapid antigen test.
A PCR test has as goal to detect genetic material from SARS-CoV-2 in a sample. As of 2021,
for the detection of COVID-19, a modified version of PCR is used: real-time reverse transcription
polymerase chain reaction (rRT-PCR) [64]. rRT-PCR test has high specificity and relatively
high sensitivity [48]. rRT-PCR test is a method that allows to figure out the copy number of
RNA templates and its result is noticeable directly [65]. As for the PCR test, the first step of
rRT-PCR test is the collection of nasal swab. Then, the conversion from single-stranded RNA
to double-stranded DNA is undertaken [66], that is called reverse transcription. This process is
done as just DNA can be amplified [67]. The fragments of DNA connect to target spot of viral
DNA which leads to on the one side to DNA strands and on the other side to DNA strands with
marker labels [67]. In the RT-PCR machine, the composition of the step before is put in and
then a chemical reaction leads to the creation of identical copies of the target spot of viral DNA
[67]. The computer of RT-PCR machine measures the fluorescent dye in sample after each cycle.
Additionally, the number of cycles are counted until the threshold of fluorescence is exceeded,
which gives a hint about the severity of the infection. In the case of a low number of cycles, the
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viral infection is severe. A high cycle threshold (CT) means a low risk of infectivity.
A positive PCR-test implies the presence of SARS-CoV-2 while, a negative result signifies either
the sample does not contain SARS-CoV-2 or that the viral load is insu"cient [66].
Antigen tests give information about the presence of a viral surface antigens and are point-of-care
tests [68]. Furthermore, antigen test are simple and cheap [69]. The first step of the test is the
nasal swab or saliva. The sample is added to chemicals which is then added to cartridge. In the
case that, on the cartridge the lines C (Control) and T (Test) are coloured, the test is positive.

Figure 1.4: The two main types of COVID-19 tests are PCR-based tests and rapid antigen tests. The probabilities
for a positive outcome depends on the moment of testing. Figure is based on [70]

Patients with high viral load can be caught by a rapid antigen test during the phase of symptom
onset. In contrast to PCR-based test, which are able to detect small amounts of viral load,
therefore can be a positive for a long period. PCR tests require a few hours in comparison to
antigen test which need around 10 to 15 minutes to present a result. However, antigen tests are
less sensitive than rRT-PCR tests [68].
Based on these specific challenges of COVID-19, the thesis applies mathematical modelling for epi-
demiological projections and analyses specified in the following Chapter 2 with targeted methods
introduced in Chapter 3. The specific results are presented in Chapters 5-7 and are summarized
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and discussed in Chapter 8.
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CHAPTER 2
OBJECTIVES AND AIMS OF THE THESIS

This cumulative thesis addresses various aspects of the COVID-19 pandemics by mathematical
modelling and is organized in 8 chapters. Coronavirus has changed our everyday lives and con-
fronted society with novel challenges during the di!erent waves. COVID-19 had a considerable
e!ect on public health systems. In order to reduce the spread of COVID-19, non-pharmaceutical
interventions (NPI) were implemented. NPI not just have an impact on the spread of the dis-
ease, but as well on the economic. To analyse these questions, research and new development
was needed. I constructed a Susceptible-Exposed-Infectious-Recovered (SEIR)-based model to
evaluate the e!ect of NPI and the economical impact. Mathematical models of epidemic are
useful tools for estimating the situation and providing guidance to decision-makers. During the
pandemic, adequate nowcasting and forecasting are crucial for public health planning, that is the
reason for the setting up the SEIR-ICU model described in aim 2.

2.1 Specific aims of the thesis

In the following section, I briefly highlight the four main aims of this thesis which are further
analysed in the corresponding result chapters. The individual aims are directly related to the
di!erent upcoming questions or phases during the on-going COVID-19 pandemic which were
tackled by mathematical tools. The individual aims are then addressed in the corresponding result
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chapters based on di!erent publications where each chapter details my individual contribution to
the individual manuscripts.

2.1.1 Aim 1: Mathematical modelling of suppression strategies against epidemic
outbreaks

In the first phase of the pandemics, NPI such as physical distancing, stay at home measures or
wear face masks were the only measure to mitigate the disease spreading [71]. To investigate
most e!ective encroachment of NPI, I quantified the e!ect of them by an extended SEIR model.
Firstly, the mitigation e!ect are investigated on a conceptual basis and in a second step data of
various countries is reproduced and interpreted. SPQEIR model which is used in order to quantify
the e!ect of NPI, has two additional compartments describing the protected (P ) and quarantined
(Q) proportion of the population. The model and its results are presented in Chapter 4.

2.1.2 Aim 2: COVID-19 potential path towards herd immunity in Austria, Lux-
embourg and Sweden

In the next phase of the pandemics, the question on herd immunity and the potential contribution
of vaccination arose. In Chapter 5, I extended the SEIR model in order to incorporate hospital-
ization, ICU, death, social interaction and vaccination. These extended compartments represent
the di!erent stages of COVID-19. I investigated the path towards herd immunity by vaccination
and infection for Austria, Luxembourg and Sweden based on data until 15 December 2020. For
this purpose, I derived a method to calculate the reproduction number from the dynamics of the
SEIR model as it allows the estimation of the minimum immunized population needed in order to
reach herd immunity.

2.1.3 Aim 3: COVID-19 Crisis Management in Luxembourg: Insights from an
Epidemionomic Approach

Another urgent question during the pandemics has been the impact on the economics. To address
this challenge, a mathematical model has been developed in collaboration with Luxembourg
Institute of Socio-Economic Research (LISER) that investigates the health and economic responses
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to COVID-19 in Luxembourg. In Chapter 6, the model is presented which is a combination of Input-
Output economic block with a multi-sector SIR of 78 socio-demographic groups (19 industries of
4 countries, students and retirees). The model allows to assess the risk of a new infection wave
and investigates adequate non-pharmaceutical interventions.

2.1.4 Aim 4: Performance of early warning signals for disease re-emergence

During the further development of the pandemics, we had to observe several re-emergence of
epidemic waves sometimes driven by new virus variants or changes in social interactions. An
e!ective tool to give an early warning for the development of an epidemic wave would allow
for e"cient mitigation. Early warning signals are a part of complex systems theory with the
aim to detect impending critical transitions. Chapter 7 aims to analyse potential early warning
signals in the context of COVID-19 to detect critical transitions from empirical COVID-19 data.
Furthermore, I investigate the potential of EWS to assess monitoring of the epidemic.

2.2 Structure of the thesis

Based on these specific aims, Chapter 3 gives the main scientific background on dynamical mod-
elling and an introduction to epidemiological modelling by Susceptible-Infectious-Recovered (SIR)
and Susceptible-Exposed-Infectious-Recovered (SEIR) models. Subsequently, the results are rep-
resented by my four core publications in Chapters 4-7 where in each chapter my individual con-
tribution is clarified. These results are then summarized and put in prospective in the Discussion
and Conclusion (Chapter 8.2). Along the pandemic, vaccines have been developed. However, the
vaccine- and infection-induced immunity give only a short time protection [72]. As well as new
variants manage to do immune escape. Additionally, wastewater is used to monitor the epidemic
status and reconstruct the detected cases curves. Chapter 8 highlights these additional challenges
faced later in the epidemic and analysed in the context of COVID-19 Task Force.
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CHAPTER 3
BACKGROUND ON THE SCIENTIFIC APPROACH

This chapter gives the scientific background on the topics discussed in the thesis. In the first
part, I introduce the situation of COVID-19 in Luxembourg and then I review the specificity of
modelling with a focus on epidemiological modelling. Additionally, I give an overview on com-
partmental models and in particular on Susceptible-Infectious-Recovered (SIR) and Susceptible-
Exposed-Infectious-Recovered (SEIR) models. Furthermore, a brief introduction to parameter
estimation and early warning signals is given.

3.1 COVID-19 in Luxembourg

The outbreak of COVID-19 was first detected in Wuhan (China). The WHO declared the outbreak
as a pandemic on 11 March 2020. As the thesis focuses mainly on the COVID-19 pandemic in
Luxembourg, a short description on the COVID-19 development in Luxembourg is given. On 24
February, the first case was detected in Luxembourg. The lockdown for Luxembourg was declared
on 18 March 2020 with a stay-at-home order, curfews and quarantines. The exit from the lockdown
started with the construction sector and the reopening of do-it-yourself and gardening shops on 20
April 2020. All shops except hotels, restaurants and bars reopened on 11 May 2020. Furthermore,
people were allowed to meet 6 people at home and 20 people outside again from that date on,.
The measures for hotels, restaurants and bars were lifted on 24 June 2020. Accommodation
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restriction were relaxed to 10 people at home on 24 July 2020. On 29 October 2020, a curfew
between 11pm to 6am was introduced as well as the closing of bars at 10 pm as a response to again
increasing case numbers. Gatherings of 10 to 100 people were only allowed under the condition
of wearing masks and had to be held by seating. On 25 November 2020, the bars, restaurants,
sports complexes, cinema and culture locations had to close again and introduction of a limitation
to accommodate two people from the same household were implemented. The curfew starting at
9pm and closure of non-essential shops was introduced on 24 December 2020. On 28 December
2020, the first group of people which could get a vaccination, were healthcare workers, residents
from retirement and nursing homes and people with disabilities living in facilities. The healthcare
workers were among the first once that had the chance to get a dose. On December 28, 29,
and 30, approximately 430 healthcare worker were invited to be get vaccinated each day [73].
On 12 March 2021, pupils in secondary school education did home schooling until 3 April 2021.
Under strict rules of 2 April 2021 onward, terraces could open from 6am to 6pm and 2 people
at one table were allowed. Due to the law from 14 May 2021, the curfew was postponed to
12pm and accommodation of 4 people were permitted at home. Inside of bars and restaurants,
a negative test was requested. Four people at one table in bars and restaurants and gatherings
with 150 people were permitted. The CovidCheck regime was introduced by a law of 12 June
2021 allowing the entry to public locations exclusively for people who can show a certificate of
vaccination, recovery or a negative COVID-19 test. The CovidCheck 3G became also mandatory
at workplace from 15 January 2022 until 28 February 2022 in response to the Omicron wave
and required a valid certificate proofing the status of being fully vaccinated against SARS-CoV-2,
recovery from a COVID-19 infection not longer than 180 days or a certified negative rapid test
result (valid for 24 hours), or a negative PCR test (valid for 48 hours). The course of daily new
cases, hospitalization and ICU occupation until 24 May 2022 is displayed in Fig. 3.1.
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Figure 3.1: COVID-19 situation in Luxembourg until 24 May 2022. Reported are the daily new cases and 7-days
moving average of daily new cases (A), hospital occupation (B) and ICU occupation (B).

Until 24 May 2022, 1077 people died from or with COVID-19 in Luxembourg and 247,257 cases
were detected. Luxembourg was hit by 7 waves and the maximum of daily new cases was on 19
January 2022 with 3073 cases. The peak in the hospitals was reached on 17 November 2020 with
199 beds and in ICU on 16 November 2020 with 48 beds occupied. The vaccination strategy of
Luxembourg is described in Section 8.2.3.
On 4 January 2021, the first case in Luxembourg of the Alpha variant was detected and 75% of
the cases were caused by this variant in the week 13 of 2021 [74, 75]. The Alpha variant remained
dominant until week 22 of 2021. followed by the Delta variant which was temporarily overruled by
Gamma variant as the dominant variant in the weeks 26/27 of 2021 due to party activities on the
National Day in Luxembourg [76]. Subsequently, the Delta variant was dominating the infection
dynamics in Luxembourg [76] until week 51 of 2021 [77] when the first Omicron variant BA.1
cases appeared [78]. Since 18 March 2022, the Omicron BA.2 variant is the dominant variant in
Luxembourg [79].
For quantitative analyses of this complex epidemic dynamics and corresponding projections about
future developments, computational modelling became an essential tool to inform the public and
political decisions makers. To support these mitigation strategies, I contributed by the di!erent
modelling approaches presented in this thesis.
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3.2 General overview about modelling

According to Collins dictionary, a model is a theoretical description that allows to understand the
functionalities of the system [80]. Models are employed to anticipate the behaviour of a systems
and are approximations [81]. A model has di!erent meanings to mathematicians, engineers and
biologists [82]. For example, biological models can refer to experimental systems which rebuild
a biological entity [83]. Experimental modelling in biology has the goal to gain new information
on biological processes and lead to biological hypotheses [7, 11, 12]. In mathematics, the model
is a mathematical simplified description of the essential functionalities based on knowledge which
illustrate characteristics of the process [7]. However, even if the model is a simplification of the
real world, the system behaviour should be maintained. The objectives of mathematical modelling
are getting scientific understanding, testing various strategies and guiding decision making [84].
Mathematical modelling can be done by di!erence equations, in which the new value is given
as a scalar of the old value and by a constant [85]. modelling often includes optimization with
the goal to identify the solution fitting best to some empirical data [85]. Thus, models can
be empirical meaning that the model is constructed based on the deduction of the relationships
between variables of the data [86]. Empirical models are also often called data-driven models
[86].
Mathematical modelling is useful to comprehend the dynamics of complex systems. The models
are dynamic if they explain the evolution of the system in time [87]. They can be described by
ordinary di!erential equations (ODEs), partial di!erential equations (PDEs) in continuous time or
iterated maps on a low-dimensional state-space in discrete time [14]. Dynamical models allow to
analyse relationships which are impossible or only hardly accessible by experimental methods [87].
Mathematical modelling is a keystone in systems biology where models are typically representations
of fundamental aspects based on prior knowledge such as physical laws. The simplification gives
us the possibility to understand the main characteristics of a complex system [88]. Therefore,
modelling can be seen as a process of selection and subjectivity [7] since a model can just take
into account a selection of system aspects.
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3.2.1 Stages of modelling

The process of modelling can be divided into four stages: real world problem, mathematical model,
solution and real world meaning of the result. The di!erent stages of modelling are illustrated in
Fig. 3.2.

Real world problem Mathematical model

SolutionReal world meaning of result

understand simplify

mathematical work

interpret

validate

Figure 3.2: Stages of modelling. The figure is adopted according to [89, 90]

In order to build a mathematical model, the real world problem is simplified, assumptions are made
and the key elements are identified. After these steps, the real world problem is translated into
the language of mathematics. The interpretation of the solution of the model leads to predictive
results which can then be validated in the scope of the real world problem. The model classification
is done according to a set of criteria and based on that, we distinguish six di!erent types of models:
qualitative, quantitative, deterministic, stochastic, continuous and discrete models [7].
In a qualitative model, association among model components is established in contrast to a
quantitative model in which to each interaction and element, a value is allocated. A deterministic
model is based on the idea that the next development can be approximated from the current
condition of the system in contrast to a stochastic model which yields a probabilistic distribution for
the further development. In a continuous model, states and time are considered as continuous in
contrast to discrete models in which time and states are discrete. A dynamic model is mechanistic
and constructed in a way to represent our understanding of the system. Since self-organisation is
strongly linked to the temporal domain in which an entity is emerging, dynamics is an essential
tool to reveal underlying mechanisms of complex systems.
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3.2.2 Dynamical systems and ODEs

A dynamical system describes the evolution of states in time to understand the qualitative behavior
of the solutions [82, 87]. Dynamic models allow to make forecasts without extrapolating from
data since they rely on mechanistic and potentially first principles [87]. The trajectory of a system
corresponds to the dynamics of states which is followed over time from the starting point, also
called the initial condition [82]. The system dynamics in continuous time and no spatial dimension
is modelled by ODE where the first-order ODE has the form:

xt = f(x)

with x(t) ! Rd being a vector of dependent variables, xt denotes the time-derivative and f :

Rd "# Rd is a vector field [14].
A system biological approach is also required for approaching epidemiological studies of complex
diseases based on the interplay of di!erent layers such as gene, protein, metabolite expression,
epigenomics and microbiomes [91]. The present thesis is addressing the current challenges of
the COVID-19 pandemic in systems biology manner with a focus on epidemiological modelling
with various aspects. The modelling of COVID-19 specific dynamics is often implemented by
compartment models based on SEIR models as described in the next section.

3.3 Epidemiological modelling and infectious diseases

The term epidemiology has its roots in Greek and stands for the study of elements a!ecting
people’s health [92]. Moreover, epidemiology can be seen as the study of disease occurrence
[93]. De Villalba, a Spanish physician used the term in the study of "Epidemiologia Espanola"
for the first time in 1802. Today, epidemiology is an established branch of medical science and
is often seen as the basic science of public health which considers the population health [92]
by a data-driven and quantitative manner. A major task of epidemiology is the identification of
determinants as factors which lead to a shift of the population health condition [92]. Epidemi-
ologists originally focused on infectious disease or communicable disease which represent illnesses
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caused by pathogenic microbial agents that can be divided into five groups: viruses, bacteria,
fungi, parasites and prions [15].
The transmission happens when an agent exits its reservoir and the pathogen enters a susceptible
host. The transmission happens as well as when a pathogen leaves its localized site in the host in
the environment and to another host [94]. In this respect, reservoir corresponds to the territory of
agent’s life that can refer to humans, animals and the environment. In the context of COVID-19,
it is important to highlight that zoonosis is a disease caused by pathogens which jumped from
vertebrates to humans [95]. Prominent zoonoses of the last 200 years amongst others were the
Ebola virus, SARS-CoV-2 and salmonellosis [95].

The transmission mechanisms are understood for most infectious diseases, but specific details
are still often under investigation. The six di!erent modes of transmission are: direct, droplet
spread, airborne, vector-borne, environmental transmission and vertical [15, 94]. Direct transmis-
sion is given when the infectious agent called pathogen is transferred from one person to another.
Droplet spread is a form of direct transmission and the spread happens in form of aerosols oc-
curring during for example sneezing and coughing [94]. Thereby the pathogen stays in the air in
small droplets which are aerosolized and inhaled by people and refers to the airborne transmission
[96]. Vector-transmission is the transmission of a pathogen from a vector to a human [15]. The
environmental transmission is characterized by the pathogen entering the host from the environ-
ment [15]. Vertical transmission describes an infection by the transmission of a pathogen from
the mother to a child at birth [15].

Epidemiology distinguishes di!erent levels of disease progression: epidemic, pandemic and en-
demic.

• Epidemics are characterized by an abrupt outbreak of a disease above the normal number
of cases in a precise area [97]. Examples of epidemics are yellow fever, smallpox, measles,
and polio.

• Pandemics are epidemics that spread over several countries or continents and a!ects a lots
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of people. A recent example for a pandemic is the COVID-19 disease.

• Endemics are defined as a constant presence of a disease in a specific area. In di!erent
regions of the World, malaria is seen as an endemic. [98]

During the SARS epidemic (SARS-CoV) in 2002/2003, mathematical modelling of infectious
diseases gained a huge interest as it allows to forecast further progression of the epidemic as
well as the impact of di!erent non-pharmaceutical interventions [99]. Furthermore, it allows for
insights into the quantitative understanding of the dynamics of the disease including the estimate
of changing transmissibility for di!erent virus variants [100].
Compartment models are often used in epidemiological modelling where every individual is in
a compartment at a given moment and can advance from one compartment to another. The
population is divided into mutually exclusive groups also called compartments describing the
infection status of individuals [100] as detailed below.

3.3.1 Susceptible-Infectious-Recovered (SIR) model

Kermack and McKendrick embossed the field of mathematical epidemiology with their SIR-model
in 1927 [18]. The SIR-model describes the spread of an infectious disease with a coupled system
of three deterministic ordinary di!erential equations. For this kind of model, we do not consider
births or natural deaths but a ’closed’ population. The population is divided into three groups
according to their infectious state: susceptible (S), infectious (I) and recovered (R). The class
of susceptible people considers the people who are healthy but can be infected by the pathogen.
The infectious individuals are infected with the pathogen and can transmit it to other susceptible
individuals. The recovered or removed individuals are immune and do not have any impact on
the transmission dynamics. An underlying assumption for this kind of model is that recovering
from the disease leads to lifetime immunity.

Susceptible (S) Infectious (I) Recovered (R)
% &

Figure 3.3: Compartmental diagram of SIR model.
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The model assumes a constant population size S+I+R=N. The transmission rate of the disease is
% and the recovery rate is given by &. The average amount of time a person stays in the infectious
compartment is given by 1

! [100]. A typical dynamics of an SIR model is shown in Fig. 3.4.

Figure 3.4: SIR model dynamics

3.3.2 Susceptible-Exposed-infectious-Recovered (SEIR) model

The SEIR-model represents and extension of the SIR model and analogously describes the spread of
infectious disease by ordinary di!erential equations. In the SEIR model, the population is divided
into four groups: susceptible (S), exposed (E), infectious (I) and recovered (R) as depicted in
Fig. 3.5. With this extension, this model is more accurate compared to a SIR model because a
delay between infection and becoming infectious is observed for most diseases such as Ebola and
influenza. Like in SIR models, the SEIR models do not consider death and birth process leading
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to a constant population size of N=S+E+I+R (Fig. 3.5). A typical dynamic of the SEIR model
is shown in Fig. 3.6. The corresponding dynamics are governed by the generic equations

Susceptible (S) Exposed (E) Infectious (I) Recovered (R)
% ( &

Figure 3.5: Compartmental diagram of SEIR model.
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(3.5)

with the transition rates %, ( and & between the compartments. All the models that are part of

Figure 3.6: SEIR model dynamics

this thesis are based on the SEIR or SIR models. Additional compartments were added in order
to answer specific scientific questions about the epidemic impact.
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3.3.3 Basic reproduction number

The basic reproduction, denoted by R0, is an important epidemiological concept and represents
the average number of cases an infectious individual generates in a population. In other words,
the reproduction number represents the number of secondary cases an infectious individual causes
and characterizes the contagiousness of the disease [101, 102]. In the case, R0>1, the spread
of the disease continues and decreases if R0<1. From the SEIR model, the basic reproduction
number can be inferred by

R0 = %

&

where % and & correspond to the corresponding rates.

3.3.4 Next generation matrix method

A commonly used method to compute R0 is the next generation matrix method which requires
the disease-free-equilibrium (DFE). Epidemiological models present two equilibria: the disease-
free-equilibrium (DFE) and the endemic equilibrium [100]. In the case of DFE, no infected
person remains in the population opposed to endemic equilibrium in which infected individuals
are persistently present [100]. Following the calculation of DFE, a sub-model is set up which only
deals with the disease compartments. In the case of SEIR models, the disease compartments for
the creation of the sub-model are given by the exposed (E) and infectious (I) subpopulation. The
sub-model takes then the following form:

'"#x
't

= F ("#x ) " V ("#x )

with

V ("#x ) = V !("#x ) " V +("#x )
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where "#x is a vector of the disease compartments, F ("#x ) incorporates the new infections and
V ("#x ) consists of all other input and outputs [100]. The vectors for the SEIR model are given by

'"#x
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= F ("#x ) " V ("#x )
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The next step is the linearization around the DFE by using the Jacobian Matrix where the star
denotes the equilibrium solution.
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The next generation matrix is then given by

FV !1 =

!

""#

#
!

#
!

0 0

$

%%& .

The eigenvalues of the matrix above are #
! and 0 and therefore R0 is given by

R0 = %

&

3.3.5 E"ective reproduction number

During the pandemics, the transmissibility is better assessed by the e!ective reproduction number
denoted by Reff than by the basic reproduction number [103]. Furthermore, Reff allows to
identify changes in disease transmission over time [3]. It reports the number of secondary cases
an infectious person causes on average at a given point in time depending on the immunity of the
population. In order to investigate the e!ectiveness of interventions, the e!ective reproductive
number is taken into consideration by [3]

Rt = R0
S

N

and thereby scaling the R0 value with the relative pool size of the S compartment. Thus, allows
to estimate the e!ective social interactions in a population. The generation matrix method is
used to determine Reff of my SEIR model in Chapter 5.

3.4 Parameter estimation

A challenging problem in modelling of dynamical systems is the parameter estimation because
the parameter values determine the model’s behaviour [104]. In general terms, the parameter
values are estimated by fitting a model to a set of data which can come for example from
an experimental setup [7]. Calibrating a model to closely fit the data is a procedure in which
least-squares optimization is often used. However, such methods like least-squares optimization
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do not take the underlying uncertainty into account [105]. Therefore, the Bayesian framework
which allows for the integration of uncertainties is typically a more powerful approach for model
calibration.

3.4.1 Levenberg-Marquardt algorithm

The Levenberg-Marquardt algorithm is used to solve non-linear least-square problems. It was
introduced around 1960 [106]. The goal of Levenberg-Marquardt algorithm is to find parameter
values of a model by minimizing an objective function. The objective function is determined as
the sum of squares of the errors between the model simulation and data. Levenberg-Marquardt
algorithm is a combination of two algorithms namely the gradient descent and the Gauss-Newton
method [107] that tries to solve

[JT WJ + )diag(JT WJ)hlm] = JT W (y " ŷ) ,

where ) is a damping parameter, J the Jacobian matrix, h the perturbation and W denotes the
inverse of the measurement error covariance matrix. The weighting matrix W is diagonal with
Wii = 1

$2
yi

which corresponds to the error of y(ti) [107]. In the case, the damping parameter is
large, the algorithm acts as gradient descent update. In the opposite case, the algorithm behaves
like a Gauss-Newton update. The first update results to be in a steepest-descent direction. If
an iteration results in a worse approximation #2(p + hlm) > #2(p) then ) is increased where #2

denotes the error criterion measures for the quality of the fit between the model simulation and
the data. The error criterion is given by

#2 = 1
m " n + 1

m*

i=1
[y(ti) " ŷ(ti, p)

*yi
]2

with *yi being the standard deviation, the model simulation ŷ(ti, p) of an independent variable t

and a vector of n parameters p, and yi corresponds to the data. In the case the quality of the fit is
low, #2 > n holds , otherwise the quality of the fit is good with # ! n. The model is overfitted if
# < n. The Levenberg-Marquardt algorithm is used in Chapter 4 of the thesis for the parameter
calibration of our model.
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3.4.2 Markov Chain Monte Carlo

The Markov Chain Monte Carlo (MCMC) approach is widely used to fit complex models and it
is a combination of Monte-Carlo and Markov chains. The characteristic of Monte-Carlo is the
property of randomly sampling a probability distribution. A Markov chain is a stochastic process
generating random samples by a sequential process [108]. MCMC was introduced soon after the
Monte-Carlo method at Los Alamos. MCMC has the goal to generate a sequence of random
samples (+1, · · · , +N ) which reaches the posterior distribution with increasing N . It is based on
Bayesian inference which employs the data information of a parameter and has revolutionised
Bayesian data analyses [108].
The Bayes’ formula is given by

,(+|Y ) = L(Y |+),0(+)+
Rp L(Y |+),0(+)d+

with L(Y |+) being the likelihood of the observations Y given a parameter set + [109]. The aim
is the determination of posterior density ,(+|Y ) which is the probability density for a parameter
value + given the observation Y . Parameter information such as the constraints is stored in the
prior distribution ,0(+) [86]. The denominator corresponds to the normalization constant and
ensures that the posterior integrates to one [109].

3.4.3 Metropolis algorithm

A commonly used MCMC algorithm is the Metropolis algorithm introduced by Nicholas Metro-
polis in 1953 with the underlying assumption of a symmetric proposal distribution [86]. For the
Metropolis algorithm a possible parameter value from a proposal distribution q(.|+n) is generated
and subsequently a transition probability is calculated. The Metropolis algorithm has three steps.
The first step is to choose a starting point +1 and the second step is to choose a new candidate
+̂ from the distribution q(., +n). The last step is to accept the candidate with the transition
probability given by

a(+n, +̂) = min(1,
,(+̂)
,(+n)).
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For this purpose, a uniform random number u ! [0, 1] is generated. In a subsequent evaluation,
the candidate parameter value is accepted if u $ a(+n, +̂). Otherwise, i.e. if u > a(+n, +̂), the
candidate parameter value is rejected and a new possible parameter value is generated [86, 110].

3.4.4 Adaptive Metropolis

A challenge in MCMC is the accurate choice of the proposal distribution [86]. The random
walk Metropolis algorithm of 1953 is the basis for the adaptive Metropolis (AM) [111]. The
proposal covariance matrix is determined by the whole history of states. The proposal distribution
q(.|+0, · · · , +n!1) has to be Gaussian and the new candidate is evaluated by applying Cn =

sdCov(+0, · · · , +n!1) + -Id where - is a small constant and sd a scaling factor [86]. At the
beginning, an arbitrary strictly positive definite initial covariance C0 is selected based on prior
knowledge. The index n0 > 0 determines the length of the initial period called burn-in period.
The burn-in represents the beginning of a chain which is often removed as the sample mean of
this part changes considerably. The beginning of a chain is a!ected by the starting point and
for adaptive methods the initial choice of the parameters can be crucial [112], which holds in
particular for finite chain lengths.
The covariance Ct is determined by

Ct =

,
--.

--/

C0 n $ n0

sdCov(+0, · · · , +n!1) + sd-Id n > n0

.

The empirical covariance matrix is defined as

Cov(+0, · · · , +k) = 1
k

(
k*

i=0
+i+

T
i " (k + 1)+k+

T
k )
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where +k = 1
k+1

0k
i=0 +i and +i are column vectors. The recursive formula for the covariance

without high computational cost is given by

Cn+1 = n " 1
n

CN + sd

n
(n+n!1+

T
n!1 " (n + 1)+n+

T
n + +n+T

n + -Id)

where +n is the mean.

3.4.5 Metropolis-Hastings algorithm

The Metropolis-Hastings (MH) algorithm invented by Wilfred Keith Hasting in 1970 is a simple and
powerful algorithm. The idea of Metropolis-Hastings algorithm is characterized by non-symmetric
proposal distributions [86]. For the rest, the Metropolis-Hasting is similar to the Metropolis
algorithm except the probability for the acceptance which is given by

a(+n, +̂) = min(1,
,(+̂)q(+n|+̂)
,(+n)q(+̂|+n)

)

with q(+n|+̂) being the density for proposing a move from the present candidate to the next one.

3.4.6 Delayed Rejection

Delayed Rejection (DR) is based on standard Metropolis-Hastings algorithm with the goal to
increase its e"ciency [113]. DR allows to save CPU time as it takes the hierarchy between kernels
under consideration. In DR, there can be a dependence between on the rejected values at earlier
stages and the proposal of the next stage [114]. The probability of accepting the move from +n

to +̂ is given by
a1(+n, +̂) = min(1,

,(+̂)q1(+̂|+n)
,(+n)q1(+n|+̂)

) .

In the case of rejection, a second stage move +̂(2) is introduced from a di!erent proposal distribu-
tion q2 and evaluated according to the acceptance probability:

a2(+n, +̂, +̂(2)) = min(1,
,(+̂(2))q1(+(2)|+̂)q2(+(2)+̂, |+n)[1 " a1(+̂(2), +̂)]
,(+n)q1(+n, +̂)q2(+n, +̂|+̂(2))[1 " a1(+n, +̂)])

) .
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In the case, the second stage proposal is accepted then an ergodic chain is created [113]. In
most cases, a two-stage proposal is used. The first stage proposal is an up-scaled version of the
second-stage proposal. The goal of the rejection is to test a new candidate value closer to the
current point [113].

3.4.7 Delayed Rejection Adaptive Metropolis algorithm

The Delayed Rejection Adaptive Metropolis (DRAM) algorithm introduced in 2006 is a direct way
of combining adaptive Metropolis (AM) and delayed rejection (DR). The idea of DRAM is to
diminish the in-chain auto-correlation [112]. M-stages of DR algorithm works like the following.
Like in AM, the proposal at the first stage of DR is modified [113]. From the chain points, the
covariance C1

n is determined regardless of the stage of acceptance of the DR. At i-th stage, the
covariance Ci

n is given by a scaled version of the proposal Ci
n = $iC1

n with $i being a fixed scaling
factor [86, 113]. The DRAM algorithm is applied in the thesis in Chapter 4 and Chapter 5 for
the parameter calibration of our model and to quantify their uncertainties.

3.4.8 Convergence

The goal of a convergence procedure is to estimate how long the chain must run to get close to
the stationary distribution. Di!erent approaches were developed for this purpose.

Gelman-Rubin approach

The method of Gelman and Rubin, established in 1992, gives insights about how close the process
is to convergence and the amount of improvement that can be expected for further simulation
steps [115]. The beginning of the method independently simulates m > 2 sequences of length
2n. The starting point of a sequence is over-dispersed with respect to the stationary distribution
[116]. The first n samples of each chain are discarded and is considered as the burn-in. The
remaining part is divided into two chains to estimate if the stationary distribution is attained by
each chain. In order to check if the samples are from the desired stationary distribution [116], the
between-chain variance is compared to the within-chain variance. With +ij denoting the samples
after discarding burn-in and the splitting into two chains, the between-sequence variance B is
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defined as
B = n

m " 1

m*

j=1
(+.j " +..)2 .

The within-sequence variance is defined by

W = 1
m

m*

j=1
s2

j

with
s2

j = 1
n " 1

n*

i=1
(+ij " +.j)2

and +.j = 1
n

0n
i=1 +ij , +.. = 1

m . The weighted average V ar of between-sequence variance B and
within-sequence variance W can be estimated by

ˆV ar
+(+|Y ) = n " 1

n
W + 1

n
B .

with ˆV ar
+ being the overestimation of the maginal posterior variance. In 1992, Gelman and

Rubin proposed the potential scale reduction factor R̂c which is used for diagnosing convergence
as

R̂c =

1
ˆV ar

+(+|Y )
W

.

If R̂c is close to 1, the sequences are close to the target distribution [115].

Geweke approach

Geweke built a convergence diagnostics based on spectral density estimation in order to ensure
the stationarity of the chains. The approach tests for equality of the means of the first 10%
and the last 50% of a Markov chain. Geweke convergence diagnostics takes into account the
autocorrelation in the calculation of the error [117]. Some functional is given by +(Y ) and
+t = +(Y t+n0) corresponds to a sequence with n0 the start iteration [118]. Y corresponds to the
observations. With

+A = 1
nA

*

t#A

+t
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and
+B = 1

n " n" + 1
*

t#B

+t

defining means for two di!erent iteration periods with 1 < nA < n" < n and nA+nB
n < 1, the

sequence +t is stationary for n # %

Zn = +A " +B2
ˆSA

! (0)
nA

+
ˆSB

! (0)
n!n!+1

# N(0, 1) .

with S%(0) is the spectral density and
ˆSA

! (0)
nA

and
ˆSB

! (0)
n!n!+1 are the asymptotic variances of +A and

+B [118]. Geweke’s approach has an asymptotically standard normal distribution [118]. The result
of Zn is used to test the null hypothesis of equal location of the chains at di!erent iteration time
periods. If |Zn| is large meaning that the chain has not converged by time n0, the null hypothesis
is rejected [118]. Based on this criterion, the Geweke diagnostics tackles the verification of a
necessary, however not su"cient condition for convergence.

3.5 Early warning signals

All the various aspects of this section are applied in Chapter 7 in the context of COVID-19 and
the related challenge to predict epidemic re-emergence. Sudden transition of complex systems
from one state to another are recently addressed from the perspective of critical transitions [119,
120]. Such critical transitions needs to be understood in order to prevent or predict upcoming
phenomena like stock market crashes, earthquakes, climate change or epileptic seizures. Even
if these examples of phenomena seems to be of very di!erent nature, the prevenient critical
transition of such phenomena can share common descriptions. One attribute shared is that in the
underlying dynamical system exhibits a sudden and rapid shift. Close to the transition, the system
traverses a threshold between the two alternative states which are typically separated by a large
distance [121]. A lot of e!orts were made in order to predict critical transitions before they occur
where early warning signals are proposed to predict critical transitions based on statistical time
series signals [122]. A regime shift or critical transition is often preceded by a phenomenon called
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critical slowing-down. During this period, the system requires more time to restore from small
perturbations [122]. Critical slowing-down is a general feature of local bifurcations [123, 124]
and occurs in each continuous model reaching a fold bifurcation [119]. The three main di!erent
kinds of critical transitions are bifurcation induced tipping (B-tipping), noise-induced tipping (N-
tipping) and rate-induced tipping (R-tipping). The bifurcation induced tipping is characterized by
one or more parameters reaching a critical value and leading to a bifurcation from one state to a
new stable state [125]. The noise-induced tipping happens due to perturbation which leads to the
switch from one state to another in a multi-stable system. For the existence of the rate-induced
tipping, stable state needs to coexist consistently [125] and the change of a control parameter,
i.e. the rate, is too fast for the system to remain in its local basin of attraction and switches to
an alternative state as described by Wieczorek [126].
Such transitions are typically accompanied by changes in the variance and the autocorrelation
which increases close to the transition point with asymmetric fluctuations in the observable x.

• Variance
The variance is commonly used for the identification of critical slowing down. The increase
of the variance close to the transition happens due to the increased time needed to restore
from perturbations [125]. The variance is given by

*2 = 1
N " 1

N*

i=1
(xi " µ)2

with µ is the mean of the observable xt.

• Skewness and Kurtosis
Skewness is the measure for the asymmetry of a distribution and the third standarized
moment of the distribution. It can take the values zero, negative, positive or undefined.
A skewness of 0 means a symmetrical distribution. Negative skewness stands for a longer
or fatter tail on the left side of the distribution and the mean is smaller than the median.
Positive skewness stands for a longer or fatter tail on the right side of the distribution and
the mean is greater than the median. The formula for skewness is defined for univariate

37



Background on the scientific approach

data x1, x2, · · · , xN as

S =
0N

i=1
(xi!µ)3

N

*3

with µ being the mean, * the standard deviation and N the number of data points [127].
Kurtosis is heavy-tailed or light-tailed relative to a normal distribution and represents the
fourth standarized moment of a distribution. There are three types of kurtosis: mesokurtic,
leptokurtic and platykurtic. If the kurtosis is equal to 3, then the distribution is mesokurtic.
Kurtosis smaller than 3 means that the distribution is platykurtic. Platykurtic distributions
are flat and have a thin tail. Kurtosis bigger than 3 means that the distribution is leptokurtic.
Leptokurtic distributions are peaked and have a heavy tail. The formula for the kurtosis is
given for univariate data x1, x2, · · · , xN by

. =
0N

i=1
(xi!µ)4

N

*4

with µ being the mean, * the standard deviation and N the number of data points [127].

• Autocorrelation
The critical slowing down leads to an increase in the correlation of the system [125]. The
coe"cient describing the correlation between two values in a time series is the autocorrel-
ation function (ACF) [128]. ACF(1) is the lag 1 autocorrelation which is the correlation
between values of one time step apart [128]. ACF (!) is determined by

A(!) = 1
N

N*

i=1

(xi " µ)(xi+& " µ)
(xi " µ)2

3.6 Detrending

In order to detect EWS, detrending is an important preprocessing step. Detrending reduces e!ects
of trends from time series such as the seasonality and other irregularities. Time series consists
of di!erent components: trend, seasonal and noise. During the detrending phase, deterministic
and stochastic trends are removed. The goal of detrending methods is to achieve stationarity of
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the time course data. The detrending methods applied later in the thesis are ARIMA, moving
average and Gaussian filtering.

3.6.1 Moving average

The moving average is used to smooth short-term fluctuations and is the basis of the decomposi-
tion methods given by

T̂t = 1
m

k*

j=!k

yt+j

for smoothing order m with m = 2k + 1 and yt+j is the time course data vector. The trend-cycle
is calculated by averaging values of the time series within k periods of t [129].

3.6.2 Gaussian kernel

Smoothing means the proceeding through time series by a point by point manner and for each
point a new value is calculated in relation to the neighboring points. The word ’kernel’ for
smoothing refers to the shape used to take the average of the neighboring points. The Gaussian
kernel was introduced by the German mathematician Carl Friedrich Gauß. The 1-D Gaussian
kernel is given by

G(x) = 1
&

2,*e
"x2
2"2

.

Gaussian smoothing (or Gaussian kernel smoothing) computes a weighted average of the points,
where the weights correspond to a Gaussian distribution with the standard deviation specified as
the smoothing parameter.

3.6.3 Autoregressive integrated moving average

Autoregressive integrated moving average (ARIMA) is a statistic model for analyzing and predict-
ing the data of time series. It intends to characterize the data auto-correlation and represents a
form of regression analysis. The goal of ARIMA is to predict future data points based on previous
data points [130].
In a non-seasonal ARIMA(p,d,q), the autoregressive terms p correspond to the lags of the station-
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ary series, the moving average q is the lags of the forecast errors. The lagged moving average is
used to smooth the data. d is the di!erenced order of the raw data transferring non-stationary
time series into stationary time series [131]. The formula of an ARIMA is given as

y
#
t = c + (1y

#
t!1 + · · · + (py

#
t!p + et + /1et!1 + · · · + /qet!q

with ei is an error term of data point i and c is a constant. ARIMA has a lagged p for the
autoregressive part and the lagged q for the moving average part [131]. Special cases of ARIMA
are:

• ARIMA(0,1,0) given by yt = yt!1 + e corresponds to random walk

• ARIMA(0,0,0) given yt = e corresponds to white noise

• ARIMA(p,0,0) is an autoregressive model

3.7 Kendall-! score

In 1938, Maurice Kendall introduced the Kendall-! score. The Kendall-tau score, which is a
statistic measure, gives information about rank correlation between two variables. For (xi, yi)

and (xj , yj) as a pairs in the time series, xi < xj and yi < yj describes a concordant pair. If
xi < xj and yi > yj , then the pair is discordant. If yi = yj then the pair is neither concordant
neither discordant [132]. This property is determined by

! = #concordant pairs " #discordant pairs
M(M " 1)/2

wit M corresponding to the number of points.

3.8 Receiver-operating characteristic curves

Receiver-operating characteristic curve (ROC) shows the trade-o! between the true positives
against the false positives rate [133]. It was first introduced in the domain of signal-processing and
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nowadays used a lot in the field of machine learning. The performance of a binary classification
test is represented by ROC [134]. In the framework of EWS, ROC is used to compare their
performance by a graphical plot which analyses the statistical indicators according to their ability
to correctly di!erentiate between a Kendall-! scores describing a null simulation and a Kendall-!
scores describing an undergoing transition [135, 136]. ROC is a compromise between accuracy
and sensitivity of EWS indicators [137]. It analyses the performance of EWS indicators as the
detected sensitivity is di!erent for stable systems to those close to a critical transition [137].
The area under the ROC curve (AUC) is the area below the ROC curve and varies between 0 and
1. Thus, AUC gives information about the predictive power between di!erent indicators [132].
AUC close to 1 means a good performance, and AUC close to 0 indicates a bad performance. For
critical transitions, an AUC close to 0.5 indicates that the statistical indicator used is not better
than random in identifying the critical transition whereas an AUC close to 1 indicates a good
statistical indicator with high sensitivity in identifying critical transitions [138].
The here detailed introduced methods are used in the following result chapters to address the
specific aims for the analysis of the COVID-19 pandemics given in Chapter 2.
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CHAPTER 4
MATHEMATICAL MODELING OF SUPPRESSION STRATEGIES

AGAINST EPIDEMIC OUTBREAKS

This chapter is based on
Daniele Proverbio, Françoise Kemp, Stefano Magni, Andreas Husch, Atte Aalto, Laurent Mom-
baerts, Alexander Skupin, Jorge Goncalves, Jose Ameijeiras-Alonso, Christophe Ley. Dynamical
SPQEIR model assesses the e!ectiveness of non-pharmaceutical interventions against COVID-19
epidemic outbreaks. PLOS ONE 16(5): e0252019. https://doi.org/10.1371/journal.pone.0252019
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Introduction 1

In this chapter, I quantify non-pharmaceutical strategies (NPI) by an extended SEIR model.
NPI are measures like physical distancing, staing at home measures, wearing face masks
with the aim to slow down the spread of the virus [71]. Moreover, in most countries
around the world, governments introduced a lockdown in March 2020 with socio-economic
consequences. Besides vaccination, NPI are the most e!ective encroachments. Since an
estimation of the impact of such interventions is hard to quantify, we firstly investigated the
mitigation e!ect on a conceptual basis and in a second step, we reproduced and explained
data of various countries. This investigation performed by an extended SEIR model provides
information on the best synergies of NPI. The extended SEIR model consists of the classical
SEIR module and two additional compartments representing protected (P ) and quarantined
(Q) people.
I contributed to the project by performing di!erent analyses. Particularly, I took care of the
parameter estimation by Markov Chain Monte Carlo for the various countries. Furthermore,
I wrote the original draft of the paper, reviewed and edited the manuscript during the
publishing process.
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Abstract

Against the current COVID-19 pandemic, governments worldwide have devised a variety of non-
pharmaceutical interventions to mitigate it. However, it is generally di"cult to estimate the joint
impact of di!erent control strategies. In this paper, we tackle this question with an extended epi-
demic SEIR model, informed by a socio-political classification of di!erent interventions. First, we
inquire the conceptual e!ect of mitigation parameters on the infection curve. Then, we illustrate
the potential of our model to reproduce and explain empirical data from a number of countries, to
perform cross-country comparisons. This gives information on the best synergies of interventions
to control epidemic outbreaks while minimising impact on socio-economic needs. For instance,
our results suggest that, while rapid and strong lockdown is an e!ective pandemic mitigation
measure, a combination of social distancing and early contact tracing can achieve similar mit-
igation synergistically, while keeping lower isolation rates. This quantitative understanding can
support the establishment of mid- and long-term interventions, to prepare containment strategies
against further outbreaks. This paper also provides an online tool that allows researchers and
decision makers to interactively simulate diverse scenarios with our model.

Keywords

COVID-19, Cross-country comparison, Risk assessment, Epidemiological modelling, Non-pharmaceutical
interventions, Public health.

4.1 Introduction

The current global COVID-19 epidemic has led to significant impairments of public life world-wide.
To mitigate the spread of the virus and to prevent dramatic situations in the healthcare systems,
many countries have implemented a combination of rigorous measures like lockdown, isolation of
symptomatic cases and the tracing, testing, and quarantine of their contacts. In order to obtain
information about the e"cacy of such measures, a quantitative understanding of their impact is
necessary. This can be based on statistical methods [139] and on epidemiological models [140].
Epidemiological modeling in particular can provide detailed mechanisms for the epidemic dynamics
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and allow investigating how epidemics will develop under di!erent assumptions.
Preliminary e!orts have been made to quantify the contribution of di!erent policy interventions
[141], but these rely on complex models based on a number of assumptions. Instead, we base our
study on a classical SEIR-like epidemiological model. SEIR models are minimal mechanistic models
that consider individuals transitioning through Susceptible # Exposed # Infectious # Removed
state during the epidemics [142]. The essential control parameter is the basic reproduction number
R0 [143], that worldwide non-pharmaceutical mitigation strategies aim at reducing below the
threshold value 1. Several literature studies consider the e!ect of single interventions in SEIR-like
models [144–146]. We aim at considering the added value of early interventions, namely those
that target Susceptible and Exposed people, and the e!ect of di!erent combinations of control
strategies on the infection curve. To do so, we incorporate additional compartments reflecting
di!erent categories of control strategies, identified by socio-political studies [147]. In particular,
the model focuses on four main mitigation programs: social distancing (lowering the rate of social
contacts), active protection (decreasing the number of susceptible people), active removal of latent
asymptomatic carriers [148], and active removal of infectious carriers. This study investigates how
these programs achieve mitigation both individually and combined, first conceptually and then by
cross-country comparison. By our modelling choice, we consider how and how much preventive
interventions can supplement the quarantining of contagious individuals. We ultimately show that
analogous containment levels of the infectious curve can be achieved by alternative synergies of
non-pharmaceutical interventions. This information can supply Government decisions, helping to
avoid overloading the healthcare system and to minimise stressing the economic system (due to
prolonged lockdown). We expect our model, together with its interactive online tool, to contribute
to crucial tasks of decision making and to prepare containment strategies against further outbreaks.

4.2 Methods

This study links policy measures to epidemiological modelling, focusing on how the dynamics
of the infectious curve is controlled by several interventions. Initially, we perform a conceptual
analysis, like in other works [149, 150]. Then, we investigate how well the considered control
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synergies reproduce and explain the evolution of empirical data from the first COVID-19 wave in
six di!erent countries. By doing so, we hope to contribute to discussions about the relevance of
such conceptual strategies in real-world conditions. In this section, we illustrate the modelling
choices and the use of data.

4.2.1 The classical SEIR model

SEIR models are continuous-time, mass conservative compartment-based models of infectious
diseases [18, 142]. They assume a homogeneously mixing population (or fully connected graphs)
and focus on the evolution of mean properties of the closed system. All of these models are
classical and widely used tools to investigate the principal mechanisms governing the spread of
infections and their dynamics. There is a broad range of such models, from more conceptual to
more realistic versions, e.g. SEIR with delay [151], spatial coupling [152, 153], extended compart-
ments [154], or those that consider progression of treatments and age distribution [24].
Main compartments of SEIR models (see Fig. 4.1, framed) are: susceptible S (the pool of in-
dividuals socially active and at risk of infection), exposed E (corresponding to latent carriers of
the infection), infectious I (individuals having developed the disease and being contagious) and
removed R (those that have processed the disease, being either recovered or dead). The model’s
default parameters are the average contact rate %, the inverse of mean incubation period ( and the
inverse of mean contagious period &. When focusing on infection dynamics rather than patients’
fate, the latter combines recovery and death rate [155]. From these parameters, epidemiologists
calculate the “basic reproduction number” R0 = %/& [156] at the epidemic beginning. During
the epidemic progression, isolation after diagnosis, vaccination campaigns and active mitigation
measures are in action. Hence, we speak of “e!ective reproduction number” R̂(T ) [157].

4.2.2 Data and analyzed countries

When investigating the ability of our conceptual model to explain mitigation, we compared it with
empirical data. To do this, we considered the main non-pharmaceutical interventions applied by
several countries, by integrating multi-disciplinary information. In fact, governments worldwide
have issued a number of social measures, including those for public health safeguard, economic
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support, movement restriction and non-pharmaceutical interventions to hamper disease spreading.
Scholars from political sciences and sociology have recorded and classified such measures [158,
159]. Among the resources listed on the World Health Organization “Tracking Public Health
and Policy Measures” [147], we used information from the ACAPS database [160] that contains
a curated categorization of policy measures. ACAPS is an independent, non-profit information
provider helping humanitarian actors to respond more e!ectively to disasters. The ACAPS analysis
team has aggregated and classified interventions from di!erent sources (media, governments
and international organizations), for all countries and in time. Mitigation measures against the
epidemic are classified under “Movement restrictions”, “Lockdown”, “Social Distancing” and
“Monitoring and Surveillance”. Our modelling choice is based on these categories, which are
reflected by additional compartments to the classical SEIR model (see next section).
Epidemiological data for all selected countries and regions were obtained from the COVID-19
Data Repository by the Center for Systems Science and Engineering (CSSE) at Johns Hopkins
University [161]. The data are from 22 Jan 2020 to 08 July 2020. Lombardy data were obtained
from the Protezione Civile Italiana data repository “Dati COVID-19 Italia” [162], from 22 Feb
2020 to 08 July 2020. We acknowledge that the quality of data of early detection of COVID-19
cases is often associated with limited testing capabilities, which could bias subsequent analysis.
However, across the analysed countries, the share of positive tests was similar (see e.g. [163]), and
no significant deviation from expected dynamics was observed by studies applying Benford’s law
[164, 165], possibly indicating that these data still capture to a reasonable extent the dynamics of
the epidemic wave. In addition, the analysed countries were selected based on the fact that they
su"ciently met the other model assumptions, e.g. low spatial heterogeneity and large amount of
cases to fulfill the mean field assumption.
This study analyses the e!ect of mitigation measures in flattening the curve. Despite having a
precise starting date, such measures take some days to be fully e!ective. We estimate an average
delay using the Google Mobility Reports [163, 166] for the selected countries. Google provides
changes in mobility with respect to a monthly baseline, w.r.t. 6 locations: Retail & Recreation,
Grocery & Pharmacy, Transit stations, Workplaces, Residential, Parks. We average the decrease
in mobility at the first four locations (corresponding to those where social mixing happens more
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Country Measures Param. involved Starting Date Population (rounded)
Austria (AT) Partial lockdown µ, " 16 Mar 9,000,000

Social distancing ", µ 16 Mar
Contact tracing # 16 Mar
Phase-out Around 14 April

Denmark (DK) Social distancing ", µ 13 Mar 6,000,000
Mild surveillance $ 13 Mar
Phase-out 14 Apr

Ireland (IR) Partial lockdown µ, " 28 Mar 5,000,000
Social distancing ", µ 13 Mar
Phase-out 18 May

Israel (IL) Partial lockdown µ, " 15 Mar 9,000,000
Social distancing ", µ 15 Mar
Contact tracing # 15 Mar
Phase-out 19 April

Lombardy (LO) Lockdown µ, " 13 Mar (Italian) 10,000,000
Social distancing ", µ 13 Mar
Phase-out Around 15 Apr

Switzerland (CH) Lockdown µ, " 16 Mar 8,500,000
Social distancing ", µ 16 Mar
Phase-out 27 Apr

Table 4.1: Test countries, with corresponding implemented measures (following the ACAPS database [160]), para-
meters in our SPQEIR model and starting date. For Lombardy, we used the Italian o"cial date for lockdown.
Di!erently from other countries, Ireland issued measures on two di!erent dates; we use this case to compare social
distancing and lockdown e!ect in a single country. We also report the (rounded) population of each country. We
assume by default that all countries worked to isolate contagious individuals; hence, the parameter ! is associated
to all.

frequently [167]) to get a proxy of the time needed for hard lockdown to be fully e!ective (cf.
Fig. 4.4c).

4.2.3 The extended SPQEIR model to reflect mitigation strategies

SEIR models reproduce the typical bell-shaped epidemic curves for the number of infected people.
The dynamics of this curve is of high importance for practical policy making. Not only it relates
to the main stressors for the health system [24, 154, 167], but it also has an impact on the
economic system [168–170], e.g. because it takes some time (T) to mitigate the curve, until the
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number of new infections is below an accepted threshold. Commonly, mitigation measures against
epidemics aim at flattening the curve of new infections [148]. However, the classical SEIR model
is not granular enough to investigate mitigation measures when they need to be considered or
should be sequentially reduced if already in place. Therefore, we extend the classical SEIR model
as in Fig. 4.1 (red insertions) into the SPQEIR model, to reflect the intervention categories
described above. We particularly focus on the control of Susceptible and Exposed people, given
by preventive isolation, contact tracing or social distancing measures, but we also include the
control of infectious people by isolation. The model can be summarized as follows:

• The classical blocks S, E, I, R are maintained;

• A social distancing parameter " is included to tune the contact rate %;

• Two new compartments are introduced where:

– Protected P includes individuals that are removed from the susceptible pool and are
thus protected from the virus. This can happen through full isolation as in China in
early 2020 [171] or by di!erent vaccination strategies which reduce the susceptible
pool;

– Quarantined Q describes latent carriers that are identified and quarantined after mon-
itoring and tracing of contacts.

We do not explicitly introduce a second quarantined state for isolation of confirmed cases after
the Infectious state [154, 172] but consider this together with the Removed state, by tuning the
removal rate with an extra parameter (see [173] and references therein). Quarantining infected
symptomatic patients is a necessary first step in every epidemic [174]. An additional link from Q
to R, even though realistic, is neglected as both compartments are already outside the “contagion
system” and would therefore be redundant from the perspective of evolution of the infection.
In general, protected individuals can get back to the pool of susceptible after a while, but here
we neglect this transition, to focus on simulating mitigation programs alone at their early stage.
Long-term predictions could be modelled even more realistically by considering such link, that
would lead to an additional parameter to be estimated and is beyond the scope of the present
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paper.
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Figure 4.1: Scheme of the SPQEIR model. The basic SEIR model (framed blue blocks) is extended by the red
blocks to the SPQEIR model. Parameters that are linked to mitigation strategies are shown in red. Interpretation
and values of parameters are given in Table 4.2.

The model has in total 7 parameters. Three of them (%, (, & introduced in Fig. 4.1) are based
on the classical SEIR model. The new parameters ", µ, #, $ account for alternative mitigation
programs to control the infectious curve (see Table 4.2 for details). Commonly, social distancing
is modelled by the parameter ". In a closed-system setting where all individuals belong to the
susceptible pool, but interact less intensively with each other, " tunes the contact rate parameter %,
resulting in the e!ective reproduction number R̂ = "·%&!1. The parameter µ stably decreases the
susceptible population by introducing an active protection rate. This accounts for improvements
of public health, e.g. stricter lockdown of communities, or reduction of the pool of susceptible
people after reduced commuters’ activity, or vaccination. The parameter # introduces an active
removal rate of latent carriers. Intensive early contact tracing and improved methods to detect
asymptomatic latent carriers may enhance the removal of exposed subjects from the infectious
network. Following earlier works [175, 176] and adjusting the current parameters, R̂ can be then
expressed as R̂ = %&!1( (( + #)!1. Finally, $ models the isolation of contagious individuals
by handling the removal rate. This would correspond to identifying infectious individuals before
they recover or die, and prevent them from infecting other susceptibles. Consequently, for this
parameter alone R̂ = %(& + $)!1. Parameter values that are not related to mitigation strategies
are set from COVID-19 epidemic literature [173, 177], as the main focus of the present model
lies on sensitivity analysis of mitigation parameters. Our model can be further extended by
time dependent parameters [174]. Default values for mitigation parameters are {", µ, #, $} =

{1, 0, 0, 0}, corresponding to the classical SEIR model.
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The dynamics of our SPQEIR model is described by the following system of di!erential equations:

Ṡ = ""%SI
N

" µS ,

Ė = "%SI
N

" (# + () E ,

İ = (E " (& + $)I ,

Ṙ = (& + $)I ,

Ṗ = µS ,

Q̇ = #E ,

Here, Ṅ = 0 with N = S + E + I + R + P + Q, implying the conservation of the total number
of individuals. As value for the qualitative study, we used N = 10,000. For the cross-country
assessment, N is adjusted to true population values for each country. Overall, the e!ective
reproductive number becomes

R̂ = "%

& + $

(

( + #

S

N
, (4.1)

Mitigation measures are initiated several days after the first infection case. Hence, we activate
non-default parameter values after a delay ! . For data fitting, we fit and compare ! to the o"cial
date when measures are initialized (cf. Table 4.1). To integrate the model numerically, we use
the odeint function from scipy.integrate Python library.

Fixed parameters Mitigation parameters
% = (average contact rate in the population) = 0.85 d!1 µ = (rate of active protection) [d!1]
( = (mean incubation period)!1 = 0.2 d!1 " = (social distancing tuning)
& = (mean infectious period)!1 = 0.34 d!1 # = (active removal rate) [d!1]
R0 = 2.5 $ = (rate of contagious isolation)[d!1]

Table 4.2: SPQEIR model parameters with their standard values for the COVID-19 pandemic from literature [173,
178]. Here “d” denotes days.
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4.2.4 Model fitting

To show how our conceptual analysis is able to reproduce and explain empirical data, we fit
the model to the o"cial number of currently infected (active) cases of the first epidemic wave
(winter-spring 2020), for each considered country. The choice is corroborated by the fact that all
considered countries applied rapid, population-wide measures [160]. Model fitting to the infectious
curves is performed in two steps, using the parameters known to be active (cf. Table 4.1). First,
we estimate the “model consistent” date of first infection, so that the simulated curve matches
the reported data of active infections. This initial step corresponds to setting the time initial
conditions of the SEIR model [154]. The fitting is performed with default parameter values, on
a subset of data corresponding to the first outbreak, from first case until when measures are
implemented (cf. Table 4.1). We use a grid search method for least squares, su"cient to fit a
single parameter:

t0 =

,
.

/t$ | RMS = min
t#

10tm
i=t#(x(i) " x̂(i))2

n

3
4

5 (4.2)

where t0 is the ”model consistent” estimated date of first infection, tm refers to the date meas-
ures are implemented, x̂ and x are respectively reported and model-predicted data, and n is the
number of points between t and tm.

The second step estimates a reasonable set of the mitigation parameters that yield the best fit-
ting of the simulated SPQEIR curve on reported data, during the first phase with implemented
measures. This period is identified between the starting date tm (also included in the fitting) and
the phase-out date tp, cf. Table 4.1. Holding the epidemic parameters to literature values to
achieve cross-country comparison on intervention parameters alone, the fitting is performed for a
set of mitigation parameters relative to each country, as reported by policy databases (cf. Table
4.1). The fit is performed with the widely used lmfit Python library. In S1 Text, we discuss such
fitted parameters set and alternative ones.

We also perform a comparative quantitative analysis between our extended model and the simplest
SEIR that lumps parameters under a single “social distancing” ". This allows comparing the estim-
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ate reproduction number R̂ and shows the similarity or divergence of di!erent control strategies
in explaining the data. To assess how well they allow to fit the data, we employ the classical
reduced #2 statistics to evaluate the goodness-of-fit for each of the two models, considering the
degrees of freedom [179]:

#2
red = 1

n$ " 1 " k

n#*

j=1

(yj " ŷj)2

ŷj
(4.3)

where n$ is the number of data points until phase-out, k is the number of parameters in the
model, yj are estimated values (from data) and ŷj the expected ones (from model simulations).

4.3 Results

First, we focus on the conceptual analysis of the e!ect of preventive mitigation interventions,
initially for single measures (social distancing, active protection and active quarantining) and
subsequently for a number of synergistic approaches. Additionally, we compare them to the
e!ect of isolating contagious individuals. In particular, we study how crucial quantities, namely
R̂, the infectious peak height and time to zero infectious T, depend on mitigation parameters.
We define T as the time when there are less than 0.5 individuals in the I compartment, because
ODE models approximate discrete quantities with continuous variables. Finally, we perform model
fitting and intervention assessment over a set of countries. This provides quantitative outputs
about the e!ectiveness of control measures, informing about the synergies applied and enabling
cross-comparison.

4.3.1 Simulations of single mitigation measures

Only social distancing

The parameter " captures social distancing e!ects, taking values in the interval [0, 1], where 0
indicates no contacts among individuals while 1 is equivalent to no action taken. To perform the
current simulations, we assume a delay ! in implementing the measures of 10 days. Such value
does not modify the qualitative behavior of the epidemic dynamics but influences the quantitative
estimations of peak height and mitigation timing. We refer to S1 Text for further discussion.
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Overall, Fig. 4.2 reports simulation results about the e!ects of ". The curve of infectious is
progressively flattened by social distancing (4.2a) and its peak mitigated (4.2b). However, the
time to mitigation gets delayed for decreasing ", until a threshold yielding a disease-free equilibrium
rapidly (4.2c). In this case, the critical value for " is 0.4, leading to R̂ < 1. Fig. 4.2c reveals that
the dependence of T on " is not monotonous. With the current settings, values of " $ 0.3 are
best e!ective to minimise the mitigation timing. In general, the optimal " value that minimises
mitigation timing depends on ! , as discussed in supporting S1 Text. In fact, longer delays in
issuing interventions are not only associated with higher peaks in the infection curves, but also
in more stringent parameter values that are necessary to obtain minimal T. This fact further
stresses the importance of prompt interventions to control the quantitative aspects of epidemic
mitigation.

b) c)a)

Figure 4.2: (a) E!ects of social distancing on the epidemic curve. The grey area indicates when measures are not
yet in place. (b) The peak is progressively flattened until a mitigation is reached for su"ciently small ". For these
settings, the critical value for " is 0.4 (it pushes R̂ below 1). (c) Unless " is small enough, stronger measures of
this kind might delay the mitigation time T of the epidemic.

Only active protection

As discussed above and in S1 Text, our simulations take into account 10 days delay from the first
infection to the initiation of active protection. Small values can reflect continuous improvement of
protection measures (as people learnt better how to deal with the virus) or di!erent vaccination
strategies (thus going beyond non-pharmaceutical strategies). Higher values are considered to
model certain e!ects of a step-wise hard lockdown (see following paragraph). The results are
reported in Fig. 4.3. We see that small precautions can make an initial di!erence (Fig. 4.3a,b).
The time to zero infectious is decreased with higher values of active protection (Fig. 4.3a,b). In
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particular, µ = 0.01 d!1 mitigates the epidemics in about 6 months by protecting 70% of the
population. Higher values of µ achieve mitigation faster, while protecting almost 100% of the
population. It is probably not fully realistic to consider that these protection rates are obtained
only by isolation. Instead, they could represent improved hygiene routines or vaccination strategies
and are thus worthy to consider.

b) c)a)

Figure 4.3: (a) E!ects of active protection on the infectious curve. The grey area indicates when measures are
not yet in place. µ is expressed in d"1. (b) Dependency of peak height on µ: the peak is rapidly flattened for
increasing µ, then it is smoothly reduced for higher parameter values. (c) High µ values are e!ective in anticipating
the mitigation of the epidemic, but require protecting more than 90% of the population.

In addition to what analysed above, we also consider strategies which isolate many people at once
[180]. This corresponds to reducing S to a relatively small fraction rapidly. Since µ is a rate, we
mimic what could happen during a step-wise hard lockdown: large values of µ, but whose e!ect
only lasts for a short period of time (Fig. 4.4b). We thus use the notation µld. In the figure, an
example shows how to rapidly protect about 68% of the population with a step-wise µld function.
In particular, we use an average four-days long step-wise µld function (Fig. 4.4b) to mimic the
rapid, but not abrupt, change in mobility observed in many countries by Google Mobility Reports
[166] (Fig. 4.4c). The e!ects of strong, rapid protection are reported in Fig. 4.4a, showing that
such strategy is e!ective in mitigating the epidemic curve and in reducing the time to mitigation.

Only active quarantining

Controlling latent carriers before symptom onset is an important strategy to limit transmission.
We here consider how mitigation is achieved by targeted interventions, e.g. by contact tracing,
and we quantify the interplay between precision and delay in tracing, thus expanding [181]. As

55



Mathematical modeling of suppression strategies against epidemic outbreaks

Feb 25 Mar 03 Mar 10 Mar 17 Mar 24 Mar 31 Apr 07
Date 2020   

-100

-80

-60

-40

-20

0

20

M
ob

ilit
y c

ha
ng

es
 w

rt 
ba

se
lin

e 
[%

]

Google Mobility Data

AT
CH
DK
IR
IL
LO

b)a) c)

Figure 4.4: (a) Flattening the infectious curve by hard lockdown. Rapidly isolating a large population fraction is
e!ective in mitigating the epidemic spreading. (b) Modeling hard lockdown: high µld (orange) is active for four
days to isolate and protect a large population fraction rapidly (blue). As an example, we show µld = 0.28 d"1

if t ! [10, 14]. It results in protecting about 68% of the population in two days. Higher values, e.g. µld = 0.65
d"1 would protect 93% of the population at once. (c) Google Mobility Report visualization [166] for analysed
countries, around the date of measures setting. Each line reports the mean in mobility change across Retail &
Recreation, Grocery & Pharmacy, Transit stations, and Workplaces, around the date of implementation of the
measures. A minimum of four days (from top to bottom of steep decrease) is required for measures to be fully
e!ective. Abbreviations explanation: AT = Austria, CH = Switzerland, DK = Denmark, IL = Israel, IR = Ireland,
LO = Lombardy.

above, not only we consider the impact on R̂ but on the whole infectious curve, its height and its
time evolution.
The simulations in this part are based on realistic assumptions: testing a person is e!ective only
after a few days that that person has been exposed (to have a viral charge that is detectable).
This induces a maximal quarantining rate +, which we set + = 0.33 d!1 as testing is often
considered e!ective after about three days from contagion [182]. Therefore, we get the active
quarantining rate # = #$ · +, where #$ is a tuning parameter associated e.g. to contact tracing.
As + is fixed, we focus our analysis on #$. As above, we also assume that testing starts after the
epidemic is seen in the population, i.e. some infectious are identified with 10 days delay in the
activation of measures.
The corresponding results are reported in Fig. 4.5. The curve is progressively flattened by latent
carriers quarantining and its peak mitigated, but the time to mitigation gets delayed for increasing
#$. This happens until a threshold value of #$

thr = 0.9 that pushes R̂ below 1. This value holds if
we accept a strategy based on testing, with + = 0.33. If preventive quarantine of suspected cases
does not need testing (for instance, when it is achieved by contact tracing apps), the critical #$

value could be drastically lower. In particular, #$
thr = 0.3 d!1 if + = 1 d!1, i.e. latent carriers are

quarantined the day after a contact.
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b)a) c)

Figure 4.5: (a) E!ects of active latent carriers quarantining on the epidemic curve. The grey area indicates when
measures are not yet in place. (b) The peak is progressively flattened until a disease-free equilibrium is reached for
su"ciently large ##. (c) Unless ## is large enough, stronger measures of this kind might delay the mitigation of the
epidemic. Note that the critical ## can be lowered for higher $, e.g. if preventive quarantine does not wait for a
positive test.

The parameter #$ tunes the rate of removing latent carriers. Hence, it combines tracing and
testing capacities, i.e. probability of finding latent carriers (Pfind) and probability that their tests
are positive (P+). The latter depends on the false negative rate 0! as

P+ = (1 " 0!) . (4.4)

So, #$ = Pfind · P+. Hence, mitigating the peak of infectious requires an adequate balance of
accurate tests and good tracing success as reported in Fig. 4.6. Further quantifying the latter
would drastically improve our understanding of the current capabilities and of bottlenecks, towards
a more comprehensive feasibility analysis.

Figure 4.6: Assessing the impact of Pfind and P+ on the peak of infectious separately. This way, we separate the
contribution of those factors to look at resources needed from di!erent fields, e.g. network engineering or wet lab
biology. Solutions to boost the testing capacity like [183] could impact both terms.
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Only isolation of infectious

Isolating contagious individuals is a first step to contrast the pandemic, on top of preventive
measures. In this section, we consider its e!ect alone, to be compared with that of other single
parameters shown above. As discussed above, we here consider simulations that include a delay of
10 days from the first infection to the initiation of the measures. Quantitative changes associated
with di!erent ! are discussed in the supporting S1 Text. The results are reported in Fig. 4.7.
Targeting the infectious population means that fewer people can spread the contagion. The
curve of infections is progressively flattened, the more rapidly contagious people are identified and
isolated, until a threshold value $ = 0.51 (for our initial parameters). In turn, the mitigation time
gets longer if $ is increased, but has not yet crossed the threshold value. These findings point to
the importance of complementing the control of contagious individuals with additional preventive
measures such as the ones presented above. We acknowledge that these results are valid on
average, but that breaking the infectious chain at specific links can have additional benefits in
heterogeneous social networks.

b) c)a)

Figure 4.7: (a) E!ects of isolation of contagious individuals on the epidemic curve. The grey area indicates when
measures are not yet in place. (b) The peak is progressively flattened until a disease-free equilibrium is reached
for su"ciently large !. (c) Unless ! is large enough, stronger measures of this kind might delay the mitigation of
the epidemic. Note that the critical ! can be higher if there is delay in intervening, i.e. if infectious individuals are
isolated after several days and can thus spread the infection.

4.3.2 Synergistic scenarios

Fully enhanced active quarantining and active protection might not be always feasible, e.g. be-
cause of limited resources, technological limitations or welfare restrictions. On the other hand,
the isolation of a limited portion of contagious individuals could not be su"cient. Therefore a
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synergistic approach is very attractive as it can flatten the curve with combinations of interven-
tions that target di!erent population groups and require distinct resources. This section shows
a number of possible synergies, concentrating as before on abstract scenarios to investigate how
combining di!erent mitigation programs impact the control parameter R̂ (cf. Eq. D.2), the
infection curves and the mitigation timing.
As case studies, we consider the 6 synergistic scenarios listed below. Parameters are set without
being specific to real measures taken: their value is so far conceptual and meaningful when com-
pared across scenarios. Just like above, we consider a 10 days delay from the first infection to
issuing measures; as suggested in other studies [184], delaying action could worsen the situation.
To di!erentiate between a rapid isolation and a constant protection, we use µld (associated to
“hard lockdown strategies”, see Section 4.3.1) separated from µ. To get R̂ when measures are
initiated, we follow Eq. D.2, considering # = #$ · + as in Section 4.3.1. Our scenarios are the
following:

1. During the first COVID-19 wave, many European countries opted for a lockdown strategy.
A quite large fraction of the population was isolated, individuals were recommended to
self-quarantine in case of suspected positiveness, social distancing got mandatory but was
sometimes not fully followed, masks and sprays were suggested for protection. So, we set
an initial “rapid protection” µld = 0.12 to protect around 38% of the population quickly.
Then we chose " = 0.7, #$ = 0.12, $ = 0.12 and µ = 0. This yields R̂ = 0.65.

2. In case that isolation of contagious individuals fails, an alternative procedure is to rapidly
protect only the population fraction at high risk (µld = 0.06, driving 15% of initial S to
P). Social distancing and latent carrier quarantine should then be enforced (" = 0.65,
#$ = 0.55). This gives R̂ = 0.67.

3. In case both preventive quarantine of latent carriers and isolation of contagious are not
greatly e!ective (#$ = 0.03, $ = 0.07), and in case of low protection rate and scarce
isolation (µ = 0, µld = 0.08), we rise social distancing for all individuals doing business as
usual (" = 0.45). In this case, R̂ = 0.64.
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4. If there are no safety devices that provide an adequate protection (µ = 0) and no isolation
is foreseen (µld = 0), we set " = 0.6, #$ = 0.2, $ = 0.25 to get R̂ = 0.65.

5. This case has higher R̂ than the previous ones, namely R̂ = 0.84. The corresponding
parameters are µld = 0.1, µ = 0.002, " = 0.7, $ = 0.1. This shows that even low
enforcement of single interventions can achieve R̂ < 1, even thought the corresponding
mitigation is slower.

6. Finally, we consider “draconian” [185] measures such that R̂ = 0.32 only through isolation
and massive screening, that targets Exposed and Infectious individuals. So, µld = 0.3,
#$ = 0.1, $ = 0.2 while " = 1 and µ = 0. This points to the importance of tracing
capacities to minimise the total isolation period.

a) b) c)

Figure 4.8: Simulations of the 6 synergistic scenarios. (a) Curves of infectious Individuals, (b) Cumulative cases.
The grey area indicates when measures are not yet in place. It is evident that scenarios leading to similar R̂ could
show di!erent patterns and mitigation timing. (c) Distribution of times to zero infections T for di!erent scenarios.

Simulation results in Fig. 4.8 show that di!erent synergies can lead to di!erent timing, even
though the peak is contained similarly (Fig. 4.8a). This has an impact on the cumulative number
of cases (Fig. 4.8b) that will be reflected on the death toll. This holds even when the R̂ values
are very close, as in scenarios 1 to 4: even though R̂ is the main driver of the epidemic, the
contribution of finer-grained parameters is relevant for the fine-tuning of interventions. Focusing
on scenarios 2 and 3, we notice that prevention measures and latent quarantine accelerate the
mitigation, even when isolating only vulnerable people. This achieves similar e!ects as strong
social distancing. In addition, active protective measures with relatively low values further concur
in mitigating the peak. This finding asks for rapid assessment of masks and sanitising routines.
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Overall, the strength of mitigation measures influences how and how fast the epidemic is flattened.
µld mostly governs the peak height after measures are implemented, " mainly tunes the curve
steepness together with µ, while # shifts the decaying slope up and down. Overall, a R̂ < 1

su"ces to avoid breakdown of the health system, but its e!ects could be too slow. Decreasing
its value with additional synergistic interventions could speed up epidemic mitigation. A careful
assessment of measures’ strength is thus recommended for cross-country comparison.

4.3.3 Model fitting and interventions assessment

In this section, we test our results on several datasets, to estimate the likely impact of di!erent
strategies and to show which combination could have yield a similar R̂.. This way, we show how
countries could achieve mitigation through a synergy of control measures with similar impact on
the epidemic but di!erent management and possibly socio-economic impact.

Model fitting

As described in the Methods section, we first estimate the “model consistent” date of first infection
t0, i.e. the temporal initial condition for the SPQEIR model. Comparing this date with the
starting date for intervention measures (Table 4.1) corresponds to estimating ! for each country.
We do not claim this to be the true date of first infection in a country; it is the starting date
of infections in case of homogeneous transmission, under the assumption of no superspreading
events [186], and with the hypothesis of coherent R0 (cf. Table 4.2). During the second fitting
step, we also estimate the date at which mitigation measures start having e!ect on the infectious
curve, tm. Comparing tm with o"cial intervention dates from Table 4.1, we notice that about 8
days are necessary to register lockdown e!ects. This is consistent to early findings on lockdown
e!ectiveness [187]. Estimated dates are reported in Table 4.3.
Then, we fit mitigation parameters to data of active cases, from the estimated starting date of
control measures tm to phase-out tp (cf. Table 4.1). The active parameters for the fit are reported
in the same table. For the protection parameter, we used µld acting on 4 days (as introduced
in Fig. 4.4) since it better reflects the rapid population-wide protection that happened during
the first COVID-19 wave. Since S ' N , its quantitative impact is anyway greater on the S
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Country AT DK IR IL LO CH
1st o!cial detection 24 Feb 04 Mar 29 Feb 21 Feb 21 Feb 25 Feb
t0 22 Jan 22 Jan 29 Jan 24 Jan 05 Jan 14 Jan
tm 26 Mar 21 Mar 06 Apr 30 Mar 19 Mar 21 Mar

Table 4.3: Dates of o"cial detection of first COVID-19 case [161], estimated dates for first infection t0 (according
to Eq. 4.2) and date at which measures start being e!ective tm, per country.

compartment. The results of the model fitting are reported in Fig. 4.9. The SPQEIR model, with
appropriate parameters for each country (cf. Table 4.1), is fitted to reported infection curves and,
overall, model fitting have good agreement with data. This supports the model structure as very
simple yet realistic enough to capture the main dynamical behaviour of the infection curves in
multiple countries. In addition, it allows for each country to obtain multiple sets of parameters
representing di!erent strategies. We notice that the e!ect of social distancing (") is predominant
as it homogeneously prevents the big pool of Susceptible individuals to stream into the Exposed
compartment. However, also tracing and isolation can have a considerable e!ect in complement-
ing population-wide interventions. The values associated to the fitted parameters correspond to
non-negligible numbers of individuals a!ected by the interventions. Such values are discussed in
S1 Text. This is informative about how synergistic approaches can realistically explain the mitiga-
tion of the infectious curve, and highlight the potential advantages associated with modifying the
combination of strategies in subsequent epidemic waves. Finally, it allows a comparison between
di!erent countries through the corresponding best fit parameters. For Ireland, although initial
social distancing advises were issued on 13th March (cf. Table 4.1), fitting the complete curve
was only possible when considering the lockdown date (28th March) as the major driver of the
mitigation.
Model fitting is slightly hindered by data quality. For instance, Ireland reported intermittent data,
while Lombardy is not perfectly represented, probably because of some data reporting issues and
larger heterogeneity in its spacial patterns.

Finally, the reduced #2 metric (Eq. 4.3) reports that the complete SPQEIR model and the simple
social distancing one attain similar goodness of fit, although values for the SPQEIR are slightly
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lower in all cases. Country-specific extra parameters (cf. Table 4.1) are thus useful to fine-tune
the reproduction of epidemic curves, as noticed in the conceptual analysis Sec. 4.3.2. This shows
that synergistic measures are able to provide a similar mitigation of the curve of infections, and
an analogous R̂, as the pure social distancing scenario. In turn, synergistic approaches allow
lower social distancing values, possibly having less severe social and psychological impacts on the
population. This in turn supports the use of several interventions to control the epidemic curve
in an e!ective and timely manner, while balancing social benefits. In addition, the SPQEIR is
confirmed to be informative, on top of being fully interpretable and linked to recognised social
policy categories.

Figure 4.9: Results of model fitting. Infection curves for the considered countries (dotted) are fitted with the SPQEIR
model with appropriate parameters (red curves). We also show a comparison with the fitted curve obtained from the
“basic” SEIR model with only social distancing (turquoise curves). Parameter values are reported for each country,
as well as the corresponding R̂ (for the grey area, following Eq. D.2) and #2

red. The period of measures enforcement,
from tm to tp, is highlighted by the grey region. Time progresses from the estimated day of first infection t0 (cf.
Table 4.3). Population fraction refers to country-specific populations (cf. Table 4.1). After phase-out, we prolong
the fitted curve (parameter values unchanged) to compare observed data with what could have been if measures
had not been lifted (dashed lines). From the data, we can observe a resurgence of cases that points to possible
“second outbreaks” (particularly in Israel).
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Cross-country interventions assessment

Fitting a number of countries with the same model containing the same epidemiological parameters
allows to perform a comparison on the e"cacy of their interventions, to inform future decision
making. In Fig. 4.9, parameter values providing the best fit of model to data are reported, together
with the simulation results (mean values) calculated by the lmfit algorithm [188]. Di!erent
synergies yield similar values for R̂, but the curve is di!erent in its evolution as already observed
in the previous sections. As expected from the model analysis above, the lower R̂ is (below 1),
the faster the mitigation of the epidemic. In addition, di!erent parameter combinations generate
curves that di!er in amplitude and time evolution. This might well explain di!erences in reported
total cases and deaths between various countries. Comparing Austria, Denmark and Lombardy, we
observe that contact tracing and monitoring contribute to speeding up the curve decay, despite the
fact that population-wide interventions played so far a major role. In general, combined isolation
and tracing strategies would reduce transmission in addition to social distancing or self-isolation
alone. In general, a strong, rapid lockdown that combines protection and social distancing seems
the best option, as also suggested by the conceptual analysis. However, intervening with additional
synergies is a viable option to mitigate the epidemic faster and with lower social values.
Finally, we observe the value of timely interventions: we see that intervening earlier with respect
to the date of first infection helps reducing the daily curves by almost a factor of 10. For instance,
we can compare Denmark and Lombardy in Fig. 4.9: the first one got a peak corresponding
to about 0.08% of the whole population, while the second region registered a number of active
cases of about 0.5% of the whole population. This translates in more than 3800 infectious on the
Danish peak, and on more than 37000 on Lombardy’s.

4.4 Discussion

The SPQEIR model assesses and compares the e!ectiveness of several control measures to mitigate
the COVID-19 epidemic curve. It integrates previous literature and considers synergy strategies
often considered alone. In particular, we focus on preventive measures, i.e. those that target
people that are not yet fully infectious. Initially, we perform conceptual simulations to investigate
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the e!ect of single and combined measures not only on R̂, but also on the complete time evolution
of the infectious curve. Then, we compare them with the isolation of contagious individuals. The
possibility of choosing among several strategies is of practical importance for decision makers:
a comparison of Figs. 4.2, 4.3, 4.5 and 4.7 reveals that increasing social distancing delays and
decrease the height of the peak of infections, increasing active protection as well decreases the
height of the peak of infections, but anticipates the occurrence of such peak, increasing active
quarantining also delays and decrease the height of the peak of infections like social distancing,
but the same peak mitigation by active quarantining is associated with shorter delays than with
social distancing.
Moreover, the model is fitted to several countries, to estimate the plausible impact of synergistic
strategies. The fit is performed until phase-out dates for the first epidemic wave (winter-spring
2020), when measures are progressively lifted and therefore the model assumptions do not hold
anymore. We remark that the current set of parameters may not be unique, as there is high cor-
relation among parameters. This is a common identifiability issue of SIR parameters, particularly
when several of them contribute to the same control parameter R̂ [189]. For instance, the lmfit
diagnostic reports 0.9 correlation between " and µld and 0.99 between " and #, for Austria. This
means that they can equally well explain the evolution of the curve, so they could be alternatively
chosen for epidemic control, while targeting di!erent population groups. This is in line with our
above analysis, as we aim at showing how di!erent combinations of interventions can tune the
mitigation of infection curves. We remark that, due to this degeneracy of parameters (i.e. several
combination can yield to same R̂), the ones reported in Fig. 4.9 constitute a reasonable set ob-
tained by an automatic least-square algorithm, but estimating their true values (inverse problem)
needs to be complemented with alternative, targeted approaches.
In Fig. 4.9 we extrapolate the model, with same parameter values, after phase-out (dashed lines),
to compare observed data to the most optimistic scenario, where measures would not have been
lifted. We observe that, up to July 8th, the infection curves mostly maintained an inertial de-
creasing trend: despite some fluctuations that make them generally higher than the best scenario,
they kept on following a downward trend similar to that of the model. We speculate that this
phenomenon is linked to changed behaviors, face masks [190] and improved sanitising practices
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that maintained social distancing values, as well as contact tracing practices issued by many coun-
tries along with the phase-out. However, some countries (Israel in particular, but also Austria)
already showed a worrisome upward trend, eventually associated to a second outbreak [163]. As
this is not a low probability event, we stress the usefulness of our analysis to prepare for future
developments in pandemic progression.
It has been asked whether the peak of infections was reached because of herd immunity or because
of interventions [191]. An added value of this study is to confirm that the peak of infection, for
the considered countries, was not reached because of herd immunity. On the contrary, it is the
e!ect of a number of mitigation measures that reduced the number of cases artificially. This
should warn about the high numbers of people that are still susceptible.

We acknowledge the limitations of our analysis. Due to its structure and the use of ordinary
di!erential equations, the model only accounts for average trends. However, it cannot reproduce
fluctuations in the data, being them intrinsic in the epidemic, or from testing and reporting proto-
cols that might di!er among countries. The model focuses on initialization of measures that last
for short-medium periods, as it does not include out-fluxes from the “safeguarded” compartments
P and Q. This assumption is not completely realistic and we are aware that household infections
concurred to a significant number of contagions. Like other studies [192], our simulations thus
underestimate the disease burden coming from this source. However, the synergy with other
parameters can retain the modulation of the dynamics posed by di!erent behaviors. Overall, our
model is used to assess the validity of control measures rather than to predict the complete evolu-
tion of the epidemic. Similarly, in order to concentrate on the generic control of infectious curves,
we did not include further compartments about hospitalization, as they are already upstream with
respect to the I compartment, nor we considered asymptomatic patients, that would not impact
the main findings about synergistic mitigation. In addition, the constant nature of parameters
used in this analysis allows good agreement between model and data when countries implemen-
ted rapid and strong measures point-wise in time, with little follow-ups. Further studies, with
time varying parameters, could obtain more precise values. In the same way, transferring models
from country to country requires fulfilling the same assumptions on model structure and basic
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hypothesis. This is shown by the di!erent fitting performances, that suggest that a transfer is not
always possible. The same fitting performance is often impacted by the data quality, related to
monitoring, testing and reporting; despite our carefulness in selecting countries that had similar
positive rates, there could be additional uncertainties to the parameter values that we estimated.
Finally, we remark that the retrospective dates in Table 4.3 should be interpreted under the model
assumptions: they could suggest that the first infection happened several weeks before the o"cial
detection, but they could as well be associated to the inherent identifiability limits of SIR-like
parameters [193, 194].
In general, this study is not intended to make a ranking of country responses, nor to suggest
that di!erent strategies could have led to better outcomes. Contrariwise, it should be used as a
methodological step towards quantitatively inquiring the e!ect of di!erent intervention categories
and of their combinations. It examines possible abstract scenarios and compares quantitative,
model-based outputs, but it is not intended to fully represent specific countries nor to repro-
duce the epidemic complexity within societies. In fact, the model does not provide fine-grained
quantification of specific interventions, e.g. how e!ective masks are in protecting people, how
much proximity tracing apps increase Pfind, how changes in behavior are associated with epi-
demic decline [195] and so on. We acknowledge that the new compartments cannot perfectly
match policy measures, but are a reasonable approximation. Some real measures might also
a!ect multiple parameters at once, e.g. safety devices and lockdown could impact both µ and
". Comparing results of this macro-scale model with those of complex, micro-scale ones [141]
could inform researchers and policy makers about the epidemic dynamics and e!ective synergies
to hamper it. Any conclusion should be carefully interpreted by experts, and the feasibility of
tested scenarios should be discussed before reaching consensus.

4.5 Conclusion

We have developed a minimal model to link intervention categories against epidemic spread to
epidemiological model compartments. This allows quantitative assessment of non-pharmaceutical
mitigation strategies on top of social distancing, for a number of countries. Strategies have di!er-
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ent e!ects on epidemic evolution in terms of curve flattening and timing to mitigation. As with
previous studies [167, 196], we have observed the need to enforce containment measures (i.e.,
detect and isolate cases, identify and quarantine contacts and at risk neighborhoods) along with
mitigation (i.e., slow down viral spread in the community with social distancing).
By extending the classic SEIR model into the SPQEIR model, we distinguished the impact of
di!erent control programs in flattening the peak and anticipating the mitigation of the epidemic.
Depending on their strength and synergy, non-pharmaceutical interventions can hamper the dis-
ease from spreading in a population. First, we performed a complete sensitivity analysis of their
e!ects, both alone and in synergy scenarios. Then, we moved from idealised representations to
fitting realistic contexts, allowing preliminary mapping of intervention categories to abstract pro-
grams. We verified that the model is informative in interpolating the infection curves for a number
of countries, and performed cross-country comparison. We could then obtain model-based outputs
on the strength of interventions, for a number of countries that respected the model assumptions.
This provides better, quantitative insights on the e!ect of mitigation measures and their timing,
and allows improved comparison.

Overall, this work could contribute to quantitative assessments of epidemic mitigation strategies.
To tackle current epidemic waves, and against possible resurgence of contagion [197] (also cf.
Fig 4.9), better understanding the e!ect of di!erent non-pharmaceutical interventions could help
planning mid- and long-term measures and to prepare preventive plans while allowing a relaxation
of social distancing measures. In fact, this synergistic approach still remains of high importance in
this second lockdown times, where countries still need to balance di!erent non-pharmaceutical in-
terventions to keep the infection at bay while complementing vaccination strategies and containing
the impacts on other aspects of society.

4.6 Shinyapp

A user-friendly online shinyapp to interactively simulate di!erent scenarios with the SPQEIR
model is available on: https://jose-ameijeiras.shinyapps.io/SPQEIR_model/. It allows
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to reproduce the present outputs and to perform sensitivity analysis.
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Conclusion 1

The developed SPQEIR model allows a model-based output for a quantitative estimate and
comparison of the e!ect of NPI in various countries. The investigation allows to deal with
the possible resurgence of contagion [197] and the actual epidemic waves. Furthermore,
it gives a better understanding of the e!ects of the di!erent NPI. My analyses show that
a rapid and strong lockdown leads to similar mitigation than a combination of social
distancing, lower isolation rates and early contact tracing. In the model of Chapter 5, NPI
plays a crucial role as the parameter for social interaction " takes into account exactly
for that. The social interaction parameter is time-dependent in order to characterize
the di!erent phases of COVID-19 such as lockdown and reopening. Additionally, the
extended model has the elements of hospitalization, death, vaccination, undetected, ICU
and recovered.
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CHAPTER 5
COVID-19 POTENTIAL PATH TOWARDS HERD IMMUNITY IN

AUSTRIA, LUXEMBOURG AND SWEDEN

This chapter is based on
Françoise Kemp, Daniele Proverbio, Atte Aalto, Laurent Mombaerts, Aymeric Fouquier dHérouël,
Andreas Husch, Christophe Ley, Jorge Gonçalves, Alexander Skupin, Stefano Magni. Modelling
COVID-19 dynamics and potential for herd immunity by vaccination in Austria, Luxembourg
and Sweden. Journal of Theoretical Biology. Volume 530,2021,110874, ISSN 0022-5193, ht-
tps://doi.org/10.1016/j.jtbi.2021.110874.
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Introduction 2

In this publication, I extended the SEIR model introduced in Chapter 3.3.2 by compartments
for hospitalization, ICU, undetected cases, vaccination and death in order to simulate the
spreading of COVID-19 and its specific implications. COVID-19 is a novel coronavirus,
detected in December 2019 in Wuhan (China). The extended SEIR model is calibrated for
three countries: Austria, Luxembourg and Sweden until 15 December 2020. Additionally, I
developed a method to calculate the reproduction number as it allows the estimation of the
minimum size of the immunized population needed to reach herd immunity. In particular,
I estimated the vaccination rates which are needed to reach herd immunity by 2021 in
relation to the social interactions and active infections.
For the project I designed the study, developed, implemented the model and performed all
simulations. Furthermore, I analyzed, interpreted the results and wrote the first draft.

73



COVID-19 potential path towards herd immunity in Austria, Luxembourg and Sweden

Abstract

Against the COVID-19 pandemic, non-pharmaceutical interventions have been widely applied and
vaccinations have taken o!. The upcoming question is how the interplay between vaccinations
and social measures will shape infections and hospitalizations. Hence, we extend the Susceptible-
Exposed-Infectious-Removed (SEIR) model including these elements. We calibrate it to data of
Luxembourg, Austria and Sweden until 15 December 2020. Sweden results having the highest
fraction of undetected, Luxembourg of infected and all three being far from herd immunity in
December. We quantify the level of social interaction, showing that a level around 1/3 of before
the pandemic was still required in December to keep the e!ective reproduction number below 1,
for all three countries. Aiming to vaccinate the whole population within 1 year at constant rate
would require on average 1,700 fully vaccinated people/day in Luxembourg, 24,000 in Austria
and 28,000 in Sweden, and could lead to herd immunity only by mid summer. Herd immunity
might not be reached in 2021 if too slow vaccines roll-out speeds are employed. The model
thus estimates which vaccination rates are too low to allow reaching herd immunity in 2021,
depending on social interactions. Vaccination will considerably, but not immediately, help to curb
the infection; thus limiting social interactions remains crucial for the months to come.

5.1 Introduction

In December 2019, a novel strain of coronavirus SARS-CoV-2 (severe acute respiratory syndrome
coronavirus 2) was first reported in Wuhan, China. In severe cases, it causes an acute respiratory
distress syndrome (ARDS), which can lead to respiratory failure, septic shock, multi-organ failure
and death [198]. By mid December 2020, worldwide 72 million confirmed cases and 1,6 million
dead people had been identified to be infected with SARS-CoV-2.
To help mitigating the coronavirus disease 2019 (COVID-19) pandemic, mathematical model-
ling has become a major tool in understanding its spreading [140]. As COVID-19 is currently
widely spread across the globe, short- and medium-term modelling forecasts assess the need for
containment strategies. For these purposes, one of the most employed models is the Susceptible-
Exposed-Infectious-Removed (SEIR) model, for which numerous extensions have been developed
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recently. Extensions including compartments for hospitals and deaths have been developed among
others for Italian regions [25] and Sweden [24]. An extension to investigate the crucial role of
asymptomatic cases was developed in [199]. One approach including a time-varying transmis-
sion rate was presented in [200] for France and Ireland. A network-based version of the SEIR
model focused on Italian regions [201] showed that the e!ects of the employed measures have
been decisive in preventing much worst outcomes. An extension including asymptomatic cases
showed that the timing of social distancing is crucial [202]. Various synergies of di!erent mitiga-
tion strategies can lead to similar suppression of the infection, with di!erent consequences [203].
Di!erent models were developed to investigate the e!ectiveness of specific non-pharmaceutical
interventions employed as lockdown-like measures and universal masking [204] or social distancing
and travel restrictions [205]. Di!erent measures have di!erent economical consequences, and the
epidemiological and economical aspects of the pandemic strongly influence each others [206].
In this study, we extend the SEIR model including a social interaction parameter, the presence
of undetected cases, vaccination and the disease progression through hospitals, ICU, recovery
and death. The aim is to understand the di!erent phases of the pandemic which occurred in
countries employing di!erent policies, and to investigate how the interplay between vaccination
strategies and social interactions might lead towards herd immunity throughout 2021. We focus
on the epidemic dynamics of three countries: Luxembourg, having the highest fraction of detected
COVID-19 cases per 100,000 inhabitants in Europe in December 2020; Sweden, following di!erent
intervention strategies, not imposing a full lockdown and considered having attempted to reach
herd immunity early on; Austria, showing dynamics comparable to Luxembourg. We calibrate
the model separately to publicly available data of each country, and employ it to compare the
epidemic dynamics during infection waves within and between countries.
The model is further used to investigate dynamical trends associated with vaccination. As several
vaccines became available at the end of 2020, systematic vaccination campaigns have taken o!
in a number of countries in the first months of 2021. They are of extreme interest, not only to
protect the most vulnerable people, but also to contribute to eradicate the virus in the population
through herd immunity [207]. Herd immunity is achieved when a certain fraction of the total
population is immune to the infectious disease (through natural infection or vaccination), so that
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the infectious agent can no longer generate large outbreaks [208]. Much remains to be learned
about immunity to SARS-CoV-2 [209], and there exist additional challenges to mass vaccination,
associated to supplying of vaccines and the logistic of their deployment. A key question in the
current COVID-19 pandemic is thus how and when herd immunity could be achieved [208].
To tackle this question, we use our model to investigate the potential impact of various vaccination
strategies and their synergy with social measures for the considered countries. We investigate
when herd immunity might be reached depending on vaccines rollout speed in plausible scenarios.
The desirable objective would be to achieve herd immunity primarily by mass vaccination, while
avoiding the saturation of healthcare systems and having as few cases and deaths as possible. In
fact, the alternative to achieve herd immunity primary by infection has been shown to pose severe
risks of overwhelming the health care system and to lead to high numbers of deaths [210].
With our study, we are aligned to a long standing tradition of using mathematical models in the
design of mass immunization programs [211]. Recently, some works presented results based on
simple models and conceptual scenarios [212–215]. Attainability of herd immunity by vaccination
in the UK is investigated in [216]. Instead, the presented model is calibrated on data from multiple
countries and includes compartments for disease progression and undetected cases and has the
scope to systematically investigate the interplay of vaccination strategies and plausible social
interaction scenarios in the pursuit of herd immunity. This model was also employed during the
ongoing pandemic to investigate the impact of reductions of social interaction and to generate
projections to inform policy-making.

5.2 Methods

5.2.1 Mathematical model

We develop a mathematical model of the transmission of COVID-19 within a country’s population,
extending the standard Susceptible-Exposed-Infectious-Removed (SEIR) model [217] to include
1) undetected cases; 2) varying social interaction; 3) the progression of severe cases through
hospitalization, intensive care and eventually death or recovery and 4) vaccination. The model,
Fig. 5.1, is implemented through a set of ordinary di!erential equations (Eqs. B.2 in Appendix).
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The total population N of the considered country is streamed at time t into 16 compartmental
variables, Tab. B.1. An important fraction of infected people is usually not detected [218], so
we introduce a separation between detected and undetected cases. One branch (detected cases)
can lead to quarantine and possibly to hospital and/or ICU. The other (undetected cases, either
because they are asymptomatic [199] or simply due to lack of testing) continues spreading the
infection until recovery or death. The probability of an infected individual to be detected is
indicated as p1 and assumes di!erent values for each country and wave of infections, Tab. B.2
and Tab. B.6.

Figure 5.1: Scheme of the mathematical model with the model construction is described in Sec. 5.2.1. Each
compartment is associated to a variable, see Appendix Tab. B.1 and Eqs. B.2. Each variable represents the fraction
of individuals in that state at a given time. Arrows represent flow of individuals between states, with associated
probabilities and rates reported in Tab. B.2. Their values for each country and wave are summarized in Tab. B.6.
Vaccination is assumed to occur at a constant rate, to have 100% e"cacy and to be administered to susceptible
individuals only. These assumptions lead to the projections involving vaccination to be optimistic, see Sec. 5.2.1
and Sec. 5.4.

Most model parameters represent either probabilities pi of going to one compartment or another, or
rates !i describing how fast individuals flow through compartments (i is an index over parameters,
their values are listed in Tab. B.2). Probability parameters determine which fraction of population
goes to one branch, which to the other. Rates, representing the inverse of the average length of
stay in a compartment, capture how fast (on average) individuals flow from one pool to the next.
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The only parameter not representing a rate or probability is the social interaction parameter " (t),
which tunes the average contact rate %. It represents the fraction of social interactions taking
place at any given time, with respect to the one pre-pandemic. Thus, a value of " (t) = 1 means
the same level of social interaction as in the beginning of 2020. This parameter incorporates non-
pharmaceutical interventions and changes in population behaviour similarly a!ecting the dynamics.
It changes whenever new measures or major updates in social interactions take place (lockdown,
schools opening/closure, summer vacation, etc.).
Mathematical models are necessarily simplifications of reality. They balance complexity, including
the factors crucial to answer the investigated questions and to learn useful real-world lessons, with
simplicity, as they need to be simple enough to be numerically and/or computationally tractable.
Hence, the present model relies on a number of assumptions.
As other SEIR models, the present model is deterministic and mean-field, so it does not describe
the stochastic aspects of the epidemic, e.g. super-spreading events, but concentrates instead
on its average evolution. Alternative approaches to ODE-based models have been developed,
e.g. agent-based models [219], recently applied e.g. in Luxembourg [220], Switzerland [221]
or Australia [222]. Deviations from mean-field e!ects are expected to play an important role in
periods of low infections numbers, where e.g. one or few super-spreading events can make the
di!erence between starting or not a wave of infections [223]. However, with high case numbers
we expect a deterministic description to be su"ciently accurate, especially when it comes to the
progression of infected individuals into more severe stages as hospitalisation, ICU and death.
The model does not include age structure. As COVID-19 case fatality rate, hospitalization and
ICU admission rates vary with age, the values of our parameters represent an average over age
groups. Instead of capturing the age-dependent risk of disease progression, the present model fits
and simulates aggregated hospitals and ICUs occupations and deaths. This allows to compare
simulated scenarios for the evolution of aggregated quantities under di!erent assumptions, for
which age structure is not crucial. Moreover, not considering explicitly the age structure reduces
the number of parameters to fit, thus improving calibration and reducing fitting uncertainties. In
addition, while in principle the e!ective reproduction number Re! (t) can be derived analytically
in age-structured SEIR-like models [224–226], the absence of age structure here contributes to
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make its derivation much more tractable in practice. Nonetheless, the current assumption could
lead our estimates to represent a pessimistic case, since previous computational studies have
shown that including age-dependent contacts in an agent based model can reduce the threshold
for reaching herd immunity [227].
The other factor contributing to make Re! (t) analytically tractable is the way we implement
vaccination. Vaccination is also modelled in a simplified manner, namely as individuals flowing at
a constant rate out of the susceptible compartment (see also B). This implies four assumptions.
First, we assume that vaccination proceeds at a constant rate. In reality, the rate depends among
other factors on vaccines availability; hence, the vaccination rate in the model is intended as an
average, reference value. Second, we use the terms vaccination and "vaccinated people" referring
to individuals who have been fully vaccinated (not those with half coverage from two-doses vac-
cines). This should be considered when comparing real numbers to the vaccination rollout speeds
employed in this paper. Third, we assume 100% vaccine e"cacy in preventing an individual from
getting infected, developing symptoms and infecting others. This is an optimistic approximation.
Fourth, we assume that only susceptible individuals are vaccinated, while in reality also recovered
individuals are. While the number of recovered individuals is in the countries and scenarios in-
vestigated here considerably lower than the number of susceptible, to some extent supporting this
approximation, removing this assumption would somewhat increase the vaccination rates needed
to obtain the same results with respect to our estimates. Overall, these assumptions make our
vaccination simulations an optimistic limit. However, the absence of age-structure makes our
estimates of the herd immunity threshold a pessimistic limit, so the two e!ects might compensate
to some extent, which is di"cult to quantify. The impact of the assumptions mentioned here is
discussed in more detail in Sec. 5.4.

5.2.2 Model calibration and fit to public data

The model is fitted to available public time-series data (from February to 15th December 2020),
independently for each wave and country. Detailed methodology, data and dates are discussed
in Appendix. These data are displayed in Fig. 5.2 for total detected cases (A, B, C) and cor-
responding daily new cases (D, E, F), hospital occupation (G, H, I), ICU occupation (J, K, L)
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and deaths (M, N, O). Subsequent waves of infections have occurred; we refer to them as 1st
and 2nd wave for Austria and Sweden, respectively for those starting in February and September.
Luxembourg had an additional wave during July (see Fig. 5.2 D). So, we refer to it as 2nd wave,
and to the rise in September as 3rd wave.
For each country and epidemic wave, we initially manually calibrate a set of parameters that allow
the simulations to fit the data while incorporating literature knowledge (see B). In the rest of the
paper, we will refer to this parameter set as “manual fit” or “manual calibration”. In particular,
these parameters are obtained from non-country-specific literature as [173, 178, 228], or from
country-specific literature or data as [229–232], or from assumptions. Details are provided in
B: rates and probabilities used are listed in Tab. B.6; social interaction parameter values and
their changes over time are displayed in Fig. 5.3 (main text) and listed in Appendix Tab. B.3
(Luxembourg), Tab. B.4 (Austria) and Tab. B.5 (Sweden). Values of the social interaction
parameter employed for a given time-period (between two changes in measures) are obtained by
best fitting the simulation of new cases to the moving average of the corresponding data. This
method already returns good agreement between simulations and data from several time-series
data (cf. Fig. 5.2), thus supporting our choice of parameters.
We further cross-validate the calibration of our model by Bayesian inference and Markov Chain
Monte Carlo (MCMC) methods (cf. B). Such methods have been widely applied in the framework
of the pandemic to infer epidemiological parameters from SEIR-based or other models, e.g. for
Spain [233], Germany [234] and in a comparison of 11 countries, including Austria and Sweden
[235]. Most of these studies did not include hospitalisations, ICU, deaths and undetected cases
and all of them focus on one country, except [235] which focuses on the basic reproduction number.
The set of MCMC simulations is performed to obtain an estimate of the parameters and to quantify
their uncertainties. The choice of prior probability distributions for the parameters is specified in
B; chains are verified to converge in B. The values of the manual fit are usually included within
the Bayesian credible intervals and are thus consistent (cf. Fig. B.3). We observe high degeneracy
between parameters, with combinations (e.g. ratios) of parameters being often better constrained
than individual ones (cf. Appendix, Figs. B.4 — B.10 and corresponding sections). The MCMC
is extremely useful to estimate the uncertainty that a!ects our estimate of parameters and their
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potential ranges of values, but it does not provide a unique parameter set due to poor identifiability,
common to SEIR models [189]. In fact, the two parameter sets obtained respectively from the
maxima of the posteriors (maximum a posteriori estimate) and from the means of the posteriors
are rather di!erent from each other due to asymmetric posteriors. Moreover, certain parameters
are poorly constrained by the data, resulting in rather flat posterior probability distributions. For
the simulations, we thus employ the manually calibrated parameter set, which is unique, consistent
with the results of the MCMC, and incorporates domain knowledge from literature as explained
in B.

5.3 Results

5.3.1 The model accounts for undetected cases and projects potential scenarios

The model (Fig. 5.1) is developed and calibrated so that it fits available time-series data from
considered countries (cf. Sec. 5.2.1). To improve the identification of the model parameters, we
cross-validate the manual calibration, used in model simulations, with a Bayesian fit (cf. B, B, B
and Fig. B.3). Data evolution and model simulations are reported in Fig. 5.2.
The model also accounts for undetected cases, through a dedicated compartment flow. In partic-
ular, the probability p1 of being detected is estimated for each country and wave from available
prevalence data, see Appendix Tab. B.6. These undetected cases are reported in panels A, B and
C of Fig. 5.2 as cumulative numbers. Over time, this number (violet dashed curve) is approx-
imately between one and two times the number of detected cases for Luxembourg and Austria,
while it is up to three to four times for Sweden. The percentage of undetected is in all three
countries higher than that of detected, which is in line with estimates like [236]. Nevertheless, for
Austria and Sweden the sum of detected cases and the estimated number of undetected cases until
December remains more than an order of magnitude smaller than the population of the country,
while for Luxembourg it is higher. In fact, our model shows that until the 15th December, the
percentage of population having been infected by SARS-CoV-2 in Luxembourg is about 18.3%
(7.2% detected and 11.1% undetected); in Austria 9% (3.7% detected and 5.3% undetected) and
in Sweden 14.5% (3.5% detected and 11% undetected). For all three countries, this made herd
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Figure 5.2: Data, model simulations and projections of total cases, daily cases, hospital and ICU occupation and
dead, for each country. Reported are: total cases (A, B, C), daily new cases (D, E, F), hospital occupation (G,
H, I), ICU occupation (J, K, L) and deaths (M, N, O). Such values are respectively estimated from Appendix
Eqs. B.8–B.12, for each country (see columns). In addition to model simulation, raw data are shown (red stars),
together with their weekly moving average (gray dots). Panels A, B, C also report (in violet) the cumulative
number of estimated undetected cases, obtained as the sum of undetected cases being either infectious, recovering,
recovered or dead, see Appendix. Entries of panel A’s legend hold for each panel, except the one for undetected
cases, displayed only in panels A, B and C. Projections for several months after the last data point illustrate the
potential simulated scenarios explained in the main text.

immunity still far from being reached in December 2020.
On top of reproducing the historical development, the model is employed to simulate potential
future scenarios of the epidemic in each country. In Fig. 5.2 (dashed lines), we simulate the
possible progression of the epidemic in the early months of 2021 until spring. Three scenarios are
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considered: one corresponds to no change in social interaction w.r.t. mid December; an optimistic
scenario where social interaction becomes as low as during the lockdown in March; a pessimistic
scenario where it becomes as high as in October. These three scenarios are meant to represent
an average outcome and two extreme, but plausible cases. While instructive, projections might
be accurate for few weeks, but less so on longer time periods as small changes in e.g. social
interaction and corresponding parameter can lead to large changes in the simulated outcome.
Consequently, their goal is mainly to investigate potential scenarios that might unfold from the
current situation [233] and compare them between each other.

5.3.2 Social interaction drives epidemic dynamics

The parameter " (t) tunes social interactions, and changes when new measures or major behavi-
oural changes occur. It is thus implemented as a piece-wise constant function of time. Its value
changes at specific dates tn when modifications in non-pharmaceutical measures took place. A
mean constant value "n is estimated from fitting model simulations to data, and assumed over the
subsequent period of time. The evolution of "n is reported in Fig. 5.3 for Luxembourg, Austria
and Sweden, respectively in panels A, C and E. Measures, dates and "n values are summarized in
Appendix Tab. B.3 (Luxembourg), Tab. B.4 (Austria) and Tab. B.5 (Sweden). When interpreting
the results for "(t), it should be recalled that it lumps both population-wide non-pharmaceutical
interventions and targeted ones. This choice contributes to make the calculation of Re! (t) ana-
lytically tractable, dramatically reduces the number of free parameters, reduces their estimated
uncertainties and does not require additional data stratified over population groups. In turn,
this description does not capture the e!ects of heterogeneous measures across population groups
(e.g. working sector, etc.). This aspect was instead investigated for Luxembourg in [206]. As a
result, "(t) corresponds to an estimate of the average social interaction across all groups of the
population.
Panels in Fig. 5.3 show values of "n from both manual calibration and Bayesian inference, which
are both proportional to daily cases number. Manually calibrated social interaction values are con-
sistent with the Bayesian estimates, falling within the 50% or 90% credible intervals (respectively,
dark green or light green bands). This supports the validity of manually calibrated "(t) values,
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Figure 5.3: Social interaction parameter " (t) and e!ective reproduction number Re! (t) for each country where
panels A, C, E: social interaction parameter " (t), manual and Bayesian estimates for Luxembourg, Austria and
Sweden. Dates of change and parameter values are reported in Appendix Tab. B.3 for Luxembourg, Tab. B.4 for
Austria and Tab. B.5 for Sweden. Panels B, D, F: e!ective reproduction number Re! (t), computed from Appendix
Eq. B.4, corresponding to the values of the social interaction parameter for Luxembourg, Austria and Sweden, from
their manually calibrated parameter sets.

which yield very good model fit to data of detected cases, see Fig. 5.2, panels A, B, C. This
identifies social interaction as an essential model parameter, in turn underlying the importance of
social interaction management for epidemic control.
Directly proportional to "(t) and to the susceptible population fraction is the e!ective reproduction
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number Re! (t). Its time evolution (analytical derivation in Appendix, see Eq. B.4 ) for each
country is displayed in Fig. 5.3, panels B, D and F. Step-wise changes in Re! (t) arise from changes
of " (t), while gradual changes are instead due to depletion of the pool of susceptible individuals.
The value of Re! (t) at the pandemic beginning provides the basic reproduction number R0

.=

Re! (t = 0). We estimate RLUX
0 ( 3.38 for Luxembourg, RAUT

0 ( 3.16 for Austria and RSWE
0 (

4.00 for Sweden. Such values are consistent with those of independent studies. In general,
estimates of R0 from Western Europe vary between 2 ad 6 [237–239], depending on country,
study, method and associated uncertainties. [235] estimates R0 = 3.11 for Austria and 2.89 for
Sweden, with posterior probability distributions extending from 2 to 4 (see Fig. 2 therein). In
Luxembourg, [220] provides a value of R0 = 2.45 with its baseline SEIR model. Our full estimates
of RLUX

e! (t) is also consistent with that reported in the o"cial Luxembourg government website
(https:275//covid19.public.lu/fr/graph.html, last accessed on 26/07/2021), estimated
with independent methods. There, R0 is estimated to be around 3.3.
From Fig. 5.3, we can evince the value of Re! at the last data-point, namely 15th of December,
which is 1.07 for Luxembourg, 0.97 for Austria and 1.01 for Sweden, all very close to Re! ( 1.
The percentage of social interaction (w.r.t. before the pandemic and corresponding measures)
needed at that date to have Re! (t) ( 1 was similar across countries: 36% in Luxembourg and
34% in both Austria and Sweden.

5.3.3 Parameter fitting reveals probability of hospitalization decreases between
waves

The social interaction parameter " (t) changes a limited number of times to represent changes in
non-pharmaceutical interventions or population behaviour. To fit the first waves of Luxembourg
and Austria, all other parameters are constant (though slightly di!erent between the two coun-
tries), as the time evolution of daily new cases, hospital and ICU occupation are alike, although
scaled and delayed. However, the same parameters from the first wave overestimate the hospital
progression during the second wave.
Fig. 5.4 reports the parameter fold-changes (FCs) between one wave and the subsequent. There,
we display the changes observed by di!erent fitting methods, to discuss how stable such results
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are. In the manually calibrated parameter sets (green circles) the probability of being hospitalized
when detected positive, p2, needs to be decreased between each wave and the subsequent, both
in Luxembourg and Austria (among other parameter changes). The same trend in the parameter
p2, which decreases considerably, is also observed in the maximum a posteriori estimate (blue
dots) from the Bayesian estimate both between the 2nd and 3rd waves of Luxembourg (panel
B), and between the 1st and 2nd waves of Austria (panel C). Only from the 1st to 2nd wave of
Luxembourg the Bayesian estimate shows a slight decrease for the maximum of the p2 estimate,
but conversely a slight increase in the mean (red squares). Notice that di!erent parameters
appear on the horizontal axes of di!erent panels. For Sweden, instead of a step-wise change,
we assume a continuous decrease in p2 (t) from 0.9 in March to 0.1 from June onward. This is
based on data of new daily cases and hospital admissions; further analysis is reported in B and
Fig. B.2 (panel D). These findings underline that, overall, the probability of being hospitalized
when detected (p2) decreased for subsequent waves of each investigated country. This likely
reflects the improvement and up-scaling of testing strategies over time, leading to an increased
capacity to detect asymptomatic or non-severe cases. In fact, p2 represents the probability of
being hospitalized if tested positive. So, more e!ective or widespread testing combined with
similar severity of the disease would result in a decrease of p2. Supporting this interpretation
is the fact that in Luxembourg and Sweden we estimated p1, the probability of being detected
positive if infected, to be higher (or constant at most) at subsequent times (see Appendix Tab. B.6
and corresponding sections).
The MCMC estimates do not fully reflect the changes in some parameters that we performed
between one wave and the next in the manually calibrated parameter set (see Fig. 5.4 and
Appendix Tab. B.6). These discrepancies could indicate that, due to the large uncertainty in
parameter identification in our Bayesian inference, multiple parameter sets could provide equally
good fit between model and data (see Appendix for further discussion about system identifiabil-
ity). Supposedly, means provide more robust information than maxima, which are representative
of the posterior distribution only when the posterior has a clear peak and is not almost flat. This
results in some of the FCs obtained from the maxima (large blue dots) having extreme values, in
particular those associated with !4, !5, !6 and !7, i.e. the rates involved in the patient progression
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through hospital and ICU.

D Sweden, 2nd vs 1st WaveC Austria, 2nd vs 1st Wave

A Luxembourg, 2nd vs 1st Wave B Luxembourg, 3rd vs 2nd Wave

Figure 5.4: Fold-changes (FC) of the estimates of each parameter, between a wave and the subsequent, for each
country. A: 2nd wave versus 1st wave, Luxembourg. B: 3rd wave versus 2nd wave, Luxembourg. C: 2nd wave
versus 1st wave, Austria. D: 2nd wave versus 1st wave, Sweden. The values for the parameters employed are
displayed in Appendix Fig. B.3 for both manual and Bayesian fit, and summarized in Tab. B.6 for the manually
calibrated parameter set. The vertical axes indicate log2 (F C), with F C

.= %2ndWave/%1stWave for each parameter,
generically indicated as % . A value of 0 corresponds to no change, 1 to doubling from the previous wave to the
next, "1 to halving from the previous wave to the next, and so on. The green small dots depict the fold changes
for the manually calibrated parameter sets. Errors on the means were computed by the standard error of the mean,
but are too small to be noticeable in the figure.

5.3.4 Social interactions strongly impact infection in early 2021, along with
vaccination

The model includes fully protective vaccination and investigates the interplay between its dynam-
ics and social interaction Three potential vaccination strategies (corresponding to three vaccines
rollout speeds) are simulated, starting from 1st January 2021: vaccinating all the country popula-
tion within the first 6 months of 2021, within 1 year, or within 1.5 years. These would correspond
to fast, average and slow rollout, respectively, and represent potential timelines that countries
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might attempt to implement.
For comparison, we consider the baseline case where no vaccination is performed. The results
are displayed in Fig. 5.5. Panels A, B, C report people fully vaccinated over time for various
scenarios, panels D, E, F display Re! (t), panels G, H, I the number of total detected cases and
panels J, K and L show the number of new daily detected cases. Dashed curves represent the
four di!erent vaccines rollout strategies. To investigate the interplay between social measures and
vaccination strategies, we simulate combinations of the two. We consider two alternative values
of social interactions: a value corresponding to the pessimistic scenario of Fig. 5.2 (going back
to the levels of October 2020, shown in red), and a value corresponding to the average scenario
(no change in social interaction w.r.t. December 2020, shown in blue). The optimistic scenario
for social interaction is not included, because it corresponds to full lockdown, unlikely to happen
for several months consecutively.
Panels A, B and C in Fig. 5.5 shows that, for high social interaction levels, a smaller number of
people will need vaccination, since more people already got infected naturally. Slower vaccination
strategies will also result in less people to be vaccinated as more people will by then have acquired
immunity naturally. These observations are consistent across considered countries.
Panels D, E and F report the simultaneous e!ects of social interaction and shrinking of the pool of
susceptible, due to both infection and vaccination, on Re! (t). In each country, for any vaccination
strategy as well as for no vaccination, the pessimistic scenario (red) starts with a higher Re! (t)

than the “no change” scenario (blue). However, the situation is eventually inverted due to larger
shrinking of the susceptible pool associated with higher social interactions. This suggests that
the interplay between social interaction and vaccination is non-trivial; it is deeper investigated in
the next section.
Panels G, H and I illustrate the changes in dynamics of total detected cases for the same scenarios
and strategies. We observe that the faster the vaccines rollout, the fewer total detected cases are
reached asymptotically. Any vaccination strategy considered leads to considerable reduction of
the detected cases number w.r.t. no vaccination. This discrepancy is larger than the di!erence in
cases between the three strategies. For all three countries, the number of total cases is impacted
more, or with similar magnitude, by the di!erent social interaction scenarios (compare red and blue
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Figure 5.5: Simulations of di!erent vaccination strategies: projections of number of fully vaccinated people, Re! (t)
and total detected cases for each country where panels A, B and C show the number of fully vaccinated people
as a function of time. Panels D, E and F show Re! (t). Panels G, H and I show the number of total detected
cases. Panels J, K and L show the number of new daily detected cases. Luxembourg (A, D, G, J), Austria (B,
E, H, K) and Sweden (C, F, I, L) are reported. Projections for several months after the last data point illustrate
potential simulated scenarios, for three alternative vaccination strategies and for no vaccination, both in the case
of the "pessimistic" scenario (red, corresponding to social interaction as high as in October) and the "no change"
scenario (blue, corresponding to no change in the social interaction) from Fig. 5.2 and Fig. 5.3. For each social
interaction scenario, we show the curves for no vaccination and for three alternative vaccination strategies (each
corresponding to a di!erent vaccines rollout speed), which correspond to vaccinating all the population of a country
in, respectively, 6 months, 1 year or 1.5 years, starting from January 1st, 2021. Scientific notation is used in some
panels, where 1e7 stands for ten millions. Assumptions of vaccination are summarised and discussed in Sec. 5.2.1
and Sec. 5.4

.

groups) than by vaccination (di!erent dashed curves for the same group color). The corresponding
new daily cases plots are displayed in panels J, K and L.
Thus, we can conclude based on this analysis that, at least until spring 2021, social interaction
measures are expected to still play an important, dominant role.
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5.3.5 Vaccinating whole population in a year, herd immunity not before mid
summer

Expanding what considered above, we tackle the following question: when might herd immunity
be reached, depending on combinations of social interaction and vaccination strategies? In mean
field SEIR-like models with homogeneous mixing of the individuals, the population fraction needing
to be immune, in order to reach herd immunity in the absence of measures is estimated as pc =

1 " 1/R0 [208]. To answer the above question, we compute this quantity for the three countries.
Using the values of R0 previously estimated, we obtain: pc,Lux = 1 " 1/3.38 ( 0.70 = 70%

for Luxembourg, pc,Aus = 1 " 1/3.16 ( 0.68 = 68% for Austria and pc,Swe = 1 " 1/4.00 (

0.75 = 75% for Sweden, with the pool of susceptible left given by the remaining population.
When additional complexities are included in the model, the formula above might not perfectly
hold. Hence, we confirmed its results by numerically analysing the model outputs, as described
in B. Briefly, the procedure involves finding the fraction of susceptible, in the measures-free
model, that corresponds to the maximum of the Infectious curve, which corresponds to herd
immunity by definition. The herd immunity thresholds estimated computationally in our model
are pc,Lux ( pc,Aus ( 73% for Luxembourg and for Austria, pc,Swe ( 76% for Sweden. These
values are similar to the ones obtained analytically and potentially more representative; so, they
will be employed in the remaining of the analysis. As reference, Manaus (Brazil) registered a 76%
of infected population and a catastrophic losses of lives, before the epidemic naturally slowed down,
without relevant interventions (from antibody tests performed in October 2020 [240]). Hence,
similar values for the herd immunity threshold might occur in reality, and there is consensus [208,
241] in aiming for herd immunity primarily by vaccination, instead of natural infection, as the latter
could yield symptoms of various severity, occupation of health care facilities and, in a fraction
of cases, death. Nevertheless, Manaus also witnessed a major surge in cases in early 2021 [242],
leaving open the question if herd immunity against COVID-19 can be reached in real settings.
Fig. 5.6 addresses specifically how we could aim at herd immunity primarily by vaccination, dis-
playing the time at which herd immunity might be reached for all possible social interaction values
and vaccines rollout speed. Average social interaction values are assumed to apply from December
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Figure 5.6: Systematic investigation of the interplay between vaccination strategies and social interaction scenarios,
to estimate the time by which herd immunity might be reached for Luxembourg (A), Austria (B) and Sweden (C).
Panels A, B and C: indicative dates at which herd immunity might be reached, depending on combinations of social
interaction parameter and number of fully vaccinations/day. The black grid indicates the combinations of social
interaction and vaccination speed that would not allow to achieve herd immunity until 2022. In all panels, vertical
lines indicate the three alternative vaccination strategies described in the main text. Depending on measures and
population behaviour, estimated levels of social interaction since the beginning of the pandemic have been mostly
between 0.15 and 0.5 (i.e. 15% to 50% w.r.t. before the pandemic). Assumptions of vaccination, like 100% e"cacy,
are summarised and discussed in Sec. 5.2.1 and Sec. 5.4. The red dashed line represents an estimate of the number
of fully vaccinated people per day for each country, averaged over time from December 27th, 2020 to July 15th,
2021.

16th onward; the constant number of fully vaccinated people per day is assumed to apply from
1st January, and it should be intended as an average value over time. By requiring the percentage
of people still susceptible to be less or equal than pc, we identify when herd immunity would be
reached for each combination of parameters. Herd immunity can be either reached purely by nat-
ural infection (by moving along the vertical axis), or purely by vaccination (by moving along the
horizontal axes), or by a combination of the two. The three vertical lines in the panels of Fig. 5.6
show the number of full vaccinations/day required to vaccinate the country’s whole population
respectively within 6 months, 1 year or 1.5 years. The corresponding vaccination rates are derived
in B. A vaccines rollout strategy aiming to full vaccinate the whole country’s population in a year
would require approximately 1,700 full vaccinations/day in Luxembourg, 24,000 in Austria and
28,000 in Sweden, and could potentially lead to achieve herd immunity during July in Luxem-
bourg and during August in Austria and Sweden. In all three countries, herd immunity cannot
be achieved within 2021 with the typical levels of social interactions that were observed so far,
without vaccination nor with too low vaccination rates.
For Luxembourg, all three vaccination strategies considered in this study might well obtain herd
immunity within 2021, for Austria and Sweden the 1.5 years strategy is only borderline su"cient
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to reach herd immunity by the end of 2021, while the other two are enough for each country. It
remains to be seen if the actual availability of vaccines will make possible any of these example
strategies; in the end of this section and in the discussion we compare them with real vaccines
rollout speeds recorded until July 2021. If herd immunity had to be reached purely by vaccination
(or at low levels of social interaction), the 6 months strategy would take approximately until
April for Luxembourg, and May for Austria and Sweden, and the 1 year strategy until July for
Luxembourg and August for Austria and Sweden. Higher values of social interactions might
anticipate it, but with undesired consequences on the healthcare. Several factors not included
in the model might influence these estimates, making herd immunity more di"cult or easier to
achieve, e.g. reinfections and age structure of the population, discussed at the end of the paper.
As COVID-19 is an ongoing situation, we further estimate the vaccine rollout speeds taking place
in reality and which can be compared with the three reference strategies of Fig. 5.6. Based on the
model’s assumptions, we hence consider the number of individuals fully vaccinated, averaged over
time. In Luxembourg, 248995 people have been fully vaccinated in 200 days, from 27 December
2020 until 15th July 2021; in Austria 3937701 and in Sweden 3716260. In Luxembourg, this
corresponds to around 42% of the total resident population being fully vaccinated, in Austria 44%
and in Sweden 36.3%. These numbers would correspond to an average of 1245 fully vaccinated
people/day in Luxembourg, 19689 people/day in Austria and 18581 people/day in Sweden. We
display these estimates in each panel of Fig. 5.6 as a dashed red vertical line.

5.4 Discussion

This work consists of two main analysis. First, we calibrated our model to fit time series data of
quantities of epidemiological interest, for three countries. By doing so, we tackled the problem
of identifiability of complex model parameters, we demonstrated the valuable use of mean field
models to describe epidemiological trends in di!erent countries and we obtained a reliable baseline
model. Next, we used the knowledge about the epidemiological situation to infer the impact of
vaccination campaigns in the pursuit of herd immunity. This provides data-based estimations of
the interplay between social measures and vaccination rollouts.
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To obtain a reliable dynamical model, we estimated its parameters. Complex epidemiological
models might su!er from poor identifiability of their parameters [189] often associated with data
quality, quantity and fitting methods. To address this and provide consistent estimates, the
parameter set was initially manually calibrated and then cross-validated by Bayesian inference,
which elucidates parameters uncertainties. Out of such analysis, three remarks are particularly
relevant. First: the uncertainties associated to each parameter are non-negligible, and sometimes
rather large (e.g. Fig. B.3) , possibly due to large number of parameters. Second: several
parameter combinations are better constrained than the corresponding individual parameters (e.g.
Fig. B.4 and subsequent). Third: the manual calibration is compatible with the Bayesian estimate
(Fig. B.3) , but its set of parameters correspond to one possible choice and shouldn’t be considered
fully exhaustive. These characteristics are common to any epidemiological model. Here, we
carefully investigate them, and where possible we incorporate domain knowledge from literature.
The main parameter controlling the model behaviour is the social interactions parameter " (t),
which represents both measures applied by policy-makers and population behaviour. This confirms
the well-established fact (e.g. [243]) that social interactions are a major driver of epidemic
dynamics and of the reproduction number Re! (t). Changes in Re! (t) are also driven by the
depletion of the pool of susceptible that only starts having noticeable e!ects in fall 2020. So
far the e!ect of S (t) on Re! (t) is more pronounced for Luxembourg, where a larger fraction
of total population has been infected, than for Austria and Sweden. However, its impact is
predicted to become visibly more relevant with subsequent months across 2021 as more people
get infected. This is evident from the stronger gradual bending of the curves in winter and spring
2021, especially for the pessimistic scenario, in Fig. 5.3.
For the model to fit the data, other parameters can be kept constant within single waves in
Luxembourg and Austria. However, their value change between waves. This aspect can be
explained by reduced probabilities of being hospitalized, as we tested with the manually calibrated
parameter set. For Luxembourg (see Fig. 5.4 and Appendix Tab. B.6), p2 decreases from 15.3%

in 1st wave to 8.0% in 2nd to 4.2% in 3rd. For Austria, from 16.2% in 1st to 6.5% in 2nd. These
changes where also supported by similar changes in the maxima of the Bayesian estimates for 3rd
versus 2nd wave in Luxembourg and 2nd versus 1st wave in Austria. This is most likely driven
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by testing strategies which improved over time, and it might also reflect changes in treatment
capacities, in the influenced age categories, and in other factors. For Sweden, considering a
di!erent set of parameter values is not enough to fit its data with the same model structure.
Instead, time-dependent probabilities of being detected and hospitalized when tested positive,
dramatically decreasing from March to June 2020, need to be introduced within each wave. This
does not reflect a rise in infections, but rather a major change in testing strategy and a better
prognosis linked to younger patients [244, 245].
The model also allows to estimate the fraction of undetected cases from prevalence data. Luxem-
bourg and Austria display (see Fig. 5.2) similar fractions of undetected, while Sweden has more,
accumulated mostly during the first wave. Until 15th December, in Luxembourg about 18.3%
(7.2% detected and 11.1% undetected) of the population had SARS-CoV-2; in Austria 9% (3.7%
detected and 5.3% undetected) while in Sweden 14.5% (3.5% detected and 11% undetected).
Despite the di!erent policies, Sweden is actually not only far from herd immunity, but also further
than Luxembourg as of December 2020.
Once calibrated, the model allows to inspect future scenarios to inform data-driven decisions. The
epidemic time evolution is simulated in three alternative scenarios for each country (Fig. 5.2): no
change in social interaction w.r.t. mid December 2020; social interaction as low as during lock-
down/March 2020 (optimistic); social interaction as high as in October (pessimistic). Infection
curves for the three scenarios are well separated from each other, indicating that they could be
further reduced by decreases of social interactions (by measures or changes in population beha-
viour) to values close to those during the first lockdown. In Luxembourg and Austria, the level
of social interactions of December 2020 seems to be su"cient to maintain a sub-linear growth
of number of total cases in the subsequent months. However, for any of the three countries,
an increase of the social interaction parameter to the levels of October would likely trigger a
considerable rebound of the infection curve. This would be associated with a rebound in hospital
and ICU occupations, thus calling for the maximum caution by population and policymakers alike.
In addition, the number of deaths is proportional to the area under the daily infections curve.
Thus, keeping daily cases contained to avoid hospitals and ICU saturation does not fully prevent
a steady growth of the cumulative number of dead, in particular in the pessimistic scenario.
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After calibration, we extended the model with a vaccination compartment and we quantified how
long it would take to reach herd immunity. First, we considered the same scenarios as above
(cf. Fig. 5.5). The di!erence between the detected cases curves of the two considered social
interaction scenarios is larger than the di!erence between the di!erent vaccination strategies.
This indicates that during the vaccination process, reduced social interactions are still going to
be crucial to keep the number of cases under control, to avoid saturation of hospitals and ICUs
and to reduce the number of deaths.
Considering herd immunity by vaccination only (Fig. 5.6) the strategy of vaccinating everyone in
6 months, alone, would provide herd immunity by April for Luxembourg and May for Austria and
Sweden. Slower strategies will lead to herd immunity later on, depending on social interaction
values. With an average value of social interactions compared to March-December, aiming to
vaccinate the whole population within 1 year at a constant rate could lead to herd immunity by
mid summer, in particular by July in Luxembourg and August in Austria and Sweden. Vaccines
rollout slower than approximately 1,000 full vaccinations/day in Luxembourg, 16,000 in Austria
and 18,000 in Sweden would not allow to reach herd immunity within 2021 in the country, except
with high levels of social interaction, which would come with their undesired consequences.
We also compared the simulated strategies to an estimate of the average number of fully vaccinated
people per day recorded until July the 15th (cf. Sec. 5.3.5). So far and for all three countries,
the estimated average vaccine rollout speed has been very close to the simulated scenario labelled
Strategy: 1.5 years, which was the slowest of the three considered and aimed at vaccinating all
of the countrys population within 1.5 years (Fig. 5.6). This estimate overlaps with the 1.5 years
strategy for Sweden, and it is slightly faster for Austria and Luxembourg. Simulations indicate
that, if vaccination would continue with this same average value in the coming months, and for
moderate values of social interaction (below or around 0.4), Luxembourg would still not obtain
herd immunity until beginning of the autumn, Austria and Sweden not until end of the year. We
can thus conclude that, despite the current advancement status of the vaccination campaign in
these three countries, herd immunity has not been reached so far as of 15th July 2021 and thus
keeping social interaction contained within a reasonable extent is still crucial until a larger fraction
of the population will be fully vaccinated.
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What just discussed depends on the interplay with the social interaction ". Having " $ 0.4 would
be roughly consistent with the estimates for most of 2020 and possibly until spring 2021. Never-
theless, with the widespread relaxation of measures starting from end of spring and beginning of
summer 2021, higher values of " might occur. Moreover, variants with increased infectiousness
such as Alpha (B.1.1.7) and Delta (B.1.617) have become widespread. The increased infec-
tiousness of such variants can be modeled as an additional factor v (greater than 1) multiplying
v · " · %, thus the increased infectiousness of the variants would have a similar e!ect as a higher
". Together with actual vaccine e"cacy and its variability w.r.t. di!erent virus variants, these
factors modify the potential to reach herd immunity. Additional research would be needed to
further investigate this. Moreover, it still remain to be seen if herd immunity against COVID-19
will be eventually obtained because the disease might anyway become endemic, depending on
circulation within groups of not vaccinated people or due to fading immunity, insu"cient vaccine
e"cacy or insu"cient overall number of people getting vaccinated. Overall, while vaccination is
helpful in protecting the vulnerable, limiting social interactions will still play a major role until the
vaccination e!ects become dominant by far.
As any modelling e!ort, the current model comes with limitations. To begin with, it does not
include an age structure. Age distribution can influence hospital admission rates and fatality rates,
and has been suggested to play a role in lowering the herd immunity fraction potentially down to
30-50% [220, 227, 246]. The age distribution should be considered when designing vaccination
campaigns, as literature studies agree that vaccinating the elderly first would reduce the hospital
burden and death toll [247–249]. As a consequence, our model was primarily used to investigate
the aggregated dynamics and to project reasonable scenarios with homogeneous interventions in
pursuit of overall herd immunity, but it does not cover the design of age-dependent measures.
As for standard SEIR-like models, we assumed that recovered people are immune and cannot be
reinfected. It has been shown that individuals who were infected with SARS-CoV-2 develop some
level of immunity to the disease for a certain time [209], but the duration is not yet clear. Cases of
reinfection by SARS-CoV-2 have been reported but there is still low statistics and consensus [208,
250–252]. On our considered time scale (up to end 2021), reinfection is likely to play a negligible
role, but might become relevant over years, potentially challenging herd immunity. The model
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simulations are to be considered reasonable for time periods that do not exceed considerably the
duration of the acquired immunity.
Similarly, the quality and duration of immunity by vaccination is still unclear. Despite their higher
or lower e"cacy, none of the available vaccine protect at 100% [253, 254] and it is not yet assessed
to what extent current vaccines prevent individuals not only from developing the disease, but also
to be infectious (as assumed in the model). Moreover, evolving variant strains of the virus might
present increased resistance to vaccines [255]. These e!ects could contribute to challenge herd
immunity [212], contrasting the e!ect of age distribution. Conceptual models [214] have been
developed to investigate the interplay between naturally achieved individual immunity, immunity
by vaccination and waning immunity, but much still need to be done with more supporting data.
Finally, the evolving impact of new variants — e.g. escaping antibodies [256] or causing longer
infections [257] — is not fully clear and thus not considered in the model. However, it can be
easily incorporated after changing the appropriate parameters once additional evidence is collected.
Finally the case of Manaus, Brazil, which was though to have obtained herd immunity by October
2020 [240], but witnessed a major surge in cases in early 2021 [242] leave open the question if it
will be possible to reach herd immunity against COVID-19 in reality.

5.5 Conclusions

Our comprehensive model describes the past epidemic dynamics and make reasonable projections.
Despite some modelling assumptions, its basic structure allows to control the calibration uncer-
tainties and to investigate and compare di!erent scenarios. In particular, we estimated that herd
immunity could be within reach in 2021, but rather towards the second half of the year (beginning
of fall for Luxembourg and end of the year for Austria and Sweden) or longer, depending on how
fast countries continue to vaccinate their population. As discussed above, the current projections
for herd immunity are to be considered optimistic. Hence, the challenge over this year will be
for governments and populations to obtain and use COVID-19 vaccines e"ciently, while still con-
taining social interaction. Limiting social interactions will still be a major driver to control the
pandemic in the incoming months, until vaccination e!ects become strongly dominant in curbing
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the pandemic.

Data availability

This study employs publicly available data-sets, provided by sources external to the authors. Each
data-set employed is referenced and extensively described in B, B and B. To foster reproducibility,
a copy of the time-series data employed for model fitting is provided along with the code, both are
made publicly available on GitHub at https://github.com/StefanoMagni/Model_COVID19_

Dynamics_Luxembourg_Austria_Sweden.

Code availability

The code implementing model, analysis and simulations is publicly available on GitHub at https:

//github.com/StefanoMagni/Model_COVID19_Dynamics_Luxembourg_Austria_Sweden.

Competing interests

The authors declare no competing interest.

Funding

FK’s is supported by the Luxembourg National Research Fund (FNR) PRIDE DTU PARK-QC
[grant number: PRIDE17/12244779/PARK-QC]. DP’s and SM’s work are supported by the FNR
PRIDE DTU CriTiCS [grant reference: 10907093]. A.H.’s work is partially supported by the
Foundation Cancer Luxembourg. JG is partly supported by the 111 Project on Computational
Intelligence and Intelligent Control [reference: B18024]. AA is supported by the FNR [project
code: 13684479]. AS is supported by the FNR [project: C14/BM/7975668/CaSCAD] and by the
National Biomedical Computation Resource (NBCR) [grant number: NIH P41 GM103426] from
the National Institutes of Health.

98

https://github.com/StefanoMagni/Model_COVID19_Dynamics_Luxembourg_Austria_Sweden
https://github.com/StefanoMagni/Model_COVID19_Dynamics_Luxembourg_Austria_Sweden
https://github.com/StefanoMagni/Model_COVID19_Dynamics_Luxembourg_Austria_Sweden
https://github.com/StefanoMagni/Model_COVID19_Dynamics_Luxembourg_Austria_Sweden


COVID-19 potential path towards herd immunity in Austria, Luxembourg and Sweden

Authors’ contributions

Françoise Kemp, Stefano Magni and Daniele Proverbio: Conceptualization, Methodology. Françoise
Kemp, Stefano Magni: Software. Françoise Kemp, Stefano Magni, Daniele Proverbio, Andreas
Husch, Atte Aalto, Aymeric Fouquier d’Hérouël, Laurent Mombaerts, Alexander Skupin, Jorge
Goncalves, Christophe Ley: formal analysis. Stefano Magni, Andreas Husch, Alexander Skupin,
Jorge Goncalves, Christophe Ley: Supervision, Project administration. Françoise Kemp, Stefano
Magni, Daniele Proverbio, Jorge Goncalves, Christophe Ley, Alexander Skupin: Writing - Original
Draft. All authors: Writing - Review and Editing.

Acknowledgments

The authors thank the Research Luxembourg - COVID-19 Task Force for mutual collaborations.
The findings in this paper do not necessarily represent the views of the Task Force. Any errors or
omissions are the authors’ responsibility. The authors are also grateful to Matías Nicolás Bossa
for useful discussions and to the editors and the anonymous reviewers for the precious feedback.

99



COVID-19 potential path towards herd immunity in Austria, Luxembourg and Sweden

Conclusion 2

The extended SEIR model is not just a reasonable fit to the epidemic dynamics, but
allows to make reasonable projections. Additionally, I investigated the problem of model
parameters identifiability by cross-validating the manual calibration with Bayesian inference.
Various NPI such as the reduction of social interaction were made into place at di!erent
moments of the pandemic with the goal to reduce the spread of the pandemic. Social
interaction is the key driver of the pandemic. Therefore, the social interaction is a piece-
wise constant function which changes when new implementations of non-pharmaceutical
measures took place. Until 15th December, 18.3% (7.2% detected and 11.1% undetected
(model estimation)) of the population in Luxembourg had SARS-CoV-2; in Austria 9%
(3.7% detected and 5.3% undetected (model estimation)) and 14.5% (3.5% detected and
11% undetected (model estimation)) in Sweden. Apart from the investigation of the dark
number of infections, the reproduction number was set up as it gives the estimation of the
minimum immunized population needed in order to reach herd immunity. Herd immunity
in Luxembourg can be reached beginning of autumn 2021 in the case of continuation of the
vaccination speed of the period between December and 15 June 2021 and for moderate
values of social interaction (below or around 0.4). Austria and Sweden will reach herd
immunity end of the year under the condition of continuation of then vaccination speed
of the period between December and 15 June 2021 and for moderate values of social
interaction (below or around 0.4). The pandemic has not just an impact on health care
system, but as well on economy. Therefore, the Chapter 6 looks into the impact of COVID-
19 crisis not just from an epidemiological, but as well from an economical point of view.
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CHAPTER 6
COVID-19 CRISIS MANAGEMENT IN LUXEMBOURG: INSIGHTS

FROM AN EPIDEMIONOMIC APPROACH

This chapter is based on
Michal Burzynski, Joël Machado, Atte Aalto, Michel Beine, Jorge Goncalves, Tom Haas, Françoise
Kemp, Stefano Magni, Laurent Mombaerts, Pierre Picard, Daniele Proverbio, Alexander Skupin,
Frédéric Docquier.COVID-19 crisis management in Luxembourg: Insights from an epidemio-
nomic approach, Economics & Human Biology, Volume 43, 2021, 101051, ISSN 1570-677X,
https://doi.org/10.1016/j.ehb.2021.101051.
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Introduction 3

In this Chapter 6, I co-developed a mathematical model that takes into account health
and economic responses to COVID-19 to analyse economic e!ects of the pandemic. The
model is a combination of an Input-Output economic block with a multi-sector SIR of
78 socio-demographic groups (19 industries of 4 countries, students and retirees). The
model analyses the risk of a new infection wave and investigates adequate NPI. Further-
more, it considers in the Input/Output model as cornerstones teleworking, parental leaves,
testing and quarantining policies. The Input/Output model investigates demand-side and
supply-side behaviour as the intersectoral linkages of the 19 industries in Luxembourg. The
epidemiological part of the model covers the infection chains inside and outside the work-
place including cross-border workers.
My specific contribution of this work consisted in the development of the multi-sector SIR
model. Furthermore, I participated in the process of writing, reviewing and editing the
manuscript.
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Abstract

We develop an epidemionomic model that jointly analyzes the health and economic responses
to the COVID-19 crisis and to the related containment and public health policy measures imple-
mented in Luxembourg. The model has been used to produce nowcasts and forecasts at various
stages of the crisis. We focus here on two key moments in time, namely the deconfinement period
following the first lockdown, and the onset of the second wave. In May 2020, we predicted a
high risk of a second wave that was mainly explained by the resumption of social life, low parti-
cipation in large-scale testing, and reduction in teleworking practices. Simulations conducted 5
months later reveal that managing the second wave with moderately coercive measures has been
epidemiologically and economically e!ective. Assuming a massive third (or fourth) wave will not
materialize in 2021, the real GDP loss due to the second wave will be smaller than 0.4 percentage
points in 2020 and 2021.
Keywords: Growth, Productivity, Coronavirus, Lockdown, public health.

6.1 Introduction

The COVID-19 pandemic has a!ected people’s health and economic indicators all around the
globe. Focusing on Luxembourg’s economy and workers from neighboring regions (representing
about one half of Luxembourg’s labor force), we develop an epidemionomic model that combines
an extended Input-Output economic block with a multi-sector SIR epidemiological block, and
use it to analyze the public health and economic e!ects of the COVID-19 crisis week after week
throughout the years 2020 and 2021. The Input-Output structure allows us to account for the
cascading responses to non-pharmaceutical interventions, due to inter-industry and inter-country
linkages.1 The SIR epidemiological block accounts for interactions between transmission rates
on the job in each industry (influenced by employment rates), and transmission rates outside
the labor market (at school and in social life, in Luxembourg and in its contiguous regions).

1[258] argued: “this virus is as economically contagious as it is medically contagious. As the production of basic
and intermediate goods in some countries is put on hold, the production of more advanced goods is also paralyzed.
These disruptions induce shortages, especially, but not exclusively, in the healthcare sector, and result in surges in
prices and competition between consumers and between countries.
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Our model is the product of a collaborative e!ort involving economists and epidemiologists from
various institutions based in Luxembourg. It has provided nowcasts and forecasts to assist decision
makers at various stages of the crisis.
In particular, our paper focuses on two key moments in time. The first one is the deconfinement
period following the first lockdown (May 2020). As virus transmission rates had reached very low
levels in Luxembourg, this seemed an ideal time for lifting containment measures. The model
was used to highlight the risk of a rebound in the infection curve and to identify appropriate
accompanying measures. The second moment brings us back to October 2020, when the COVID-
19 second wave was hitting much of Europe. It is thus with a weary sense of déjà vu that
Luxembourg’s citizens were impacted by new packages of restrictions implemented to contain
the virus. The specter of a re-confinement hanged over the economy. Our model was used to
compare the implications of moderately and highly coercive sanitary measures, and to assess the
macroeconomic impact of the second wave.
The key principle of our model is that it treats economic and epidemiological trends as interde-
pendent, which is justified for several reasons. Firstly, it has been abundantly documented that
non-pharmaceutical measures implemented at various stages of the crisis have a!ected public
health and economic indicators jointly. In particular, lockdown and social distancing measures
were necessary to flatten the infection curve and avoid a collapse of the health care system, at the
cost of generating sizeable cuts in economic output.2 Secondly, after several phases of generalized
or partial lockdown, policymakers implemented gradual measures to restart the economy. Lifting
containment measures induces changes in employment which in turn, revive on-the-job interac-
tions between workers as well as between workers and customers. Depending on PCR testing
policies, contact tracing, social distancing, hygiene and prevention measures at the workplace and
in social activities, these interactions impacted the propagation of the virus within the country as
well as in the cross-border regions. In turn, changes in infection rates in the neighboring regions

2Some authors have seen lockdown measures as resulting from a tradeo! between public health and economic
objectives [259, 260]. This tradeo! is much more ambiguous than it is apparent as the recession could have been
deeper without the lockdown, as evidenced from the 1918 Spanish flu [261]. It is hard to identify whether the
measures implemented to curb the infection curves contributed to increase or decrease confidence in the economic
system. A severe public health crisis alone could have generated panic and (potentially drastic) changes in individual
behaviors. Many economic crises were associated with panics from depositors or from the banking sector.
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a!ect the number of workers available for the labor market and potential employment levels.
Uncertainty around the scale of these interactions and around the e!ectiveness of lockdown and
deconfinement plans remains substantial. We use our epidemionomic model to produce nowcasts
and forecasts of the e!ects of the crisis and related containment policies, refining the estimates
provided by [262] and [263] and producing results by period of one week throughout the years 2020
and 2021. Our main findings are the following. During the first deconfinement period, we were
relatively optimistic that the restarting of lockdown industries per se would not generate a relapse
of the pandemic if teleworking practices could be maintained. By contrast, we argued that bringing
teleworkers back to the workplace and, perhaps more importantly, the resumption of social life
were likely to generate a rebound in the infection curve. Five months later, almost at the onset
of the second wave, we were relatively optimistic about the e!ectiveness of moderately coercive
sanitary measures implemented in 2020Q4 and 2021Q1. We estimate that the management of
the second wave translates into a GDP loss that is smaller than 0.4 percentage point in the years
2020 and 2021. Our scenario is still valid today and compatible with the vaccination campaign. If
Luxembourg can escape a massive third and/or fourth wave – a threat linked to the propagation
of new variants of the virus – in the post-Summer period, real GDP growth should be around
3.7% in 2021, a level that is slightly inferior to the long-run trend.
We contribute to a recent and fast-growing literature linking public health and economic responses
to the COVID-19 crisis. Part of the literature focuses on the dynamics of the disease, including
the role of social-distancing [264] and the quantification of the work that can be done from
home in order to slow down the spread of the virus [see e.g., 265–267]. An increasing number
of papers adds epidemiological blocks to macro-economic models to evaluate the cost of the
lockdown and di!erent restarting strategies [268–271]. For example, [272] extend the canonical
epidemiological model to study how endogenous consumption and labor supply decisions of utility-
maximizing agents a!ect contagion. The competitive equilibrium of their model is not socially
optimal because infected individuals do not internalize how their actions amplify the spread of the
virus. More similar to us, [273] use an input-output model calibrated on Germany to evaluate the
impact of work-from-home (henceforth referred to as teleworking) on infection risk and output
at the regional level. Simulating a confinement where production is done exclusively by workers
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who can work-from-home, they find that confinement reduces labor supply by 58% and implies a
weekly GDP loss equivalent to 1.6% of the annual GDP. [274] calibrate a standard network model
using French input-output linkages. These two papers are similar in spirit to our strategy but our
model also accounts for other important ingredients such as teleworking, parental leaves, testing
and quarantining polices, etc. Moreover, our epidemiological block accounts for the spread of the
virus outside the workplace in addition to di!erential infection rates of cross-border workers, a
specificity of the Luxembourgish labor market.
The remainder of this paper is organized as following. Section 6.2 describes the epidemionomic
model and its parameterization. Health and economic e!ects of the COVID-19 crisis and lockdown
measures and restarting scenarios are investigated in Section 6.3. Section 6.4 concludes.

6.2 An Epidemionomic Model for Luxembourg

We develop a model that links the economic and epidemiological aspects of the COVID-19 crisis.
Individuals and firms behaviors are not micro-founded, but embedded in scenarios. We paramet-
erize it on Luxembourgs economy and population – accounting for cross-border labor movements
between Luxembourg and its contiguous regions – and use it to nowcast/forecast the public health
and economic e!ects of the pandemic and related containment measures at di!erent key stages
of the crisis. The model has a weekly structure, and assumes that one week corresponds to the
time of delivery of intermediate inputs from one industry to another.

6.2.1 Economic Structure

The COVID-19 crisis has required total or partial lockdown measures implemented in several
industries (accommodation and food services; arts, entertainment and recreation services; con-
struction; wholesale, retail trade and repair services; and to a lesser extent in the manufacturing
industry; transportation and storage services; real estate services). Given intersectoral linkages,
these lockdown measures have gradually “contaminated" the other sectors of the economy, lead-
ing to cascading e!ects. Similarly, lifting economic containment measures induces ripple e!ects
on the rest of the economy. Large benefits from deconfinement arise in industries exhibiting the
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greater linkages with lockdown sectors, while simultaneously not su!ering from disrupted global
supply chains.
To account for intersectoral linkages, we develop here an extended Input-Output (I/O) model
that accounts for both demand-side and supply-side mechanisms. This extended I/O framework
is intended to characterize the functioning of the economy with fixed prices, fixed capital stocks,
fixed technology and fixed workforce size by industry (i.e., no intersectoral mobility). Industries
are denoted by i = 1, ..., I. Our model distinguishes between nineteen industries. Before adding
the time dimension, we first focus on the (stationary) equilibrium of the model.

Standard I/O model. – The standard I/O model ignores supply-side constraints and assumes
that each sector’s output is determined by total demand – demand of intermediate inputs by other
sectors, and demand for final goods by domestic and foreign actors. Typically, the total sales of
industry i (Xd

i ) are given by:
Xd

i =
*

j

Xij + Di + Ei, (6.1)

where Xi,j is the demand for intermediate inputs by industry j, Di is the domestic (Luxembour-
gish) demand for final goods, and Ei is the demand for exports.
The demand for intermediate inputs by industry j is assumed to be proportional to the total sales
of that industry. We thus have Xij = aijXd

j , where the aij ’s represent constant technological
coe"cients. Eq. (6.1) can be rewritten as:

Xd
i =

*

j

aijXd
j + Di + Ei, (6.2)

which links the total sales of industry i to the toal sales of all other industries.
Using matrix notations and denoting the matrix of technological coe"cients by A, this gives
Xd = AXd + D + E which represents a system of I equations. The well-known solution of
the standard I/O model is given by Xd = (1 " A)!1(D + E). In this framework, a positive
demand shock in industry i generates a direct increase in output. This increases the demand for
intermediate inputs addressed to the other sectors, which in turn increase their own demand for
intermediate inputs and thereby generate indirect e!ects on the economy. The exact opposite
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mechanism arises when the economy is subject to a negative demand shock. The larger the
linkages with the other sectors (i.e., the larger the aij ’s), the larger the total e!ect on the
economy.

Non-binding supply-side. – The underlying supply side of the standard I/O model is governed
by the following relationship:3

Xd
i =

*

j

Xji + Yi + Mi, (6.3)

where Xd
i is the amount produced in industry i. On the right-hand side, the first term of the

sum represents the value of domestic intermediate inputs (such that Xji = ajiXs
i ), Yi is the

value added in industry i, whose production requires using Ki units of physical capital and Li

workers (i.e., Yi = F (Ki, Li)),4 and Mi is the demand for foreign inputs (i.e., imports). As local
intermediate inputs, imports are proportional to total sales (Mi = miXd

i ). Hence, Eq. (6.2)
determines the equilibrium level of sales in all industries (Xd

i ), and Eq. (6.3) determines how
sales revenue is distributed among domestic and foreign suppliers of intermediate inputs, workers
and capital owners.
For a given stock of physical capital (Ki) and a given supply of labor (Ls

i ) in each industry i,
the maximal value added can be expressed as Y s

i = F (Ki, Ls
i ). The full-employment condition

in industry i is given by:

Xs
i =

!

#
*

j

aji + mi

$

&Xs
i + Y s

i = Y s
i

1 "
0

j aji " mi
, (6.4)

which implies that total sales and value added in each industry i are linked by a relation of
proportionality (whether the full-employment condition holds or not).
The implicit assumption of the standard I/O model is that Xd

i < Xs
i in all sectors, or equivalently,

Y d
i < Y s

i and Ld
i < Ls

i .5 Hence, firms can respond to the rising demand from the other sectors
3Eq. (6.3) corresponds to a column of the I/O matrix, whereas Eq. (6.2) corresponds to a row.
4In the Cobb-Douglas case, we have Yi = BiK

1"#i
i L#i

i where &i is the labor income share in industry i, and
Bi denotes total factor productivity.

5Another implicit assumption is that Ls
i is smaller than the optimal level of employment L!

i (corresponding
to a value added of Y !

i = F (Ki, L!
i ) and a level of total sales of X!

i ). The latter level is determined by profit
maximization.
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and from final consumers by producing more. As Ki is fixed, the only variable of adjustment that
firms can use is Li, the level of employment. When supply follows demand, firms adjust the level of
employment to meet total demand for their product. Hence, Ld

i = F !1
6
Xd

i

7
1 "

0
j aji " mi

89
.

When demand increases, firms in industry i increase their value added (Y d
i ) and their imports

(Mi) without constraints to meet demand for their goods. The supply-side plays no role, except
that it determines how revenues are distributed between capital owners, workers, domestic and
foreign suppliers of intermediate goods.

Binding supply-side constraints. – When modeling the e!ect of the COVID-19 crisis and of
lockdown measures, we need to enrich the standard model with binding supply-side constraints.
First, containment measures reduce the permitted level of employment in lockdown industries.
Second, some workers are infected by COVID-19 and cannot supply labor. Third, in addition
to infection, school closures imply that many workers are forced to take parental leave. Fourth,
disrupted global value chains can be such that the required amount of imported intermediate
goods (miXd

i ) is not available on the market. In Luxembourg, firms did not report shortages of
foreign intermediate inputs during the COVID-19 crisis. However, lockdown and sanitary measures
have drastically reduced the maximal level of employment during the lockdown (Ls

i ), and this has
a!ected the maximal levels of value added Y s

i and of sales. We will explain how the level of Ls
i

is linked to lockdown and epidemiological conditions in the next section.
Starting from the pre-crisis stationary equilibrium, our economic block can be used to simulate
the economic e!ect of the crisis and resulting lockdown measures (i.e., constraints on Ls

i,t and
Y s

i,t) on activity. Two important ingredients govern our simulated trends. First, we assume that
each iteration of the I/O matrix takes one week of time. Final demand is met instantaneously
when supply constraints allow for it, while supplying intermediate inputs involve a delivery delay
of one week. We thus include a time subscript t into the notations. Second, at each iteration,
we combine demand and supply constraints, allowing the condition Xd

i,t < Xs
i,t to be violated in

some industries.
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The dynamics of the extended I/O model with supply-side constraints are now characterized by:

Xi,t = min

!

#Xs
i,t,
*

j

aij min
7
Xd

j,t!1, Xs
j,t!1

8
+ Di,t + Ei,t

$

& . (6.5)

Given the parameters of the Luxembourg I/O table and the economic/health shocks induced by
COVID-19, the simulated solution of this model determines the endogenous production regime of
each industry (excess supply or constrained supply capacity) as well as industry-specific multiplier
e!ects. For industries in excess supply capacity, demand determines the total level of sales which,
in turn, determines the level of employment and value added. For industries in constrained
supply capacity, the maximal level of employment determines the value added which in turn,
determines the total amount of sales. As stated above, the existence of supply constraints induces
a disciplined and sizeable cut in output. Binding supply constraints also limit the magnitude of
the I/O multiplier. This slows down the recovery when some confined sectors are restarted or
when final demand increases.

6.2.2 Epidemiological Structure

The epidemiological block consists of a multi-sector SIR compartmental model governing the
shares of susceptible, infected and recovered people from 78 socio-demographic groups. These
include Luxembourguish students and retirees (2 groups of inactive nationals), as well as workers
from 4 countries of residence who can be employed in 19 industries (76 groups of workers). In
sum, we have:

• Six age/origin groups (denoted by superscript a): students (with a = y for for young),
workers (with superscript a ! o, denoting the country of residence of workers) and retirees
people (with a = r). For workers, we distinguish four countries: o = (L, F, G, B) for Lux-
embourg, France, Germany and Belgium. Students and retirees are all living in Luxembourg.
We thus have six age/origin groups, a = (y, L, F, G, B, r).

• Twenty-one sectors of the society (denoted by i = 0, 1, ..., I, I + 1) in which within-group
interactions take place: schools are denoted by sector i = 0 and relate to group y only,
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nineteen industries are denoted by sectors i = 1, ..., I (in line with the notations of the
previous section) and relate to groups o = (L, F, G, B) only, and the old-age sector is
denoted by i = I + 1(= 20) and relates to group r only (it includes retirement homes and
social activities for retirees).

The total population of each socio-demographic group is denoted by Na
i and is assumed to be

constant over time. Our SIR model thus ignores deaths.6 At time t, the population of each group
is divided into Sa

i,t susceptible, Ia
i,t infected, and Ra

i,t recovered. The group of infected includes
Aa

i,t ) +Ia
i,t infected and asymptomatic people (+ < 1). Combining all possible categories, we

obtain 312 groups (78 socio-demographic groups times 4 possible health status).
Virus transmission rates in sector i (i.e., on the job for workers, at school for students, and in
the old-age sector for retirees) and in the place of residence are endogenous. The contamination
process depends on the quantity of within-group interactions (influenced by the fraction of time
spent in one’s own sector, ei,t) and between-group interactions (determined by 1 " ei,t). As
explained below, we refer to the extensive margin mechanism when discussing the role of time
allocation. The contamination process also depends on the sector-specific transmission rates,
which are influenced by sanitary policies as well as by the number of people interacting, as
explained later. We refer to the intensive margin mechanism when discussing the latter e!ect.
The population dynamics in the 312 groups are governed by:

,
-----------.

-----------/

Sa
i,t+1 = Sa

i,t " ea
i,tbi,t

Sa
i,t

0
a Ia

i,t0
a Na

i

" (1 " ea
i,t)%a

t Sa
i,ti

a
t

Ia
i,t+1 = Ia

i,t + ea
i,tbi,t

Sa
i,t

0
a Ia

i,t0
a Na

i

+ (1 " ea
i,t)%a

t Sa
i,ti

a
t " Ga

i,t

Aa
i,t+1 = +Ia

i,t+1,

Ra
i,t+1 = Ra

i,t + Ga
i,t,

(6.6)

where bi,t is the within-sector virus transmission rate in sector i in Luxembourg, %a
t is the virus

transmission rate outside the sector (in family life, leisure, etc.) in the country of residence of
6Assuming deaths are proportional to the number of infected retirees would not change significantly the results.

As of July 1st 2021, the country has recorded 818 deaths due to COVID-19, representing 0.14% of its population
only.
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group a, i
a
t is the country-wide average proportion of infected people in the population of the

country of residence, and Ga
i,t is the flow of recovered in group a and in week t. These parameters

are defined over a period of one week in our model. Before the vaccine is available, we assume
that immunity is obtained after having been infected and is permanent.7

In the case of COVID-19, most infected people recover after 10 days on average. In a model
with a daily structure, we would define the number of recovered as the number of new contagious
cases nine days before. Here, the weekly structure of our model implies that the flow of recovered
during week t is a weighted sum of the flow of contagious cases in weeks t"1 and t"2. Following
analytical developments in Appendix A of [275], the weekly flows of recovered group a and industry
i during period t can be approximated by a weighted sum of the flows of new infections at time
t " 2 and t " 1:8

Ga
i,t = 2

7

:

ea
i,t!2bi,t!2

Sa
i,t!2

0
a Ia

i,t!20
a Na

i

+ (1 " ea
i,t!2)%a

t!2Sa
i,t!2i

a
t!2

;

+ 5
7

:

ea
i,t!1bi,t!1

Sa
i,t!1

0
a Ia

i,t!10
a Na

i

+ (1 " ea
i,t!1)%a

t!1Sa
i,t!1i

a
t!1

;

. (6.7)

Turning our attention to transmission rates, they depend on the frequency of contacts between
infected and susceptible people within each sector of the society. We assume that sick and
symptomatic workers/students/retirees self-isolate as soon as they feel the symptoms. This is
a reasonable assumption in Luxembourg as medical doctors received the means to quarantine
potentially infected people and to provide PCR tests throughout the pandemic (even at the very
early stage). As symptoms are felt a few days after becoming infectious (say 2.5 to 3 days), a
fraction µi,t of symptomatic people maintain within-sector interactions while being contagious if
PCR testing is not performed on a daily basis. Some individuals are asymptomatic during the
whole cycle of the disease and never self-isolate. A (greater) fraction µa

i,t of asymptomatic indi-
7The duration of immunity from COVID-19, if any, is not determined yet. The model predictions are thus valid

for time periods that do not exceed the duration of the acquired immunity.
8We numerically show in Appendix A of [275] that predicting the weekly flow of recovered using Eq. (6.7)

improves the predictive power of the model in comparison with a probabilistic model relying on a constant recovery
rate (i.e., Ga

i,t = g # LOI
i,t ). The reason is that, contrary to the flow of new infections within the week, the total

stock of contagious people (Ia
i,t) has no reason to be distributed uniformly over the 10 daily contagious cohorts:

this stock increases fast during the first phase of the pandemic (i.e., when the number of COVID-19 cases increases
rapidly), and decreases fast after the peak of the infection curve has been reached.
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viduals maintain within-sector interactions. The fractions (µi,t, µa
i,t) depend on the e"ciency and

frequency of PCR testing as well as contact tracing. Within-sector and out-of-sector transmission
rates can be expressed as:

,
-.

-/

ba
i,t = bi"i,te

'i
i,t

6
(1 " +)µi,t + +µa

i,t

9

%a
t = %

a
"a

t ,
(6.8)

which allows to highlight the main determinants of virus propagation:

• Within-sector transmission rates depend on the average number of contacts per person and
per unit of time, and on the probability that infected people have contacts with susceptible
subjects. Infected people’s probability to have contacts with susceptible subjects depends
on the probability of a contagious individual to maintain interactions with his peers, which
is given by

6
(1 " +)µi,t + +µa

i,t

9
in Eq. (6.8). This probability depends on the share of

asymptomatic cases (+) as well as on testing and tracing measures implemented to isolate
infected workers (µi,t, µi,t).

• The number of contacts per unit of time within sector i is expressed as the product of bi,
a sector-specific parameter that reflects working conditions in normal times (i.e., physical
proximity, exposure to disease, age group, etc.), by "i,t, a variable that can be normalized to
unity at the beginning of the pandemic, and that captures prevention and physical distancing
measures implemented in the sector. In addition, physical distancing might partly depend
on the density of people in the sector (influenced by ei,t), a mechanism that is referred to as
the intensive-margin e!ect of employment on transmission rates. A potential specification
is "i,t = "i,te

'i
i,t, where #i is the elasticity of physical distancing to the within-sector density

of people in sector i. The other variable "i,t captures the e!ect of sanitary measures.

• Similarly, in all regions of residence, the number of contacts per unit of time spent outside
the sector can be expressed as the product of %

a by "a
t . Hence, two regions or countries

sharing di!erent economic and socio-demographic characteristics exhibit di!erent levels of
%

a, while "a
t is governed by nation-wide or local social distancing and prevention measures.
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To close the epidemiological block, we consider that the trajectories of i
a
t are exogenous outside

Luxembourg (i.e., for o = (G, F, B)), whereas the trajectory of i
L
t is endogenous and given by

the average of all groups of Luxembourgish population:

i
L
t =

0
i
0

a=(y,L,r) Ia
i,t0

i
0

a=(y,L,r) Na
i

. (6.9)

6.2.3 Epidemionomic interdependencies

We now highlight interdependencies between the economic and epidemiological blocks. First,
sanitary policy measures and the evolution of the number of infected workers influence the number
of workers available in industry i = 1, ..., I in Luxembourg. Labor supply in COVID-19 times can
be expressed as:

Ls
i,t =

*
a

1i,t(1 " )a
i,t)
7
Sa

i,t + Ra
i,t + µi,t(1 " +)Ia

i,t + µi,t+Ia
i,t

8
, (6.10)

where 1i,t is the lockdown constraint on employment (1i,t < 1 in lockdown industries and 1i,t = 1

in the others), )a
i,t is the share of workers on parental leave, equal to the share of parents with

young children when schools are closed in sector a, and zero if schools fully re-open. A total
lockdown would imply that 1i,t = 0. In practice, a minimal level of post-lockdown activity is
observed in all sectors, either because the lockdown applies to a sub-sector only, or because
entrepreneurs find ways to maintain a certain level of output by re-orienting their activity (e.g.,
restaurants providing catering services with delivery at home). As µi,t $ 1, Eq. (6.10) clearly
shows that a rise in the number of infected workers decreases the supply of labor and potentially
influences the level of economic activity. In the same vein, PCR testing and quarantine measures
allow identifying asymptomatic cases and reducing µi,t.
Reciprocally, the evolution of employment in each industry governs the time allocation of each
type of individual and influences transmission rates through the extensive and intensive margins.
Within each sector of the society, the rate of presence (at the workplace, at school or in the
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old-age sector) can be expressed as:

e0,t = -1School
t ei,t = -

7
1 " !a

i,t

8 min
7
Ld

i,t, Ls
i,t

8

0
a Na

i,t

for all i=1,...,IeI+1,t = -

2 (6.11)

where - $ 1 is a constant capturing the fact that employed workers and students do not spend one
hundred percent of their time at the workplace or at school.9 For students, 1School

t is a dummy
equal to one when schools are open, and zero otherwise. In the productive sectors (i = 1, ..., I),
the second term, min

7
Ld

i,t, Ls
i,t

8
/
0

a Na
i,t is the employment rate of group a in industry i. When

the employment rate is smaller than unity, we assume that employees present at the workplace
are randomly drawn from the industry-specific labor force, which means that employment rates
are identical across countries of residence for active workers. In addition, !a

i,t denotes the share of
employees in situation of teleworking in sector i. In the old-age sector, we assume that retirees
spend half of their time interacting with retirees, and half of their time interacting with other
groups.
In our setting, lifting economic containment measures in industry i implies an increase in the rate
of presence at the workplace (!ei,t) and a resulting rise in the weekly flow of infected workers
that is governed by:

dIa
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dei,t
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0
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i,t
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. (6.12)

Eq. (6.12) shows that shocks in employment rates and teleworking practices influence the infection
curve through two mechanisms. Changes in workers’ presence rate mechanically influence the
flow of new infections through the extensive margin – changes in time spent on the job, where
exposition to the disease di!ers from that prevailing in the place of residence – and through the
intensive margin – changes in physical distancing and transmission rates on the job due to the
higher density of employees. If #i = 0, changes in employment rates have no e!ect on transmission
rates (at the intensive margin), although they a!ect the weight given to bi,t relatively to %a

t in
9When workers are fully employed, the daily amount of time spent interacting with other workers is shared

between a fraction ' on-the-job, and a fraction (1 " ') in the place of residence.
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Eq. (6.6); this is the first term of the derivative above. In such a setting, the lockdown-driven
decrease in bi,t can be considered as permanent. In contrast, if #i > 0, part of that decrease in
transmission rate is lost when workers get back to their workplace; this is the second term of the
derivative.

6.2.4 Parameterization

Our epidemionomic model is an evolving tool that aims to promptly deliver initial results at
first, and then increasingly more refined results and predictions as the set of available data on
socioeconomic variables and leading indicators increases. Hence, our inputs and parameters have
been frequently updated throughout the course of the crisis. Our quantitative analysis below
focuses on two key moments in time, the end of the first lockdown (starting in April 2020),
and the onset of the second wave (October 2020). We explain here how the model has been
(re-)parameterized at these two key stages of the crisis.
Parameterization of the economic block. – Our economic block includes a set of parameters
that have not been updated during the crisis. It is calibrated to match the I/O table of 2017,
which defines the matrix of technical coe"cients (aij) and provides initial values for the industry-
specific levels of sales (Xi,0), value added (Yi,0), employment (Li,0), stock of physical capital
(Ki,0), imports (Mi,0), exports (Ei,0) and domestic demand (Di,0). Social security (IGSS) and
SILC data allow to identify workers originating from Luxembourg, Germany, France and Belgium.
The production side of the model relies on the assumption that the production technology is
Cobb-Douglas in each sector, the parameters of which are calibrated to match the capital income
shares and the levels of value added.
Placing ourselves back in April 2020, the problems were to nowcast the cost of the lockdown
and forecast the consequences of a gradual deconfinement. We calibrated the economic block of
the model to match the lockdown data available at the beginning of April. Our hypotheses are
reported in Cols. 1 to 6 of Table C.1 for all industries.10 They are based on the following sources:

• The share of workers in parental leave after school closing ()a
it) is taken from STATEC,

and split across industries and origin countries using the proportion of workers with children
10A more detailed description is provided in [275].
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aged 6-15 from SILC.

• The share of people in partial unemployment (“chô partiel") due to lockdown measures
(ua

it) is obtained from ADEM, being aware that data on “chô partiel" refer to applications
and might overestimate the real extent of the employment e!ect. Unemployment and
parental leave data are combined to proxy the post-lockdown levels of employment by
sector (Li,t ) Min(Ld

i,t, Ls
i,t)).

• For the lockdown industries (i.e., manufacturing products; construction; wholesale and retail
trade, repair services; transportation and storage services; accommodation and food services;
real etate; arts, entertainment and recreation services; other services), we assume that the
observed levels of employment correspond to the maximal labor supply (Min(Ld

i,t, Ls
i,t) =

Ls
i,t) and calibrate 1i,t as a residual from Eq. (6.10).

• In the other industries, we assume that Min(Ld
i,t, Ls

i,t) = Ld
i,t. Observed employment levels

are used to predict the value added and sales using Eq. (6.4). Assuming that non-lockdown
industries are not supply-constrained, final demand (Di,t + Ei,t) is made compatible with
these output levels. More precisely, we use export forecasts of the ifo institute and calibrate
Di,t as a residual from Eq. (6.5). It will appear later that these forecasts were too pessimistic,
at least in the financial sector which represents a share of Luxembourg GDP that is close
to 30%.

• By contrast, lockdown industries are supply-constrained. Final demand cannot be observed.
We assume a 20% decrease compared to normal times in industries producing essential
goods, and a 40% decrease in industries producing non-essential goods, in line with the
forecasts of the ifo institute.

• Finally, data on the share of workers in teleworking (!a
i,t) are taken from the survey of the

Chamber of Commerce.

To put things in the context of October 2020, we update the hypotheses above using observed
macroeconomic data for the first three quarters of 2020 from STATEC. The quarterly growth
rates for 2020Q1, Q2 and Q3 are equal to -1.4%, -7.2% and +4.8%, respectively. We recalibrated

117



COVID-19 Crisis Management in Luxembourg: Insights from an Epidemionomic Approach

changes in final demand to match these numbers. In the absence of data by industry, we assumed
proportional adjustments across sectors that are not subject to lockdown measures. We also
updated data on teleworking and “chô partiel" using data from STATEC and from ADEM. Parental
leaves went back to their pre-lockdown levels after the reopening of schools. More details on the
re-parameterization will be provided in Section 6.3.2.

Table 6.1: Macroeconomic shocks by industry (as of April 1st, 2020)

(1) (2) (3) (4) (5) (6)
(a

i,t )i,t ua
i,t %a

i,t
!Ei,t

Ei,t

!Di,t

Di,t

Agric., forestry, fishing -0.068 0.000 -0.159 -0.194 -0.491 -0.400
Mining, quarrying 0.068 1.000 0.089 0.372 -0.200 -0.200
Manufactured products 0.068 1.000 0.367 0.313 -0.200 -0.200
Electricity, gas, steam 0.068 1.000 0.350 0.543 -0.991 -0.400
Water, sewerage, waste 0.068 1.000 0.184 0.322 -0.498 -0.400
Construction 0.089 0.053 0.224 0.060 -0.200 -0.200
Wholesale, retail, repair 0.066 0.535 0.388 0.060 -0.200 -0.200
Transport, storage 0.079 1.000 0.263 0.285 -0.200 -0.200
Accommodation, food 0.075 0.235 0.679 0.103 -0.200 -0.400
Information, comm. 0.093 1.000 0.105 0.856 -0.482 -0.400
Financial, insurance 0.082 1.000 0.000 0.700 -0.167 -0.400
Real estate 0.087 0.803 0.084 0.586 -0.200 -0.400
Prof, scient, techn 0.087 1.000 0.080 0.798 -0.129 -0.400
Adminis, support 0.087 1.000 0.214 0.363 -0.200 -0.200
Public administration 0.085 1.000 0.000 0.416 -0.307 -0.200
Education 0.100 1.000 0.018 0.900 -0.400 -0.200
Health, social work 0.084 1.000 0.019 0.134 -0.200 -0.079
Arts, entertainment 0.061 0.742 0.172 0.525 -0.200 -0.400
Other services 0.061 0.604 0.327 0.143 -0.200 -0.200
Notes: Col. (1) workers in parental leave from STATEC disaggregated by industry using
IGSS data on workers aged 30 and less and workers with young children. Cols. (2):
authors’ computations. Col. (3): data on “chômage partiel" from IGSS. Col. (4): data
on teleworking from the survey conducted by Chamber of Commerce in April. Col. (5):
authors’ computations based on the I/O matrix; Cols (6): authors’ hypotheses based on
the survey conducted by Chamber of Commerce in April.

Parameterization of the epidemiological block. – In our SIR compartmental model, transmis-
sion rates are calibrated to match data on the cumulative number of detected COVID-19 cases in
the inactive population (students and retirees) and in the active population by sector. Daily data
on COVID-19 cases by sector and by region of residence are available from the IGSS database
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from the beginning of March until October 19, 2021.11 We aggregate COVID-19 cases per week,
creating a database of 34 weeks times 21 sectors of the society (714 observations) corresponding
to Ia

i,t in Eq. (6.6).
Over the same period, we also use data on the region-wide shares of infected cases (ia

i,t for
a = (G, F, B)) in the neighboring regions (Rhineland-Palatinate and Saarland for Germany, Grand
Est for France, and Wallonia for Belgium). We calibrate time-varying transmission rates (%a

i,t for
a = (G, F, B)) in each of the three contiguous regions to match the evolution of the share
of infected people, using a simplified and independent SIR model by region. We consider the
trajectory of transmission rates in these regions as independent of the sanitary conditions in
Luxembourg.
Transmission rates in Luxembourg are sector-specific. The philosophy of our parameterization
is to rely on a limited number of parameters and fitting assumptions. Many epidemiological
models rely on complex polynomial functions to fit many daily data points. Obviously, the higher
the number of parameters, the better the fit. This does not mean that the predictive power
of such complex models is satisfactory – at least over su"ciently long periods of time – and
that these models can predict the e!ects of out-of-trend shocks such as a deconfinement or the
implementation of a new public health policy measures. A more structural approach such as ours
is worth investigating. Taking as given the parameters of the neighboring regions, we fit the
21 infection curves by estimating 3 parameters per sector (i.e. 21 times 3 parameters) and 2
parameters governing transmission rates outside the sector.
In Eq. (6.8), we compute proxies for (µi,t, µi,t) as explained at the end of this section, and combine
them with data on employment and school attendance to proxy ei,t. To compute ei,t, we need
to specify the share of weekly social interactions that occur in each sector of the society, -. Fully
employed workers spend about 55 hours at the workplace and in transportation, and of a weekly
total of 75 hours of interactions with family members, friends and other contacts. Assuming
professional interactions involve three times more contacts than private contacts, we obtain a

11As our model does not include working-age individuals who are not registered to IGSS (i.e., inactive and
dependent individuals), we re-scale the number of infected individuals by sector so that the total number of infected
people living in Luxembourg exactly matches the total number of COVID-19 cases in the Luxembourg population.
We apply the same rescaling factors to cross-border workers.
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fraction - = 0.7 on-the-job, and a fraction 1 " - = 0.3 in the place of residence. These fractions
have little influence on the results as they determine the scale of the transmission parameters.
Within-sector transmission rates are thus influenced by three sector-specific parameters, (bi, "i, #i).
First, the scale parameter bi determines the pre-lockdown transmission rates (before March 17th,
2020). Second, we allow "i to be smaller than one in the weeks during which the sector is
constrained by sanitary measures, and set it equal to unity otherwise. Third, we estimate #i using
variations in transmission rates and presence rates in the sector. Similarly, transmission rates
outside their main sector of activity (i.e., industry, school, retirees’ sector) are influenced by two
parameters, (%L

, "L). The scale parameter %
L determines the pre-lockdown transmission rates

outside the sector. We allow "L to be smaller than one in the weeks during which social and
family activities are constrained, and set it equal to unity otherwise.
The calibration of the parameter set " =

7
bi, "i, #i, %

L
, "L

8
relies on the Simulated Method of

Moments, which identifies the vector of transmission rates to make simulated model moments
(Îa

i,t(")) match data moments (Ia
i,t):
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Figure 6.1 compares our estimated infection curves (dashed black curves) with data on COVID-19
cases by sector (gray curves). Our fit is very good in most sectors of the society and excellent
when focusing on the aggregate number of cases. As illustrated on the bottom-right graph, our
model almost perfectly matches the evolution of the aggregate number of detected COVID-19
cases in the Luxembourgish workforce. In the pre-lockdown period, the correlation between bi and
indices of exposure to risk by industry – reflecting heterogeneity in workers’ exposure to disease
and physical distance at work – is around 0.6, suggesting that our method is meaningful. In the
post-lockdown period, the correlation is small (around 0.1), suggesting that lockdown measures
were e!ective in reducing physical distance and exposure to disease.12

Once transmission rates are known, we identify its components in line with Eq. (6.8). The third
component,

6
(1 " +)µi,t + +µi,t

9
, depends on the share of asymptomatic subjects among conta-

12Results are presented in the Appendix of [275].
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Figure 6.1: Calibration of the SIR model by sector
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Note: Data on COVID-19 cases by sector (gray curve) are obtained from IGSS and aggregated by week.
Estimation of SIR model are represented by the dashed black curve.
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gious individuals and on the fractions of infected workers who are still active on the labor market.
Regarding the share of asymptomatic (+), the recent CON-VINCE Study [229] conducted on
1,862 Luxembourgish individuals identifies 35 cases with antibodies. These include 11 individuals
who self-report to have been tested positive in the past months. This means that 1.3% of indi-
viduals (24 out of 1862) were undetected. Applying this percentage to the whole population gives
a stock of asymptomatic of around 8,000, which is twice as large as the total stock of detected
cases. Given the small number of people in the sample, the accuracy of these numbers is low.
Our calibration assumes that + = 0.5.13

The fractions of infected people who are still active within each sector of the society (µi,t, µi,t)
depend on the e"ciency and frequency of PCR testing. In the absence of testing, we assume
that infected workers self-isolate when they show some symptoms. Asymptomatic people never
self-isolate. Calculations presented in the Appendix of [275] allow approximating the fraction of
working days supplied by symptomatic and asymptomatic infected workers under several testing
scenarios:

• In the absence of testing, we obtain µi,t = 0.20 and µi,t = 1.0 for all t.

• If a weekly test is performed, we have µi,t = 0.15 and µi,t = 0.25 for all t.

• If a daily test is performed, we have µv
i,t = µi,t = 0 for all t.

• If a one-shot test is performed at time T , we have µi,T = µi,t = 0, and we get back to
µi,t = 0.20 and µi,t = 1.0 thereafter (i.e., for all t > T ).

As massive testing was not implemented at the beginning of the lockdown, we can hypothesize
that

6
(1 " +)µi,0 + +µi,1

9
= 0.6 at the beginning of the crisis. When simulating deconfinement

plans, we consider several testing scenarios.
13[276] cover 21 studies based on various contexts. The range of estimates of this proportion varies from 5%

to 80%. In the case of the Diamond Princess cruise in which all individuals were tested, about 18% were found
to be asymptomatic. More recently, [277] conduct a survey in a French high school involving pupils, teachers and
non-teaching sta! in the Oise region which was one of the first a!ected places of the epidemics in France. They
find a rate of asymptomatic people of 17% only, but argue that this is likely to underestimate the rate in the general
population.
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6.3 Results

The calibrated model is used to produce two sets of experiments. We first use it to simulate the
trajectory of public health and economic indicators during the first deconfinement period, from
April to June 2020. This first part summarizes the results presented in the initial version of this
paper [275]. Next, we use our model to quantify the epidemiological and economic e!ects of the
second wave of COVID-19 and related containment policies, extending the time horizon to cover
the year 2021.

6.3.1 Back to May 2020: Managing the First Deconfinement

Lockdown measures were implemented on 20 March 2020. Without taking stance on the potential
trade-o! concerning human lives versus material goods and/or social losses, lockdown measures
induce opposite economic and epidemiological consequences. On the one hand, they generate a
decline in activity driven by a disciplined cut in lockdown industries, a decrease in final demand,
and cascading e!ects in the other industries. Using industry-specific parameters from Table C.1,
our model predicts that each week of lockdown during the first wave translated into an output
loss of about 28% compared to the pre-crisis level, as illustrated in Figure 6.2b. The most
adversely a!ected industries were ’Construction’ (-66%), ’Accommodation and Food’ (-62%),
Mining and Quarrying (-43%), and ’Wholesale/retail trade and repair services’ (-42%). The
least impacted industries are ’Health and social work’ (-3%) and ’Finance’ (-6%), ’Education’
and ’Public administration’ showed limited responses of around 10%. On the other hand, the
lockdown reversed the trend of rising infections.
As shown in Figure 6.2a, the peak of the infection curves was observed during the first week of
April with around 1,850 detected COVID-19 cases (we exclude asymptomatic people who were not
detected as positive). The number of infected people gets smaller than 50 by mid-June, implying
a number of recovered people converging towards 4,400 individuals (i.e., 0.7% of Luxembourg’s
population). The lockdown has drastically limited the propagation of the virus, which implies
that there was still a majority of susceptible workers in the Luxembourg labor force after the first
wave. Any economically meaningful strategy of deconfinement required that non-infected and
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non-immune workers were gradually brought back to work, which induced a risk of a relapse.

Deconfinement scenario. – In Figure 6.2, we simulate the economic and health implications
of the deconfinement measures implemented between April and June 2020 in Luxembourg. The
deconfinement policy was gradual:

• The first restarting stage started on April 20 and mainly involved the reopening of construc-
tion sites.

• Secondly, schools gradually reopened after May 4. Reopening started with graduating classes
in the secondary education, practical exercise classes and internships at University and for
the Advanced Technician Certificates. Secondary schools reopened on May 11. Primary
schools and public childcare services reopened on May 25. This reduced the number of
workers in parental leave.

• Other measures were implemented on May 11. These consisted of removing constraints
in all other sectors of the economy, with the exceptions of HORESCA as well as Arts,
Entertainment and Recreative Services.

• We also consider a resumption of social activities from the beginning of June. We allow
transmission rates at the place of residence to partly return to their initial level once social
life restarts. This might be due to restarting meals and parties with a limited number of
friends and/or with family members, sport in small groups, more intensive use of public
transportation, more contacts in shopping areas, mass departures during the holiday season
or at weekends, etc.

• To be consistent, we combine the deconfinement with the optimistic trade scenario involving
a gradual recovery of exports from the beginning of June. We consider for the time being
that teleworkers continue to work from home in the non-lockdown industries.

Epidemiomonic results. – The public health e!ects of these measures are presented in Figures
6.2a and 6.2b, in which we consider that testing policies are not implemented. As a benchmark, we
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consider a best-case scenario in which transmission rates within sectors and in the total population
are kept at their post-lockdown levels.
In the other scenarios, we assume that employment constraints are relaxed in all sectors (i.e.,
1i,t = 1) except HORESCA and Arts, Entertainment and Recreative Services. This increases the
level of employment in all sectors, due to cascading economic e!ects. We analyze the e!ects of this
deconfinement policy considering a set of sanitary scenarios. As a result from physical distancing,
hygiene and prevention measures, transmission rates decreased drastically in Luxembourg and in
the Greater Region after the lockdown. Part of the changes in transmission rates can be considered
as permanent. In an optimistic scenario, depicted by the dashed black curve, we assume that
(i) masks, distancing and hygiene measures are maintained and allow to keep transmission rates
("i) at 50% of their pre-lockdown levels in all industries, (ii) post-lockdown teleworking practices
remain in force in all sectors, and (iii) the resumption of social life has no e!ect on transmission
rates outside the labor market and schools ("L is kept at the post-lockdown level). Due to
intensive margin e!ects, this optimistic deconfinement scenario translates into a second (flatter)
wave that reaches its peak in the course of 2021.
To illustrate the fragility of the health situation, we then consider that the resumption of social life
influences transmission rates outside individuals’ sector of activity, with "L becoming equal to 50%
of the pre-lockdown levels. We allow changes in "L to materialize in Luxembourg only (dashed
red curve) or in the regions of origin of cross-border workers only, i.e., in Wallonia in Belgium,
Grand-Est in France, Saarland and Rhineland-Palatinate in Germany (dashed green curve). In
both cases, the infection curves shifts upwards and the second wave is more severe. Finally, the
blue curves show that bringing teleworkers back to their workplace (all workers in blue, or cross-
border workers only in dashed blue) reinforces the intensive-margin e!ects and generates a rapid
and drastic increase in the infection curve.
The economic e!ects are depicted in Figure 6.2b. In the best-case scenario, weekly GDP slowly
goes back to its pre-crisis level before the end of the year. Remember that this scenario assumes
a gradual recovery of final demand after June 2020. Considering the worst-case epidemiological
scenario (with changes in "i and "L) has limited economic e!ects as the number of infected
peaks at around 15,000 persons, including 10,000 workers (2% of the workforce) who can be
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partially replaced by those in partial unemployment. Hence, the e!ect of changes in the flow
of new infections on the economy are rather small, contrary to the huge e!ects induced by
generalized or partial lockdown measures. Overall, the annual GDP decreases by 8% compared
to a no-crisis scenario. By contrast, assuming that changes in exports are permanent would
lead to a long-lasting drop in GDP and an annual input loss of 15%. Hence, in an open-economy
context such as in Luxembourg, economic prospects for 2020 were highly sensitive to international
economic conditions. For illustrative purpose, we also simulated a scenario in which all cross-
border workers and teleworkers are unemployed, the loss of GDP would have exceeded 30%. The
role of teleworking has been instrumental to limiting the economic output loss and the propagation
of the virus.

Testing policies. – The results above indicate that the deconfinement policy implemented
between April and June 2020 was likely to generate a second wave if it was not accompanied
by appropriate testing and tracing measures. In Figure 6.2c, we start from a scenario combining
intensive margin e!ects with changes in "i and "L (a mix of dashed black and dashed red curves
in Figure 6.2a). The continuous black curve clearly indicates that a second wave occurs in the
absence of testing. Starting from the same transmission rates, we simulate the e!ect of bi-monthly
and monthly tests, as well as monthly tests for domestic workers only (i.e., excluding cross-border
workers).
We find that testing all workers and residents once per month (dashed black) is su"cient to avoid
the second wave. By contrast, testing domestic workers only (blue dashed curve) generates a
slow and gradual relapse of the pandemic, and testing all workers every two months generates a
quick and drastic rebound. Obviously, stricter testing policies are needed if one considers a more
pessimistic scenario where teleworkers are brought back to work or if transmission rates cannot
be kept below 50% of their pre-lockdown levels.
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Figure 6.2: Epidemionomic analysis of the first deconfinement

(a) Fragility of the sanitary situation

(b) Economic scenarios for 2020

(c) E!ectiveness of testing policies
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Although April-May-June 2020 was a good time for lifting containment measures, our model was
helpful to highlight the fragility of the sanitary situation. In particular, epidemiological predictions
were highly sensitive to the evolution of teleworking practices, transmission rates outside the labor
market, and testing policies. Three precautionary measures were drawn from our initial analysis
[275]:

• Maintaining teleworking practices is vital. All of our simulation results indicated that a ces-
sation of teleworking practices would induce large epidemiological damages, even if drastic
mitigation policies were implemented.

• Maintaining hygiene measures and high levels of physical distancing in social life has an
important impact on the number of COVID-19 cases. Our results also indicated that the
evolution of the number of COVID-19 cases is highly sensitive to transmission rates outside
the labor market.

• Monthly PCR testing of domestic and cross-border workers were necessary (but perhaps not
su"cient) to prevent a rebound in the infection curve.

• Combining testing with contact tracing would reduce transmission rates further. [278] show
that tracing pre/a-symptomatic people with a phone app and quarantining contacts of new
detected cases would reduce the transmission rate by up to 50%.

• Preventing HORESCA activities to exceed half of their full capacity was also recommended.

Ex-post evaluation. – Four months after our studies, available statistics allowed to assess
the relevance of our nowcasts, forecasts and recommendations. A rebound in the infection curve
appeared in late July, followed by a drastic second wave which started to materialize in September.
In line with our model predictions, this second wave can be essentially explained by a decrease in
the share of teleworkers and, more importantly, by the changes in transmission rates outside the
labor market (in schools and in social life) and by the coverage of the testing policy. Although
the government invited its residents and cross-border workers to be tested on a monthly basis,
the participation rate had been around 25%, which is almost equivalent to testing everyone every
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four months only. Hence, the Luxembourg testing agency operated way under its capacity levels,
and was able to deliver testing results within a few hours only. The model predicted that the
second wave was inevitable under these circumstances.
Economically speaking, the model correctly predicted that the direct impact of changes in the
infection curve on the economy proved to be relatively small. This is because the stock of
infected people never exceeded 2% of the population, and workers in sick leave could easily
be replaced by workers in partial unemployment. By contrast, containment measures induced
large economic costs. Data reveals that GDP decreased drastically during the lockdown months,
although our economic forecasts proved to be too pessimistic. The economy has been more
resilient than expected, which is mostly due to the fact that the domestic and international
demand for financial services did not decrease as strongly as assumed in Table C.1. Overall, the
economic loss amounted to 1.4% and 7.2% in the first and second quarters of 2020, while our
model predicted twice these amounts. The model assumptions were thus revised in October 2020
to predict the epidemiological and economic consequences of the second wave, as explained in
the next section.

6.3.2 Back to October 2020: Managing the Second Wave

The outlook for the global economy was highly uncertain after the summer 2020. In October 2020,
we relied on scenarios developed by [279] to delineate best-case and worst-case macroeconomic
scenarios for Luxembourgs GDP over the quarters of 2020 and 2021.14 We adjusted our sanitary
and final demand hypotheses to be compatible with these extreme scenarios, defined an interme-
diate and more relevant scenario relying on the moderately coercive measures implemented in the
country, and predicted its epidemiological and economic e!ects for 2020 and 2021.

Second-wave scenarios. – The best-case scenario (labeled as NoSW) assumes the absence
of a second wave and a quick recovery of the international environment. It predicts that scientific
advances will be such that restrictions can be completely lifted from 2020Q4. The e!ects of fear
and uncertainty on final demand gradually disappear during 2020Q4 and 2021Q1. Using observed

14The latter were elaborated with the help of STATEC, building on their flagship macroeconomic model Modux.
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macroeconomic data for the first three quarters of 2020, STATEC estimates that this NoSW
scenario translates into annual GDP growth rates of -3.5% in 2020 and +4.0% in 2021, which
basically means a fast recovery towards the no-COVID trend. The underlying epidemiological
trajectory assumes that virus transmission rates decrease monotonically towards zero between
September 2020 and May 2021, and that medical advances (including a large-scale vaccination
campaign) make it possible for social distancing to fully relax without implying a rebound in the
infection curve.
By contrast, the worst-case scenario (labeled as SWLO) predicts a second wave requiring gen-
eralized lockdowns throughout Europe. In the case of Luxembourg, STATEC assumes a new
confinement of longer duration (covering 6 months during 2020Q4 to 2021Q1) in the same indus-
tries as in March-April (i.e., construction, sales in non-essential businesses, services to households,
food and accommodation) as well as in leisure, family and social life. This will be accompanied
by a long-lasting decrease in final demand due to lockdowns abroad and to a degradation of
the confidence of local and foreign actors. STATEC estimates that this SWLO translates into
annual GDP growth rates of -4.5% in 2020 and -0.5% in 2021, implying two years of negative real
growth. The underlying epidemionomic trajectory suggests that GDP will be 15 to 17% below
the No-COVID hypothetical trend during the lockdown weeks and will slowly recover afterwards.
The reality is somewhere in the middle. After a dip in new cases in July and August, Luxembourg
reported a higher number of cases than during the first peak. Hence, the second wave materialized
and the question was: how bad will it be? Luxembourg avoided to strongly re-confine its economy
in late October 2020. Besides testing, tracing and quarantining tools, the government decided
to prohibit movements of people between 11PM and 6AM (i.e., a curfew), to reinforce social
distancing measures in restaurants, bars and cafés, to limit private gatherings and presence in
shops, to promote medical teleconsultation, to forbid sports activities involving more than four
people, etc. The e!ectiveness of these sanitary measures and their economic implications are
highly uncertain as they strongly depend on the degree of adhesion of the population as well as
on external factors such as the evolution of preventive measures and epidemionomic conditions
in the neighboring regions. In addition, after November 26, the government re-implemented a
partial lockdown, which consisted of limiting family contacts and closing cafés and restaurants,
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cinemas, theaters, swimming pools and sport centers.
We relied on an optimistic parametric interpretation of these sanitary measures, that we refer to as
the SWNL scenario (for ’second wave with no generalized lockdown’). More precisely, compared
to early October and starting in November 2020, we assume a 50% decrease in contamination rates
outside the labor market in the neighboring regions, and an increase in teleworking (up to 50%
of the April level). We also assume a trajectory of final demand that is less optimistic than under
NoSW (-20% in 2020Q4 and 2021Q1, followed by a gradual recovery) due to consumers fears and
uncertainty. We also considered a new lockdown in HORESCA and in the "Arts, Entertainment
and Recreative Services" from November 26 to the end of 2020.15

A spectrum of epidemionomic prospects. – Figure 6.3 depicts the aggregate results of our
model, and Table 6.2 summarizes estimates of quarterly growth rates for the years 2020 and 2021.
Under the NoSW, the spread of the virus remains rampant until June 2021 with low intensity
from January. Under the SWLO scenario, a new generalized lockdown starting in September
2020 would have prevented the infection curve to skyrocket.
The most likely scenario (SWNL) generates intermediate results. Our parametric interpretation of
sanitary measures has been chosen to generate a decrease in the infection curve that is comparable
to that of the lockdown scenario, which has been confirmed by the observed trajectory of the
infection curve. The model predicts that the number of symptomatic active COVID cases will
peak at 14,500 by mid-December 2020 (one month later compared with SWLO) and then fall
until May 2021. Interestingly, the number of active cases was already greater than 10,000 on
November 10. By the end of 2021, the cumulative share of people who have ever been infected
will be around 25% (i.e., 120 000 individuals). The major di!erence with SWLO relates to the
macroeconomic implications of the containment measures. We estimate that this SWNL scenario
translates into annual growth rates of -3.9% in 2020 and +3.7% in 2021, which is quite close to
the NoSW scenario (-3.5% and +4.0%, respectively).16 Hence, managing the second wave with

15Note that the average occupancy rate in hotels was already low, in the range of 15 to 25% of their pre-lockdown
levels, according to recent newspaper article.

16Simulations in line with the robustness checks below suggest that about 3/4 of the growth di!erential with
NoSW in 2020Q4 is due to epidemiological e!ects: the labor force decreases by about 30,000 persons in December
(14,500 infected and approximately the same number of quarantined people). By contrast, the stock of active
cases will be much smaller in 2021 and 4/5 of the growth di!erential in 2021Q1 is due to the deterioration of final
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moderately coercive measures has limited the cost of the second wave to 0.3 and 0.4 percentage
point of GDP in 2020 and 2021, respectively.

Figure 6.3: Weekly path of epidemionomic outcomes under three scenarios

Note: The left panel reports the percentage of deviation in weekly GDP from the hypothetical No-COVID situation.
The right panel reports the number of detected COVID-19 active cases (left scale) and the total number of recovered
(right scale).

Sensitivity to hypotheses. – There was considerable uncertainty on whether moderately coer-
cive sanitary measures will prove strong enough to contain the second wave and on the concomit-
ant evolution of the international environment. The predictions of the SWNL strongly depend on
our parametric interpretation of existing measures. To quantify that uncertainty and to identify
the key mechanisms at play, we started from the SWNL and considered 8 variants (one variant at
a time) implying (i) more or less teleworking (100% vs. 0% of the sectoral share of March-April),
(ii) higher or lower adhesion to distancing measures in leisure, social and family life (contamination
rates outside the labor market equal to 25% or 75% of those observed in early October), (iii) more
or less testing/tracing (50% of participation in large-scale testing and 6 quarantined people per
case vs. total absence of testing/tracing), (iv) more optimistic or pessimistic trajectory for exports
(no shock vs. -40% in 2020Q4 and 2021Q1). These variants are considered as independent of
each other, which means that we disregard the fact that variations in the infection curve can
demand.
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Table 6.2: Trajectory of Luxembourg GDP under three scenarios, 2020-2021 by quarter

2020 2021
Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4

No-COVID reference (Ref) 13206 13286 13365 13445 13526 13607 13689 13771
NoSW 12947 12016 12595 12595 12658 12911 13169 13432
Cumulated index (Ref=100) 98.0 90.4 94.2 93.7 93.6 94.9 96.2 97.5
Quarterly growth rate (%) -1.4 -7.2 +4.8 0.0 +0.5 +2.0 +2.0 +2.0
Annual GDP growth rate -3.5 +4.0
SWLO 12947 12016 12593 12089 11726 12195 12561 12938
Cumulated index (Ref=100) 98.0 90.4 94.2 89.9 86.7 89.6 91.8 94.0
Quarterly growth rate (%) -1.4 -7.2 +4.8 -4.0 -3.0 +4.0 +3.0 +3.0
Annual GDP growth rate -4.5 -0.5
SWNL 12947 12016 12595 12388 12430 12817 13132 13415
Cumulated index (Ref=100) 98.0 90.4 94.2 92.1 91.9 94.2 95.9 97.4
Quarterly growth rate (%) -1.4 -7.2 +4.8 -1.6 +0.3 +3.1 +2.5 +2.1
Annual GDP growth rate -3.9 +3.7
Note: The No-COVID reference scenario assume a 1.5% growth rate per quarter. NoSW stands for absence of
second wave. SWLO stands for second wave requiring a generalized lockdown. SWNL stands for second wave
requiring moderately coercive measures only. Numbers in bold characters are observations. Source: STATEC
(2020). Note de Conjoncture of December 2020.

induce pressures on ICU admissions, panic or protest movements, which could translate into final
demand responses. Figure 6.4 illustrates the epidemionomic consequences of these variants.
We first focus on adhesion to public health measures. Changes in teleworking practices have
small e!ects on the infection curve. Within the context of our model, this is explained by the
fact that highest transmission rates during the second wave were observed outside the labor
market. Changes in social distancing have bigger e!ects, increasing the number of cases by
4,500 at the peak (low distancing) or decreasing it by 1,000 (high distancing).17 Changes in
testing/tracing practices induce moderate epidemiological e!ects, increasing the number of cases
by 2,500 at the peak (absence of large-scale testing and tracing) or decreasing by 1,500 (higher
adhesion). These sanitary variants induce negligible e!ects on the economy (contrary to the
deep-set trend in COVID cases), while annual GDP growth rates are sensitive to the evolution of
the international environment. Turning our attention to export shocks, we find opposing results.
The epidemiological consequences of output and employment shocks are negligible, which again

17The low-distancing variant roughly translates into 140 admissions in intensive care units by the very end of the
year, leading to a quasi-saturation of the ICU system.
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results from the fact that transmission rates on the job were relatively well contained. By contrast,
the economic trajectory for 2021 is sensitive to exports. For 2020, the e!ect is smaller as GDP
levels for Q1 to Q3 are already given. In particular, the low-export variant translates into an
annual growth rate of -3.9% in 2020 and 2.9% in 2021 (against -3.8% and +3.6% under SWNL).
Epidemiologically speaking, moderately coercive variants show that uncertainty about the spread
of the virus remained large. A lockdown-type policy would have generated much more foreseeable
epidemiological e!ects at the cost of a much bigger recession.

Figure 6.4: Sensitivity of the SWNL scenario to epidemionomic variants

Note. The left panel reports the percentage of deviation in weekly GDP from the hypothetical No-COVID situation.
The right panel reports the number of detected COVID-19 active cases.
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6.4 Conclusion

Our model jointly endogenizes the health and economic responses to the COVID-19 crisis and
the related containment and public health policy measures implemented in Luxembourg and in its
neighboring regions. It allows us to quantify the economic and public health e!ects of the first and
second waves of COVID-19 under various economic, epidemiological and public health scenarios.
We focus here on two key moments in time. The first one is the deconfinement period following
the first lockdown (May-June 2020). Our set of nowcasts and policy experiments conducted in
May 2000 predicted that the restarting of lockdown industries per se was unlikely to induce a
relapse of the pandemic if teleworking practices could be maintained. Nevertheless, we predicted
that the resumption of social life and, to a lesser extent, the cessation of teleworking practices
were likely to generate a rebound in the infection curve. We thus recommended to maintain
teleworking practices and high levels of physical distancing in social life, as well as promoting
monthly testing and quarantining measures. Available statistics revealed that we overestimated
the economic costs of the first wave; this is because the financial sector has been much more
resilient than initially assumed. However, the second wave materialized after the Summer 2020.
In line with our predictions, this is explained by higher transmission rates outside the labor market,
low participation in testing and a decrease in teleworking.
Five months later, history was repeating itself. As the COVID-19 second wave was hitting much
of Europe, some countries entered a new (total or partial) lockdown allowing people to leave
their home only to go to work (when teleworking was not feasible) or to buy essential goods and
seek medical help, banning or limiting social gatherings, prescribing curfews, shutting non-essential
activities, etc. Luxembourg followed suit by taking new measures but avoided to re-confine part of
its economy. Besides testing, tracing and quarantining tools, the government decided to prohibit
movements of people between 11PM and 6AM, to reinforce social distancing measures in public
transport, to limit private gatherings and presence in shops, to promote medical teleconsultations,
to forbid sport activities involving more than four people, and to close restaurants, bars and cafés.
We re-parameterized our model to assess the e!ectiveness of these sanitary measures and the
macroeconomic cost of the second wave. We estimate that the management of the second wave

135



COVID-19 Crisis Management in Luxembourg: Insights from an Epidemionomic Approach

translates into moderate GDP losses in the years 2020 and 2021. If Luxembourg can escape a
massive third and/or fourth wave, real GDP growth should almost get back to its long-term level
in 2021.
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Conclusion 3

The model is fitted to the first and second wave of COVID-19 from an economical and
health perspective and gives insights on its e!ects. The direct impact on Luxembourgish
economy is small, because never more than 2% of the population were infected at the same
time. However, the containment measures lead to higher economic costs. The developed
model’s forecast was too pessimistic for the GDP loss during lockdown period. "Financial
and insurance service" is the biggest industry in Luxembourg which was more resistent and
its decrease was not that dramatic. The first version of the model suggests that to prevent
a second wave, all workers and residents needs to get tested once per month.
The first and second wave were analysed from a health and economical point of view. In
order to better predict the next outbreak of COVID-19, the chapter 7 investigates the
performance of early warning signals (EWS) in disease re-emergence.
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CHAPTER 7
PERFORMANCE OF EARLY WARNING SIGNALS FOR DISEASE

RE-EMERGENCE

This chapter is based on
Daniele Proverbio, Françoise Kemp, Stefano Magni, Jorge Gonçalves. Performance of early warn-
ing signals for disease re-emergence: a case study on COVID-19 data. PLOS Computational
Biology 18(3): e1009958. https://doi.org/10.1371/journal.pcbi.1009958
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Introduction 4

The following chapter is an investigation of the performance of EWS in disease re-
emergence. EWS are a class of statistical time series signals [122]. They are used to
predict critical transitions which needs to be understood in order to prevent or predict up-
coming shifts of the system. In particular, this chapter focuses on the analyses of potential
EWS in order to detect critical transitions in empirical data in the framework of COVID-19.
My contribution to the following project consisted in the formal analysis of the data. I also
came up with the idea and the implementation in Python of ARIMA 3.6.3 as a detrending
method for the COVID-19 datasets. Furthermore, I participated in the writing process
from reviewing to editing.
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Abstract

Developing measures for rapid and early detection of disease re-emergence is important to perform
science-based risk assessment of epidemic threats. In the past few years, several early warning
signals (EWS) from complex systems theory have been introduced to detect impending critical
transitions and extend the set of indicators. However, it is still debated whether they are generically
applicable or potentially sensitive to some dynamical characteristics such as system noise and
rates of approach to critical parameter values. Moreover, testing on empirical data has, so far,
been limited. Hence, verifying EWS performance remains a challenge. In this study, we tackle
this question by analyzing the performance of common EWS, such as increasing variance and
autocorrelation, in detecting the emergence of COVID-19 outbreaks in various countries. Our
work illustrates that these EWS might be successful in detecting disease emergence when some
basic assumptions are satisfied: a slow forcing through the transitions and not-fat-tailed noise. In
uncertain cases, we observe that noise properties or commensurable time scales may obscure the
expected early warning signals. Overall, our results suggest that EWS can be useful for active
monitoring of epidemic dynamics, but that their performance is sensitive to certain features of
the underlying dynamics. Our findings thus pave a connection between theoretical and empirical
studies, constituting a further step towards the application of EWS indicators for informing public
health policies.

Author summary

To extend the toolkit of alerting indicators against the emergence of infectious diseases, recent
studies have suggested the use of generic early warning signals (EWS) from the theory of dynamical
systems. Although extensively investigated theoretically, their empirical performance has still not
been fully assessed. We contribute to it by considering the emergence of subsequent waves of
COVID-19 in several countries. We show that, when some basic assumptions are met, EWS could
be useful against new outbreaks, but they may fail to detect rapid or noisy shifts in epidemic
dynamics. Hence, we discuss the potential and limitations of such indicators, depending on
country-specific dynamical characteristics and on data collection strategies.
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7.1 Introduction

Epidemics such as the current COVID-19 pandemic pose important and long-lasting threats to
human societies [451]. Hence, developing tools for rapid and early detection of disease emergence
is important to perform science-based risk assessment [446]. In principle, detailed mechanistic
understanding could help formulate predictive models. However, combinations of non-linearity,
noise and a lack of curated data sets hamper the development of mechanistic models. Therefore,
numerous recent studies have suggested using di!erent methods, agnostic of detailed mechanistic
models, that could detect shifts in epidemic dynamics [135, 427, 428, 438, 439]. These methods
are based on the theory of critical transitions in dynamical systems [119] and require the calculation
of statistical early warning signals (EWS) from observed data. However, the applicability of such
early warning signals is still debated, as it might depend on the interplay of modelling predictions
and empirical observed dynamics.
Critical transitions encompass a broad class of complex phenomena characterized by sudden shifts
in the system dynamics. Key mechanisms for deterministic shifts are dynamical bifurcations
[435], i.e. qualitative changes of equilibria due to leading eigenvalues crossing a threshold value.
In epidemiology, the leading parameter is the reproduction number R, the average number of
secondary infections from a single contagious case in a susceptible population [143]. When this
evolves over time, e.g. reflecting the e!ect of pharmaceutical or non-pharmaceutical interventions,
we speak of e!ective time-dependent reproduction number R(t) [157]. Re-emergence of infectious
diseases thus involves a transmission system that is pushed over the critical point R(t) = 1 through
a transcritical bifurcation [438]. As a consequence, it may in principle be possible to apply results
from the theory of critical transitions to detect impending epidemic re-emergence. In particular,
proposed early warning signals (EWS) are summary statistics indicators that might change in a
predictable way when approaching the critical threshold. Common EWS are increasing variance
and autocorrelation, which have been suggested to be generically applicable to detect impending
regime shifts in di!erent systems [120, 443]. If this would be the case, the consequence would
be the possibility to expand the set of epidemic indicators. Several theoretical and computational
studies already investigated EWS performance on abstract epidemiological models [132, 135, 436,
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438, 452], but so far only a few testings on empirical data have been performed. A first observation
was reported in [421]; further data-driven approaches have been applied in [424]. An approach
derived from bifurcation theory on networks was applied on COVID-19 data in [423]. A review
can be found in [422]. Performing more tests is thus a necessary next step towards the application
of EWS in routine surveillance procedures. In addition, it is essential to characterise the potential
confounders that might a!ect the expected signals.
In this study, we aim at testing the performance of EWS in detecting the re-emergence of ob-
served epidemics, and at interpreting the observed performances based on the correspondence
of modelling assumptions and dynamic features observed in the data. Specifically, we are not
screening all possible EWS on all possible empirical data as it was done in [425, 426]; on the
opposite, we are testing whether some EWS work when they are expected to, what happens in
other cases, and why. In fact, theoretical predictions like early warning signals should ideally be
tested in controlled experiments [462], but these are often not feasible in complex phenomena like
epidemics. Instead, the present work considers curated observational data from many outbreaks
of the same disease, following the strategy of “natural experiments” [472]: first, constructing a
data set that includes relevant time series data; second, accounting for possible confounders, i.e.
dynamical characteristics that might alter the expected signals; third, evaluating the performance
of EWS and interpreting it in light of previous theoretical results.
To this end, we use worldwide data from the current COVID-19 epidemic. The COVID-19 disease,
caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) [464], rapidly di!used in
the whole world during 2020 and 2021. After a first outbreak, characterised by a sudden emergence
followed by an exponential di!usion, countries worldwide managed to curb the local infection
curves with combinations of non-pharmaceutical interventions. From a dynamical perspective,
this corresponded to tuning the e!ective time-dependent reproduction number R(t) to values
below 1 [431]. Later during the year 2020, many countries experienced epidemic re-emergences
(often called "second waves") associated to R(t) re-crossing 1 from below [449, 450]. We thus
concentrated on this re-emergence, in order to study signals associated with a bifurcation being
crossed. The unprecedented di!usion of the virus, as well as the various degrees of intervention
strengths, provide abundant epidemic data to construct the test set. Known dynamical features
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associated to modelling assumptions, such as noise and rate of evolution of R(t) [441], are then
accounted for by analysing the time series of each country. These features allow to interpret the
trends observed in empirically derived EWS and their performance in di!erent contexts.
The paper is organised as follows. First, we recall theoretical results from literature, to allow
the subsequent comparison with expected EWS behavior. Then, we describe how the test set
was constructed and analysed. After that, we study the behavior and the performance of EWS
from empirical data and their dependence on dynamical characteristics associated with modelling
assumptions. Finally, we discuss the current findings, their limitations and their implications for
future studies.

7.2 Methods and Mathematical Theory

7.2.1 Mathematical theory and derivation of EWS

The scope of this article is to test theoretical predictions in light of their assumptions. Hence, we
provide a brief review of the theoretical basis of critical transitions in epidemic dynamics, as well
as on the derivation and assumptions that underlie their associated early warning signals. This
way, we highlight the theoretical results to be tested as well as their supporting hypothesis, which
will be central for this study. Further details can be found in the supporting information material
S1 as well as in the references provided.
It is often recognised that epidemics can be described as complex systems, whose macro-scale dy-
namics evolves out of equilibrium [120, 428, 438]. In di!erent complex systems, sudden dynamical
changes can happen when the system is pushed over a critical point through a bifurcation [124].
Critical transitions observed in complex systems are often associated with such bifurcations [410].
Recent studies have shown that the trend of certain statistical indicators may signal the approach
to a critical transition in slowly forced dynamical systems [435, 454]. In general, a slowly forced
system with variables x and control parameter q is [469]:

,
--.

--/

ẋ = f(x, q)

q̇ = -g(x, q)
(7.1)
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with 0 < - * 1. Typical models of epidemic dynamics, such as SIR based models [352, 431],
can be expressed as a slowly forced system like Eq. 7.1 when the control parameter R slowly
approaches its critical value 1.
In the presence of small random fluctuations, the approach to the critical point is often associated
with predictable trends of several statistical indicators of variability, which have been proposed as
early warning signals of impending transitions [453, 457]. The reason is that noise can push the
system state around the deterministic trend of Eq. 7.1; at the same time, its statistical properties
might change as the system approaches the transition and could be used to detect it [469]. If
the noise is relatively small with respect to the deterministic trend and normally distributed, the
trend of the most common summary statistics (variance, autocorrelation, skewness, coe"cient of
variation), computed on detrended residuals, is expected to increase next to the transition, thus
providing an early warning signal [120, 442]. If this signal can be observed prior to the transition,
it would constitute an early warning.
Several early warning signals from the critical transitions theory have been predicted to apply
on epidemiological models. A particularly relevant theoretical result is from [438]. The authors
consider an extended SIR model:

Ẋ = µ(1 " p) " %XY " ($ + µ)X

Ẏ = %XY + $X " (& + µ)Y

Ż = µp + &Y " µZ

(7.2)

with variable X for susceptible, Y for infectious, Z for removed. % represents the infection rate
and & the removal rate [178]; µ describes the flux of people across country boundaries; $ is an
influx of infected cases that could trigger a new infection; p represents a protection rate for the
susceptible population, either by non-pharmaceutical interventions or by vaccination [325]. In this
case, the reproduction number is [438]:

R = %

& + µ
(1 " p) . (7.3)

There is a transcritical bifurcation on the (Y, p) diagram when R reaches its critical value R = 1 for
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p" = 1 " (& + µ)/%. The R introduced above corresponds to the empirical e!ective reproduction
number R(t) if we explicitly consider the time-dependence of p as p(t). When considering the
stochastic version of Eq. D.1, it is possible to analyse its fluctuations next to the transition and
extrapolate the early warning signals from the associated summary statistic indicators. The kind
of noise (additive or multiplicative) that is considered constitutes a modelling assumption. How
the most common indicators — variance and lag-1 autocorrelation — are derived (from [438]) is
reported in the supporting information, along with their predicted evolution next to the critical
transition when the slow-fast assumption is satisfied, or not (Fig. S1). Their increasing trends
prior to the transition provide the predicted early warning signal.
Further computational results, which also consider additional indicators, suggest that the increases
in variance are the best performing indicators of re-emergence, in terms of signal-to-noise ratio
and of detection performance [135, 428]. However, as noticed in follow-up studies [134, 447, 469],
their performance is linked to whether their modelling assumptions are satisfied. If it is the case,
such indicators perform well; but what happens in other contexts is still less clear.
We here recall the main modelling assumptions underlying the prediction of EWS, as well as their
relevance for their performance. (1) critical transitions are local phenomena. Hence, EWS are
not global measures, but are expected to work in the vicinity of the regime shift. (2) it should
be possible to express the epidemic dynamics in terms of a fast-slow system like Eq. 7.1. When
approximating R approaching to 1 as a linear trend, the modelling assumption Eq. 7.1 is satisfied
if the regression coe"cient (the slope of the linear trend) is small. Otherwise, literature results
suggest that the expected patterns will be either distorted or will not occur [428, 438]. (3) the
closer random fluctuations are to be additive noise, the more robust the performance of EWS is.
If there are deviations from white noise, EWS trends can be modified or disrupted. For instance,
decreasing variance was observed in case of non-white multiplicative noise [447]. (4) In case of
combinations of non-white noise and of non-fast-slow description, one might observe bifurcation
delays, i.e. changes of the system state (and of its indicators) that lag behind the theoretical
bifurcation. This would translate in a warning signal that emerges much time later than the
epidemic re-emergence. (5) If the transition is triggered by large random fluctuations — the so
called noise-induced transitions [435] — no EWS is expected to be observed [411].
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7.2.2 Data collection and curation

This paper studies the re-emergence of infectious diseases, with COVID-19 as a case study, in a
number of observations from all over the world. Our aim is to verify whether EWS work when
they are expected to based on the theory recalled above and explain why they might malfunction
otherwise, rather than perform an observational study over all COVID-19 re-emergencies (for
such a study, refer to [425]). Consequently, to construct the data set, we considered data from
countries that faced a re-emergence of positive COVID-19 cases between beginning of March
(starting of wide viral di!usion) to mid-September 2020. We did not consider further data points
as many countries began issuing new social measures that rapidly impacted the epidemic trends.
These would hinder the careful analysis of confounders.
When possible, we use prevalence data, i.e. active cases over the whole population of a regional
area, in accordance to what is modeled by SIR-like models and to what was suggested in liter-
ature [132]. Active cases from Luxembourg are directly retrieved from the government website
(COVID19.public.lu/fr/graph). They are derived from random samples over the whole popu-
lation, using a Large Scale Testing strategy [396] and careful control of the hospital system. As
they are not directly available for the other countries, active cases A are estimated, following
[154], by the proxy:

A = C " D " R̃ (7.4)

where C indicates the cumulative positive cases, D the number of registered deaths and R̃

the number of recovered patients. Country data are obtained from public repositories of con-
firmed detected, deceased and recovered cases: the John Hopkins University collection [161]
and the European Centre for Disease Prevention and Control database (https://www.ecdc.

europa.eu/en/COVID-19/data). We also use Italian data from the Veneto region, as an
example of regional data with an identifiable second wave during the considered time inter-
val. Veneto time series for detected, deceased and recovered cases are retrieved from the Git-
hub repository of the Italian "Dipartimento della Protezione Civile - Emergenza Coronavirus"
(https://github.com/pcm-dpc/COVID-19). All databases are accessed up to 15/09/2020.
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To best curate the database, an initial screening on data quality is performed. We reject time series
with very few active cases, as in such time-series the intrinsic stochasticity of the contagions and
the measurement noise dominate over the deterministic behaviour captured by SIR-like models.
We also discard time series for which the share of positive cases over performed tests is > 5% next
to the transition, as WHO guidelines suggest possible undertesting (we refer to WHO reports such
as https://bit.ly/3dARcy1). Information about the share of positive tests is obtained from
the OurWorldInData curated dashboard [163] and is reported as a summary in supplementary
table S1. As EWS from critical transitions are based on mean-field homogeneous SIR-like models,
we do not consider whole countries with clear spatial heterogeneity like Italy [460], but we instead
use regional data if available. Finally, we discard some public time series that behave clearly
di!erently from the common reconstructed epidemiological curves [154] (see electronic supporting
information Fig. S2).
We acknowledge that data quality, particularly about R̂ cases, plays a major role to obtain a
robust estimator for A. The selection criteria were designed to enhance data quality; hence, in
the remainder of this study, we focus on prevalence data to compare the results with interpretations
from various literature sources. In addition, we perform an investigation on the use of incidence
data, using reported daily new cases from the same sources listed above. Incidence data might as
well be influenced by testing bias (e.g. lower testing over weekends) and other factors; hence, this
analysis complements the one on prevalence data by investigating EWS performance on real-world
monitoring protocols. Such analysis is reported in electronic supplementary material Sec. S8.

7.2.3 Analysis of dynamical features

To identify the transition a posteriori and get a "ground truth" date of re-emergence, we use a
data-driven estimation of the time-dependent R(t). Similar to [135, 413, 414], R(t) is estimated
with Bayesian inference by means of a Markov Chain Monte Carlo (MCMC) method. For each
day when data are available, we estimate the probability of observing a certain value of R(t) by
calculating the likelihood of seeing k new cases, given the candidate R(t), following a Poisson
transmission process. To avoid fitting spurious bumps, the data are previously smoothed with a
Gaussian window of 7 days. Note that, since this is only used for a retrospective analysis, it does
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not modify the non-anticipating scheme for the EWS. We update the prior at time t with the
posterior at time t " 1. A Metropolis-Hastings MCMC scheme was used to generate candidates
for R(t). We describe this in depth in electronic supporting information Sec. S4. As we adapted
a previous implementation from [414], we also refer to it for further details.
Then, we employ the posterior probability density function obtained from the Bayesian framework:
p(R|data). This was used to estimate the probability that the control parameter is greater than 1,
P(R(t) > 1). This was calculated, as for any stochastic variable, by integrating over all possible
probability values associated with R(t) > 1:

P(R(t) > 1) =
@ %

1
p(R|data)dR . (7.5)

Since R(t) > 1 is associated with an exponential increase of infectious cases after a transcritial
bifurcation, P(R(t) > 1) can be interpreted as the probability of seeing an epidemic outbreak.
Then, the most likely day tem in which the transition happened, assumed as our ground truth,
corresponds to the first time when P(R(t) > 1) from Eq. 7.5 reaches its maximum value of 1
(see electronic supporting information Fig. S3).

After calculating the outbreak date, we test the modelling assumptions of normally distributed
fluctuations and of slow approach to the critical transition.
To test the additive noise assumption, we analyze the global distribution of stochastic fluctuations,
filtered from the time series with a 7-days moving Gaussian kernel as suggested in [440, 466].
The window size reflects typical cycles of data reporting and of COVID-19 fluctuations [458].
The distribution of fluctuations over the complete time series is indicative of the average noise
distribution. We computed skewness and kurtosis to measure deviations from Gaussian noise,
which is characterized by skewness=0 and kurtosis=3 [179].
To test the assumption of slow approach to the transition, we measure the rate of approach of
the control parameter to its critical value. For this, we compute the time-dependent R(t) like
above and, consistently with the fast-slow system description of Eq. 7.1, we fit a linear function:

R(t) = a + b · t (7.6)
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in the interval t ! [t̃, tem]. Here, tem corresponds to the day associated with novel disease
emergence as explained above; t̃ is the day associated with the minimum of R(t) after the first
wave. The regression coe"cient b ± *b measures the ramping speed of the control parameter
(along with its uncertainty). As an indication, R(t) is said to be "slowly evolving" if it goes from
its minimum value to 1 in a period of time that is much longer than the COVID-19 serial interval
(around 4 days [461]), which is a proxy of the disease duration time scale. For the fitting, we use
the scipy Python library. Refer to electronic supporting information Sec. S5 for details.

7.2.4 Estimation of EWS

Estimation of early warning signals from time series data is performed following standard methods
from literature [441].
First, we detrend the time series to obtain a moving average, representative of the deterministic
trend. The "residuals" or detrended fluctuations are obtained by subtracting the moving average
from the original time series. To investigate possible e!ects of detrending approaches — as
discussed in previous theoretical studies [120, 440, 454] — we use and compare three detrending
methods: a uniform moving mean, a Gaussian kernel, and ARIMA models [412]. The ARIMA
models are specifically tuned for each country, see electronic supplementary material.
Then, we compute the statistical indicators associated to each point with a backward sliding
window, i.e. one where the associated time point is the rightmost one. In a similar spirit, all
detrending methods are non-anticipating. This way, all estimates are agnostic of future values
and reflect practices used in active monitoring: the estimation of an indicator is performed as
soon as a new data point becomes available. All EWS indicators are estimated on the detrended
time series. We initially calculate the variance, which is suggested to be the most robust indicator
for epidemic re-emergence [132, 135, 428, 438] as:

Vari,t = 1
M " 1

t*

s=t0

(Ai,s " Âi,s)2 (7.7)

for any time point i with active cases A, over a sliding window with size t " t0 including M

time points. Â is the moving average. We also estimate other common statistics such as lag-1
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autocorrelation AC(1), coe"cient of variation (CV) and skewness, which are constructed similarly
to the variance over the same sliding window. The sampling frequency of COVID-19 data is not
su"cient to allow estimation of the power spectrum reddening [459] or of the sample entropy
[428]. All indicators are estimated with their corresponding Matlab functions. Note that the
estimation of P(R(t) > 1) is done a posteriori, that is, once we know the complete time series.
Instead, the early warning signals are calculated a priori, without knowing in principle if a transition
is approaching.

7.2.5 Quantification of EWS trends and Receiver Operator Characteristics ana-
lysis

Recent studies [132, 134, 441] suggest to quantify the expected increasing trend of EWS next to
the transition with the Kendalls ! coe"cient of monotonicity. The Kendall’s ! score is defined as
[474]:

! = #concordant pairs " #discordant pairs
M(M " 1)/2 .

M is the number of considered time points. Two generic points (t1, x1) and (t2, x2) are said to
be a concordant pair if, for t1 < t2, x1 < x2, and a discordant pair otherwise. A constant trend is
expected to have ! = 0. We compare this value with the ! scores calculated on time series with
identified transitions. To go beyond simple visual inspection, we quantify the detection power of
each statistical indicator using its time-changing trend, classifying data as either belonging to the
second wave or not. After calculating each indicator on a moving window (its size is discussed
later in the text) for each detrended time series, we estimated the Kendall’s ! score for each
timepoint on windows of the same size, over an overall period "30 < tem < 5 days around the
transition, as our positive data set. t > "30 is chosen to avoid significant overlaps with the first
epidemic wave, t < 5 to account for possible small bifurcation delays [120]. For the negative data
set, we use ! values taken way before the transition occurs, that is on windows associated with
timepoints t < "30.
We use Receiver Operator Characteristics (ROC) analysis to classify each time point as either
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before or after re-emergence. We compare each statistical indicators ability to correctly distinguish
which Kendall’s ! scores belong to those from before or after re-emergence, that is, we determine
whether the estimated ! is higher or lower than some threshold value at that timepoint and
determine whether each time series is classified correctly by that threshold. This gives a proportion
of true positives and false positives. To do so, we compare various values for 0 < ! < 1 to those
of the positive and negative data set, for each country. We calculate the indicator for each
country in a test set at the given timepoint, and then group the specificity and sensitivity results
to obtain the final ROC curve. The ROC analysis returns the Receiver Operator Characteristics
(ROC) curve, a parametric plot of the sensitivity and specificity of a classification method as a
function of the detection threshold [135, 136]. The overall detection performance of each EWS is
quantified by the area under the ROC curve (AUC). A value AUC= 0.5 means that the statistics
detection performance is as good in classifying as randomly guessing. A good indicator should
have AUC close to 1, which informs that it is possible to identify the transition by the increasing
trend of the indicator. An AUC close to 0 indicates good classification, although resulting from
a decreasing indicator that does not correspond to the predetermined theoretical prediction.

7.3 Results

7.3.1 Analysis of country-wise dynamical characteristics associated to the spread
of COVID-19

Tab. 7.1 reports the list of countries that satisfy the curation requirements discussed in Materials
and Methods and are thus included in the analysed data sets. Tab. 7.1 also reports the dates
of re-emergence, identified by the analysis of R(t). Fig. 8.4a shows an example of time series of
active cases for Luxembourg, from March to mid-September 2020, with the date of estimated
re-emergence (dashed line).
The time series of the considered countries show di!erent dynamical features. Fig. 8.4b shows
various ranges of noise distribution, measured by skewness and kurtosis. Austria, Luxembourg,
Nepal, Singapore and Veneto display noise distributions that are close to Gaussian, while noise in
the other countries is further away from white than in the previously mentioned ones. This could
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Country Abbr. Date

State of Victoria (Australia) AUS 27/06/2020
Austria AUT 01/07/2020
Denmark DNK 03/08/2020
Israel ISR 01/06/2020
Japan JPN 28/06/2020
Korea, South KOR 13/08/2020
Luxembourg LUX 29/06/2020
Nepal NPL 29/07/2020
Singapore SGP 25/07/2020
Veneto (Italy) VEN 29/07/2020

Table 7.1: Selected countries for the dataset, abbreviations and date of second epidemic insurgence. Refer
to "Data Collection and Curation" for how the date marking the second wave is obtained.

be associated to social dynamics or imperfect data reporting [465].
The rate of approach of R(t) to its critical value also di!ers, as indicated in Fig. 8.4c by the
regression coe"cient of a linear fit for R(t) (cf. Eq. 7.6). State of Victoria, Austria, Luxembourg,
Singapore and Veneto display a slow approach to the critical value and can thus be better suited
to be appropriately described as slow-fast systems like Eq. 7.1. Japan and South Korea show
intermediate values, while other countries - Denmark, Israel and Nepal - have a faster evolution
of the control parameter, which does not satisfy the assumption of slow evolution.

Following this analysis, we subdivide the considered countries into two test sets, based on whether
the country satisfies or not some of the assumptions of slow approach to the transition and noise
distribution close to white. These two properties can be assessed respectively from Fig. 8.4c and
Fig. 8.4b. Instead of using hard thresholds, we use group clustering to make the subdivision.
As discussed above, State of Victoria, Austria, Luxembourg, Singapore and Veneto are grouped
together to represent the assumption of slow rate, as can be seen from Fig. 8.4c. Moreover,
except for Australia, their noise distribution is close to Gaussian, as their skewness and kurtosis
show in Fig. 8.4b. They thus form the test set Y, used to further assess the performance of
EWS. On the other hand, Denmark, Israel and Nepal display higher rates of approach to R(t) = 1

and large deviations for Gaussian noise distribution. Hence, they are grouped together in a set
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N ; this is used to interpret the performance of EWS in settings that are not properly described
by theoretical models and represent possible limitations of the predetermined predictions. South
Korea and Japan are more ambiguous when clustering over the slope of R(t), therefore we split
them into Y and N , respectively, based on their relative vicinity to Gaussian noise distribution.
Among these countries, Luxembourg is peculiar, as it satisfies the modelling assumptions and is
the closest to being a "controlled experiment" according to the criteria described in the section
about deriving EWS. In fact, we know from literature and practical experience that the country
is small, homogeneous population-wide interventions were in place, and a Large Scale Testing
(LST) strategy was implemented to best monitor the virus di!usion in the country [396]. This
country wide testing strategy reached more than 70.000 tests per week over a population of about
600.000, thus allowing extensive and frequent monitoring. Hence, we use it as an initial sample
to test the theoretical predictions about the local behavior of EWS.
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Figure 7.1: Analysis of the dynamical characteristics of the countries included in the data set. a) An example of
an epidemiological curve of active cases from Luxembourg. The dashed line indicates the transition, measured by
R > 1. The latter is objectively identified by the date at which the probability of R(t) to be greater than 1 is
at its first maximum (see “Analysis of dynamical features”); b) Measures of the distribution of data fluctuations.
Skewness µ indicates the symmetry of the distribution, whereas kurtosis * indicates the relevance of its peak
with respect to the tails. Large deviations from µ = 0 (dashed line) and * = 3 are associated with non-normal
distributions, so we display the excess of kurtosis * " 3. c) The regression coe"cient of R(t) and its associated
uncertainty, as obtained from the linear fit Eq. 7.6.
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7.3.2 Local trends on controlled data and impact of detrending methods

We first focus on Luxembourg, that displays the best data in terms of curation of prevalence
data (see Methods) and of satisfaction of theoretical assumptions (see above). Here we test the
theoretical predictions about the local behavior of common EWS. Summary statistical indicators
are estimated from the detrended fluctuations (residuals) around prevalence data as per standard
methods [441].
We first investigate the e!ect of the detrending method in generating residuals. To do so, we
compare the fluctuations around the deterministic trend obtained with a Gaussian kernel smooth-
ing [440, 454], a moving average filtering [120] and an ARIMA(2,1,3) model [412]. Fig. 7.2 shows
the time evolution of the residuals obtained with the three methods, as well as their mutual cor-
relations. As quantified by the Pearson correlation coe"cient, the Gaussian and moving average
filtering have similar output (correlation coe"cient " = 0.95). This is likely related to the Gaus-
sian bandwidth of 7 days, used to reflect known weekly fluctuations related to testing routines.
Consequently, the Gaussian kernel smoothing is used in the rest of the analysis. However, the
ARIMA method returns residuals that are less correlated with the previous ones (" = 0.23), whose
e!ect on EWS needs further investigation.
Then, we study the behavior of the variance (theoretically, the most robust EWS [135]) next to the
transition point, identified as the day when the estimated R(t) crosses 1 (dashed line in Fig. 7.3).
The increase in variance prior to the transition, as expected from theoretical studies, is evident
in Fig. 7.2, irrespective of the moving window size and on the detrending method. Although the
lead time is slightly advanced for shorter window sizes, the corresponding Kendall’s ! measure
of monotonous increase is similar for both methods and all window sizes (cf. values reported in
Fig. 7.3). In general, a large window size produces smaller fluctuations but a visually reduced
absolute increase; in addition, too large windows might capture old decreasing trends, that we
want to avoid analysing. On the contrary a small window size is associated with less smoothed
curves but a larger absolute value of variance. Nonetheless, it might not include enough data
points to capture the trends in more noisy estimators like AC(1) [440]. From here on, we will
use a window of 14 days as a reasonable trade-o!, collecting enough data to be robust without
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Figure 7.2: Analysis of the residuals from the detrending methods (case study from Luxembourg shown). a) The
detrended fluctuations time series. b) Correlation between residuals obtained from Gaussian or moving average
filtering. c) Correlation between residuals obtained from Gaussian or ARIMA filtering.

being over-dependent on past history. The ARIMA residuals produce a visually clearer increase in
variance, but the Kendall’s ! quantifies an analogous trend (even slightly lower). For the incoming
quantitative analysis on the EWS performance, we will thus study the e!ect of both detrending
methods.
These findings confirm that, in a controlled setting that satisfy the modelling assumptions (Lux-
embourg), an increasing trend of the variance in the vicinity of the transition point could serve
as early warning to detect the transition to disease emergence.

7.3.3 Global trends of EWS

After confirming the local behavior of the variance in the Luxembourg highly controlled setting,
we widen the analysis to the global performance of other EWS, i.e. far from the bifurcation, and
for di!erent countries from the pre-defined dataset, cf. Tab. 7.1. This way, we further test the
theoretical predictions and the EWS potential use in more general contexts.
Among the indicators, we estimate lag-1 autocorrelation (AC(1)), skewness and coe"cient of
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Figure 7.3: Analysis of the variance in the Luxembourg setting. Its increase is evident prior to the transition
(dashed vertical line). % , which quantifies the overall increasing trend, is little sensitive to the sliding window
size, as displayed by the three curves and by % values reported in the text. The variance is computed over the
residuals from Gaussian filtering and ARIMA detrending. The increasing trend during the considered time window
is quantified by the associated % values.

variation (CV), which are often proposed as alternatives to the variance. The size of the moving
window is set to 14 days as discussed above. To compare the trend of EWS with the approach to
the bifurcation, the probability of R(t) to be greater than one (from Eq. 7.5) is also calculated
and reported.
Fig. 7.4 shows the results for Luxembourg, Austria, State of Victoria (from the test set Y). In
addition, Israel, which does not satisfy the EWS assumptions (cf. Fig. 8.4) is reported to inspect
a deviant case. The figure focuses on EWS trends after the first wave, up to about a month
after the second epidemic insurgence. The graphs for other countries from Tab. 7.1 are reported
in electronic supporting information Fig. S5, along with their associated prevalence data and
estimated R(t). In Fig. 7.4, the left column refers to indicators estimated after Gaussian filtering,
while the right column is for indicators estimated after ARIMA detrending.
Focusing first on Luxembourg and Austria, the variance follows its theoretically predicted behavior
closely (cf., e.g., Fig. 9b in [438] and Fig. S1), with a small but visible increase prior to the
transition and a subsequent monotonous trend along the second wave. In Austria, though, it
still displays some fluctuations after the relaxation of the first wave. The same happens for the
coe"cient of variation CV, which depends on the variance and on a stable equilibrium in infectious
numbers. On the other hand, the lag-1 autocorrelation shows an increasing trend very close to
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the transition point, but gives possibly spurious signals during the global time series. Finally, the
skewness does not display immediately detectable relevant trends, as anticipated by computational
studies [132]. This might be related to noise properties, as suggested by [473].
Variance and CV on Australian data, when processed by eye, start increasing close to the transition,
but this becomes more pronounced around the 7th of July. This might be related to the so-called
“bifurcation delay”, which is associated with deviations from Gaussian noise [120, 447], or to
delays due to tests results reporting or symptoms onset.
Finally, Israel provides an interesting case study as it diverges from the theoretical assumptions,
see Fig. 8.4. In fact, its transition to epidemic re-emergence is rapid, and the noise distribution is
far from being Gaussian. These characteristics disrupt the EWS trends as predicted by the theory.
In fact, the variance remains flat around the transition (it is even slightly decreasing), CV and
skewness slightly decrease, while lag-1 autocorrelation does not display informative patterns. A
delay is reported more than 20 days after the transition, but it is as abrupt as the exponential
increase in infectious data (see electronic supporting information). This shows that the application
of early warning signals indicators on appropriate contexts is crucial to obtain reliable signals for
developing risk assessment analysis.
Similarly to what observed in Fig. 7.3, the variance trends are similar between Gaussian- and
ARIMA-related indicators. We quantify their potentially di!erent performance in the next section.
The behavior of CV and AC(1) is also qualitatively rather similar. On the other hand, the skewness
behaves di!erently. For instance in Austria, it increases when the detrending is performed with
Gaussian kernel, but it decreases after ARIMA. This might be associated to the fact that the
skewness is very sensitive to the noise distribution [473]: small changes in the residuals, due to
the di!erent filtering procedure, might su"ce to modify its trend.

7.3.4 ROC quantitative analysis of EWS performance

For the online detection of incoming re-emergence, distinguishing between robust increases and
spurious fluctuations is crucial to optimise the true positive signals and minimise the false negatives.
Hence, a retrospective analysis of time data is often not su"cient and is only useful for o#ine
detection. Thus, we provide a quantitative estimation of EWS performance in robustly detecting
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Figure 7.4: Evolution of EWS far from the transition point. Four example countries are shown: Luxembourg and
Austria, with controlled features; State of Victoria (Australia), with small deviations from controlled features; and
Israel that does not satisfy theoretical conditions. Considered EWS are the most common ones (variance, lag-1
autocorrelation, coe"cient of variation, skewness). In addition, to mark the approach to the transition, P(R(t) > 1)
from the Bayesian estimation (see Eq. 7.5) is displayed. The vertical line reports the transition date. Left column:
detrending method employed: Gaussian filtering. Right column: detrending method employed: ARIMA. Other
countries are reported in SI Appendix
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the transition. The Kendall’s ! score is used to evaluate if a certain indicator corresponds to
an increasing or decreasing trend and compare this for di!erent data types [132, 134]. Hence,
we evaluate ! for each indicator, over the same 14 days window, and we assess which values
are associated with a passage through the transition point. The increase in ! is reflected in the
Receiver Operator Characteristics (ROC) curve and quantified by Area Under the Curve (AUC)
scores. Fig. 7.4 shows the ROC curves for the considered indicators averaged over the countries
in Y. Panel (a) reports ROC curves calculated over data detrended with Gaussian filtering; panel
(b) focuses on ARIMA detrended data. Tab. 7.2 reports the corresponding AUC values, for both
methods. The variance is the only indicator that consistently performs better than a random
classifier, while the lag-1 autocorrelation seldom performs slightly better than that. This is in line
with aforementioned theoretical results from literature, e.g. [132, 135]. Instead, the skewness
does not improve the detection performance. This is probably due to its fluctuations around the
0 value, as noticed in Fig. 7.3, which is in turn associated with noise distribution of original data.
Interestingly, the coe"cient of variation is overall the worst performer. We speculate that this is
due to its sensitivity to data fluctuations, which are often non negligible even in countries that
belong to the test set Y (cf. Fig. 8.4). We acknowledge that our findings are sensitive to the
estimated time of emergence, which also complicates the estimation of the lead time. Currently,
the best lead time is of 5 days for Luxembourg, a setting that is close to the analytical assumptions.
For all indicators, the ARIMA detrending method yields better performances, quantified by higher
AUC values. AC(1) is an exception, as both methods return similar values, close to the ones of
a random classifier. That ARIMA residuals yield higher AUC is potentially linked to the ARIMA
estimating trends more closely at di!erent time scales, thus returning more accurate fluctuations;
on the contrary, the Gaussian filtering might be slightly more rough in considering only average
time scales and returns approximated estimates for the fluctuations. This argument might explain
why the skewness performs slightly better than a random classifier over ARIMA residuals: by
considering more fine-grained time scales, the ARIMA seems able to pick the slight asymmetry in
residual distributions that yield to skewness-related signals [473]. This analysis thus indicates the
importance of choosing the detrending method to increase the detection performance of various
indicators.
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The same analysis was performed over the set N of countries that do not satisfy the theoretical
assumptions. Their AUC values are reported in Tab. 7.2. Such values clearly show that the
considered indicators are not able to detect the transitions, overall performing worse than random
classifiers. This supports what was already noticed for Israel in Fig. 7.3, where disrupted trends
were observed, contradicting what was expected and thus returning a false negative signal. For
variance and CV, an AUC value close to 0 indicates that the transition is well detected by decreas-
ing trends. This would contradict the theoretical predictions. Investigating this issue reveals that
such features are possibly linked to non-complete relaxation of the indicators after the first wave
or to delays. We thus conclude that it is an instance of spurious signal, to be carefully interpreted.
See also electronic supplementary material Sec. S7 and Fig. S6 for further discussion. The time
series for indicators of other countries in N are also reported in electronic supporting information
Fig. S5. Hence, if a system is not known or there is di"culty in determining the type of data,
incorrect conclusions could be drawn when interpreting the time series trend.
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Figure 7.5: ROC curves for each considered indicator, with sensitivity and specificity calculated on each timepoint
for all countries in Y. Each point corresponds to a test value for % , to define if the detection is positive. The diagonal
line corresponds to the ROC of a random classifier. Curves above it imply better performance. a) Computed on
Gaussian filtered data; b) Computed on ARIMA detrended data.

7.4 Discussion

Research on early warning signals from the theory of dynamical systems has greatly progressed in
the last years, with a relevant focus on disease re-emergence. However, verifying and interpreting
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Gaussian det. ARIMA det.
Indicator over Y over N over Y over N

Variance 0.6671 0.1981 0.7123 0.0934
AC(1) 0.5258 0.4995 0.5182 0.2840
CV 0.3968 0.1043 0.3626 0.0368
Skewness 0.4664 0.2925 0.5482 0.4609

Table 7.2: AUC scores for di!erent indicators, over Y and N datasets, after Gaussian or ARIMA detrending
methods.

empirical analysis according to theoretical assumptions has been so far limited. In this study, we
observe that some EWS from the critical transitions framework are able to detect the transition
to disease re-emergence when necessary theoretical assumptions like normal distribution of data
fluctuations and slow change rates are satisfied. On the contrary, we observe (along with [425])
that noise and commensurable time scales can obscure the early warning signals, which calls for
caution when interpreting monitoring outputs. We suggest that dynamical-based EWS can be
suitable candidates for epidemic monitoring. Theory-based indicators can provide useful evidence,
particularly when scarce data and few prior information are a constraint for using large scale
statistics or Machine Learning (ML) methods. However, their alternate performance on unknown
dynamics asks for careful assessment of the underlying dynamics. EWS have the potential to
complement the existing toolbox of indicators to improve epidemic risk assessment and deserve
further investigation by scholars and decision-makers.

To support the growing corpus of theoretical studies, this study tested whether observed epi-
demic outbreaks behave consistently with the theory. When randomised experimental studies
are not possible, observational studies provide stronger evidence if consistent patterns are seen
in multiple locations and at multiple times, after checking for possible confounders. Hence, we
employed world-wide available data about the ongoing COVID-19 pandemic, concentrating on
the re-emergence of the disease after a first wave in spring 2020. To limit biases associated with
country-specific testing and reporting capacities, we constructed a limited, but curated set of
time series data. Like R(t) and other indicators [455], EWS are estimates that rest on assump-
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tions; hence, we screened the dataset to assess the matching of empirical features and theoretical
assumptions. This pre-analysis showed that the same disease in diverse countries might have
di!erent noise distributions and evolve at di!erent rates, which could depend on several factors
including human behavior and population-wide interventions [167].
Furthermore, we tested how the best performing EWS detected the epidemic re-emergence. We
carried out an extensive analysis of the e!ect of di!erent detrending methods, showing that
they are overall robust in highlighting the local trends of EWS. Such trends were studied both
qualitatively and quantitatively, with ROC/AUC values. In particular, the ROC analysis assesses
the robustness of online detection in distinguishing between real increasing trends and spurious
fluctuations, which are often not studied in retrospective observations of time series data. In
controlled settings, our results reconstructed the expected trends in early warning signals and the
potentials of the indicator system proposed. In particular, we showed that dynamical EWS are
likely to operate successfully in contexts where the approach to the transition is gradual and not
subject to high fluctuations. Further studies could associate these features to social behaviours
and political strategies.
We also studied the di!erent impact of detrending methods on the performance of warning signals.
We showed that detrending time series with ARIMA models, appropriately calibrated for each
country, increases the AUC score. This observation supports early theoretical works [440] and
informs researchers about the importance of data processing methods to improve the performance
of various indicators.
Finally, we analysed the potential limitations of the indicator system in other contexts, character-
ised by di!erent dynamical features such as rapid increases of R(t) and strong or non-additive
noise. This emphasises that, for EWS to properly work, the real system must fulfill the discussed
conditions underlying the theoretical modelling. These open problems highlight that knowledge of
the type of collected data is imperative to avoid misleading judgements in response to time series
trends: EWS as epidemiological constructs will only remain valuable and relevant when used and
interpreted correctly [456].

We acknowledge the limitations of this study, which might be overcome when new and better
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curated data sets will become available. First, data quality could be a limiting factor, despite
being representative of real world monitoring capacities. Reliable estimates of recovered and dead
patients are necessary to guarantee the robustness of a proxy for active cases like A. Another
potential data quality issue is that the o"cial numbers of positives might still neglect undetec-
ted asymptomatic cases. The data set selection highlights the importance of monitoring and of
high quality prevalence data (as already suggested in [132]). Secondly, our estimators come with
uncertainties: the empirical R(t) is an estimate of the true reproduction number that rests on
the assumption of homogeneous dynamics, while the use of moving windows might yield odd
behaviors of EWS [440] which can contribute to poor signals, in addition to rapid transition and
non-white noise. Third, our definition of “ground truth” transition date is somewhat conservative,
as we requested to have maximum probability of R(t), the control parameter, to be greater than
1. In the real world, the appropriate detection threshold is conditional on the various costs of a
late outbreak alert, and requires an assessment by public health authorities which could modify
the estimated lead time. This aspect might also influence our interpretation of the “bifurcation
delays”: depending on the definiton of the “ground truth”, they might be less severe than what
discussed before. Moreover, an alternative explanation for such observed delays might involve
COVID-19 latency periods and reporting delays. When extra data are available, this aspect can
be further elucidated using nowcasting methods [437]. Fourth, due to statistical uncertainties, a
reliable estimation of the lead time - how much in advance a re-emergence can be predicted -
was not entirely possible. Future studies will likely concentrate on this aspect, as early prediction
would advance the current on-time detection.

This study uses a proxy A for active cases (Eq. 7.4) to compare theoretical results from various
literature sources obtained from on prevalence data. To expand the testing of EWS on epidemic
data, to compare them with more recent studies on incidence data [132, 426] and to avoid the
potential biases associated with the proxy A (see discussion above), we also investigated the po-
tential use of incidence data themselves. The related results and plots are displayed in electronic
supplementary material Sec. S8. We observe consistency with the results here presented on pre-
valence data, but also some notable di!erences worth discussing. Firstly, we notice di!erent noise
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distributions, diverging from Gaussian, that make the interpretation of the EWS performance
more challenging. Secondly, we observe a higher correlation between residuals from ARIMA and
other detrending methods, possibly linked to weekly trends being mostly driven by testing routines
and being equally smoothed. Finally, we observe an improved performance for the skewness over
the Y test set, which contrasts with the results of [132], but is more in line with what sugges-
ted in [473]. We speculate that this might be related to the interplay of the approach to the
transition and the noise distribution, but we limit ourselves to report the observation and to leave
additional theoretical and computational analysis to further studies. Overall, such analysis still
stresses that EWS performance is sensitive to the underlying modelling assumptions and, if not
assessed carefully, could hinder our capability to extend them in uncertain contexts. In addition,
the fact that performances over prevalence or incidence data are slightly di!erent underline how
much the approaches relying on EWS depend on the quantities that are measured and use for
EWS calculation. Hence, from a practical point of view, looking at a measure or another might
make a di!erence for the monitoring e"cacy.

In recognition that real epidemics might behave di!erently that what is commonly modelled, we
nonetheless conclude that minimal dynamical models have the potential to predict relevant aspects
of complex epidemics. While more detailed and complete multivariate models are being developed,
macro-scale models based on complex systems theory can provide insights and indicators to
detect epidemic re-emergence. On the one hand, our results begin supporting the theoretical
literature findings and their basic assumptions; on the other, they warn against naive applications
of summary statistics as EWS: if not correctly applied, they could return possibly misleading
spurious signals. In addition, our findings call for future studies on forecasting techniques based
on pattern recognition in di!erent dynamical regimes. For instance, validated EWS could serve as
basis for the feature selection of automated Machine Learning-based algorithms [424]. The dual
synergy of theoretical predictions and empirical studies will continue to play a role in the field of
epidemic control and will likely have a impact in informing public health decisions.
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Conclusion 4

EWS can detect disease re-emergence, in the case the condition of normal distribution and
slow change rates are fulfilled. Minimal dynamical models are able to predict the main
aspects of complex epidemics. EWS based on dynamical systems can be used to monitor
the epidemic. EWS have the potential to assess the epidemic monitoring. The e!ect of
di!erent detrending methods which allow to emphasize the trends of EWS, are qualitatively
and quantitatively investigated with ROC/AUC. In the application of summary statistics
as EWS, be careful to correctly apply them otherwise the result could report misleading
signals. In the case, the noise distributions is di!erent from Gaussian, the interpretation
of EWS is not clear.
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CHAPTER 8
DISCUSSION AND CONCLUSION

The presented thesis has applied di!erent mathematical concepts to open questions on the com-
plex dynamics of the COVID-19 pandemic driven the di!erent layers of complexity given by the
properties of the SARS-CoV-2 virus, the COVID-19 disease, the host and the society behavior. In
particular, Chapter 4 has focused on (i) Mathematical modeling of suppression strategies against
epidemic outbreaks, Chapter 5 on (ii) COVID-19 potential path towards herd immunity in Austria,
Luxembourg and Sweden, Chapter 6 has discussed (iii) COVID-19 Crisis Management in Luxem-
bourg: Insights from an Epidemionomic Approach, Chapter 7 has discussed (v) Performance of
early warning signals for disease re-emergence as a potential integrative framework.
The main conclusions can be summarized as follows:

(i) Mathematical modeling of suppression strategies against epidemic outbreaks. The
SPQEIR model based on Susceptible-Exposed-Infectious-Recovered (SEIR) allows a quantification
and a comparison of NPI e!ects’ in various countries. The analyses allow to handle with the
comeback of contagion and actual COVID-19 waves. The investigations prove that a rapid and
strong lockdown leads to a similar mitigation e!ect as a combination of social distancing, lower
isolation rates and early contact tracing.

(ii) COVID-19 potential path towards herd immunity in Austria, Luxembourg and Sweden.
The developed extended SEIR model with the compartments hospitalization, ICU, undetected
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cases, vaccination and death gives not just a reasonable fit to the epidemic dynamics, but makes
consistent future projections. Besides the development of the model, the issue of model parameters
identifiability is investigated. The model parameters are identified by a manual calibration and
cross-validated by Bayesian inference. Various NPIs like reduction of social interaction and face
masks were implemented at di!erent stages of the pandemic with the goal to mitigate the spread
of the pandemic. Social interaction is the key driver of the pandemic. The extended SEIR model
leads to the estimation for the end of 2020 that 18.3% (7.2% detected and 11.1% undetected)
of the population in Luxembourg had SARS-CoV-2; in Austria 9% (3.7% detected and 5.3%
undetected) and 14.5% (3.5% detected and 11% undetected) in Sweden. The reproduction
number of the extended model is calculated allowing for information about the threshold for
reaching herd immunity. The analysis shows that if the vaccination speed of the period between
December and 15 June 2021 is kept at the same level for the upcoming months and moderate
values of social interaction lead to a reach of herd immunity until beginning of the autumn for
Luxembourg whereas Austria and Sweden would not reach this until end of the year.

(iii) COVID-19 Crisis Management in Luxembourg: Insights from an Epidemionomic
Approach. The Epidemionomic model for Luxembourg is a combination of an economical and
an epidemiological model fitted to the first and second wave of COVID-19 in Luxembourg. The
economical part is represented by an Input-Output model. The epidemiological part is described
with a multi-sector SIR of 78 socio-demographic groups (19 industries of 4 countries, students
and retirees). The economical forecast of the model for the GDP loss was too pessimistic for
lockdown period and the direct impact on Luxembourg economy is small because, less than 2%
of the population were infected at the same time. Higher economic costs where provoked due to
the containment measures.

(iv) Performance of early warning signals for pandemic preparedness. EWS from the
framework of critical transitions can detect disease re-emergence in the case the condition of
normal distribution and slow change rates are fulfilled. Our results suggest a careful application
of summary statistics of EWS because otherwise they may report misleading signals. Nevertheless,
EWS have the potential to support epidemic monitoring and preparedness.
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Overall, I analysed the di!erent phases and aspects of the COVID-19 pandemic. Modelling
analyses investigated various NPI and the e!ects of NPI synergies on the epidemic peak and
case numbers. In order to reduce the spread of COVID-19, NPI such as lockdown and face
mask measures were in place. The impact of the lockdown and of the second wave on the
economy in Luxembourg was considered. COVID-19 puts a lot of pressure on the health care
system. Therefore, my mathematical models with its reasonable projections support the pandemic
preparedness of the society. Finally, I analysed the potential of EWS for epidemic monitoring.

8.1 Discussion

COVID-19 has been the enormous challenge in the last years around the world. In the beginning,
the transmissibility mechanisms of COVID-19 was not clear. Asymptomatic cases play a crucial
role in the spread of COVID-19 as they do not have symptoms, but are infectious and spread the
virus to other people [285, 290]. The genetic code of SARS-CoV-2 changes over time during the
replication [291]. The corresponding variants can lead to a virus that is more contagious or more/-
less destructive [289]. In December 2020, vaccines became available protecting against severe
outcome but unable to completely prevent infection particularity for specific virus variants [288].
In addition to newly appearing variants, waning immunity became an additional challenge during
the COVID-19 pandemics [72].
Mathematical modelling represents an important tool for the analyses of COVID-19 spreading
and supporting the political decision making process [140, 293]. Thereby, SEIR models and their
extensions allow to simulate short- and medium-term modelling forecasts and to monitor the epi-
demic dynamics [292]. To monitor epidemic dynamics, SEIR models are widely used and adapted
to the above mentioned specific challenges. Extensions of SEIR models with hospitalization and
death compartments, are developed for various countries such as for example Italian regions [25]
and Sweden [24]. Furthermore, agent-based models were developed to explore NPI scenarios [29].
Agent-based models have a large demand for computational processing and typically require large
and detailed information for parametrization.
For the impact analysis of NPIs, flexible hierarchical Bayesian transmission models were used to
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investigate the epidemic dynamics such as for 17 European countries [286]. The e!ect of NPI is
analyzed with a combined SIR model and a Bayesian parameter inference [27]. Besides forecasts
of the epidemiological dynamics, combinations of epidemiological models with macro-economic
models were developed to analyse the costs of lockdowns and various exit strategies [268–271].
Similar to the results presented in Chapter 6, these studies show the strong interdependence
of social interactions, infections and economic activity. The COVID Simulator is a mathematical
model for the trend of the COVID-19 pandemic in federal states of Germany based on an extended
SEIR model and applies Non-Linear Mixed E!ects (NLME) approach [26] similar to the presented
approach in Chapter 5. A major di!erence is the consideration of the age and gender structure
of cases in the COVID Simulator which were only implicitly considered in my modelling approach
by the corresponding adaptations of the hospitalization rates. Both approaches take into account
the vaccination status, the percentage of the variants, the number of tests and positivity rates
used to adjust the corresponding rate parameters defining the transitions from one compartment
to the next one. Furthermore, the COVID Simulator also distinguishes between ventilated ICU
and not ventilated ICU cases since this represented a potential bottleneck in Germany whereas
in Luxembourg each ICU bed was equipped with a ventilation setup. A SIR based model showed
that test-trace-and-isolate (TTI) can hold back the spread of COVID-19 ??.
In Chapter 4, SPQEIR model does not have compartments for hospitalization of COVID-19 and
shows just average trends. Furthermore, the simulation of the model allows only for measures
in place for short-to-medium periods. Furthermore, asymptomatic cases are not considered in
this model which can have a significant e!ect on the spreading dynamics. Nevertheless, the
overarching results are in line with independent investigations [27, 286]. The SEIR-ICU model in
Chapter 5 was developed in the early phase of the vaccination development and does therefore not
consider reinfections or virus-variant specific changes and assumes vaccination e"cacy of 100%
since corresponding data were not available yet. Therefore, the model does not reflect the detailed
dynamics observed later during the pandemic but, provided a more general analysis on the interplay
between social interactions, vaccination rate and herd immunity. Despite the fact that the age
structure has an impact on hospital admission, the age structure could not considered explicitly
in the model due to some initial concerns on data security but was taken into account implicitly
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by adaptation of the corresponding hospitalization rate obtained from the data. Hence, potential
changes in the age-structure could be investigated by changing the overall hospitalization risks by
a weighted average and compared with models considering the age structure explicitly [26].
The epidemionomic model presented in Chapter 6, does neither take hospitalization or vaccination
or reinfections into account. While hospitalization would not have a direct impact on the economic
analysis since positive cases are in isolation anyway and therefore unable to contribute to the
economic activities, reinfections and vaccinations could have a significant impact on the overall
dynamics. However, that major aim of the model was to investigate short-to-midterm e!ects
of the initial lockdown period where reinfections would not contribute significantly. Obviously,
vaccination can have a strong impact on the epidemionic dynamics but were not yet available
when the model was developed and could now be incorporated by a corresponding reduction in
the infection rate based on recent data. Despite these limitations, the results are in line with
other studies [268–271] where the specific properties of the Luxembourg economics with the high
amount of remote working capacity has led to general lower economic burden.
In Chapter 7, the potential of early warning signals (EWS) for pandemic preparedness were eval-
uated. The underlying idea of EWS is based on generic properties of complex systems with
alternative states where changes in fluctuations of the system output can indicate a transition to-
wards another dynamical regime [119]. While the concept of EWS is a rather appealing framework
to predict arising epidemic waves, the analysis showed that the power of such predictions is limited
by the data quality including the negligence of undetected cases, the resulting uncertainties and
a reliable estimation of the lead time. Based on the assessment with real-world data, the analysis
shows that under specific circumstances, EWS may gives an indication of a transition within a 2
weeks period. However, for other cases with noisy data, the approach can also miss upcoming
epidemic waves. Hence, further analysis is needed to clarify the applicability and required data
quality of EWS-based methods for pandemic preparedness.
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8.2 Remaining challenges and outlook

Besides the challenges addressed in the thesis above, the COVID-19 pandemic constantly led
to additional open questions at di!erent levels. As COVID-19 is not just be transmitted by
symptomatic carriers, but as well by asymptomatic carriers [285, 290], the government of the
Grand-Duchy of Luxembourg implemented a large scale testing program that started on 25 May
2020 and ended on 30 September 2021 to detect such asymptomatic cases and break infection
chains. This has led to the question to what extend such a mass screening platform can mitigate
the pandemics. On 28 December 2020, the vaccine campaign started in Luxembourg. Importantly
to mention, vaccination does not prevent SARS-CoV-2 infection, but it decreases the probabil-
ity of COVID-19 severe outcomes. With the availability of vaccines, the question arose about
quantification of the e"cacy of the vaccines and how they can contribute to mitigation strategies.
Additionally, the e!ect of waning immunity was observed in old people six months after vaccina-
tion [432] for the earlier virus variants and also for younger people and on shorter periods for later
virus variants. Thus, recent research shows that the concept of herd immunity may not apply due
to new variants coming up and related waning immunity [72]. For this purpose, I investigated
the e!ects of the vaccines in relation to the di!erent variants. These variants can change in a
way that the virus spreads easier or that the disease gets less or more severe. Also the establish-
ment of the CovidCheck regime was the starting-point of the discussion for the introduction of a
mandatory vaccination. Therefore, I performed simulations to investigate the impact of a man-
datory vaccination for 50+ people. Finally, I co-implemented a COVID-19 Wastewater Analyser
method (CoWWAn) that assess epidemic dynamics and monitor the COVID-19 situation based
on virus prevalence measured in wastewater which might represent a powerful tool for pandemic
preparedness [314].
The open questions at the beginning of the pandemic are treated in the Chapter 4- 7. The
additional challenges investigated in the context of the COVID-19 pandemic such as the second
phase of large-scale testing, wastewater sampling for monitoring the epidemic status, waning
immunity, vaccine e"cacy and new variants are summarized in the Fig. 8.1 and briefly discussed
below.
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Figure 8.1: The di!erent challenges investigated during the pandemic in Luxembourg. The images are taken from
PowerPoint stock images Version 16.59

8.2.1 Large-scale testing

The peculiarity of Luxembourgish COVID-19 crisis management was the introduction of a Large-
scale testing (LST). The LST is a population-wide (including cross-border workers) voluntary
rRT-PCR-testing [4]. The testing was accompanied by contact tracing. In the case of a positive
test result, the person was put into isolation and her/his last 48 hours contacts were traced and
put into quarantine, too. The aim was to improve the removing of lockdown measures and to
prevent a second wave during the opening. Moreover, the testing allowed to detect asymptomatic
cases who continued spreading the virus in the population. The first phase led by the COVID-19
Task Force lasted from 25 May to 15 September 2020 and the second phase led by the Ministry
of Health from 15 September 2020 to 30 September 2021. The analysis of the first phase showed
that the participation rate was around 49% for residents and 22% for cross-boarder commuters.
Due to mass screening, 1099 cases were detected with 850 index cases and 249 cases via contact
tracing during the first phase [5].
In order to better understand the impact of second phase LST, I set up a SEIR-model, based on
[352].
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Figure 8.2: Scheme of the mathematical model for the impact analysis of Large-scale testing in Luxembourg.

The mathematical model of COVID-19 transmission is included in addition to the di!erent pos-
sibilities to get tested like large-scale testing and tested due to contact with a positive person
[352]. The traced contacts compartment takes into account all the people who were in contact
with a positive case within the last 48 hours. Those people get quarantined for 5 days and then
tested. The vaccination is not 100% e!ective in preventing a person from getting infected. The
total population N of Luxembourg is at every time t in one of the 19 compartments. Like in
the standard SEIR model, the common compartments are susceptible (S) and exposed (E). An
exposed person can either become detected meaning entering the "infectious and detected" (I)
compartment or is undetected (U). After being detected, the person needs to quarantine (Q)
and then either requires hospitalization (H) or simply stay at home for recovering (NI). If the
health of the person gets worse, the individual goes to "ICU" (ICU) otherwise simply "requires
longer hospitalization" (Hl). In the stage of ICU, the person’s health can improve which lead
to entering the compartment "Back to hospital after ICU" (AICU) or otherwise can die (D).
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From the compartment "Long hospital stay" (Hl), as well as from the compartment (NI), the
individual can either recover (R) or die (D). The idea of LST is to detect asymptomatic carriers
who just recover and do not need hospitalization. In order to take contact tracing into account, a
compartment "traced contacts" (T ) is included in the model. As of 28 December 2020, vaccines
got available. Therefore, the susceptible (S), the recovered undetected (VRU ) and recovered
detected (VR) could get a vaccination from that day on based on the corresponding rates. The
total population size N is conserved (birth is neglected):

N = S+E+I+Q+H+Hl+ICU +AICU +NI+D+T +R+U +LST +VS +VRU +VR . (8.1)

The parameter pi represents a probability to go from one compartment to another. The parameter
!i is a rate and the inverse of the average stay in a compartment. The social interaction is given
by "(t) as a step-wise function changing in time in order to take changing NPIs into account. A
"(t) = 1 corresponds to the social interaction before the pandemic and changes in "(t) are given
by the Table E together with the potential explanation for it.
The model is fitted to time-series data from 24 February 2020 to 14 October 2021 by manual
calibration. The time-series data is displayed in Fig. 8.3 for daily new cases (A), hospital occu-
pation (B), ICU occupation (C), traced contacts (D), positive traced contacts (E) and positive
large-scale tests (F).
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Figure 8.3: Data, model simulations and projections of daily cases ((A)), hospital occupation ((B)), ICU occupation
((C)), traced contacts ((D)), positive contacts ((E)) and positive LST results ((F)).

Due to large-scale testing, 7,610 index cases were identified during the two phases. In total
344,138 people were contact traced with 29,929 people being a secondary case from 20 April
2020 to 13 September 2021. That corresponds to 9% of the contact traced cases were positive.
On average 42% of cases came from contact tracing. Therefore, a good working contact tracing
is essential to mitigate the spread of infectious diseases and break infection chains.

8.2.2 COVID-19 Wastewater Analyser (CoWWAn) method used for the assess-
ment of COVID-19 dynamics 1

CoWWAn (COVID-19 Wastewater Analyser) is a method to estimate epidemic dynamics from
cost-e!ective SARS-CoV-2 viral load measurements in wastewater and allows the estimation of
the future epidemic dynamics. It is based on a SEIR model integrating time course data by an

1The section "COVID-19 Wastewater Analyser (CoWWAn) method used for the assessment of COVID-
19 dynamics" is based on Daniele Proverbio, Françoise Kemp, Stefano Magni, Leslie Ogorzaly, Henry-Michel
Cauchie, Jorge Gonçalves, Alexander Skupin, Atte Aalto. Model-based assessment of COVID-19 epidemic
dynamics by wastewater analysis. Science of The Total Environment,2022, 154235, ISSN 0048-9697, ht-
tps://doi.org/10.1016/j.scitotenv.2022.154235.
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Extended Kalman filter (EKF). The SEIR-based model combines noisy wastewater data with the
number of daily cases and can thereby estimate the dark number of cases if appropriate calibrated.
The compartments in the model correspond again to Susceptible S(t), Exposed E(t), Infectious I(t)
and Recovered R(t). The total population N is again assumed to be constant N = S +E +I +R.
Transmission and viral sheeding is modelled by a stochastic SEIR model in which each transition
between compartments is given by a random process described by

,
----------.

----------/

d
dtS(t) = !#(t)S(t)I(t)

N "
A

#(t)S(t)I(t)
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dtR(t) = !I(t) +

B
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(8.2)

where (!1 is the mean incubation and wj is white noise process. The rate % is estimated by the
Kalman filter and changes over time to take into account changes in social interactions (such as
masks, lockdown, · · · ). The additional compartment A(t) stands for viral flows into wastewater
and allows to investigate the e!ective number of sheeding cases by

d

dt
A(t) = %(t)S(t)I(t)

N
" &A(t) +

1
%(t)S(t)I(t)

N
w1(t) "

A
&A(t)w4(t) . (8.3)

The rate & combines the properties of the virus and information about wastewater sampling for
each region. The CoWWAn method allows to calculate the e!ective reproduction number Reff

which gives information about the number of secondary cases an infectious person causes on
average [157] and is given by the following extrapolated formula [352]:

Re! = %(t)
!

S(t)
N

, (8.4)

with %(t) and S(t) corresponds to the state estimates. For the model, the following data are
needed: data of COVID-19 RNA load in wastewater, COVID-19 cases linked to the area covered
by the sewage system, and possibly the estimates about the ratio of detected versus true case
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numbers. The model is applicable to di!erent data sets with various normalisation protocols for
wastewater. The approach puts the measurements from real world into SEIR model via the EKF
and is displayed in Fig 8.4. In every time step, from the projections of old state with SEIR model,
the new state is forecasted and the predicted measurement is estimated by the measurement model
of the new state estimate. The di!erence between the data and model-predicted measurement
leads to an update of the state estimate.
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Figure 8.4: The workflow of the model according to [314]. The approach puts the measurement from real world into
an SEIR model by an EKF. In blue the smoothed moving average of daily positive cases is shown , and in orange
the wastewater sampled data with unit of measure of RNA copies/day/10.0,000 equivalent inhabitants (example
for Luxembourg) are shown.

The model comes with a number of free parameters to be estimated by the EKF given in Table 8.1
with a short description. To assess the potential of CoWWAn for pandemic monitoring, the short
term predictions of the epidemic model are investigated. In order to predict the future behaviour,
model is simply simulated further based on the last state of paramterization. Fig 8.5 exhibits
an example of such a short term simulation for Luxembourg. It displays detected cases in blue
compared to the predicted case numbers from the wastewater data in orange or from case number
data in yellow. The correlation between wastewater predictions and case projections is " = 0.95

and for real case data " = 0.94. In conclusion, the CoWWAn method has the potential to assess
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Symbol Explanation Value
( Rate E # I 0.44 d!1

! Rate I # R 0.32 d!1

%(0) Initial infectivity 0.44 d!1

!t Time step length 0.1 d

q!,1 Variance of %(t + 1) " %(t) when t $ 30 0.052 d!2

q!,2 Variance of %(t + 1) " %(t) when t > 30 0.0052 d!2

. EKF sensitivity parameter 4
N Population size 634,730
& Rate A # " 1.62 d!1

2 Ratio of yw/A 6.40 · 104

3 Exponent in nonlinear mapping of WW data 0.613
UW Measurement error variance of wastewater data 1.75 · 1012

E(0) Initial size of E-compartment 8
I(0) Initial size of I-compartment 11

Table 8.1: CoWWAn model parameters with their description and values as well as references. The parameter +(t)
is adjusted after 30 days in order to take into account for sudden changes in the start of the pandemic. d denotes
”days”.

the epidemic status and reconstruct the detected case curves from wastewater. It is a powerful
and cost-e!ective approach to give information of the actual evolution of the pandemic and an
alternative to large scale testing routines. The method is not just applicable to Luxembourg, but
was also successfully applied to 11 additional data sets from areas of Europe and North America
(Barcelona,Kitchener, Kranj, Lausanne, Ljubljana, Milwaukee, Netherlands, Oshklosh, Raleigh,
Riera and Zürich). During the pandemics, in more than 50 countries and 260 universities the
monitoring of the wastewater has been implemented demonstrating its potential for pandemic
preparedness.

8.2.3 Vaccine e!cacy and immunity waning2

The vaccine campaign in Luxembourg started on 28 December 2020. The vaccination strategy
was divided into 6 phases [296] and until 3 March 2022, four di!erent vaccines were available: Pf-
izer BioNTech, Moderna, AstraZeneca Oxford and Janssen JJ. Starting from the week of 3 March

2The section "Vaccine e"cacy and immunity waning" is based on a paper entitled ”Vaccine e"cacy estimation”
written by Atte Aalto, Françoise Kemp, Paul Wilmes, Jorge Gonçalves and Alexander Skupin.
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Figure 8.5: CoWWAn predictions for Luxembourg.

2022, the additional vaccine Novavax was available. The first phases started on 28 December
with health care workers, residents from retirement and nursing homes and people with disabilit-
ies living in facilities. On December 28, 29, and 30, approximately 430 health care worker were
invited to get vaccinated each day [73]. The second phase was the phase of the age category
75+ and highly vulnerable people. The age range from 70-74 years represented the third phase
of the vaccination strategy. The fourth phase consisted of the age category from 65 to 69 years
and the fifth was considering the age range from 55-64 years. The last category was the general
population meaning from 16 to 54 years old. In Luxembourg, the period between the first and
the second dose is 28 days.
In the following, fully vaccinated refers to two doses for Moderna, Pfizer BioNTech and As-
traZeneca or one dose for Janssen JJ. In June 2021, the question about the e"ciency of the
vaccines was raised based on data from Luxembourg. In order to investigate that question, a
Bayesian risk ratio estimate was used and allowed the calculation of age-specific and vaccination-
status dependent e"cacies (Fig. 8.6).
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Figure 8.6: Vaccine e"ciency of the period from 27 June 2021 to 17 October 2021 where the Delta variant was
the dominant virus variant.

The vaccine e"cacy for 2 doses is for the period from 27 June to 17 October 2021 around 68%
for the total population of Luxembourg. Furthermore, the vaccine e"ciency for 1 dose for the
total population is around 53%. The analysis covers the period when the Delta variant was the
most abundant variant.

Figure 8.7: Vaccine e"ciency of the period from 7 February to 15 August 2021 and from 22 August to 17 October
2021.

An additional challenge arose by the immunity waning after infection as well as after vaccination.
During the period from 7 February to 15 August 2021, vaccine e"cacy for the fully vaccinated
population was 83.7%. The vaccine e"cacy from 22 August to 17 October 2021 was 64.1% for
the fully protected total population. The plots in Fig. 8.7 show that immunity against COVID-19
is waning.
An observed phenomenon is the increasing number of reinfections where only two positive tests
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occurring within a period of 90 days were considered as reinfections by the Ministry of Health in
Luxembourg.

Figure 8.8: Number of reinfections from week 26 in 2020 to week 13 in 2022 (based on [315])

According to Ministry of Health in Luxembourg, 15,357 reinfections happened from week 26 in
2020 to week 13 in 2022. Overall, 114 people are known to have three episodes of infections with
COVID-19 [315].

8.2.4 Simulation for mandatory vaccination in the context of potential future
epidemic rebounds 3

For the investigation of the future development of the COVID-19 epidemic in Luxembourg, the
feedback of two experts in viral evolution, namely Prof. Dr. Richard Neher from the University
of Basel and Prof. Dr. Tom Wenseleers from the University of Leuven, were considered. The
feedback led to three potential variant scenarios discussed below. The three considered scenarios,
are a variant descending from the Omicron variant, a variant descending from the Delta variant
and a variant combining properties from the Delta and Omicron variants by recombination. One of

3The section "Simulation for mandatory vaccination in the context of potential future epidemic rebounds" is
based on the report of Research Luxembourg COVID-19 Task Force of 2 March 2022 entitled ”Scenarios reflecting
the future development of the COVID-19 epidemic in Luxembourg” written by Françoise Kemp, Atte Aalto, Paul
Wilmes, Jorge Gonçalves and Alexander Skupin.
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three scenarios is likely to happen in the future, even if the probabilities cannot be well estimated.
The limitations of the scenarios are the immunity status, as it depends on the vaccine e"ciency,
and the immunity waning. The model used for the scenarios is based on an extended SEIR model
similar to the model used in Chapter 5 fitted to data from Luxembourg and taking into account
the e!ect of vaccination and immunity waning. In the model, the population is divided into
two groups, a low-risk and a vulnerable group. Given the data from Luxembourg, 73% of the
population and 84% of the vulnerable group are vaccinated. Furthermore, 54% of the population
and 76% of vulnerable group took a third dose until March 2022. The vaccine e!ectiveness is
given by the following table:

E!ectiveness against transmission E!ectiveness against hospitalization

delta omicron delta omicron

2 doses <5 month 68% 43% 87% 77%

2 doses >5 month 57% 4% 70% 65%

3 doses <5 month 86% 48% 85% 75%

3 doses >5 month 57% 4% 70% 65%

Table 8.2: Vaccine e!ectiveness based on [429]

Hospitalization dropped by 69% for the low-risk group and 60% for the vulnerable group for the
Omicron variant versus Delta variant. Entering ICU has dropped by 85% for low-risk group and by
72% for the vulnerable group, for the Omicron variant versus the Delta variant. For the simulation
of the mandatory vaccination of vulnerable people, 30,000 people needed to get vaccinated and
110,400 people needed a third dose which were given from May on for the first dose and 28 days
later the second dose with a rate of 15,000 doses per week. Additionally, a scenario is simulated
in which 85% of the whole population is fully vaccinated with 3 doses. The rebound has to be
anticipated for autumn 2022 linked to immunity waning and increased indoor activities.
For the three di!erent variant scenarios (Omicron descendant, Delta descendant and a Deltacron
variant), the model considers immunity waning, e!ectiveness of the vaccine against severe outcome
and infection and transmissibility of each variant based on the Luxembourg data.
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Figure 8.9: Projections for the three possible scenarios with di!erent variants such as Omicron (orange), Delta
(yellow) and Deltacron (purple). Daily cases (Panel A), normal care occupancy (Panel B) and ICU occupancy
(Panel C) are shown.

Cases Hospital ICU

Descendant of omicron (baseline) 70,960 7069 1974

Descendant from delta 37,846 (-46.7%) 10,268 (+45.3%) 3803 (+92.6%)

Recombinant of omicron and delta (Deltacron) 70,960 (0%) 11,294 (+59.8%) 4243 (+114.9%)

Table 8.3: Table for the qualitative assessment of the e!ect of the three potential variant scenarios.

The omicron scenario is the most optimistic one and is based on the appearance of a new sub-
lineage of the actual omicron variant. Due to the reduced hospitalization risk, the impact on the
healthcare system would be rather small. By contrast, the scenario for a descendant of the Delta
variant exhibits a higher impact on the healthcare system.
The scenario of Fig. 8.10 has as baseline a descendant of the Delta variant. The yellow curve is
the mandatory vaccination of 18+ and the projection for mandatory vaccination of 50+ is purple.
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Figure 8.10: Projections for a descendant of the Delta variant (orange), projections for a descendant of the
Delta variant with mandatory vaccination for 50+ (yellow) and projections for a descendant of the Delta variant
with mandatory vaccination for 18+ (purple). Daily cases (Panel A), normal care occupancy (Panel B) and ICU
occupancy (Panel C) exhibit the e!ect of a vaccine mandate.

Cases Hospital ICU

Baseline simulation 37,846 10,268 3803

Mandatory vaccination 50+ 29,809 (-21.2%) 9073 (-11.6%) 3242 (-14.7%)

Mandatory vaccination 18+ 23,104 (-39%) 7839 (-23.7%) 2727 (-28.3%)

Table 8.4: Table for the quantitative assessment of the e!ect of mandatory vaccination for people above 50 years
and a scenario for mandatory vaccination for people above 18 years for a Delta variant descendant.

The mandatory vaccination of 50+ in the case of delta descendant leads to a reduction of 21.2%in
cases, 11.6% in number of hospitals, 14.7% in number of ICU in comparison to the baseline. The
mandatory vaccination of 18+ in the case of delta descendant leads to a reduction of 39% in
cases, 23.7% in number of hospitals, 28.3% in number of ICU in comparison to the baseline.
The scenario of Fig. 8.11 has as baseline a descendant of the omicron variant. Omicron is less
severe than the Delta variant which has a small impact on the healthcare system. However, it
is more virulent. The yellow curve is the mandatory vaccination of 18+ and the projection for
mandatory vaccination of 50+ is purple.
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Figure 8.11: Projections for a descendant of the Omicron variant (orange), projections for a descendant of the
Omicron variant with mandatory vaccination for 50+ (yellow) and projections for a descendant of the Omicron
variant with mandatory vaccination for 18+ (purple). Daily cases (Panel A), normal care occupancy (Panel B) and
ICU occupancy (Panel C) are shown.

Cases Hospital ICU

Baseline simulation 70,960 7069 1974

Mandatory vaccination 50+ 67,036 (-5.5%) 6947 (-1.7%) 1939 (-1.8 %)

Mandatory vaccination 18+ 58,950 (-16.9%) 6735 (-4.7%) 1908 (-3.3%)

Table 8.5: Table for the quantitative assessment of the e!ect of mandatory vaccination for people above 50 years
and a scenario for mandatory vaccination for people above 18 years for an Omicron descendant variant.

The mandatory vaccination of 50+ in the case of an Omicron descendant leads to a reduction of
5.5%in cases, 1.7% in number of hospitals, 1.8% in number of ICU in comparison to the baseline.
The mandatory vaccination of 18+ in the case of Omicron descendant leads to a reduction of
16.9% in cases, 4.7% in number of hospitals, 3.3% in number of ICU in comparison to the baseline.
Aside from Omicron and Delta variant, possible recombination of variants can arise and lead to
a mixture of the insides shown above. Overall, these additional investigations demonstrate how
specific challenges can be addressed by targeted approaches. Furthermore, the di!erent analyses
show that there are remaining and future COVID-19 challenges ahead of us which will require
further interdisciplinary approaches to support mitigation strategies until we eventually reach an
endemic regime. And even then, long-COVID symptoms [281–283] may have a long-term impacts
on the healthcare systems the consequences of which can currently only be roughly estimated.
Hence, COVID-19 is likely to stay in the scientific focus for some more time also beyond the
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hopefully past emergency period.

8.3 Final remarks

To conclude, I showed that mathematical modelling can be used for pandemic preparedness and
to understand the spread of COVID-19 through populations. Mathematical modelling can guide
the epidemic progression and public health measures. Modelling became a key tool to monitor
the epidemic dynamics and to inform decision-makers about potential various future scenarios.
Epidemiological modelling is an interdisciplinary task since it implies discussions with immunologist
about immune response and with virologists about the potential upcoming variants.
I am very grateful to be part of the COVID-19 Task Force which made my PhD a unique exper-
ience. During COVID-19, I saw how mathematical modelling could be used in practice to guide
policymakers’ decisions based on the soundest information possible. I learned so much about
interdisciplinary and team-based research in quite a short amount of time due to the urgency of
the pandemic.
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APPENDIX A
APPENDIX OF MATHEMATICAL MODELLING OF

SUPPRESSION STRATEGIES AGAINST EPIDEMIC OUTBREAKS

E"ects of ! on epidemic curves properties

In the main text, we focused the conceptual analysis on the sensitivity of epidemic dynamics
on mitigation parameters. However, it is well known that early adoption of interventions is also
important [184]. In the SPQEIR model, the delay in applying interventions is modeled by an extra
parameter ! . In this section, we analyse its impact on qualitative and quantitative properties of
epidemic curves.
We observe that, for all mitigation parameters, ! does not significantly alter the qualitative
properties of epidemic dynamics: their corresponding diagrams “height of peak vs param” is
maintained, as well as the trend of mitigation timing. Instead, ! a!ects their quantitative aspects:
the height of the peak before mitigation and the values of mitigation timing T. Overall, this
justifies the use of an arbitrary value for ! for the conceptual analysis (Sec. 3.1 in Main Text),
whereas it was properly estimated for each country when the fit was performed (Sec. 3.3 in Main
Text).

188



Appendix of mathematical modelling of suppression strategies against epidemic outbreaks

Combining ! and "

Di!erent delays in issuing interventions governed by the parameter " display the same diagram
“height of peak vs "”, with the same critical value of the parameter " = 0.4 that yields mitigation
(Fig. A.1). Instead, ! modifies the peak value that is reached before mitigation, for " < 0.4.
When considering the mitigation timing, Fig. A.1 (Right) shows that its non-monotonous trend is
overall not altered by ! . However, the maximum time decreases, since longer delays are associated
to a higher depletion of the Susceptible pool. On the other hand, the optimal value for minimising
the mitigation time becomes smaller, meaning that stronger measures are required to flatten the
curve in minimal time.
This analysis implies that, while qualitative characteristics associated to the epidemic dynamics
are conserved, quantitative values change under the influence of ! , that should therefore be taken
into account when studying real-world scenarios.

Figure A.1: (Left) Global dependence of the peak of daily cases on ", for di!erent % values. (Center) A closer look
on the infectious peak, depending on " values associated to mitigation and on delays % . Although the qualitative
trend is maintained, the peak values change for di!erent % . (Right) Mitigation timing depending on ", for di!erent
% . To minimise the timing, a smaller % can be coupled with higher ", whereas longer delays require smaller " values
to be as e"cient.

Combining ! and µ

When mitigation is pursued after acting on those measures associated to the parameter µ, time
delays are associated with higher peaks of the infectious curve (Fig. A.2 Left and Center), but
the trend is conserved. The mitigation timing might be slightly reduced when small µ values
are active but, for stronger protection rates, it is significantly decreased by prompt interventions
(Fig. A.2 Right).
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Figure A.2: (Left) Global dependence of the peak of daily cases on µ, for di!erent % values. (Center) A closer
look on the infectious peak, depending on µ values associated to mitigation and on delays % . The qualitative,
monotonous trend is maintained, but the peak values change for di!erent % . (Right) Mitigation timing depending
on µ, for di!erent % . For small µ values, a longer delay could yield faster mitigation because of the faster depletion
of the Susceptible pool, but the trend is soon inverted for higher µ values.

Combining ! and #$

This section considers the removal of E individuals from the epidemic system, for instance because
of quarantining after contact tracing. In the SPQEIR model, this strategy is modelled by the
parameter #$ (see Main Text for discussion). Longer delays in issuing such interventions do not
alter the global features of the bifurcation diagram, but are associated with higher peak values
(Fig. A.2 Left and Center). Longer delays are also associated with faster mitigation timing, due
to the fact that more people have the chance to develop the infection. The trade-o! is resolved
when employing the most e!ective measures (maximum #$), which yields minimal peak height as
well as shortest mitigation timing.

Figure A.3: (Left) Global dependence of the peak of daily cases on ##, for di!erent ## values. (Center) A closer look
on the infectious peak, depending on ## values associated to mitigation and on delays % . The bifurcation diagram
is maintained, but the peak values after mitigation change for di!erent % . (Right) Mitigation timing depending on
##, for di!erent % .
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Combining ! and $

In the SPQEIR model, further removal of Infectious individuals (e.g. for tracking and isolation) is
parameterised by $. As for other parameters, the qualitative behavior of the epidemic dynamics,
when driven by $, remains unaltered by extra delays ! . As shown in Fig. A.4, the bifurcation
diagram remains consistent, even though the quantitative values of mitigated peaks are higher
for higher ! . However, contrariwise with what observed for other parameters, delays in issuing
measures slightly change the critical $ values that are necessary to achieve mitigation (Fig. A.4,
Center), that are lowered for higher ! . This is a byproduct of having let the virus spreading more
in the population and resulting in a higher initial peak. In addition, longer delays correspond to
overall longer mitigation timing for same $ (Fig. A.4, Right). This expands what discussed e.g.
in [180], further stressing the importance of prompt isolation of infectious individual for epidemic
management and control.

Figure A.4: (Left) Global dependence of the peak of daily cases on !, for di!erent % values. (Center) A closer look
on the infectious peak, depending on ! values associated to mitigation and on delays % . The bifurcation diagram
is maintained but the critical value is slightly shifted. Peak values after mitigation change for di!erent % . (Right)
Mitigation timing depending on !, for di!erent % .
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Discussion on model fitting

As discussed in the Main Text, we fitted the SPQEIR model on several countries to show that
such minimal model can reproduce epidemic curves and enable further explanation of the impact
of several non-pharmaceutical interventions. However, the structure of the model retains a certain
level of degeneracy among its parameters, which lead to identifiability limitations that are known
in SIR-like models [189]. In particular, several parameter combinations could yield to similar values
of the control parameter R̂. In this section, we further discuss the relevance of the lmfit fitting
presented in the Main Text and we compare and support it by discussing the results of a Bayesian
inference approach based on a Markov Chain Monte Carlo (MCMC) scheme for model fitting,
that allows us to fully explore the parameter space and relevant combinations of the parameters.
This procedure enables a detailed analysis of the identifiability of our parameters and justifies the
subsequent use of a least-square methodology to estimate a single, reasonable set of parameters
that could well explain the empirical data.

Discussion on least-squares fitting

As explain in the Main Text, we first fitted the SPQEIR model with a single free parameter, to
get a meaningful value for R̂ (the “only social distancing” setting). Then, we fitted the full
model, with country-specific parameters (cf. Table 1), making sure that analogous R̂ values were
obtained. We recall that not all parameters were allowed to be free, but only some were applied,
i.e. those that can be matched with a corresponding measure documented to have been applied in
the real country. Although possibly not unique, the identified parameter values are the most likely
after gradient descent [188] and yield to non-negligible numbers of individuals being a!ected by
the corresponding measures. Table A.1 reports the cumulative numbers of individuals that flowed
to Q and P compartments during the first intervention period, marked in grey in Fig. 9 of the
main text, due to fitted parameter values (also reported in Fig. 9 of main text). These estimates
are useful, as order of magnitudes, to appreciate the e!ect of single, targeted interventions coming
from di!erent non-pharmaceutical interventions, in addition to population-wide social distancing.
Further verification and precise assessment of such values are demanded to future, complementary
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studies that make use of welfare partner data.

Country Quarantined Protected
Austria (AT) 430 63000
Denmark (DK) 2500 120000
Ireland (IR) 4000 730000
Israel (IL) 2200 63000
Lombardy (LO) 3100 69000
Switzerland (CH) 520 59000

Table A.1: Total numbers of individuals flowing to outer compartments of the SPQEIR model, during the considered
time period (grey area in Fig. 9 of main text), under the action of fitted parameters. Following the discussion
about parameter identifiability, these numbers are meaningful as orders of magnitude, and are thus reported with
rounding on the second significant digit.

Parameter space characterization by means of Markov Chain Monte Carlo

We next verified the constraints on model paramters and the degeneracy between them with an
additional analysis, based on Bayesian inference implemented by means of a Markov Chain Monte
Carlo (MCMC) approach, which allows to further identify the individual parameters values and the
constraints on their combinations in the parameter space, as well as the associated uncertainties.
For the current MCMC analysis, we employed as likelihood function a commonly used sum of
square residuals (SSR), which measures the distance between the model simulation and the data
as:

SSR (! |data) =
Tf*

i=T0

6
Cdata (ti) " Cmodel (ti, !)

92
. (A.1)

In Eq. B.7, ! is the array of parameters representing measures relevant for that country, ti !

{T0, T0 + 1, . . . , Tf " 1, Tf } indicates the number of days from the beginning of the epidemic
(assumed for that country), T0 and Tf are respectively the first and last day under investigation,
Cdata indicates data of active infections and Cmodel to the corresponding model quantity. The
SSR is related to the reduced #2, both being ways to measure the geometric distance between
model simulation and data.
The applied sampling technique is the Delayed Rejection Adaptive Metropolis (DRAM) scheme
[113], from the python package pymcmcstat [105]. We run 8 chains in parallel, initialized at
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random initial conditions. Each chain has 50000 iterations, which ensure the convergence of the
chain. For the Bayesian steps, the simplest non-informative flat priors probability distributions
are assumed on each parameter. These are chosen as there is no need to incorporate additional
information on the parameter values, except for the boundaries of the intervals which are allowed.
Furthermore, flat priors do not introduce any further bias towards a particular parameter set. The
parameter intervals to be explored are chosen to be reasonable with respect to the conceptual
analysis: " ranges from 0.1 to 0.4, µ from 0.001 to 0.12, # from 0.001 to 0.7 and $ from 0.001
to 0.1. The chain convergence was assessed by the Gelman-Rubin diagnostic, which analyses the
variance within and between each chain set. Results of the Bayesian fitting are reported below,
and we repeated the procedure on several of the countries considered.
As mentioned in Main Text, we observe that several combinations of parameters lead to similar
good agreement (measured by the SSR) between the model simulation and the data, and thus
result in a high posterior probability (dark red color in the figures). Other combinations lead to
poorer agreement between model and data, and are thus associated to low posterior probability
distribution (light red, blue or dark blue regions). In order not to overload the text, we report 3
example countries with di!erent parameter sets. Others are analogous and can be reconstructed
with the shared code. The figures below (Figs. A.5 for Austria, A.6 for Ireland and A.7 for
Switzerland) showcase which areas of the parameter space have a higher posterior probability,
and thus indicate which combinations of parameters would be more likely to provide a good fit
between model and data. The figures are reconstructed by marginalising the full distribution from
MCMC chains over couples of parameters at a time. In fact, some parameter pairs are correlated,
and a certain degree of degeneracy exists between parameters, in the sense that often simultaneous
changes in two parameters would equally well allow the model to fit the data. This highlights the
identifiability issues discussed in the Main Text, namely that multiple sets of parameter values
could be employed resulting in similar fit of the model to the data. Eventually, to provide one
plausible choice, we reported in the Main Text the best gradient descent fit obtained with lmfit
scheme.
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Figure A.5: Estimated posterior probability distribution from Markov Chain Monte Carlo projected over each couple
of parameters, for Austria. Each square shows 2D projection of the posterior over two parameters. The parameter
names are reported at the margins and on the diagonals. Each 2D projection is reported only once once as they
are symmetric, thus the white squares. The posterior probability is represented by the nuances of red towards blue,
with red being high probability and blue being low (probability close to 0). The three black contours correspond to
25%, 50% and 90% Bayesian credible regions.
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Figure A.6: Estimated posterior probability distribution from Markov Chain Monte Carlo projected over each couple
of parameters, for Ireland. Each square shows 2D projection of the posterior over two parameters. The parameter
names are reported at the margins and on the diagonals. Each 2D projection is reported only once once as they
are symmetric, thus the white squares. The posterior probability is represented by the nuances of red towards blue,
with red being high probability and blue being low (probability close to 0). The three black contours correspond to
25%, 50% and 90% Bayesian credible regions.
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Figure A.7: Estimated posterior probability distribution from Markov Chain Monte Carlo projected over each couple
of parameters, for Switzerland. Each square shows 2D projection of the posterior over two parameters. The
parameter names are reported at the margins and on the diagonals. Each 2D projection is reported only once once
as they are symmetric. The posterior probability is represented by the nuances of red towards blue, with red being
high probability and blue being low (probability close to 0). The three black contours correspond to 25%, 50% and
90% Bayesian credible regions.
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APPENDIX B
APPENDIX OF MODELLING COVID-19 DYNAMICS AND

POTENTIAL FOR HERD IMMUNITY BY VACCINATION IN

AUSTRIA, LUXEMBOURG AND SWEDEN

In this Appendix we illustrate the model, the considered data from Luxembourg, Austria and
Sweden, a computational approach to estimate herd immunity and the procedures to provide an
estimate of the parameters and their uncertainties.

Mathematical model

In this study, we developed a mathematical model of the transmission of COVID-19 within a
population, building upon the standard SEIR model [217]. Our extension of the SEIR model
is described by Fig. 5.1 in the main text. The total population N of the modelled country at
time t is divided into 16 compartments. First, we introduce a separation between detected and
undetected cases; in fact, a non-negligible fraction of infected people is usually not detected [218],
e.g. for lack of testing or because asymptomatic. Next, we include compartments to model the
progression of the disease to more severe states, requiring hospitalisation, intensive care (ICU) or
leading to death. Finally, we include compartments for recovered people. The model variables are
summarized in Tab. B.1 and represent the number of individuals in di!erent stages, normalized

198



Appendix of modelling COVID-19 dynamics and potential for herd immunity by vaccination in
Austria, Luxembourg and Sweden

by the total population of the considered country.
Susceptible (S) and exposed (E) compartments are in common with the standard SEIR model. An
exposed person might be detected (via a PCR test), thus entering the “infectious and detected"
(II) compartment, and subsequently the “quarantined" (Q) compartment, from where the person
cannot infect others any further. At this point, a person might (or not) become “hospitalized" (H),
and then either simply “require longer hospitalization" (Hl) or require “intensive care treatment"
(ICU). If the health improves, the individual can return to “regular hospital treatment after
ICU" (AICU). At any of these hospitalization stages, the person can “die in hospitals or ICUs"
(DI,hos), or “recover from hospital or ICUs" (RII). People who are either recovered or dead are the
equivalent of the removed compartment of a standard SEIR model, and thus do not get reinfected
a second time in the model. Most detected people are not hospitalized, so they recover at home
(NI), or alternatively they can die at home (DI,hom). Finally, the fraction of people who got
infected but do not get detected are represented by the infectious and undetected compartment
(A). Being unaware of their state, they can continue to spread the infection without constraints.
These people spend some time recovering outside hospitals (NII), and eventually they end up
either recovered undetected (RA), or dead undetected (DA). The total number of undetected
cases in Fig. 5.2 of the main text is obtained as the sum of the variables A + NII + DA + RA.
We assume conservation of the total population N (people can die, thus entering the dedicated
compartments, but there is no removal of individuals from the system, and we neglect birth), such
that for each country:

1 = S +E +I +Q+H +Hl +ICU +AICU +NI +DI,hos +DI,hom +RI +A+NII +DA +RA ,

(B.1)
where the variables have been normalized by N to represent the fraction of the total population
being in the corresponding state. The dynamics of our model is described by the following system
of ordinary di!erential equations:
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dS

dt
= ""%(A + II)S , (B.2a)

dE

dt
= "%S(A + II) " (E , (B.2b)

dI

dt
= (p1E " !1I , (B.2c)

dQ

dt
= !1I " Q!2p2 " (1 " p2)!2Q , (B.2d)

dH

dt
= p2!2Q " p3H!3 " (1 " p3)H!3 , (B.2e)

dHl

dt
= p3H!3 " Hl!5(1 " p5) " !5p5Hl , (B.2f)

dICU

dt
= (1 " p3)H!3 " p4!4ICU " (1 " p4)ICU!4 , (B.2g)

dAICU

dt
= !4p4ICU " p6AICU!6 " AICU(1 " p6)!6 , (B.2h)

dRI

dt
= p6!6AICU + p5!5Hl , (B.2i)

dRI1
dt

= p7!7NI , (B.2j)
dNI

dt
= (1 " p2)!2Q " !7(1 " p7)NI " p7!7NI , (B.2k)

dDI,hom

dt
= (1 " p7)!7NI , (B.2l)

dDI,hos

dt
= (1 " p6)!6,dAICU + (1 " p5)!5Hl + !4(1 " p4)ICU , (B.2m)

dA

dt
= (1 " p1)(E " !8A , (B.2n)

dNII

dt
= !8A " !9(1 " p9)NII " p9!9NII , (B.2o)

dDA

dt
= !9(1 " p9)NII , (B.2p)

RA

dt
= !9p9NII . (B.2q)

We initialise every simulation with the initial conditions detailed in Tab. B.1. For any simulation
in this work (except those involving vaccination, see B) to numerically solve the set of ordinary
di!erential equations we employ the python (version 3.6.1) solver odeint from the package scipy
(version 1.5.2), which uses the LSODA method for numerical integration.
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Variable Representing Value at
fraction of people t = 0 days

S (t) Susceptible 1 " 1/N

E (t) Exposed 1/N

I (t) Infectious (Detected) 0
Q (t) Quarantined 0
H (t) Hospitalized 0
Hl (t) Hospitalized - Longer 0
ICU (t) in ICU 0
AICU (t) Hospitalized after ICU 0
NI (t) Recovering at Home (Detected) 0
DI,hos (t) Dead in hospitals (Detected) 0
DI,hom (t) Dead at home (Detected) 0
RI (t) Recovered (Detected) 0
A (t) Infectious (Undetected) 0
NII (t) Recovering at Home (Undetected) 0
DA (t) Dead at home (Undetected) 0
RA (t) Recovered (Undetected) 0

Table B.1: The 16 variables represent the fraction of population of a country being in each of the compartments.
The initial conditions are the standard ones usually employed for SEIR-like models, with all the population susceptible
except one person already exposed to the virus. They are the same for every simulation and country, except for the
country’s population being N = 623180 individuals for Luxembourg, N = 8901064 for Austria and N = 10230000
for Sweden.

Model parameters

The parameters of the model and their interpretation are detailed in Tab. B.2. The parameters
can be divided in three categories, based on what type of physical quantity they describe: rates,
probabilities and social interaction.
When individuals can move from one compartment to one of two di!erent compartments, the
probability pi controls which fraction of people will go to one compartment, the remaining fraction
1"pi going to the other. Their value is bounded between 0 and 1. The parameters pi are indexed
with i = 1, . . . , 9.
The parameters (, % and !i represent rates. The parameters !i are indexed with i = 1, . . . , 9.
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Parameter Description Units

"n social interaction (n = 0, 1, . . . , N ) adim.

% average contact rate days!1

( (mean incubation period)!1 days!1

!1 (mean time in I)!1 days!1

!2 (mean time in Q)!1 days!1

!3 (mean time in H)!1 days!1

!4 (mean time in ICU)!1 days!1

!5 (mean time in Hl)!1 days!1

!6 (mean time in AICU)!1 days!1

!7 (mean time in NI)!1 days!1

!8 (mean time in A)!1 days!1

!9 (mean time in NII)!1 days!1

p1 probability of E # I adim.

p2 probability of Q # H adim.

p3 probability of H # Hl adim.

p4 probability of ICU # AICU adim.

p5 probability of Hl # RII adim.

p6 probability of AICU # RII adim.

p7 probability of NI # RII adim.

p9 probability of NII # RA adim.

Table B.2: The parameters of the model with their description and unit of measure. For each country and wave,
the following assumptions have been made: %8 = (1/%1 + 1/%2)"1, p9 = p7, %9 = %7. This is motivated by the
fact that these parameters are relative to the undetected branch, and thus cannot be inferred from data. Thus,
we assumed that undetected cases would evolve with the same parameter values as detected cases not entering
hospitals/ICUs. N represents the number of times that the social interaction parameter changes: N = 13 for
Luxembourg and Sweden and N = 16 for Austria. The values of the manual fit of all the rates and probabilities
for each country and wave are summarized in Tab. B.6. The values and dates of change for the social interaction
parameter "n are reported in Tab. B.3 for Luxembourg, in Tab. B.4 for Austria and in Tab. B.5 for Sweden.

Each rate represents the inverse of the average time that takes for an individual to move from one
compartment to the next. Of particular relevance are the rates ( and %, which have the same
meaning as the corresponding parameters of a standard SEIR model: ( represents the inverse of
the mean incubation period of the disease, and % represents the average contact rate.
The average contact rate % is then multiplied by the additional parameter ", in order to model any
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measure or change in people’s behaviour that can lead to a change (decrease or increase) in the
average contact rate. Thus, % is a constant and it represents the “natural” average contact rate,
while " (t) % represents an e!ective average contact rate which considers the measures or social
behaviours in place. We assume "0 = 1 for any country, before any measure was implemented
at the beginning of the pandemic in February 2020. Afterwards, we assume " = " (t) to be a
piece-wise constant function of time, where each value is indicated by "n, with n = 0, . . . , 13

for Luxembourg and Sweden and n = 0, . . . , 16 for Austria. We assume that changes in " occur
whenever a major new measure is implemented or lifted by the authorities of a country, or in case
of a major happening (e.g. schools starting in September in Luxembourg). The dates employed for
every country, and which measures where taken/lifted on that date, are summarized in Tab. B.3
for Luxembourg, Tab. B.4 for Austria and Tab. B.5 for Sweden.

Analytical derivation of the e"ective reproduction number Re! (t)

To obtain Re! (t) from the current model we used the next generation matrix method [226, 339,
342]. From the next generation matrix, we find its eigenvalues R0 and 0. In our case, R0 is given
by:

R0 = %
C(1 " p1)

!8
+ p1

!1

D
. (B.3)

From R0, we can deduce Re! (t), given by

Re! (t) = %" (t)
C(1 " p1)

!8
+ p1

!1

D
S (t)
N

. (B.4)

By substituting the values of the parameters for each country and scenario, we obtain the Re! (t)

curves depicted in Fig. 5.3 of the main text, panels B, D, F.

Incorporating vaccination in the model

To include vaccination, we add one additional compartment V (t) representing the fraction of
vaccinated population. We assume that a fixed number of people will be vaccinated every day.
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Thus, the equation for the number of people vaccinated reads:

dV

dt
= !vac , (B.5)

with !vac being the parameter representing how many people will be vaccinated per day. Corres-
pondingly, the equation for the susceptible compartment becomes:

dS

dt
= ""%(A + II)S " !vac , (B.6)

since we assume that only people who did not already naturally develop antibodies by being
infected will be vaccinated.
In order to simulate three potential vaccination strategies, i.e. 3 vaccines rollout speeds, at
which countries might manage to perform vaccination, we fix the parameter !vac to three values
that, if all the population would still be susceptible, would lead to vaccinating all the population
of a country within respectively 6 months, 1 year and 1.5 years. These are typical timescales
potentially envisaged by di!erent countries. Thus, we consider the three values !vac = 1/ (365/2)

days!1, !vac = 1/365 days!1 and !vac = 1/ (1.5 · 365) days!1 (recall that model variables are
normalized by the total country population N , so they sum up to 1). These three values of !vac

correspond, respectively, to perform approximately 3415, 1707 and 1138 full vaccinations/day
in Luxembourg, 48773, 24386 and 16258 full vaccinations/day in Austria and 56055, 28027
and 18685 full vaccinations/day in Sweden. Luxembourg numbers are an order of magnitude
smaller than those for Austria and Sweden, proportionally to their total populations. It is in
fact reasonable that vaccination capability would scale with country population (for European
countries with comparable standards of living), i.e. that the more populated a country, the higher
its capacity to perform vaccinations. Thus e.g. performing 56055 full vaccinations/day in Sweden
might be as challenging as performing 3415 full vaccinations/day in Luxembourg.
When numerically integrating the system of ordinary di!erential equations from Eqs. B.2 with the
addition of vaccination (Eq. B.5 and Eq. B.6), we consider an additional constraint to prevent the
variable S (t) to decrease below 0, which would happen otherwise due to Eq. B.6. Interrupting
the odeint routine when the condition S = 0 is met is not possible; hence, in all the simulations
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involving vaccination, we instead perform numerical integration by means of the forward Euler
method with !vac = 0 if S $ 0. We used an integration time-step dt = 0.01 days and verified
beforehand that further decreasing it would not lead to any significant change in the integration
result, while significantly increasing computation time.

Herd immunity

Sec. 5.3.5 of the main text described how to analytically derive the fraction of susceptibles pc

who needs to be fully immune in order to reach herd immunity; we complement that analysis
with numerical inspection of the model. Herd immunity by definition occurs when the pandemic
is not spreading anymore within a population, without the need of any measure. Hence, pc is
given by 1 minus the fraction of S that yields the maximum of infectious I, when no measure is
in place (after the maximum, the epidemic curve decreases on its own with no need of measures).
This is a typical approach to numerically estimate the herd immunity threshold pc in SEIR-like
models. Hence, we simulate the time evolution of the baseline model and we plot the results on
the phase plane I vs S, obtaining the curve I (S). We then identify the value Sc of S such that
the curve I (S) reaches its maximum. Sc is the fraction of susceptible when the number of I

naturally starts to decrease, corresponding by definition to Re! (t) < 1, i.e. herd immunity. The
phase planes are show in Appendix Fig. B.1, panel A for Luxembourg, B for Austria and C for
Sweden. To fully investigate the complexity of the model, we consider both the baseline model
(no measures from the beginning, blue curve) and the next-to-baseline case (all measures lifted
after the last available data point, red curve).
For both blue and red curves, the maxima occur at around 0.27 for Luxembourg and for Austria
and 0.24 for Sweden. Since pc = 1 " Sc, we obtain that the computationally estimated values
of the herd immunity threshold are 73%, 73% and 76%, respectively. We compare them with
the analytic values from the formula pc = 1 " 1/R0, i.e. 70%, 68% and 75% (cf. Sec. 5.3.5):
the values are extremely close, with small di!erences of 3%, 5% and 1%. The threshold values
estimated computationally are higher than their counterpart for all countries, possibly due to
the additional complexities of our model w.r.t. a standard SEIR model. We thus employ these
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Luxembourg SwedenAustriaA CB

Figure B.1: Phase plane for numerical estimation of the herd immunity threshold. In each panel, the maximum of
the curve represents the value of the fraction of susceptible people that would yield herd immunity. Panel A for
Luxembourg, panel B for Austria and panel C for Sweden.

computationally obtained ones, both because they account for any additional model complexity
and in order to provide a more conservative estimate of when herd immunity might be reached.

Data and analyzed countries

We consider three di!erent countries: Luxembourg, Austria and Sweden. The model struc-
ture described above is maintained unchanged across the three countries. For consistency, we
change the value of the total country population N and the parameter values so that the model
fits the data of the corresponding country. We use data of total detected cases, hospitalized
people, people in ICUs and dead people. We gathered these data from https://www.acaps.

org/covid19-government-measures-dataset, a public independent database recognised by
the WHO (last accessed on 03/12/2020) as well as from the public repositories listed below.
Moreover, for each country we allow the social interaction parameter " to change when major
changes in measures took place. We list below also the sources of information for the changes in
measures.

Luxembourg

For Luxembourg, we obtained the dates at which major changes in policy took place in Luxem-
bourg from https://covid19.public.lu/fr/mesures-sanitaires-en-vigueur.html (last
accessed 15/12/2020), and summarize them in Tab. B.3. The time-series data of total cases,
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hospitalised people, people in ICU and dead people for Luxembourg are publicly available on 5.2
of the main text, along with their 7-days moving average. The moving average smooths detection
and intrinsic noise, and filters out the e!ects of considerable weekend under-testing, consistently
observed and confirmed by the considerably lower number of total tests performed over weekend
days. The moving average is centered on the day of interest to not induce shifts of the features
(like the peaks) of the time-series.

"n Starting Measure or change in social activities Manual Which
Date Calibration Wave

"0 " No restrictions 1 "
"1 16.03 Lockdown 0.4902 1st

"2 23.03 Measures fully e!ective 0.1984 1st

"3 20.04 Opening construction sector 0.1918 1st

"4 04.05 Opening high schools 0.2507 1st

"5 10.06 Relaxation of measures 0.5298 2nd

"6 29.06 End of classes splitting 0.4804 2nd

"7 13.07 School holidays 0.3101 2nd

"8 31.07 Start holidays 0.2203 2nd

"9 12.08 Change mobility (Google mobility data) 0.3457 2nd

"10 23.08 End holidays of construction sector 0.3351 2nd

"11 14.09 Opening schools 0.4333 3rd

"12 01.11 Restrictions, including curfew (11 p.m.) 0.341 3rd

"13 26.11 Stricter measures, HORESCA closure 0.39 3rd

Table B.3: Changes in the piece-wise constant social interaction parameter " (t) of the model for Luxembourg.

According to the public data mentioned above, the first positive case was detected in Luxembourg
on February 29, 2020. Considering the lag between being susceptible, being exposed and being
detected, we initialize the model at its initial conditions reported in Tab. B.1 with time t = 0

on February 24. Data about the COVID-19 prevalence in the population were obtained from the
Con-Vince study [229].
Each country in this study is modelled as a closed system, which might be a limitation for
Luxembourg, due to the small size of the country and the high cross-border mobility. The
publicly available data employed for Luxembourg and mentioned in this section only include cases
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that are detected and resident in Luxembourg. For considerations about cross-border workers in
Luxembourg and interplay with economical features, refer to [206].
Our model was used to regularly monitor the progression of the epidemic in Luxembourg and to
produce short- and mid-term projections during the crisis. It aimed to promptly deliver preliminary
results and then increasingly more refined results and projections as available data increased over
time. Hence, some of our parameters have been updated multiple times throughout the course
of the crisis, to incorporate new knowledge. In this manuscript, our model is reporter in its state
in December 2020, but it has been, overall, a continuously evolving tool.

Austria

We obtained the dates at which major changes in policy took place in Austria from https://de.

wikipedia.org/wiki/COVID-19-Pandemie_in_Österreich (collection of various sources, last
accessed on 15/12/2020). Tab. B.4 summarizes dates and associated policies. The time-series
data of total cases, hospitalised people, people in ICU and dead people for Austria come from
https://covid19-dashboard.ages.at/dashboard_Hosp.html (last accessed on 15/12/2020).
They are reported in Fig. 5.2 of the main text, where we also report their 7-days moving average.
According to the data mentioned above, the first positive case was detected in Austria on February
26, 2020. Considering the lag between being susceptible, being exposed and being detected, we ini-
tialize the model at its initial conditions reported in Tab. B.1 on February 21. Similar starting dates
for modelling the epidemic in Austria have been used elsewhere, e.g. February 22 in [235] (see
Tab. therein). Data about COVID-19 prevalence were obtained from https://www.sora.at/

nc/news-presse/news/news-einzelansicht/news/COVID-19-praevalenz-1006.html (last
accessed on 15/12/2020).

Sweden

We obtained the dates at which major changes in policy took place in Sweden from [245] until
August and from https://www.krisinformation.se/en/news (last accessed on 15/12/2020)
later on, and we summarize them in Tab. B.5. The time-series data of total cases, hospitalised
people, people in ICU and dead people for Sweden are available on https://www.folkhalsomyndigheten.
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"n Starting Measure or change in social activites Manual Which
Date Calibration Wave

"0 " No restrictions 1 "
"1 16.03 Closure schools/universities, limitations in shops/restaurants 0.52 1st

"2 30.03 Wearing masks 0.155 1st

"3 14.04 Opening small shops 0.22 1st

"4 01.05 Opening malls and hairdressers 0.27 1st

"5 15.05 Opening certain school classes 0.31 1st

"6 29.05 Opening additional schools 0.33 2nd

"7 15.06 Mask obligation in public area, no mask in shops/schools 0.38 2nd

"8 11.07 School holidays 0.36 2nd

"9 21.07 Mask obligation everywhere 0.32 2nd

"10 13.08 Increase of infections due to people returning from holidays 0.385 2nd

"11 14.09 Opening schools 0.415 2nd

"12 21.09 Extended mask obligation / 10 people invitations 0.405 2nd

"13 25.09 Curfew (10 p.m.) Salzburg, Voralberg and Tirol 0.395 2nd

"14 23.10 Private gatherings limited to 6 people inside, 12 outside 0.385 2nd

"15 03.11 Lockdown 0.27 2nd

"16 07.12 Relief of lockdown 0.34 2nd

Table B.4: Changes in the piece-wise constant social interaction parameter " (t) of the model for Austria.

se/smittskydd-beredskap/utbrott/aktuella-utbrott/covid-19/statistik-och-analyser/

bekraftade-fall-i-sverige/, https://www.icuregswe.org/en/data--results/covid-19-in-swedish-intensive-care/,
https://c19.se (last accessed on 15/12/2020). They are displayed in Fig. 5.2 in main text,
where we also report their 7-days moving average.
Swedish policy has been analysed e.g. in [228, 244, 340]. While the very first case detected was
on 31st January, no other case was detected until February 26. It is likely that the first case was
isolated and did not infect others, otherwise most likely a second case would have been detected
earlier; in addition, the first case was reported from a woman who had traveled to Wuhan and
was isolated upon detection. On the other hand, following the second detected case on February
26, 9 more cases were detected in the next 2 days. To account for potential further lag in the
uncertain starting time of the epidemic in Sweden, we initialise the model at its initial conditions
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reported in Tab. B.1 on February 16. Similar starting dates for modelling the epidemic in Sweden
have been used elsewhere, with [235] starting their modelling on February 18 (see Tab. 1 therein).

"n Starting Measure or change in social activites Manual Which
Date Calibration Wave

"0 " No restrictions 1 "
"1 11.03 Gatherings of more than 500 people forbidden 0.52 1st

"2 16.03 Home o"ce, school above 17 initiate distance learning 0.3 1st

"3 27.03 Gatherings of more than 50 people forbidden 0.25 1st

"4 30.03 Visits to the elderly care are banned 0.2 1st

"5 02.04 Certain students aged >17 allowed back to classroom 0.277 1st

"6 10.06 Starting holidays 0.265 1st

"7 13.06 Ease of travel restriction 0.28 1st

"8 01.07 Further ease of travel restriction 0.23 1st

"9 17.08 Opening of schools for children 0.37 1st

"10 01.10 Visit ban lifted 0.395 1st

"11 27.10 Stricter guidelines in Skåne 0.41 2nd

"12 03.11 Stricter guidelines in Jönköping, Halland, Örebro 0.375 2nd

"13 16.11 Stricter guidelines in Gävleborg, Västernorrland 0.345 2nd

Table B.5: Changes in the piece-wise constant social interaction parameter " (t) of the model for Sweden.

To fit Sweden, the model needs time-dependent probabilities of

detection and hospitalisation, unlike for Luxembourg or Austria

Extending our model to Sweden is to gain insight on a country which applied di!erent policies
than Luxembourg and Austria (which adopted similar policies). To fit Swedish data with the
same model structure as the other countries, it was not su"cient to consider a di!erent set of
parameter values. Instead, it was necessary to introduce time-dependent probabilities of being
detected p1Swe (t) and of being hospitalized p2Swe (t), within an epidemic wave.
The parameter p1 corresponds to the probability of an infected individual being detected. To
obtain an estimate of this parameter for Sweden, we considered prevalence data estimated weekly
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through antibody test for 8 consecutive weeks between mid April and mid June 2020, obtained
from [230, 231] and shown in Fig. B.2 panel A. The prevalence went from about 4% to 6%,
growing over the course of these two months, likely resulting from more infections. Due to the
large error bars, multiple functional forms could be considered a reasonable fit, so we chose the
simplest linear fit.

A B

C D

Figure B.2: Derivation of the time-dependent probabilities of detection p1Swe (t) and hospitalization p2Swe (t), for
Sweden. A: prevalence data for Sweden from [230, 231], with three alternative fits: a linear, a Gompertz and an
exponential (for comparison). B: number of detected cases over total cases on time, inferred from prevalence, for
the three fits to prevalence of panel A. The final functional form for p1Swe (t) (the probability of being detected if
infected) is in green. C: data for daily new detected cases, people entering hospital and people entering ICU (not
to be confused with the numbers of people occupying hospitals and ICUs displayed in Fig. 5.2 of the main text).
D: in blue the ratio of people entering hospitals divided by new daily detected cases two days earlier, which we
employ to build the piece-wise linear function (in green). This is assumed for p2Swe (t), i.e. the probability of being
hospitalized when detected positive.

Prevalence represents the total percentage of the country’s population that is estimated to have
contracted the virus, including detected and undetected individuals. We obtain an estimate of
p1Swe (t) as the ratio between the measured detected cases and the total cases estimated from the
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prevalence. We do so in Fig. B.2, panel B, which reports the number of detected cases divided
by the number of total cases inferred based on prevalence, as a function of time, for the three
fits to prevalence of panel A. In green, we report our final assumption for the functional form for
p1Swe (t), i.e. the probability of being detected if infected, which is time-dependent for Sweden.
We assumed p1Swe (t) to be piece-wise linear, approximately following the behaviour of the linear
fit to prevalence, and saturating after the last available data point (to avoid introducing further
assumptions).
Furthermore, we incorporated an additional information: during the early phases of the pandemic
in Sweden, the majority of the detected cases were people needing hospitalization. This can be
seen from Fig. B.2, panel C, which shows data for daily new detected cases, people entering hos-
pital and people entering ICU (not to be confused with the number of people currently occupying
hospitals and ICUs). The data of people entering hospital and ICU are publicly available on [332]
and https://www.icuregswe.org/en/data--results/COVID-19-in-swedish-intensive-care/.
In March and April, the daily number of people entering hospital was more than half of the daily
number of detected cases. This ratio is shown in panel D (in blue, the ratio of people entering
hospitals divided by new daily detected cases two days earlier). This is used to build the piece-wise
linear function (in green), which was assumed as a proxy for P2Swe (t), i.e. the probability of being
hospitalized when detected positive. This is between approximately 50% and 100% during March
and April, as can be seen in both panels C and D, meaning that, during the early weeks/months of
the epidemic, Sweden mostly detected those people that required hospital treatment. This clearly
changed in May and June, likely due to the change in testing strategy ordered by the government
on May the 3rd [245]. As observed in [244], the peak recorded end of June reflects an extension
of the testing strategy to everyone with COVID-19 symptoms and to contact tracing.

Manual calibration of model parameters

We determine the values of the model parameters that provide a good fit to the available data,
while having reasonable values w.r.t. the literature. In this section we explain the initial manual
calibration, later on we will cross-validate it with Markov Chain Monte Carlo methods in B.
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The following methodology was applied similarly for Luxembourg and Austria, and to Sweden,
with some di!erences described in B and B. We recall that most of the parameters have values
! [0; 1] due to their interpretation as rates or probabilities. Rates are in fact defined as the inverse
of the average time individuals spend in a compartment; hence, a rate smaller than 1 day!1 means
an average time in that compartment of 1 day or more, which is a reasonable value given the
interpretations of the compartments, e.g. hospital and ICU, where people are very likely staying
on average for at least 1 day or more.
The only exception is %, for which we considered values between 0 and 2 (minimum average time
of half a day). We initially set ( and % following literature values [173, 178]. When possible, we
chose for the other parameters a tentative initial value based on domain knowledge. For example,
observed average length of stay in hospitals or ICUs [228] are typically several days, leading to
correspondingly low initial values of the rates for exiting these compartments. For the remaining
parameters, e.g. those concerning non-hospitalized individuals, an initial educated guess was
made based on the information available and what seemed reasonable at the time.
Next, we manually tuned the parameter values in order for the simulated model output to fit
the available data. It must be stressed that, due to the model structure, individuals can only
flow in one direction in the model, i.e. from being initially in the susceptible compartment, to
eventually end up in either one of the recovered or dead compartments. Due to this structure,
several of the parameters only influence the variables appearing downstream in the flow, not
upstream. For instance, while (, % and " influence all compartments, the probabilities of being
hospitalised or the probability of entering ICU do not influence the total detected cases. Thus, we
start the manual fit by fixing those parameters that influence the total detected cases, so that the
simulated curve fits the moving average of the available data. Unlike all the others, the parameter
" changes value every time that a new measure is implemented. Each value is thus fixed in order
to improve the model fit to the data of total detected cases (averaged over a week) until the
next change, before moving to the next value. Eventually, parameters downstream in the flow of
individuals are also changed in order for the model to fit the data of the corresponding boxes. In
particular, first parameters impacting total cases, then parameters impacting hospitalisations, than
parameters impacting ICU and eventually those impacting death. The procedure was repeated
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until a satisfactory fit was achieved. The final values of parameters from our manual fit, for each
country and wave of infection, are reported in Tab. B.6.

Parameter Manual fit Luxembourg Manual fit Austria Manual fit Sweden
1st wave 2nd 3rd 1st wave 2nd 1st wave 2nd

% 1.287 - - 1.287 - 1.287 -
( 0.4433 - - 0.4433 - 0.4433 -
!1 0.6808 - - 0.6808 - 0.6808 -
!2 0.5979 - - 0.5979 - 0.5979 -
!3 0.5246 - - 0.5246 0.5246 0.5246 0.5246
!4 0.0513 0.1050 0.106 0.0991 0.0948 0.1875 0.0933
!5 0.0617 0.1514 0.1605 0.1047 0.1240 0.2383 0.1247
!6 0.0853 0.1514 0.1590 0.1073 0.0856 0.1093 0.0838
!7 0.1084 0.1084 - 0.1084 0.1084 0.1084 0.1084
p1 0.31 0.41 - 0.41245 - p1Swe(t) 0.27389
p2 0.1534 0.08 0.042 0.162 0.065 p2Swe(t) 0.1
p3 0.7906 0.86 0.78 0.72 0.82 0.72 0.88
p4 0.7906 0.9048 0.8868 0.6972 0.8345 0.6667 0.8965
p5 0.8717 0.9814 0.8692 0.8499 0.9275 0.9021 0.9820
p6 0.9072 0.9816 0.8868 0.8292 0.8946 0.7866 0.9731
p7 0.9876 0.9979 0.997 0.99 0.992 0.99 0.992

Table B.6: Parameter values for manual calibration of each wave and country. All rates (&, + and each %) are
expressed in days"1, the other parameters are dimensionless. The symbol “-” means the parameter is not changed
w.r.t. the value to its left in the table. The quantities p1Swe (t) and p2Swe (t) are depicted in Fig. B.2 and their
derivation is described in the corresponding section.

We performed this procedure for Luxembourg and for the first wave, which we conventionally
assume to end with the minimum of the moving average of new daily cases occurring on June
4. Fitting the cases of the second wave with the parameter set from the first wave lead to a
significant over-prediction of the number of people in hospital and ICU for the second wave, with
respect to what is observed in the data. Thus, some of the parameter values need to be changed
in order for the model to fit the data of the second wave. Similarly for the third wave. For both,
we repeat the procedure of manual parameter calibration described above starting from the values
of the parameters for the previous wave, and incorporating any further domain knowledge about
average length of stay in hospitals and so on that become available in the meantime.
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Most parameters were initially tuned for Luxembourg, and then employed for Austria and Sweden
with the necessary changes to achieve a reasonably good fit to the data, or where literature was
available reporting a country-specific estimate, as it is the case for the probability of being detected
p1, inferred from country-specific prevalence studies as detailed below. While this procedure is
repeated for Austria with only changes in parameter values, it is not su"cient to fit Sweden.
For Sweden, we further need to derive time-dependent probabilities of detection p1,Swe (t) and
of hospitalizations p2,Swe (t), as described in detail in B. These two functions are reported in
Fig. B.2.
Similarly to Luxembourg, we assume the 1st wave to end with the minimum of the moving average
of new daily cases on June 12 for Austria and on August 31 for Sweden. We further assume the
3rd wave in Luxembourg to start from the re-opening of schools on September the 15th. We do
not split Austria or Sweden data in a third wave as only the data for Luxembourg show clearly
three waves of infections, see Fig. 5.2 in main text. The final values of parameters from our
manual fit, for each country and wave of infection, are reported in Tab. B.6.
A key parameter for each country is the probability of being detected if infected, which has been
derived from prevalence studies. For Luxembourg we consider this probability to be p1 = 0.31 in
the first wave thanks to the Con-Vince study [229], and we assume it to be p$

1 = 0.4 for the second
and third wave based on internal communication. These numbers correspond to values for total
cases over detected cases of respectively 1/0.31=3.2 and 1/0.4=2.5, which are close to the value
2.3 reported as an approximated estimate for several countries by [232]. For Austria, p1 ( 0.41

has been as well derived from prevalence data https://www.sora.at/nc/news-presse/news/

news-einzelansicht/news/covid-19-praevalenz-1006.html (last accessed on 15/12/2020).
For Sweden, we describe how we obtain p1,Swe (t) and p2,Swe (t) in B. This estimate is also based
on the prevalence data from [230, 231] displayed in Fig. B.2, panel A. As shown in Fig. B.2,
panel B, we assume a time-dependent p1Swe (t) which increases from an estimated value of 0.02

in March to an estimated value of 0.27 from June onward.
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Bayesian inference for cross-validation of parameters and evaluation

of uncertainties

The parameter sets obtained by manual calibration are used in the manuscript to illustrate a
number of qualitative and quantitative results. Nevertheless, the next question naturally arising
is “how unique is each of these parameter sets, given the available data?”. We thus want to
investigate to what extent the available data constrain the parameters of the model, and to which
extent these parameter values can change, i.e. to quantify the uncertainties in the estimation
of these parameters, given the data. A Bayesian framework provides a natural perspective to
explore this uncertainty. For this purpose, we apply Bayesian Inference, and in particular Markov
Chain Monte Carlo (MCMC) methods to I) quantify the uncertainty (via credible intervals) of the
estimates of each parameter given the data, and to II) assess uncertainties on combinations of
parameters (credible regions), often better identifiable than the corresponding individual paramet-
ers. In order to apply Bayesian inference and MCMC methods, we employ the dedicated python
library pymcmcstat [330], version 1.9.0.

Sum of square residuals for the likelihood function

To perform Bayesian inference by MCMC, we need to construct a likelihood function of parameter
values given the available data and to provide prior probability distributions for each parameter,
which allows us to incorporate our prior knowledge. The vector of parameters, which will be
specific for each country and wave, is here indicated as ! .
The pymcmcstat package employs for the Likelihood L (! |data) function the sum of square resid-
uals (SSR), such that the minimum of the SSR corresponds to the maximum of the Likelihood.
This choice of the likelihood function corresponds to assuming that deviations of data from the
model are due to Gaussian errors, which is the simplest assumption to make without additional
knowledge of the potential sources of errors.
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The SSR for Luxembourg is:

SSR (! |data) =
Tf*

i=T0

6
Cdata (ti) " Cmodel (ti, !)

92
+

Tf*

i=T0

6
Hdata (ti) " Hmodel (ti, !)

92
+

Tf*

i=T0

6
ICUdata (ti) " ICUmodel (ti, !)

92
+

Tf*

i=T0

6
Ddata

home (ti) " Dmodel
home (ti, !)

92
+

Tf*

i=T0

6
Ddata

hosp (ti) " Dmodel
hosp (ti, !)

92
,

(B.7)

where ! is the array of parameters, ti = T0, T0 + 1, . . . , Tf " 1, Tf indicates the number of days
from the beginning of the epidemic (assumed for that country), T0 and Tf are respectively the first
and last day of the wave under investigation (1st wave, 2nd wave or, for Luxembourg, 3rd wave),
C is the cumulative total number of detected cases, H is the number of people in hospital, ICU

is the number of people in ICU, Dhosp and Dhome are respectively the number of people dead in
hospital (including ICU) or outside hospital (Dhome includes also nursing houses). The same SSR
was employed for Austria and Sweden (with the corresponding data and model variables), except
that the two compartments for deaths were merged into one compartment due to lack of more
fine-grained data.
The quantities in Eq. B.7 derived from the model, omitting the dependencies on time and para-
meters for ease of notation, in terms of the model variables (Tab. B.1) are given by:

Cmodel .= R + II + Q + DI,hos + DI,hom + H + Hl + ICU + AIUC + NI , (B.8)

Hmodel .= H + Hl + AICU , (B.9)

ICUmodel .= ICU , (B.10)

Dmodel
home

.= DI,hom , (B.11)
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Dmodel
hosp

.= DI,hos . (B.12)

The sum of square residuals Eq. B.7 attributes the same weight to all time-series data. While
this choice is the simplest, it is worth noticing that it is not unique and more complex weighting
approaches could represent valid choices as well.

Prior probability distributions

For each country and wave, we assume flat prior probability distributions on each parameter over
a reasonable parameter space. The reasons in doing so are mainly two. First, flat priors are
the simplest choice which does not require any additional knowledge — except the intervals over
which these priors should be extended. Second, flat priors are the less informative choice we can
make, without introducing bias toward a particular parameter set. This allows to cross-validate
the manually calibrated parameter set, as the result only depend on the public time-series data
and on a reasonable limitation of the available parameter space by means of the priors.
The social interaction parameter "n ranges from 0 to 1. Each rate parameter ranges from 0 days!1

to 1 days!1, except for beta that ranges from 0 days!1 to 2 days!1. Each probability parameter
is from 0 to 0.5 or 0.5 to 1 depending what the probability represents. We opt for these somewhat
reduced parameter space rather than the full interval from 0 to 1 because, without loss of generality
(we do not expect probabilities of dying being above 0.5, i.e. 50%, and so on), it is less demanding
in terms of time and computational resources needed for the MCMC chains to converge. Similarly,
we further restricted the priors between 0 and 0.5 for those rates associated to an average length
of stay which is known to be considerably larger than a day, e.g. for the rate of exiting ICU. These
flat prior probability distributions are reported for each country and wave as the light gray area in
Fig. B.3, where we observe that the posterior probability distributions are indeed narrower than
the priors. The posteriors are depicted via their 50% and 90% credible regions, respectively in
blue and cyan.
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Markov Chain Monte Carlo (MCMC) method

After defining the likelihood function and the priors, we calculated the posterior probability dis-
tribution over the parameter space (for each country and wave separately) by means of Markov
Chain Monte Carlo (MCMC) methods available via the dedicated python library pymcmcstat.
Among the di!erent Metropolis based sampling techniques, we employ the Delayed Rejection
Adaptive Metropolis (DRAM) algorithm. It is a combination of the Delayed-Rejection (DR)
algorithm, which delays rejection by sampling from a narrower distribution, and the Adaptive-
Metropolis (AM) algorithm, which adapts the covariance matrix of the proposal Gaussian distri-
bution at specified intervals.
To increase the speed of our sampling, we run 8 chains in parallel. Each chain is initialized
at random initial conditions extracted from the flat prior distribution for each parameter. The
multiple chains will also be useful to assess convergence of the chains (see next section). Each
chain is run for 500000 iterations to ensure chain convergence (measured by the method described
in the next sections). The first half of each chain is automatically discarded as burn-in (default
settings of the package), while the second half is employed to determine the posterior probability
distributions.

Thinning of the chains only for visualization

We did not employ the thinning of chains (only considering one sample every several) as it is
not usually appropriate when the goal is precision of estimates from an MCMC sample [338].
Nevertheless, thinning can be useful for other reasons, such as memory or time constraints in
post-chain processing. It was thus used to generate the figures with estimates of the posteriors,
e.g. Fig. B.4. To generate these figures, we thinned the chains keeping only every 100th sample.
Rather than thinning, we monitored the convergence of the MCMC estimates by comparing the
outputs of multiple independent chains [338]. We thus considered the variation among these
independent chains to implement the Gelman-Rubin diagnostic [336, 337].
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Ensuring convergence of MCMC chains through Gelman-Rubin diagnostic

By visual inspection of the posterior probability distributions derived by each independent chain
(a simple approach also performed in [341]), it seems that all the chains have converged to about
the same distribution (with the exception of very few parameters where one or few chains lead to
slightly di!erent posteriors). We nevertheless further used a more quantitative approach.
There are many diagnostics available for assessing chain convergence. As suggested by [338], a
robust approach is to use the Gelman-Rubin diagnostic [336, 337], which requires several sets
of chains for comparison. The Gelman-Rubin approach essentially performs an analysis of the
variances within each chain set and between each chain set. The same diagnostic was used
for the same purpose in the framework of MCMC convergence in modelling COVID-19 in e.g.
[234, 235]. The Gelman-Rubin diagnostics for the full chains returns values of R, the so-called
"Potential Scale Reduction Factor (PSRF)", that are extremely close to 1 for most parameters,
which indicates that the chains have converged [336, 337].

Results from the MCMC

In order to confirm the viability of the choice of parameter values from the manual calibration,
we show in the Results section of the main text that the simulations generated by our model fit
the available data for these countries. Additionally, we show in B that the manually calibrated
sets are consistent with the Markov Chain Monte Carlo estimates. This, in turn, shows that the
available data constrain the parameters only to some extent, leaving considerable uncertainties.
When possible, we had informed our manually calibrated parameter set with values obtained from
literature or from domain knowledge, e.g. length of stay of patients in ICUs and hospitals. Instead,
the MCMC was let free to reproduce the raw time-series data. This induces larger uncertainties
and yields some degeneracy between parameters, with combinations (e.g. ratios) of parameters
being better constrained by the data than individual parameters (see B).
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Manually calibrated parameter sets are compatible with Bayesian inference estim-
ate, which underlines wide uncertainties in parameter values

The parameter sets from the manual calibration of the model discussed in B are summarized in
Tab. B.6, Tab. B.3, Tab. B.4 and Tab. B.5 and are employed through the manuscript. Fig. B.3
shows the Bayesian estimates of these parameters given the time series data, obtained by MCMC
(credible intervals) and employed to cross-validate them.
Posteriors are indicated by their 50% (blue) and 90% (cyan) credible intervals, and are usually
considerably narrower than the assumed flat prior distributions (from B). Nevertheless, this is
not the case for some parameters, for which the posteriors are almost flat and as wide as the
priors. This means that some parameters are not well identified by the available data and model
structure. Fig. B.3 reports the point-estimates from the MCMC, i.e. mean and maximum a
posteriori estimate of the posterior of each parameter. For rather symmetric distributions the two
values tend to correspond, while they di!er for very skewed distributions. Moreover, for almost
flat posterior distributions (like e.g. those for most of the parameters !i with i = 4, 5, 6) the
maximum is not very representative of the distribution.
Fig. B.3 shows that, for all countries and waves, the values of the manual fit (green) are mostly
very close to either the maximum or the mean a posteriori estimate. It is usually within the
50% credible interval of the posterior, or at least inside the 90% credible interval, with only a
couple of exceptions. Thus, our manually calibrated sets of parameters are fully consistent with
the Bayesian estimate based on MCMC. However, credible intervals are relatively wide, which
indicates that the estimated uncertainties of these parameters, based on the data alone, are
rather large. In particular, at a qualitative level, the values of the social interaction parameter
"n are in general better constrained than the other parameters, with the probabilities pi being
slightly better constrained than the rates !i. These are in general poorly identified, except for (

and % which are a!ected by smaller uncertainties w.r.t. other rates. In turn, the probability p7

(out of “recovery at home”) to be extremely well constrained (to values close to 1) in most of
the waves and countries.
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F GSweden, 1st wave Sweden, 2nd wave

E Austria, 2nd wave

C Luxembourg, 3rd wave

Austria, 1st waveD

Luxembourg, 2nd waveB

A Luxembourg, 1st wave

Figure B.3: Posterior probability distributions from MCMC for each parameter, compared with priors and with
manual fits, for each country and wave. Luxembourg (A: 1st wave, B: 2nd wave, C: 3rd wave), Austria (D: 1st
wave, E: 2nd wave) and Sweden (F: 1st wave, G: 2nd wave). For each parameter, prior probability distributions
are reported as gray areas, while the posteriors are reported by means of their 50% (blue) and 90% (cyan) credible
intervals, with their maxima reported as large blue dots and their means as red squares. The parameter values for
the manual fit (Tab. B.6 for probabilities and rates, Tab. B.3, Tab. B.4 and Tab. B.5 for "n) are reported as green
small circles.
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Quantifying uncertainties on estimate of parameters by MCMC: wide uncertain-
ties, but degeneracy in parameter estimations

The domain of the posterior probability distribution obtained via the MCMC, B, has the same
number of dimensions as the number of parameters considered, e.g. 19 for the 1st wave of
Luxembourg. When we are interested in one parameter at a time, we project the chains on one
dimension (which, if we had an analytic form for the posterior, would be done by integrating over
all parameters except the one of interest, thus obtaining the marginal posterior distribution). This
is how the 1D posteriors in Fig. B.3 were obtained.
The next question is: are the wide uncertainties a!ecting some parameters an e!ect of having
projected to a lower dimensional space, or are certain parameters poorly identified? Both types
of situations arise, depending on the parameter.
To investigate this, we project the posterior distribution over two parameters at a time, for each
couple of parameters in Fig. B.4 for the MCMC run of the 1st Wave of Luxembourg, and in
Fig. B.5, B.6, B.7, B.8, B.9 and B.10 for the other waves and countries. While certain parameter
pairs are very well constrained, others are not; certain parameter pairs appear to be correlated
or anti-correlated. We hence observe a degree of degeneracy between parameters: there is not a
unique combination of parameters that allows a good fit of the model to the data, but many of
them.
Moreover, certain combinations (e.g. ratios) of parameters are better constrained than the indi-
vidual parameters. Consider e.g. the parameters ( and %, which come from the standard SEIR
model.
Their credible intervals are displayed in Fig. B.3. The joint posterior over the two parameters
(close to the center of Fig. B.4 for Luxembourg, Fig. B.7 for Austria and Fig. B.9 for Sweden) is
narrow and rotated toward the diagonal direction, showing anti-correlation between the estimates
of the two parameters. This means that low values of % can only be considered together with
high values of (, and the other way around. These patterns occur for other parameters as
well, and they are conserved to some extent across countries. So, they are likely specific to
the model’s structure and parameters rather than to the country. Other interesting patterns are
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Figure B.4: Posterior probability distribution from MCMC projected over each pair of parameters, for the 1st wave
of Luxembourg. On each square, the 2D projections of the posterior probability distribution estimated (cf. B)
correspond to the 1D projections of Fig. B.3. For visual clarity, the parameters’ names and scales are reported only
at the margins of the figure and on the diagonal, but they apply to all subplots. As the figure is symmetric along the
diagonal, each projection is only reported once (hence the white squares). The heatmap colors represent posterior
probability values: red equals high and blue low probability. Dark blue represents a probability close to 0. The
three black contours reported in each panel represent 25%, 50% and 90% Bayesian credible regions. Correlations,
anti-correlations and more complex degeneracy between parameter pairs are visible.

visible, e.g. anti-correlation between each "n and the subsequent in time in the 2nd and 3rd
waves of Luxembourg, the 2nd wave of Sweden and to some extent in the 1st and 2nd waves
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of Austria. This can easily be understood in terms of the model: lowering the social interaction
one time-period and increasing it the next, or doing the converse, can equally lead to the same
good agreement with data. While certain couples of parameters seem to be well constrained,
other parameters have projected posteriors that are still close to flat, resulting in squares that are
predominantly red in Fig. B.4. This e!ect is weaker for certain waves and countries (3rd wave of
Luxembourg and the 2nd wave of Sweden), but stronger for others (1st wave of Sweden, where
parameters seem to be very poorly identified). This could be related to the dimension of the
domain of the posterior (the higher the number of parameters, the less constrained), as the 3rd
wave of Luxembourg and the 2nd wave of Sweden both have indeed “only" 14 parameters each,
while the 1st wave of Sweden has 26 of them.
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Figure B.5: Posterior probability distribution from MCMC projected over each couple of parameters, for the 2nd
wave of Luxembourg. This figure is constructed in the same way described in the caption of Fig. B.4

.
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Figure B.6: Posterior probability distribution from MCMC projected over each couple of parameters, for the 3rd
wave of Luxembourg. This figure is constructed in the same way described in the caption of Fig. B.4

.
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Figure B.7: Posterior probability distribution from MCMC projected over each couple of parameters, for the 1st
wave of Austria. This figure is constructed in the same way described in the caption of Fig. B.4

.
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Figure B.8: Posterior probability distribution from MCMC projected over each couple of parameters, for the 2nd
wave of Austria. This figure is constructed in the same way described in the caption of Fig. B.4

.

229



Appendix of modelling COVID-19 dynamics and potential for herd immunity by vaccination in
Austria, Luxembourg and Sweden

Figure B.9: Posterior probability distribution from MCMC projected over each couple of parameters, for the 1st
wave of Sweden. This figure is constructed in the same way described in the caption of Fig. B.4

.
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Figure B.10: Posterior probability distribution from MCMC projected over each couple of parameters, for the 2nd
wave of Sweden. This figure is constructed in the same way described in the caption of Fig. B.4
.
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APPENDIX C
APPENDIX OF COVID-19 CRISIS MANAGEMENT IN

LUXEMBOURG: INSIGHTS FROM AN EPIDEMIONOMIC

APPROACH

Architecture of the epidemiological block

In line with the time structure of our economic block, our epidemiological block formalizes the
dynamics of the stocks of susceptible (LS

i,t), infected (LI
i,t) and recovered (LR

i,t) workers in industry
i over periods of one week (t = 1, · · · , T ). Traditional SIR models have a daily interpretation
(! = 1, · · · , ) and assume a closed system implying constant population (Li = LS

i,& +LI
i,& +LR

i,& +!)

and no contamination by outsiders. Starting from a standard SIR model, this Appendix discusses
the steps that lead to our weekly epidemiological model with dynamic recovery rates, inter-industry
linkages and contamination by outsiders.
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Dynamic vs probabilistic recovery rates

Discretization of the standard daily SIR system gives:
,
------.

------/

LS
i,&+1 = LS

i,& " %i,& LS
i,&

LI
i,$

Li
= LS

i,& (1 " %i,&
LI

i,$

Li
)

LI
i,&+1 = LI

i,& (1 " &i,& ) + %i,& LS
i,&

LI
i,$

Li
= LI

i,& (1 " &i,& + %i,t
LS

i,$

Li
)

LR
&+1 = LR

& + &i,& LI
&

where ! is the daily time index, %i,& and &i,& are interpreted as the daily transmission and recovery
rates in industry i at time ! . The daily transmission rate, %i,& can be influenced by industry-specific
characteristics (physical proximity, number of contacts, exposure to disease) and by public health
policies (physical distancing, hygiene and prevention measures, etc.). Hence, it must be treated
as an endogenous and time-varying rate.
As for the recovery rate, it is usually perceived as a biological and disease-specific parameter that
is linked to the average duration of infectious period. In the case of COVID-19, the length of
the contagion period is about 10 days, implying that the average daily recovery rate is usually
expressed as one over ten days ( &i,& = 0.1 +i, ! ). This value is relevant in two particular situations:

• In a deterministic case where contagious people recover after 10 days, & = 0.1 is relevant
if the total stock of infected people at time ! is uniformly distributed over the 10 infected
daily cohorts (whose sizes are given by %i,&!kLS

i,&k

LI
i,$"k

Li
+k = 0, · · · , 9).1

• In a probabilistic setting, & = 0.1 is relevant if each infected individual has a constant daily
probability to recover regardless of when she became infectious.

Apart from these situations, the number of healings varies along the life cycle of the disease.
In the (arguably most relevant) deterministic case where the length of the contagion period is
assumed to be exactly equal to 10 days, the number of healings at day ! is equal to the number

1This is illustrated in Fig. C.3 where each pair of vertical bars represents a cohort of infected people. Each bar
spreads over 10 contagion days. The plain-color area is meant to represent the asymptomatic period (i.e., 2/10 days
for symptomatic cases and 10/10 days for asymptomatic cases). The stock of infected people at day % (or at day
% +7) is surrounded by the thick-border box in gray (or on black). On average, infected people at time % will remain
contagious during 4.5 days after day % (0 day for cohort % " 9, 1 day for cohort % " 8,· · · , and9daysforcohort%).
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of people who became contagious at day ! " 9. This number is given by %i,t!9
LS

i,$"9LI
i,$"9

Li
this

setting, system C must be rewritten as:
,
------.

------/

LS
i,&+1 = LS

i,& " %i,t
LS

i,$ LI
i,$

Li

LI
i,&+1 = LI

i,& + %i,t
LS

i,$ LI
i,$

Li
" %i,t!9

LS
i,$"9LI

i,$"9
Li

)

LR
&+1 = LR

i,& + %i,t!9
LS

i,$"9LI
i,$"9

Li

A numerical example allows to illustrate the implication of approximating system C using system
C. Consider a closed system with 1,000 people starting at time 1 with 999 susceptible and 1
infected individuals (and LI

i,& = 0+! < 1). The initial transmission rate is equal to 0.2 and
people fully recover after 10 days. This implies that without prevention measures, there would
be 226 susceptible, 2 infected and 772 recovered individuals after 365 days. However, at day 22
(beginning of fourth week), the transmission rate falls to 0.15 due to an exogenous intervention.
This implies that there will be 440 susceptible, 2 infected and 558 recovered individuals after 365
days. We introduce this change in %i,t to examine whether it can be accurately identified by the
system. The continuous curve in Fig. ( C.1a) shows the evolution of the stocks of susceptible,
infected and recovered individuals over the first 14 weeks.
Fig. ( C.1b) shows the evolution of the ratio of daily healings to the stock of contagious individuals,
the true measure of &i,& . These curves start from 0 at the beginning of the epidemic (days 1 to
9), as the very first infected individual needs 10 days to recover. Then, it becomes positive but
smaller than 0.1 (denoted by &0 henceforth and represented in dashed gray) at the beginning of
the epidemic (until day 31). This is because earlier infected cohorts are smaller in size than the
most recent ones. The shock in the transmission rate on day 22 translates into a decrease in the
recovery rate 10 days later. Then &i,& increases again and at the end of the epidemic, it is larger
than &0. This is because earlier infected cohorts are greater in size than the most recent ones.
The fact that the true fraction &i,& varies over the life cycle of the epidemic has important
implications for the estimation of the SIR model. Many SIR models are used to identify the
dynamics of transmission rates (%i,& ) that fit the dynamics of the share of infected people (LI

i,& )
assuming a constant level for (say &0 = 0.1), and then use projections of %i,& to predict the future
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share of infected people. By imposing a constant &0 which is greater than the actual recovery
rate at the beginning of the epidemic, the calibrated level of %0,& is greater than its actual value.
The opposite pattern (%0,& < %i,& ) emerges after the peak of the infection curve.
Fig.( C.1c) illustrates the biases (%0,& %i,& ) implied by the hypothesis of a constant &0. The true
value of % is represented by the continuous black curve. First, deviations from the true value
are large. If one uses %0,& to forecast the number of infected people, projections errors might be
important. Second, %0,& exhibits more gradual changes that are not compatible with the one-shot
decrease in the true %i,& . Third, a constant &0 leads to an overestimation of the change in
transmission rates between the initial and final phases of the epidemic. Fourth, although the
identification of %0,& is such that the model replicates the trajectory of LI

& , another implication
of misestimating %i,& and &i,& is that the model wrongly predicts the long-run levels of LS

i,& (by
-10.2%) and LR

i,& (by +7.8%). This is illustrated in Figure A.1a, where the true trajectory of
these variables (continuous curves) is compared with predicted values (dashed curves). It is worth
noticing that smoothing %i,& does not attenuate the biases. In contrast, calibrating system C
allows to retrieve the true parameters. This is the reason why we opt for a dynamic (rather than
for a probabilistic) recovery process.

From a daily to a weekly structure

Starting from the daily system with a dynamic recovery process, the evolution of the stocks of
susceptible, infected and recovered across weeks is governed by:

,
------.

------/

LS
i,&+7 = LS

i,& "
06

k=0 %i,&+k
LS

i,$+kLI
i,$+k

Li

LI
i,&+7 = LI

i,& +06
k=0 %i,&+k

LS
i,$+kLI

i,$+k

Li
"
06

k=0 %i,&+k!9
LS

i,$+kLI
i,$+k"9

Li
)

LR
&+7 = LR

i,& + %i,&+k!9
LS

i,$+k"9LI
i,$+k"9

Li
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Changing time notations such that t now represents weeks (and not days) and starting from the
same day (t = !), our weekly system can be expressed in its reduced form as:

,
------.

------/

LS
i,t+1 = LS

i,t " bi,t
LS

i,tLI
i,t

Li

LI
i,t+1 = LI

i,t + bi,t
LS

i,tLI
i,t

Li
" GR

i,t

LR
i,t+1 = LR

i,t + GR
i,t

where bi,t = 06
k=0 %i,&+k

LS
i,$+kLI

i,$+k

LS
i,tLI

i,t
is interpreted as the weekly transmission rate and GR

i,t =
06

k=0 %i,&+k!9
LS

i,$+k"9LI
i,$+k"9

Li
is the weekly flow of recovered.

As approximation, we assume a uniform distribution of new infections within a week. This does
not imply that the total stock of infected people, LI

i,&+k, is uniformly distributed over the 10
infected cohorts at time t, an assumption that would allow to use a constant recovery rate (see
previous section). This means that LI

i,&+k increases by the same number at each day of the week
or, equivalently, that the slope of the infection curve is constant within a week. It writes as:

%i,&+k

LS
i,&+kLI

i,&+k

Li
! %i,&

LS
i,& LI

i,&

Li
+k = 0, · · · 6+k = 0, · · · 6&k = 0, · · · 6!k = 0, · · · 6.

This assumption implies that (i) the weekly flow of new contagion is seven times larger than the
daily flow, (ii) that the weekly transmission rate is seven times larger than the daily transmission
rate, bi,t = 7 , %i,& , and (iii) that the weekly flow of recovered can be approximated by

GR
i,t = 2

7bi,t!2
LS

i,t!2LI
i,t!2

Li
+ 5

7bi,t!1
LS

i,t!1LI
i,t!1

Li

This is illustrated in Fig. C.3. The stock of contagious people at the beginning of time t + 1 (box
surrounded by the thick black border) is equal to the stock of contagious people at the beginning
of time t + 1 (box surrounded by the thick gray border, including cohorts colored in red and in
green), minus the recovered (cohorts colored in green), plus the weekly flow of new infections
(cohorts colored in yellow). The weekly flow of recovered comprises two of the seven cohorts that
were infected during week t2 (i.e., the first term in Eq.C) as well as five of the seven cohorts that
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were infected during week t1 (i.e., the second term in Eq.C). The recovery rate in week t can be
expressed as gi,t = GR

i,t/LI
i,t. Is this assumption of a constant slope of the within-week infection

curve more satisfactory than the assumption of a constant &0 in the probabilistic model? The
answer is definitely a"rmative. Starting from the numerical example of the previous section and
gathering data on the number of infected people at the beginning of each week, we recursively
compute the weekly flow of new infections, the weekly flow of recovered (equal to lagged infection
flows as defined in Eq.C ), and identify the parameters bi,t and gi,t that perfectly fit the infection
curve. We then simulate the evolution of the number of susceptible and recovered. Fig. (C.2a)
shows that the simulated numbers (thin curves with diamonds) almost perfectly correspond to
the true numbers (solid thick curves). As for the identification of bi,t and gi,t, their evolution is
depicted in Fig. (C.2b). The gi,t curve resembles that of the daily model (after some rescaling).
The bi,t curve shows a big drop between week 3 and week 4, in line with the transmission shock.
As bi,t is an average of seven days, this shock is smoothed over a few periods. Fitting this curve
with two parameters, one pre-shock level and one post-shock level, would give a very good fit.

Adding contamination by outsiders

Another feature of our model is that susceptible individuals in industry i can be contaminated by
infected people outside the labor market (in family or in social life). Virus transmission is now a
weighted sum the transmission rates on the job (with weight .i,t) and outside the labor market
(with weight 1 " .i,t). Hence, system C becomes:

,
------.

------/

LS
i,t+1 = LS

i,t " .i,tbi,tLS
i,t

LS
i,tLI

i,t

Li
" (1 " .i,t)b0,tLS

i,tpt

LI
i,t+1 = LI

i,t + .i,tbi,t
LS

i,tLI
i,t

Li
+ (1 " .i,t)b0,tLS

i,tpt

LR
i,t+1 = LR

i,t + GR
i,t

where .i,t denotes the time spent on the labor market by workers from industry i at time t, b0,t is
the weekly transmission rate outside the labor market, and pt is the proportion of infected people
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Figure C.1: Daily model with lags vs constant recovery rate
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Figure C.2: Weekly model with dynamic recovery process
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in the total population. The weekly flows of recovered within group i must be rewritten as:

GR
i,t = 2

7[.i,t!2bi,t!2
LS

i,t!2LI
i,t!2

Li
+(1".i,t!2)b0,t!2LS

i,t!2pt!2]+5
7[.i,t!1bi,t!1

LS
i,t!1LI

i,t!1
Li

+(1".i,t!1)b0,t!1LS
i,t!1pt!1]

If pt always remains positive, the only steady state of this economy involves LR
i = Li. However,

pt is linked to the average proportion of infected across all groups and might converge to zero.
This implies that this extended SIR model has similar properties as the standard one.

Endogenizing virus transmission

The link between the economic and epidemiological blocks of the model operates through #i,t.
Weighted transmission rates are influenced by economic conditions, by industry-specific character-
istics, and by public health measures. For a given proportion of susceptible and infected workers
in industry i, on-the-job virus transmission depends on the share of daily interactions/contacts
experienced on the labor market (1), on the average number of contacts per person per unit of
time (2), and on the probability that infected people can have contacts with susceptible subjects
(3). We express it as:

.tbi,t = -ei,t<=>?
(1)

b̄i"i,t< => ?
(2)

[(1 " +)µv
i,t + +µa

i,t]< => ?
(3)

where -ei,t the interaction time spent on the job (product of the average fraction of time spent
on the labor market by the fraction of time spent in daily social interactions on the job); this
is meant to represent e!ect (1). As for e!ect (2), it is the product of b̄i, an industry-specific
parameter that reflects working conditions in normal times (physical proximity and exposure to
disease), by "i,t. the latter is a variable capturing prevention and physical distancing measures
implemented in the industry. E!ect (3) is expressed as [(1 " +)µv

i,t + +µa
i,t], which captures the

probability that a contagious worker goes to work at time t.
If "i,t depends on the density of workers at the workplace (proxied by ei,t), changes in em- ployment
rates influence transmission rates through the extensive margin changes in time spent on the job
and the intensive margin physical distancing on the job. A potential specification is "i,t = "̄tex

i,t

where x is the elasticity of physical distancing to the presence of workers at the workplace. If
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x = 0, a lockdown-driven decrease in "i,t is permanent; if x > 0, part of that decrease is lost
when workers get back to their workplace.
Similarly, transmission rates outside the labor market can be expressed as:

(1 " .t)b0,t = (1 " -ei,t)< => ?
(1)

b̄0"0,t< => ?
(2)

where 1-ei,t,t is the interaction time spent outside the labor market (one minus interaction time
spent on the job),b̄0 is a region-specific parameter that reflects living conditions, "0,t is a variable
capturing prevention and physical distancing measures implemented outside the labor market.

Timing of the epidemiological process

To approximate the parameters governing the e!ectiveness of testing policies, we count the number
of working days supplied by all infected cohorts during the first six days of week t (i.e. from day
! to! + 6) ignoring the relative size of the di!erent cohorts. Fig. C.3 shows that 15 cohorts can
supply labor during week t. Each cohort is represented by a vertical bar whose length corresponds
to 10 infectious days. Members of the green, red and yellow cohorts can supply a maximum of
27, 18 and 15 days, respectively. This means a maximum of 60 working days. We assume new
infected people are asymptomatic during at least 2 days, represented in light green, red or yellow.
Then, symptomatic people show symptoms during 8 additional days, represented in dashed color.
Asymptomatic people never show symptoms.
If no testing is done during week t, we can count the share of working days (excluding ! +7) that
symptomatic workers from cohort t 1 spend on the labor market without symptoms: this gives 0
days for the green cohorts, 3 days for the red ones, and 9 days for the yellow ones. This represents
a total of 12 days out of 60. Hence, µv

i,t = 0.20. As for asymptomatic people, µv
i,t = 0.25

If a weekly test is performed (say on Monday 8AM) and results are known immediately (Or
equivalently, the test can be performed on Sunday at 8PM and results are known on Monday
morning), the only workers supplying working days are those of the yellow cohorts, with 9 days
for the symptomatic and 15 for the asymptomatic. We thus have µv

it = 0.15 and µv
it = 0.25.
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Finally, in case a daily test is done at 8AM with immediate results, we have µv
it = µa

it = 0.

Validation of our calibrated transmission rates

Heterogeneity in transmission rates across industries is supposed to reflect di!erences in exposure
to risk. To validate our calibration strategy, we correlate our blab with an index blab

i,t of exposure to
risk. We use data on the need of physical proximity to operate (ER1,i) and on workers exposure
to diseases (ER2,i). Occupation-specific proximity indices can be computed using the ONet
database,2 and aggregated by industry using the occupational shares in employment. Disease
exposure indices can also be computed using the industry shares of workers heavily occupied in
medical occupations and health services reported in the same ONet database. To construct an
index of exposition to risks for each industry i (ERi), we standardize each risk factor ERk,i so
that the maximal value equals 100, and combine them using a risk technology that gives greater
weights to larger values:

ERi = [
0

k ER1+(
k,i

K
]

1
1+%

where 4 - 0 is a parameter penalizing large values (if 4 = 0, ERi is the arithmetic mean of
ERk,i), K is the number of risk indicators (only 2 in our case).
Results are depicted in the last column of Table B.1 for 4 = 4. The minimal exposition to risk is
obtained for Agriculture, forestry and Fishing, whereas the maximal level is obtained in the Health
and social work sector, followed by Accommodation and Food, and Education. Then, Fig. C.4
shows the correlation between the basic reproduction numbers and the exposure to risk across
industries.

Cost of the lockdown by sector

Fig. C.5 describes the health and economic implications of the lockdown measures for each
industry. Aggregate e!ects are presented in the core of the text (see Figure 4).

2See http://www.onetcenter.org/
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Figure C.3: Adjustment of epidemiological parameters to the weekly time structure
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Figure C.4: Correlation between basic transmission rates and indices of exposure to risk

Reopening construction sites and schools

The first restarting stage, which started on April 20th, mainly involved the reopening of con-
struction sites. In addition, schools have partly reopened since May 4. The reopening started
with graduating classes in the secondary education, practical exercise classes and internships at
University and for the Advanced Technician Certificates (BTS). In a second stage starting on May
11, secondary schools have been reopen. In the third stage starting on May 25, primary schools
have been reopen and public childcare services have been organized. Teachers (considered as
teleworkers during the lockdown) gradually get back to their work- place and have interactions
with pupils. Public teachers represent around 22.2% of public administration; 58.6% percent of
public teachers work in the secondary education and 41.4% percent in primary schools 3. In the
first stage, only a fraction of secondary school teachers return to work (5.2% of teaching sta!
in private education, representing 1.2% of public ad- ministration). In the second stage, the re-
maining secondary teachers return to school which translates in an additional return of 36.2% of

3The distribution between primary and secondary classes is assumed to also hold in the private education sector,
for which we do not have this detailed information.
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Figure C.5: Economic and public health e!ects of a permanent lockdown by sector
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Table C.1: Macroeconomic shocks by industry (as of April 1st, 2020)

Proximity ProxMax Exp disease ExpMax Index
Agric., forestry, fishing 30.6 0.430 4.9 0.181 0.395
Mining, quarrying 45.7 0.642 1.6 0.0593 0.591
Manufactured products 52 0.730 1.2 0.0444 0.672
Electricity, gas, steam 50.9 0.715 1.3 0.048 0.658
Water, sewerage, waste 44.2 0.621 13.7 0.507 0.579
Construction 60.6 0.851 1 0.037 0.783
Wholesale, retail, repair 62 0.871 3.1 0.115 0.801
Transport, storage 47.2 0.663 4.2 0.156 0.610
Accommodation, food 71.2 1.000 2.6 0.096 0.920
Information, comm. 50.5 0.709 0.3 0.011 0.653
Financial, insurance 50.4 0.708 1.0 0.037 0.651
Real estate 46.1 0.647 0.3 0.011 0.596
Prof, scient, techn 45.3 0.636 2.2 0.082 0.585
Adminis, support 47 0.660 7.1 0.263 0.607
Public administration 54.1 0.760 10.8 0.4 0.699
Education 67 0.941 27 1.000 0.980
Health, social work 0.084 1.000 0.019 0.134 -0.200
-0.079
Arts, entertainment 61 0.857 3.6 0.133 0.788
Other services 57.9 0.813 13.6 0.504 0.749
Serv. HH as employers 41 0.576 12.4 0.459 0.536
Source: Authors computations based on O’Net data on physical proximity between workers
and exposure to diseases by profession, and SILC data on occupational shares by industry.

private education workers and 8% of public administration workers. In the third stage, 58.6% of
primary private education workers and 13% of private education workers return to teach in class.
We simulate the e!ects of these shocks under alternative reproduction and testing scenarios. To
be consistent, we combine the reopening of construction sites and schools with the inter- mediate
(half-recovery) trade scenario described in Section 2.3. Hence, we jointly capture the e!ect of the
first restarting stage and the partial recovery of exports. Results are presented in Fig. C.6 assum-
ing that nothing else happens until the end of the year. The economic e!ects of these shocks are
strongly robust to the public health policy. The weekly costs of the lockdown gradually decrease
from 27% to 23% when construction sites are reopened. Reopening schools mostly impacts the
economy through its e!ect on parental leave. Parental leave has been broadly lifted with the
final stage of school reopening on May 25, remaining available to parents in a few exceptional
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cases only. We therefore assume that only 10% of workers that benefit from parental leave are
remaining in this status after May 25. Gradual economic gains due to the partial recovery in
exports and decrease in parental leave are ob- served. By the end of the year, the weekly output
loss lies in the vicinity of 12% (i.e., 15 percentage points smaller than during the full lockdown).
Turning to the epidemiological consequences of these shocks, the top-right panel of Fig. C.6 com-
pares the results obtained under the three intensive-margin scenarios (x equal to 0, 0.2 and 0.4)
and in the absence of on-the-job PCR testing. In the least pessimistic scenarios (dashed dark
and light gray curves corresponding to x = 0 and x = 0.2), restarting the construction industry
and reopening schools has no e!ect on the aggregate infection curve. In the pessimistic scenario
(solid black curve corresponding to x = 0.4), a rebound in the infection curve is observed, with
a new peak at 1,600 detected active COVID-19 cases during the third week of December. Note
that the rebound is negligible until the end of May but then, the infection curve exhibits a strong
rebound. Hence, in the absence of massive testing, epidemiological results are sensitive to the
size of the intensive margin e!ect of employment. However, mitigation policies can be used to
avoid a relapse. On the bottom-right panel of Fig. C.6, we focus on the pessimistic scenario and
consider two testing strategies, which consists of testing workers on a weekly or monthly basis.
Testing workers on a monthly basis su"ces to avoid the rebound.
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Figure C.6: Economic and public health e!ects of reopening construction sites by April 20

248



APPENDIX D
APPENDIX OF PERFORMANCE OF EARLY WARNING

SIGNALS FOR DISEASE RE-EMERGENCE: A CASE STUDY ON

COVID-19 DATA AGAINST EPIDEMIC OUTBREAKS

Mathematical models and assumptions

As described in the Main Text, early warning signals (EWS) are measures that rest upon modelling
assumptions. To clarify the most relevant assumptions, which are tested in the present study, we
recall how EWS are theoretically derived.
When consistent with a mean-field approximation, the dynamics of COVID-19 infectiousness is
well described by SIR-like models [142, 431]. To illustrate how early warning signals can be
subsequently derived, we here recall the process described in [438]. SIR models describe disease
processes in homogeneous populations of susceptible individuals (X), which can get infectious
(Y ) and eventually removed (Z) by death or recovery. In the deterministic SIR, transitions among
states are governed by the infection rate % and the removal rate &, which lumps recovery and
death rate. Empirical values for COVID-19 can be traced in the abundant literature, e.g. [178].
In addition, systems are often open with influx rate µ$ and outflux rate µ$$ of people. However, as
many travelling restrictions1 were in place during the year 2020, we can assume that such fluxes

1Refer to the ACAPS website (https://bit.ly/3nFFqUS) for a dataset of government measures.
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are small and balanced: µ$ = µ$$ = µ. Along with that, we model an influx rate of new cases $ that
can trigger subsequent disease outbreaks. Finally, intervention measures introduce a probability p

that some susceptible individuals are isolated and protected, either physically (e.g. through non-
pharmaceutical interventions limiting social interaction or through changes in people’s behaviour)
or by vaccination [325]. The model reads:

Ẋ = µ(1 " p) " %XY " ($ + µ)X

Ẏ = %XY + $X " (& + µ)Y

Ż = µp + &Y " µZ .

(D.1)

It is assumed that the population size N is constant, that is X + Y + Z = 1 since variables are
normalized. In this case, the control parameter R is given by [438]:

R = %

& + µ
(1 " p) (D.2)

and reaches its critical value 1 for p" = 1 " (& + µ)/%, at which the dynamics undergo a
transcritical bifurcation on the (Y, p) bifurcation diagram [438]. We remark that we consider
here an example from literature: R might change in time after being driven by other evolving
parameters such as one that tunes the contact rate % [431]. Without protection and extra fluxes,
the basic reproduction number for COVID-19 was estimated at the beginning of the pandemic in
the range 2 < R < 4 (cf., e.g., [329]).
If p(t) changes slowly over time, we can mathematically express the SIR model D.1 approaching
the transition as a slow-fast system:

,
--.

--/

Eq. D.1

ṗ = -f(X, Y, p)
(D.3)

where 0 < - * 1 and f is a function that describes its change. A limit case is - # 0. This
condition is necessary to interpret the dynamical shift as a slow crossing through a bifurcation
point, and to compute its associated summary statistics [469]. Often [435, 438], the function f

is assumed to be a constant f = p̃. This way, the protection probability is, at first approximation,
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a linear function of time:

p = p0 + p̃t , (D.4)

and R as well, following Eq. D.2. If p̃ > 0, then R gets reduced and, if it was above 1, the
bifurcation is crossed from above towards elimination. If p̃ < 0, R increases and, if it was below
1, the bifurcation is crossed from below, towards a new emergence. Only the second case can
be investigated with COVID-19 data, as most countries implemented suppression measures very
rapidly [467] and thus Eq. D.3 is usually not satisfied in the first case.

When the transition is approached from below, and if there are few cases, stochastic fluctuations
are not negligible. Hence, we need to consider the transitions described by a stochastic master
equation. Reducing the stochastic master equation to Eq. D.3 and a Fokker-Plank equation for
the fluctuations was already performed in [438, 471]. Hence, we briefly recall them to illustrate
the assumptions underlying the behavior of early warning signals prior to the transition.
First, note that system D.1, along with condition Ṅ = 0, can be reduced to its first two equations.
Hence, we just need to consider the transitions in and out X and Y . Second, for each small time
step dt, the quasi-steady state p is constant.
Transitions in and out states are described as random jump processes. Such states are (X, Y ),
(X "1, Y ), (X, Y +1) and so on. Using ( = (X, Y ) to describe the “basic” state, (̄ is any other
state and P (X, Y, t) = Prob(X(t), Y (t) = (x, y)) is the probability that the state vector is equal
to some pair of non negative integer numbers (x, y). Finally, Ti((, (̄) is the transition probability
between states, and is a function of transition rates. The subscript i denotes all possible jumps
in and out of the states. Examples of Ti((, (̄) are found in [132, 438], depending on the system
of interest. Consequently, the master equation for the stochastic process is:

dP ((, t)
dt

=
*

) '=)̄

Ti((|(̄)P ((̄, t) "
*

) '=)̄

Ti((̄|()P ((, t) (D.5)

In general, Eq. D.5 is nonlinear. To have analytical results about its average behavior and the
fluctuations around it, the van Kampen expansion can be used [445] to approximate the discrete
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random variables with continuous random variables. This depends on having large N , which holds
in our case when we consider the population of medium to big countries. To leading order, the
expansion of Eq. D.5 is equivalent to Eq. D.3. To quantify the fluctuations at next-to-leading
order, the obtained Fokker-Plank equation is equivalent to the following system of stochastic
di!erential equations [471]:

d*

dt
= b11*(t) + b12/(t) + "1(t)

d/

dt
= b21*(t) + b22/(t) + "2(t)

(D.6)

where "j are white noise processes and the elements of the matrix B = {bkl} are functions of
transition rates. Eq. D.6 connects the stochastic description of the epidemic with SIR-like models
like Eq. D.1 would with a noise term.

Eq. D.6 can be analysed by its Fourier transform. By considering the fluctuations around the
infectious state, we can derive the power spectrum and, through integration, the variance, the
autocorrelation and other statistical moments. Their specific values depend on the eigenvalues
of matrix B and of the covariance matrices of "j . The evolution of variance and autocorrelation
next to the transition, as obtained in [438], is shown in Fig. D.1 for a slow and a fast approach
to R(t) = 1. The trend of these summary statistical indicators on the fluctuations, prior to
the transition, constitutes the set of signals that could detect the transition itself; for instance,
the increase in variance, often measured in terms of Kendall’s ! . The Kendall’s ! score is a
non-parametric measure of ranks correlation, which is usually used to identify increasing trends
[134, 454]. Such increasing trends are known in the literature as early warning signals (EWS) [453].

Finally, let us recall the general theory of EWS on bifurcations. Any system approaching a
transcritical bifurcation is, in its vicinity, topologically equivalent to a transcritical normal form
[468, 470]. This is a minimal model that retains the systems’ behavior and resilience properties
in the vicinity of a bifurcation. Models can be transformed to a normal form after an appropriate
change of variables [124]. The normal form associated to a transcritical bifurcation has the form:
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+̇ = q+ " +2 (D.7)

where q is the bifurcation parameter and + the variable of interest (Y from eq. D.1, in this specific
case). This form represents a system whose extinction state and positive steady state coalesce
and exchange stability when q reaches its critical value. If there are statistical fluctuations 4, we
can write their evolution as a linearization around the equilibrium +̃, thus resulting in a Langevin
equation [457, 469]:

d4 = "'f

'+
[
E
+̃4 +

A
*2g2(+̃)dW (D.8)

where dW is a Wiener process, *2 models the noise level and g is the di!usion coe"cient of the
associated Fokker-Planck equation. With a linear |'f/'+|%̃| = k, Eq. D.8 is an OrnsteinUhlen-
beck process with known statistical moments [448]. Hence, we can complement the theoretical
results described above with those from the theory of statistical indicators of normal forms, e.g.
[447, 457, 469]. Important remarks are that: a) multiplicative noise can modify the indicat-
ors trend, e.g. by making it decrease; b) EWS are expected to work best in the vicinity of
the transition; c) there can be bifurcation delays associated to out-of-equilibrium phenomena, i.e.
changes of the system state (and of its indicators) that lag behind the bifurcation of the limit case.

Data collection and curation

Among all the countries that registered a re-emergence of COVID-19 epidemic between April
and September 2020, we first selected those for which meaningful prevalence data could be
directly obtained from o"cial sources or reconstructed with Eq. 2 from Main Text. Examples
of discarded data series are reported in Fig. D.2. We recall the underlying hypothesis of this
study: that dynamical early warning signals are expected to work when the investigated system
can be described by a proper dynamical model. Hence, we did not consider time series for
which active cases do not display the typical SEIR-like behavior like that described in [25, 335,
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Figure D.1: Theoretical EWS for epidemic re-emergence. Left: the lag-1 autocorrelation increases before the
transition if the approach of R to 1 is slow (slow-fast assumption satisfied, red); otherwise it increases after the
transition (bifurcation delay, blue). Right: the variance increases before the transition (dashed grey line) if the
approach of R to 1 is slow (slow-fast assumption satisfied, red; the inset magnifies the e!ect). Otherwise, it
increases after the transition (bifurcation delay, blue). The plots are derived from the analytical results of [438] and
reproduce its Fig. 9, d—e. On the x-axis: values for the recruitment rate [d"1] of new infectious that could trigger
a re-emergence.

431, 433] (mostly due to data management and reporting), or for which recovered cases are
reported with di!erent frequencies, resulting in sawtooth curves for active cases. In the later
case, the detrended fluctuations would be associated to reporting standards and would not be
representative of dynamical fluctuations associated to EWS. Other selecting criteria to increase
the quality of the dataset are discussed in “Materials and Methods” of the Main Text.
Information about the specific restrictions in place was not directly used as we concentrated on
their lumped e!ect captured by R(t). Nonetheless, it is possible to verify on the ACAPS database2

[160] that all considered countries issued a lockdown of varying intensity and additional measures,
to push R(t) below 1 after the first wave.
Curves of active cases for all countries considered in Main Text, their smoothing and the associated
R(t) are displayed in Fig. D.3. The smoothed curves serve as basis for the detrending, the analysis
of the noise distribution of each country and the subsequent investigation of early warning signals,
as explained in Main Text. Specific information about population, surface and testing strategy of
the considered countries is also reported in Tab. D.1.

2ACAPS is an independent, non-profit information provider helping humanitarian actors to respond more e!ect-
ively to disasters. The ACAPS analysis team has aggregated and classified interventions from di!erent sources
(media, governments and international organizations), for all countries and in time.
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Figure D.2: Examples of discarded time series, following some of the criteria explained in “Material and Methods”
of Main Text. Among others, France and Belgium had active cases curves that di!er from the typical bell-shaped
SEIR-like behavior. This is related to reporting of recovered and dead patients. On the other hand, Finland is an
example of sawtooth evolution, due to recovered cases being reported with di!erent frequencies than daily cases.
Data from [161].

Country Population Area [km2] Avg. daily tests/1000 inh. Share positive tests

State of Victoria (AUT) 6.681 227.444 1.8 <0.1%
Austria 8.917 83,879 0.6 [0.1; 0.6]%
Denmark 5.831 42,933 2.0 [0.1; 1]%
Israel 9.217 22,145 1.9 [0.3; 2]%
Japan 125.8 377,975 0.1 [1; 3.9]%
Korea, South 51.78 100,210 0.15 [0.3; 0.7]%
Luxembourg 0.632 2,586 10 [0.1; 0.4]%
Nepal 29.14 147,516 0.2 [0.3; 4.7]%
Singapore 5.686 728.6 5.1 [1.7; 3.7]%
Veneto (ITA) 4.906 18,345 0.7 [0.4; 2.7]%

Table D.1: Additional information about the selected countries: population (in millions inhabitants), area (in km2),
average number of daily tests per 1000 inhabitants, performed during the considered period (March - August 2020)
and share of positive tests (in the same considered period, in percentage range from min to max values). The
last two indicators derive from [163], to which we refer for the full time evolution. As mentioned in the main text,
Luxembourg stands out for its higher number of tests performed per inhabitant.

Estimating R(t) with Bayesian inference using MCMC

Following standard methodologies [135, 413], we reconstruct the day-by-day evolution of the
reproduction number R(t) by fitting a Poisson transmission model with Markov Chain Monte
Carlo (MCMC) methods.
When modelling “arrivals” of discrete-state stochastic processes (cf. section S1), Poisson processes
are widely employed. For instance, they e!ectively modeled the transmission of Ebola [418] and
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Figure D.3: Curves of active cases for the considered countries, along with their associated R(t) (median values
and 50% credible intervals). The vertical dashed line identifies the day marked for the transition an reported in
Table 1 of Main Text.
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Influenza [417]. Given an average rate of ) new cases per day, the probability of seeing k new
cases is distributed according to the Poisson distribution:

p(k|)) = )ke!*

k! . (D.9)

In turn, ) depends on R as [416]:

) = kt!1e!(R!1) (D.10)

for all time points. & is the reciprocal of the serial interval, which is around 4 days for COVID-19
[419, 420]. To account for such uncertainty, we treat & as a random sample from a Gaussian
distribution centered in 4 days with an assumed standard deviation of 0.2. Hence, the probability
of observing a time series x = {xt} for each t between t0 and T discretised by a small step 0 is
given by:

p(x|R) =
T !+F

t=t0

p(kt++|)t) (D.11)

Before t0, no case was reported. Following Bayes’ rule, the posterior distribution of R, for each
time point, is given by (up to a normalization constant):

p(R|x) . p(x|R)q(R), (D.12)

where q(R) is a prior distribution. For each time point after t0 + 1, the prior equals the preceding
posterior. We follow the implementation of [414] to generate thousands of MCMC samples
with the Metropolis Hastings algorithm, starting with a Gaussian prior N (R, *). We assumed
* = 0.15. From the posterior distribution, we also estimated the probability that R(t) is greater
than 1, which was in turn used to define the “ground truth” date of regime transition for the
epidemic trend (see also “Materials and Methods” of Main Text for further discussion). Fig. D.3
shows the results of the Bayesian R(t) estimation (median values and 50% credible intervals) for
the considered countries.
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Determining the rate of approach for R(t) # 1

As explained in the Main Text, we are interested in evaluating how rapidly the transition point is
approached, for each country. To do so, the simplest linear trend

y = a + b · x, (D.13)

corresponding to Eq. 13 in Main Text, is assumed and fitted to R(t) time series, obtained as
described above and reported in Fig. D.3. The estimated regression coe"cient is informative
about the rate of approach of R(t) # 1.
The fitting was performed with scipy.optimize routine, considering as uncertainty the 50% credible
interval from the distribution of R(t). The goodness of fit was evaluated with the reduced #2

score. Results are displayed in Fig. D.4. The #2
red < 1 guarantees the goodness of the linear fit,

which allows to extrapolate the regression coe"cient as a measure of the rate of R(t) # 1. The
values of b ± *b are then reported in Fig. 1c of Main Text.

Evolution of indicators for all countries

In this section, we show and discuss the evolution of the considered early warning indicators for
all countries, including those that are not shown in Fig. 3 of Main Text.
Let us first consider EWS obtained from Gaussian filter detrending. In Fig. D.5 we observe the
evolution of the indicators, either globally (D.5a) or locally, just prior to the bifurcation (D.5b
for the variance, the most robust one as discussed in Main Text). We can observe the patterns
discussed in the Main Text, associated to the di!erent countries belonging to the test set Y or not
(N ). Within Y, the variance increases prior to the transition and gives very few spurious signals
before, whereas other indicators can be more misleading when the transition still did not happen.
Overall, predicted trends of EWS prior to the bifurcation are associated to satisfied theoretical
assumptions such as gradual approach of R(t) # 1 and white noise (cf. Fig. 1 in Main Text and
discussion thereafter). Not satisfying these requirements might disrupt the expected increasing
trend and results in misleading signals, see in Fig. D.5 the countries listed in N . Hence, if a
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Figure D.4: Estimate of transition rate to R critical value. Fitting R(t) evolution (blue line; dashed lines are ±50%
CI) with a linear trend prior to the transition estimates the rate of approach to the threshold value 1. The fit begins
around the minimum of R(t) (excluding small fluctuations) until when the median value crosses 1 (horizontal line).
The best fit curve is in red. #2

red < 1 guarantees that a good fit is achieved for the simple linear function Eq. D.13.
The regression coe"cient b is a proxy for the rate of approach to 1. Its associated uncertainty is not reported here
but is shown in Fig. 1 of Main Text.
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system is not known or there is di"culty in determining the type of data, incorrect conclusions
could be drawn when interpreting the time series trend. Fig. 4 and Table 2 of Main Text quantify
the performance of EWS for all countries.

ARIMA detrending and corresponding global EWS

As explained in the Main Text, on top of moving average smoothing and Gaussian kernel filtering,
we tested the ARIMA detrending method. ARIMA (Auto Regressive Integrated Moving Average)
is an automatic method to identify the leading trends of a time series [430], depending on three
terms (p, q, d) that need to be adjusted for each data set. Initially, the d term is identified by
checking for stationarity in the data. Then, the other terms are automatically identified with the
python function pmdarima for ARIMA estimation. Table D.2 summarises the selected ARIMA as
well as their residuals mean and standard deviation, for each country.

Country ARIMA parameters Residuals mean Residuals std

State of Victoria (Australia) (0,2,1) -2.51 197.9
Austria (1,2,0) 2.58 121.5
Denmark (0,2,1) 3.17 86.97
Israel (3,2,2) 34.21 823.5
Japan (1,2,2) -0.279 349.12
Korea, South (3,1,3) 6.462 141.14
Luxembourg (2,1,3) 0.340 30.90
Nepal (1,2,0) 0.248 241.66
Singapore (1,2,0) -0.070 152.47
Veneto (Italy) (0,2,1) 0.133 70.048

Table D.2: ARIMA model parameter combinations over prevalence data, residuals mean and standard deviation,
for each country.

Further investigation on AUC values

Table 2 of Main Text reports AUC values close to 0 for variance and CV for the N test set, in
particular after ARIMA detrending. This would correspond to good detection performance for
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Figure D.5: Evolution of the considered indicators for all countries. Figs (a) report their global evolution, from the
end of the first wave to the second. Figs (b) focus on the behavior of the variance close to the transition (local
behavior). As discussed in the Main Text, we report the values of indicators after a moving window of size 14
days, associated to the rightmost data point to avoid “looking into the future”. The vertical dashed line marks the
transition point. 261
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decreasing trends of such indicators, which would contradict the theoretical results. We have
carried out a further investigation to address this oddity. In Fig. D.6 we an observe that a
decreasing variance is indeed observed close to the transition of N countries. Zooming out, we
nonetheless observe that this corresponds to one of the following situations: a continuation of a
decreasing trend after the first wave or fluctuations is a rather stable trend, eventually followed by
a delayed increase after the transition. We hypothesise that these features are again associated
with the rapid re-emergence and the noise distribution. On the one hand, the indicator had
little time to settle to stable trends and then increase again; on the other hand, there could be
some bifurcation delay playing a role. Hence, we suggest that this is a spurious e!ect. These
observations calls for caution when interpreting the AUC values related to decreasing trends and
reminds of the importance to compare the results with theoretical predictions.

Analysis on incidence data

As mentioned in the main text, we complement the analysis on prevalence data with that on
incidence data (daily new cases). The latter avoids potential bias induced by the estimation of
recovered patients, but might be more sensitive to systematic fluctuations associated with testing
routines. Hence, the two analysis can be regarded as representative of real-world monitoring
capacities.
The analysis is performed in the same way as the one described in main text; the indicators and
methodologies are also consistent. Therefore, we refer to the main text (Methods and figures
corresponding to the ones presented here) for methodological explanations.

In accordance with preliminary studies that investigated incidence data for re-emergence of infec-
tious diseases [132, 436], the results here obtained are similar to what observed for prevalence
data. However, there is a number of di!erences worth stressing. In the remaining of this section,
we will highlight both similarities and di!erences.
To begin with, the distribution of fluctuations around the average trend is di!erent than what
observed in Fig. 1 of the main text. In the case of incidence data, the deviation from Gaussian
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Figure D.6: Investigation of variance for countries in N . For each country, the top panel reports the prevalence
data, the middle one is for the full time series of variance, while the bottom one zooms in the vicinity of the
transition. Note that ISR and JPN were zoomed to better see the variance trends; when it’s not visible anymore,
the variance reached higher values that those encompassed in the y-axis scale.

noise distribution is more pronounced (see Fig. D.7b), which reflects the larger fluctuations usually
associated with testing protocols like reduced weekend testing (an example is shown in Fig. D.7a).
Interpreting the subsequent results as consequences linked to the noise distribution is therefore
more challenging. In addition, we observe (Fig. D.7b) that Japan and South Korea have di!erent
skewness and excess of kurtosis than what reported in Fig.1 of main text. Therefore, as the rate
of approach to R(t) = 1 is conserved (Fig. D.7c), we follow the initial criterion of placing one
country in the test set Y and one in N , but we swap them: Japan is placed in Y and South
Korea in N . We do this for consistency with the previous analysis, but we also verified that the
following results are little sensitive to this choice.
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Figure D.7: Analysis of the dynamical characteristics of the countries included in the data set, for incidence data.
a) An example of an epidemiological curve of daily new cases from Luxembourg. The dashed line indicates the
transition, measured by R > 1. b) Measures of the distribution of data fluctuations. Skewness µ indicates the
symmetry of the distribution, whereas excess of kurtosis * " 3 indicates the relevance of its peak with respect to
the tails. Large deviations from µ = 0 (dashed line) and * = 3 are associated with non-normal distributions. c)
The regression coe"cient of R(t) and its associated uncertainty.

Next, we verify that the detrending methods provide consistent results to those already observed
in the main text. Moving average and Gaussian filtering are similar to one another (Fig. D.8);
in this case, the ARIMA is notably better correlated with the other two methods, possibly due
to the short-term fluctuations being mostly driven by systematic testing routines (compare the
smoother trend in Fig. 1a with the weekly oscillating pattern in S7a) that are smoothed by all
filtering procedures. In addition, the local behavior of the variance shows an increasing trend, as
expected from preliminary theoretical studies (Fig. D.9); di!erently from the case with prevalence
data, both the eyeball visualization and the Kendall’s ! are very similar between ARIMA and
Gaussian filtering results. We recall that we first perform this study on Luxembourg, as the Large
Scale Testing scheme [396] in place suggests that it is the mostly controlled setting.
The qualitative global behavior of statistical indicators for EWS is also similar to what observed
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Figure D.8: [Analysis of the residuals from the detrending methods (one case study from Luxembourg shown). a)
The detrended fluctuations time series. b) Correlation between residuals obtained from Gaussian or moving average
filtering. c) Correlation between residuals obtained from Gaussian or ARIMA filtering.
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Figure D.9: Analysis of the variance in the Luxembourg setting. Its increase is evident prior to the transition
(dashed vertical line). % , which quantifies the overall increasing trend, is little sensitive to the sliding window
size, as displayed by the three curves and by % values reported in the text. The variance is computed over the
residuals from Gaussian filtering and ARIMA detrending. The increasing trend during the considered time window
is quantified by the associated % values.
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in the case of prevalence data (Fig. D.11). For the same countries used in Fig. 4 of main text, we
observe an increase of the variance prior to the transition and potentially spurious fluctuations of
the AC(1) and CV, likely associated to moving window e!ects and fluctuations of the raw data.
In contrast, the skewness seems to follow a more pronounced increasing trend. Likewise for the
main text, these eyeball observations are subsequently quantified with ROC and AUC analysis.
From the quantitative analysis about sensitivity and specificity of the indicators in detecting the
transition, we observe overall similar results to those reported in the main text: the AC(1) and
CV are worse than a random classifier even for countries in Y, whereas the variance provides more
robust results (Fig. D.10 and Table D.3). However, we observe a number of interesting di!erences
over both ARIMA and Gaussian filtering results. To begin with, variance and CV on the N set are
less associated with decreasing trends close to the transition but are closer to the performance of
random classifiers. This might suggest that, as discussed in the main text, the result on prevalence
data was likely spurious and related to the decreasing of the first wave. As daily new cases do not
have a time delay due to recovered cases, such e!ect is indeed less marked. The second, more
striking di!erence regards the skewness. As shown in Fig. D.10, and quantified in Table D.3, the
skewness is particularly good in detecting the transition to disease emergence on the test set Y.
This observation di!ers from what anticipated in [132] but is more in line to what was suggested
in [473]. Since there are only few studies connecting observed EWS to noise distribution (like the
one observed in Fig. D.7), we cannot make a conclusive interpretation of this fact. Nonetheless,
we speculate that the detection performance might be linked to the sensitivity of the skewness
to the noise distribution (as already introduced in [473]): potentially, the correct combination of
fluctuations and approach to the R(t) = 1 might have yielded the observed result. Here, we limit
ourselves to reporting the observation, demanding further analytical and computational studies
to investigate the issue. In any case, the skewnees is again no better than a random classifier on
the N set.
Overall, this complementing analysis on incidence data provides additional insights and questions,
to be further compared with theoretical studies. Nonetheless, it contributes in stressing one of
the main points of the main study: as the considered indicators rely on a number of assumptions,
we are justified in using them when such assumption are satisfied, which is not always the case

266



Appendix of performance of early warning signals for disease re-emergence: a case study on
COVID-19 data against epidemic outbreaks

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
1-Speci city

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
Se

ns
itiv

ity
Variance
AC(1)
CV
Skewness

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
1-Speci city

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Se
ns

itiv
ity

Variance
AC(1)
CV
Skewness

Figure D.10: ROC curves for each considered indicator, with sensitivity and specificity calculated on each timepoint
for all countries in Y. Each point corresponds to a test value for % , to define if the detection if positive. The
diagonal line corresponds to the ROC of a random classifier. Curves above it imply better performance. Left:
Computed on Gaussian filtered data. Right: Computed on ARIMA detrended data.

Gaussian det. ARIMA det.
Indicator over Y over N over Y over N

Variance 0.6718 0.4681 0.7334 0.2561
AC(1) 0.5234 0.3132 0.2624 0.6021
CV 0.3370 0.2019 0.4380 0.1813
Skewness 0.7826 0.5005 0.6805 0.4991

Table D.3: AUC scores for di!erent indicators, over Y and N datasets, after Gaussian or ARIMA detrending
methods.

in real-world settings. Otherwise, the EWS sensitivity to such assumptions might yield spurious
signals and hinder our capability to extend them in uncertain contexts.
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Figure D.11: Evolution of EWS far from the transition point. Four example countries are shown: Luxembourg and
Austria, with controlled features; State of Victoria (Australia), with small deviations from controlled features; and
Israel that does not satisfy theoretical conditions. Considered EWS are the most common ones (variance, lag-1
autocorrelation, coe"cient of variation, skewness). In addition, to mark the approach to the transition, P(R(t) > 1)
from the Bayesian estimation (see main text) is displayed. The vertical line reports the transition date. Left column:
detrending method employed: Gaussian filtering. Right column: detrending method employed: ARIMA.
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Country ARIMA parameters Residuals mean Residuals std

State of Victoria (Australia) (2,1,0) 0.39 52.82
Austria (1,1,4) 5.43 93.63
Denmark (3,1,0) 3.17 46.87
Israel (0,1,1) 0.41 349.6
Japan (7,1,5) 3.58 110.0
Korea, South (0,1,1) 0.501 58.96
Luxembourg (2,1,5) 0.319 25.92
Nepal (0,1,1) -0.099 91.999
Singapore (1,1,1) 0.46 121.61
Veneto (Italy) (5,1,3) 1.25 50.66

Table D.4: ARIMA model parameter combinations over incidence data, residuals mean and standard deviation, for
each country.
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APPENDIX E
APPENDIX OF LARGE-SCALE TESTING IN LUXEMBOURG

The social interaction "(t) takes into account for non-pharmaceutical interventions. "(t) = 1

corresponds to the social interaction before the pandemic. The changes of "(t) and the reason
of NPI are given by the table:

Date Non-pharmaceutical interventions
Social interaction
parameter

18.03.2020 -Full lockdown "1

25.03.2020 -Measures are getting visible "2

20.04.2020

-reopening of construction sector -
reopening of diy and gardening shops -
wedding and funeral are possible (max.
20 participants) -prohibition to wear
masks in public transport and activ-
ities that accommodate the public -
prolongation of the duration of the restric-
tion to travel

"3
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28.04.2020
-access to sports activities allowed for ath-
letes -possibility for activities of medical
practice

11.05.2020

-opening of all shops (except HORECA)
-possibility to meet 20 people outside -
possibility to invite 6 people at home -
generalization of wearing masks for all
activities if 2 meter distance can not be
respected

"4

30.05.2020 -Start of school holidays "5

07.06.2020 -End of school holidays "6

15.06.2020
-reopening of the borders for people com-
ing from third countries

24.06.2020

- Prohibition for meetings with more 20
people - Obligation to wear a mask in pub-
lic transport and during activities which
accommodate the public - Opening of
indoor games - Authorisation of sports
activities except physical contacts - Lift-
ing of the measures in HORESCA

"7

16.07.2020 - Start of school holidays "8

24.07.2020
- Restriction to accommodate 10 people
at home - Fine in case of non respect of
quarantine

31.07.2020 -Start of congé collectif "9

23.08.2020 -End of congé collectif "10
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14.09.2020 - End of school holidays "11

23.09.2020

- Reduction of isolation from 14 to 10
days - Testing date after contact is moved
from 5th to 6th day after contact with an
infected person

29.10.2020

- Curfew from 11 pm to 6 am - Restric-
tion to accommodate 4 people at home -
Prohibition of sports activities with more
than 4 people - Closing-time for restaur-
ants and bars at 11 pm - Gathering of 10
to 100 just possible with masks and seat-
ing - Prohibition of gatherings with more
than 100 persons

"12

25.11.2020

- Limitation to accommodate 2 people at
home coming from the same household -
Closure of bars, restaurants, sports com-
plexes, cinema and culture locations

"13

15.12.2020
- Prohibition of consumption inside of
shopping centers - Continuation of the
rules of 25.11.2020

19.12.2020 - Start of school holidays "14

24.12.2020

- Curfew at 9 pm - Closure of non-
essential shops - Prohibition to drink alco-
hol in public spaces - Continuation of clos-
ure of bars, restaurants and sports com-
plexes - Maximum 2 people for leisure and
sports activities

"15
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03.01.2021 - End of school holidays

09.01.2021

- Curfew at 11 pm - Opening of non-
essential shops (one client per 10 m2) -
Prohibition to drink alcohol in public -
Closure of bars, restaurants and sports
complexes - Ability to do sports with one
additional person without any restrictions
- Sports activities with 10 people are al-
lowed with 2 meters distance - Reopening
of sport complexes - Revival of cultural
activities

"16

13.02.2021 - Start of school holidays "17

21.02.2021 - End of school holidays "18

12.03.2021
- Continuation of wearing masks during
school activities - Pupils in secondary
school education do home schooling

"19

02.04.2021

- Opening of terraces under strict rules:
schedule (6 am-6pm), 2 people on one
table, wearing masks for sta! and clients
in the case of not being seated

"20

03.04.2021 - Start of school holidays

18.04.2021 - End of school holidays "21

23.04.2021

- Limitation of 10 people during sports
activities is removed - Sports activities
with larger groups up to 100 are allowed
with 2 meters distance - 10 people can
play music together with 2 meters dis-
tance

"22
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14.05.2021

- Curfew at 12 pm - Restriction to accom-
modate 4 people at home - Table with 4
people in HORECA is allowed - For con-
sumption inside of a restaurant or bar a
negative test is needed - Gatherings with
150 people are allowed - Gatherings above
150 to 1000 people are allowed with a san-
itary protocol

"23

22.05.2021 - Start of school holidays "24

30.05.2021 - End of school holidays "25

22.06.2021 - National day e!ect "26

15.07.2021
- Adaption of COVID check regime - Ad-
aptation of sanitary rules for school activ-
ities - Modification of gathering rules

16.07.2021 - Start of school holidays "27

30.07.2021 -Start of congé collectif "28

22.08.2021 -End of congé collectif "29

14.09.2021 - End of school holidays

Table E.1: Social interaction parameter "

The social interaction is a piece-wise function which changes in the case that a new NPI is in
place. The plot of the social interaction is shown in Fig.E.1.
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Figure E.1: Social interaction
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