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Chapter 1

Introduction

This introduction is divided into the positioning of this thesis in the thematic background of the novel corona

virus in Section 1.1 and more exact explanations of the contributions of this thesis in Section 1.2.

1.1 Thematic Background

The first cases of the previously unknown severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) ap-
peared in China at the end of the year 2019, but were not recognized as infections with the novel corona virus
(2019-nCov) back then. The genetic sequence of SARS-CoV-2 was identified in early January 2020. Many
researchers have shown that SARS-CoV-2 has a zoonotic source [1]. It has not yet been disproved that the virus
originated from a laboratory accident, although this thesis is improbable [2, 3]. Environmental samples taken
from the Huanan Wholesale Seafood Market in Wuhan City, where seafood, wild, and farmed animal species
were sold in December 2019, were tested positive for SARS-CoV-2, implying that this market was the source or
played a role in the initial amplification of the outbreak [1]. The disease effected by the SARS-CoV-2-infection
is called the corona virus disease 2019 (COVID-19). Originating from China, the virus spread across the whole

world via air-borne virus infection from the end of January 2020.

Between December 31°¢ 2019 and the 12" calendar week in 2021, 127,628,928 cases and 2,791,055 deaths
were registered worldwide [4]. The first case in the United States was reported on January 22"¢ 2020, in
France on January 24", in Germany on January 27*", in Italy and the United Kingdom on January 31°,
and in Sweden and Spain on February 1%% 2020 [5]. South America was reached in February 2020 in order
that the later strongly affected countries Brazil, Mexico, Colombia reported their first SARS-CoV-2 case on
February 26", February 28" or March 6", respectively [5]. Governments around the globe took measures to
combat the infectious disease in their own countries, which included temporary lockdowns of the population and
shut-downs of certain production activities [6]. The rapid spread of the virus put the intensive and acute care
stations in hospitals in Western Europe and the United States to the test. Intensive care capacities were fully

exhausted in some regions of Italy, France, Spain and the United Kingdom between April and early May 2020 [6].

According to the European Centre for Disease Prevention and Control (ECDC), 3.32 % of all confirmed cases
were reported from Africa, 18.84 % from Asia, 44.21 % from America, 33.57 % from Europe, 0.05 % from
Oceania and 0.00057 % from an international conveyance in Japan as of the calendar week 11 in 2021 [4].

As of March 31°% 2021, the countries with the highest total numbers of confirmed infections in the world were the
United States (31,097,154), Brazil (12,664, 058), India (12,149, 335), France (4,585, 385), Russia (4, 536, 820)
and the United Kingdom (4,341,736) [7]. The most affected European countries apart from France and the
United Kingdom at that time were Italy with 3,561,012, Spain with 3,275,819 and Germany with 2,809,510
confirmed infections [7]. As of March 21%¢ 2021, the ten European countries with the largest numbers of in-
fections per 100,000 inhabitants in descending order of incidence height were Montenegro, Czechia, Slovenia,

Luxembourg, Portugal, Serbia, Lithunia, Sweden, Belgium and Estonia [8].



The development of COVID-19 vaccines has been promoted by governments collaborating with pharmaceutical
companies since early 2020. The United Kingdom was the first country worldwide to approve the COVID-19
vaccine of the company BioNTech/Pfizer on December 2" 2020, followed by the United States on December
11*" and the European Union on December 215t 2020 [9]. The vaccines of the US-American company Moderna,
the Swedish-British company AstraZeneca, and the Belgian company Janssen were authorized as the second,
third or fourth COVID-19 vaccine in the European Union on January 6", January 21°¢ or March 11" 2021,
respectively. Multiple other COVID-19 vaccines are currently developed, and a considerable part is examined
in phase III studies [9]. The development of effective vaccines, the efficient distribution of vaccines and the fast
and safe vaccination of large parts of populations worldwide is a current worldwide challenge.

In the second half of the year 2020, the first remarkable SARS-CoV-2 mutations were detected in the United
Kingdom, followed by a variant spreading in South Africa and one found in Brazil in December 2020. In partic-
ular, the virus lineage B.1.1.7, that widely spread across the United Kingdom in December 2020, is a variant of
great concern in Europe due to its large number of mutations [10]. In March 2021, another variant including two
different mutations was detected in India. SARS-CoV-2 mutations represent a major challenge in the worldwide
combat against the pandemic due to a presumed and partly proved easier viral transmissibility and a connected

higher infectiousness and mortality risk.

A large number of scientific modelling approaches covering different fields of expertise and pursuing distinct
targets with respect to predicting and controlling the progression of the pandemic have been published since the
outbreak of 2019-nCoV. A comparatively often discussed topic is optimal authoritarian intervention measures
that should reduce infection numbers to prevent a future exponential growth, but not restrict economies and
the lives of population members too invasively.

A challenge in infectious disease modelling is finding and implementing an appropriate mathematical model,
which includes certain transmission and transition dynamics observable in the real world. Suitable and prefer-
ably exact algorithms and estimation methods to fit the model to available data like infection, hospitalization

and death numbers and make forecasts must be selected and applied.

With regard to these two aspects, a deterministic model fundamentally based on the well-known STR model
is developed in this thesis in order to make compartment size predictions by model parameter modifications
reflecting distinct degrees of intervention measures like contact restrictions, non-pharmaceutical interventions
(NPIs), quarantine, isolation and vaccination programs. The model development is substantiated with the cur-
rent level of information concerning the incidence, symptomatology, disease progression, governmental measures
and lethality of SARS-CoV-2 and COVID-19 and some enhanced theory of compartment models. These two
fundamentals are combined to make extended deliberations with respect to the compartment structure and

transmission and transition dynamics necessary to model the spread of SARS-CoV-2.



1.2 Methods, Structure and Objectives

This section firstly gives a description of the main contributions used in this thesis in Subsection 1.2.1. Therefore,
the methods of this work are characterized, and it is described what are no aims of this work. In Subsection

1.2.2, the structure of this thesis is elucidated. Subsection 1.2.3 summarizes the main targets of this work.

1.2.1 Methods

With respect to mathematical derivations, the theory behind systems of ordinary differential equations (sys-
tems of ODEs), initial or boundary value problems and their solutions are not a part of this thesis. Beside
this, different methods of analytically solving or numerically integrating systems of ODEs are not analytically

compared. Conversely, the largest contributions of this thesis are the following two:

The first one is the development of a complex compartment model, through which specific scenarios of transi-
tions between population groups in times of the COVID-19 pandemic can be optimally modelled.

The complex model that variants are derived from is sometimes denoted as the enhanced or core model through-
out this thesis. It is meant to serve as a foundation for the adaptation to specific COVID-19 modelling goals
in subsequent parts of this thesis as well as further scientific approaches. The assumptions of a fundamental
compartment model named named STR model and compartment enhancements often used in epidemiology are
explained in Chapter 3. Building on this, the assumptions, compartments and definitions of inter-compartmental
dynamics in the enhanced model are presented in Chapters 4 and 5. It has to be explained at this point that
a compartment represents a population group distinguished by a certain stage of progression of the observed
infection, which can for instance include infectiousness, symptom development, treatment and the absence
of infectedness. The second large contribution of this thesis is the implementation of two model variants in
MATLAB for the purpose of evaluating the influence of certain model parameters on model predictions con-

cerning future progressions of the COVID-19 spread through parameter calibration.

Thematically, this thesis does not analyse political decisions which have been made or societal or economic
questions that have risen during the corona virus pandemic. However, these issues are partly, briefly addressed
in Chapter 2.

1.2.2 Structure

This thesis has the following structure:

In Chapter 2 in Section 2.1, worldwide SARS-CoV-2 incidences are shown and assessed with the aid of
publicly available graphs in order to provide a foundation for the evaluation of the numbers of new infections.
The aetiology and transmission paths of SARS-CoV-2, symptomatology and disease progression of COVID-19
are explained on a rather biological level in Sections 2.2 and 2.3. Aside from that, realized policies of containing
the spread of SARS-CoV-2 and COVID-19 including testing, vaccinations and non-pharmaceutical interventions
(NPIs) are presented in Section 2.4, in particular with regard to Germany and Sweden. Moreover, case-fatality
rates and possible errors in their computation are explained in Section 2.5 for the purpose of understanding the

magnitudes of the case-fatality rates used in the later implementations.

The theory of systems of ODEs is explained and used in Chapter 3 to introduce the theory of compart-
ment models in epidemiology, and derive different systems of ODEs corresponding to the core compartment
model or one of its variants in Chapter 5. During the process of establishing a complex compartment model
that optimally fits the population groups shown in times of the COVID-19 pandemic, multiple scientific papers

that also deal with modelling this pandemic have been seen through and examined.



It has to be stressed that the compartment model of Chapters 4 and 5 is independently deduced and established
based on certain considerations. These considerations concern the division of populations into groups charac-
terized by distinct degrees of affectedness, that have become visible in various countries during the pandemic,
and the transitions of individuals from one to another compartment, that are both characterized by distinct
features that the individuals in them exhibit. For instance, such a feature can be infectivity, showing symptoms,

being hospitalized or having recovered.

Chapter 4 is structured into three sections, that deal with the differences between a basic compartment
model presented in Chapter 3 and the enhanced compartment model, a detailed description and overview of the
compartments and inter-compartmental transitions, and the derivation and definition of the transmission rates

used in the model implementations.

In Chapter 5, compartment modifications are derived from the core compartment model, and the systems
of ODEs corresponding to two model variants and the core model are established. Moreover, different kinds of

so-called reproduction numbers are defined.

Chapter 6 deals with the M AT LAB implementations of two compartment model variants. The implemen-
tations are prepared with the aid of the formulation of the parameter optimization method that is realized in
MATLAB, a description of the whole implementation process, and an overview of the definitions of all param-
eters and data sources per model variant.

The main target of the implementation of each model is the minimization of the error between compartment
size data of successive points in time, which are obtained from reliable publicly available sources, and compart-
ment size data obtained from the integration of a used system of ODEs from a determined initial to a final
point in time. This error minimization is accompanied by the optimization of model parameters like contact,
quarantine and transmission rate parameters, to adapt a certain compartment model to distinct scenarios of
state interventions, optionally within parameters bounds. It can mathematically be realized with the aid of
different optimization algorithms. The method of nonlinear least squares (NLS) is derived and applied in the
M ATLAB implementations in Chapter 6. The parameters that are estimated as well as realistic parameters
bounds have to be deliberately selected. Those parameters are finally calibrated by modifying their bounds,
such that distinct progressions of compartment sizes can be plotted by integrating the underlying system of
ODEs using the estimated parameter values.

The main purpose of the implementations is to obtain forecasts with regard to compartment sizes during the
COVID-19 spread. A built-in M AT LAB solver is used in the programs to integrate a system of ODEs, but a
novel nonstandard finite difference scheme (NSFD) is alternatively applied to properly solve the respective sys-
tem of ODEs. The results of the implementations including parameter calibrations are presented and analysed

in Chapter 6, too.

The implementation of the first model variant is realized with respect to data of the countries Germany and
Sweden. The aim is to predict future developments in compartment sizes in these European countries, which
have been following different paths of dealing with the pandemic. In addition to this, a system of ODEs
consisting of three distinct age groups is implemented with underlying German compartment size data. The
corresponding target is the comparison between the numbers of infected and deceased individuals of different
ages. A vaccinated compartment is included in the respective M AT LAB implementation in order to predict

the effect of an increasing vaccinated fraction of the German population on compartment size progressions.



In Chapter 7 of this thesis, the concept of Markov-Chain-Monte-Carlo (MCMC) methods is derived as it
is an alternative and stochastic approach to the modelling of infectious diseases, that is frequently applied
with respect to COVID-19 in the literature. The concept of multi-state models and the approach of Bayesian

inference, which are both connected to Markov-Chain-Monte-Carlo methods, are explained as well.

1.2.3 Objectives

As mentioned above, all of the predictions made in Chapter 6 of this thesis are based on M AT LAB implemen-
tations of systems of ODEs and the theory of compartment models in epidemiology. Summarizing, there are

two major objectives of this thesis, which are characterized as follows:

e The provision of model framework conditions concerning a compartment structure, correspondent systems
of ODEs, transition and transmission rates, which realistically reflect the infection-based population dy-
namics that are significant for the development and expansion of the COVID-19 pandemic. All used model
features are derived on the basis of knowledge concerning the spread of SARS-CoV-2 and COVID-19 as
well as mathematical considerations and are explained in Chapters 4 and 5.

For instance, different age groups present in populations, the effects of the modification of contact and

quarantine rates as well as different vaccination strategies are incorporated into the core model.

e The week-related forecasts of the sizes of the population groups of susceptible, infected, hospitalized,
deceased and recovered individuals with regard to SARS-CoV-2 and the COVID-19 pandemic.
For this purpose, data of newly confirmed infections, COVID-19 deaths, hospitalizations, intensive care
unit (ICU) admissions and recoveries are used to equip the model implementations with the necessary

compartment size data. The used datasets refer to March 2020 until February 2021.



Chapter 2

The Severe Acute Respiratory Syndrome
Corona Virus Type 2

The second chapter of this thesis addresses the main issues that people in the whole world have been confronted
with owing to the corona virus pandemic. It serves as a basis of comprehending the impact that the pandemic
has on the world population. With regard to infected individuals, issues especially relate to the symptoms
and course of disease of COVID-19 as well as the risk of death. With respect to affected states and societies,
intervention measures which reach from distancing rules and contact restrictions to school and shop closures and
usually comprise extended remote working, the extension of testing facilities, application of optimal diagnostics
as well as the development and efficacy of vaccines are the currently most discussed topics. Additionally, the
overload of hospitals that is caused by the severe disease progressions of a portion of COVID-19 patients, which
lead to death in several cases, is a significant societal and economic issue.

Section 2.1 gives an overview of the worldwide progression of 2019-nCoV between January 2020 and March
2021, and Section 2.2 describes the aetiology and transmission paths of 2019-nCoV. Section 2.3 concerns the
symptomatology and the disease process of COVID-19, Section 2.4 deals with the reasons of certain policies of
containing the virus, and Section 2.5 focuses on lethality and substantially possible errors in the computation

of case-fatality rates.

2.1 Worldwide Incidence of the Novel Corona Virus

The SARS-CoV-2 incidence grew faster in Europe than China in March 2020, such that Europe was called
the active centre of the infection in March and April. There were 2 clearly observable peaks of SARS-CoV-2
incidence in Europe in 2020. One of them was reached in spring and the other one at the turn of the year
2020/2021. Both developed differently in different countries, which also meant 2 or more local maxima in
spring and/or autumn/winter for some countries. The attainments of the peaks together with the increasing
incidence before and decreasing incidence afterwards are called the first and second wave of the pandemic.

Reacting to worldwide increasing infection numbers, the ECDC published its first risk assessment of 2019-nCoV
on January 17" 2020 before the first European case was reported in France. Several further risk assessments
followed during 2020 and 2021. On January 30** 2020, the World Health Organization (WHO) declared the
outbreak of the novel corona virus a public health emergency of international concern. On March 11" the
Director General of the WHO declared COVID-19 a global pandemic. In June 2020, the European Commission
presented a strategy to accelerate the development, manufacture and deployment of SARS-CoV-2 vaccines, of
which the first ones worldwide were given in December 2020. In September 2020, the medication dexamethasone

was endorsed for COVID-19 patients on oxygen or mechanical ventilation [11].

Figure 2.1 presents the daily total newly confirmed cases in Europe, North America, South America and Asia
between January 28" 2020 and March 24" 2021 with a linear scaling of the y-axis (upper diagram) as well
as a logarithmic scaling of the y-axis (lower diagram). Logarithmic depictions make relations within ranges of
small numbers and value ranges of multiple magnitudes clearer and better manageable, such that exponential

growth curves are often visualized on a logarithmic scale.
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Figure 2.1: Daily total newly confirmed cases in Europe, North America, South America and Asia between the
calendar week 5 in 2020 and 12 in 2021 on a linear scale (upper graph) and logarithmic scale (lower graph).
Source of data: [12]

The continents Europe, North America, South America and Asia are composed of the countries that the online
source Ourworldindata.org assumes [13]. For instance, Panama is the most southern country belonging to North
America, and Colombia and Venezuela are the most northern countries belonging to South America. Russia is
regarded as a European country and Turkey as well as the United Arab Emirates as Asian.

As can be seen from the upper diagram in Figure 2.1, the daily total incidence started increasing in Asia first,
which was in late January 2020. A comparatively small peak of 4,526 Asian new infections per day was reached
on February 15", Around February 25" 2020, incidence started to conspicuously rise in Europe. On March 9*"
2020, the number of daily new infections in Europe (1,820) passed the same one in Asia (1,469), whereas North
America recorded a number of 86 and South America of only 9 on this day. The incidence in North America
was ahead of the incidence in Europe between April 5% and 12" 2020, and then even clearer from April 215
until September 23"¢. Europe attained a local maximum of 39,041 daily new infections on April 18", when
Asia showed a number of only 11,899 and South America 4,367. Between May 27¢" and July 27" the daily
incidence in Europe lay on a relatively low level of 12,982 to 16,267, when incidence was already rising on the

other 3 continents, but then started to increase again.



North America reached a peak of 79,252 daily new infections on July 20", when Europe attained a local mini-
mum, and South America reached a local maximum of 75,071 daily new infections on August 15", The Asian
daily incidence was higher than the North American incidence from July 31%¢ until October 28", and achieved
a local maximum of 124,394 on September 18", when North America reached a local minimum of 47,766 daily
new infections. From mid-September, the incidence strongly increased in Europe and North America. Europe
attained a global maximum of 286,877 daily new infections on November 7¢*, North America attained a local
maximum of 243,097 on December 18*" and Europe (North America) reached a local (global) maximum of
252,044 (277,862) new infections per day on January 11" 2021. The local maximum of Asia (South America)
in the second wave of the pandemic was achieved on December 2"¢ (January 20°") with 128,990 (97,643) daily
new infections. It is striking that the daily incidence declined on all 4 continents in January and early February

2021, but re-increased from February 17t in Europe, Asia and South America.

The lower diagram of Figure 2.1 clarifies the sharp increase in the daily incidence in Asia in the end of January
2020 as well as in Europe, North and South America between February 20 and April 2"¢ 2020. The number of
daily new infections in Asia increased almost 10-fold in the logarithm between January 24*" and February 14"
2020. The number of daily new infections in Europe (North America) increased more than 100-fold (3,000-fold)
in the logarithm between March 1% and March 29** 2020. This graph also demonstrates the fact that North
America, South America and Asia were having rising numbers of daily new infections and moving towards a
local maximum in mid-July 2020, when Europe attained a local minimum. The fact that the European daily
incidence passed the ones of the 3 other continents in late September 2020 becomes obvious in both the diagram
with the linear and logarithmic scale. The number of daily new infections increased almost 3-fold in the loga-
rithm in North America between May 16" and July 20" and nearly 5-fold in the logarithm in Europe between
September 26" and November 5t".

Figure 2.2 depicts the daily confirmed cases per million people in the European countries Czechia, Sweden,
France, Italy and the United Kingdom in a time span between the beginning of March 2020 and the end of
March 2021 with a linear scaling of the y-axis (upper diagram) as well as a logarithmic scaling of the y-axis
(lower diagram). Outlining the daily incidence per one million inhabitants instead of the total daily incidence
results in a better ability to evaluate the extent to which the populations of different countries are affected by
an infectious disease. In Germany, decisions concerning restrictive measures such as lockdowns or relaxations of
interventions comply with the 7-day-incidence, which is the number of new infections per 100,000 inhabitants
per 7 days, that is weekly updated by the German Robert-Koch Institute (RKI).
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Figure 2.2: Daily newly confirmed cases per million people between the calendar week 10 in 2020 and 12 in
2021 on a linear scale (upper graph) and logarithmic scale (lower graph).
Source of data: [12]

The upper graph of Figure 2.2 illustrates that the number of daily newly confirmed cases per million people
firstly started increasing in Italy among the five European countries. Conspicuous but comparatively small
peaks during the first wave of the pandemic, that lasted approximately until mid-May 2020, were a number of
203 per million inhabitants on April 18" for France, 93 on March 26" for Italy, 71 on April 13" for the United
Kingdom, and 24 on March 315t for Czechia. The daily incidence per million people then declined slowly in
Italy, the United Kingdom and Czechia, and strongly in France, until a low level was reached in these four
countries in the beginning of June 2020. While France, Italy, the United Kingdom and Czechia showed small

numbers in summer, maximally attaining a value of 21 daily newly confirmed infections per million people per
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country, the respective Swedish numbers were on a relatively high level. The daily incidence per million Swedish
inhabitants clearly increased between March and June 18" 2020, when a local maximum of 108 was achieved.
Czechia had the second highest daily incidence per million people with a value of only 17. It started declining
strikingly on June 30%".

From the beginning of August, the numbers of daily newly confirmed infections per million people steadily
grew in the five countries, and sharply from around October 15¢. The following local maxima were attained
during the second wave, which approximately lasted from the beginning of September 2020 until late March
2021, and in which some countries even experienced 2 peaks: Czechia reached the highest values among the
regarded countries, which means a local maximum of 1,202 on October 27" 2020, 1,210 on January 10** and
1,149 on March 4t 2021. Aside from Czechia, 2 peaks were observable in the United Kingdom and Sweden,
although one of the two was not as distinct as in Czechia in each case. The United Kingdom reached a local
maximum of 374 newly confirmed infections per million people on November 16'"* and 881 on January 10",
whereas Sweden attained a local maximum of 685 on December 22"¢ and 736 on January 10**. France (Italy)
experienced its highest daily incidence per million people in the second wave on November 3" (November 16").
Both of them achieved a local minimum around December 28" with values of around 200. France also attained
a local minimum of 160 on December 4!, when also the United Kingdom registered a local minimum.

It is noticeable that Czechia, the United Kingdom and Sweden reached local maxima on January 10", while
the numbers of newly confirmed infections per million people were below 300 in France and Italy. Moreover,
the daily incidence per million people re-started increasing in Czechia sharply on February 15! 2021, in Italy
slightly less strongly around February 19*”, in Sweden on February 12¢* and in Italy around February 19"

whereas incidence was still declining in the United Kingdom in March 2021.

The lower graph of Figure 2.2 makes clearer than the upper one that France experienced a strong decline
in the daily incidence per million inhabitants between April 27¢ and April 6! 2020. Additionally, it is obvious
that the number of Swedish daily new infections per million people decreased by around one third in the loga-
rithm between June 28" and July 28", leaving the high level of April to June. What can also be better seen
from the lower graph is the fact that the number of Italian daily new infections per million people increased
around 20-fold in the logarithm between March 2"¢ and March 22"? 2020. This strong increase was followed
by the other four countries around 2 weeks later. The clearly observable low level of Italian daily incidence per
million people between mid-June and the end of August is also more striking in the lower graph. It reached a

local minimum of less than 3 on July 37¢ 2020.

Incidence in Germany in 2020

The RKI weekly publishes the German SARS-CoV-2 incidence for 19 different age groups. These data show
that the first German peak of a total of 36,094 infections of 2019-nCoV was reached in the calendar week 14,
after which incidence sank to a minimum of 2,425 infections in the calendar week 28 [14]. From the calendar
week 14, the German incidence increased, which happened sharply from the calendar week 40, until a second
local maximum of 138,246 infections in total was reached in the Christmas week 52 in 2020 [14].

To create Figure 2.3, the correspondent data of the calender weeks 10 to 53 in 2020 were condensed to 7 age
groups. These age groups refer to the 0-14-, 15-34-, 35-44-, 45-59-, 60-69-, 70-79- and over 80 year-old people
and are expressed per 100,000 inhabitants. This aggregation of 19 to 7 age groups simplifies the subdivision
of the population into even less age groups characterized by different SARS-CoV-2 infection numbers. The
more exact target of this subdivision is a reduction in the number of age groups that should be considered to
represent different degrees of susceptibility in the population when modelling the SARS-CoV-2 pandemic.
Figure 2.3 depicts the weekly number of newly confirmed SARS-CoV-2 infections by age group per 100,000
people and is based on the data obtained from the RKI.
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Figure 2.3: Weekly number of German newly confirmed SARS-CoV-2-infected cases by age group per 100,000
people, for 7 age groups.
Source of data: [14]

Figure 2.3 demonstrates that the age groups of over 80-, 70-79- and 60-60-year-old people attained a local max-
imum in the calendar week 14 with 68.94, 41.43 or 38.53 newly confirmed infections per 100,000, respectively.
The age group of 10-14-year-old children reached a smaller peak of 9.21 in the calendar week 14. In contrast to
that, the remaining three age groups attained a local maximum in the first wave in the calendar week 13 with
values of 57.54 for the 45-59-, 54.13 for the 15-34- and 43.67 for the 35-44-year old people.

Between the calendar weeks 20 and 30 in 2020, the level of newly confirmed infections per 100,000 people was
below the value 9 for all 7 age groups. The 15-34-year old individuals recorded the highest numbers during that
time, with a relatively small peak of 8.94 in the calendar week 25, and the second highest level was registered
for the 35-44-year-old people with a peak of only 7.63 in the calendar week 25.

From the calendar week 30, figures rose sharply for the 15-34-year old people and reached a local maximum of
28.96 in the calendar week 34. The incidence per 100,000 began to strongly increase for all of the age groups in
the calendar week 40 starting on September 28" 2020.

Incidence per 100,000 in the over 80-year-old people passed incidence per 100,000 in the 0-14- and 60-69-
year-old people around the calendar week 43, in the 35-44- and 45-59-year-old people in the calendar week 47,
and even in the 15-34-year old people in the mid of calendar week 50, until a maximum of 316.3 newly confirmed
infections per 100,000 people was reached in the calendar week 51.

It is conspicuous that the incidence in the 15- to 34-year-old people clearly had 2 local maxima in the second
wave in Germany, that occurred in the calendar weeks 45 with 264.5 and 51 with 288.1 newly confirmed in-
fections per 100,000 inhabitants. As opposed to the high peaks in the over 80- and 15-34-year-old people, the
45-59-year-old people experienced a peak of 230.2 new infections per 100,000 and the 35-44-year old individuals
exhibited a maximal value of 222.6 in the calendar week 51. The local maxima attained by the age group 60-69
was 159.4, so almost half of the value reached by the age group 80+. The maximal value attained by the age
group 70-79 (0-14) in the second wave was 133.4 (116.9) in the calendar week 51.

Owing to the course of the incidence in the different age groups, it seems reasonable to subdivide the pop-
ulation into three main age groups, of which the first one comprises children and teenagers, the second one
contains adults and the third one encompasses elderly persons. The comparatively high incidence per 100,000

inhabitants in the over 80-year-old people stands out clearly. This age group is nonetheless condensed with
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the 60-69- and 70-79-year-old people in the model realized in Chapter 5 and implemented in Chapter 6, since
the absolute numbers of new infections are used as the modelling and forecast basis there, and the peaks in
total incidence of the three elderly age groups in the calendar week 51 are close to each other. The peaks are
21,030 for the over 80-, 17,220 for 60-69-, 11,090 for 70-79-year old people, whereas the peak in total incidence
for the 15-34- (45-59-)year old people in the calendar week 51 is 45,490 (42,080). The creation of a respective
compartment model including age groups is presented in Section 5.2.4. The age group division used there is the
separation of the German population into the groups of 0-19-, 20-59- and over 60-year-old people.

Outbreaks of the pandemic in Germany are characterized by their concentration on certain communities, that
are affected disproportionately strongly during a specific time period [15]. Local infection herds with increased
transmission activity have been traced back to events such as carnival parades, concerts or other festivities as

well as ski holidays, life together in a confined space and work in the meat industry [15].

A project collects examples of transmission events from around the world, ranging from cases of individual
transmission to so-called ” superspreading events”, provides them on a website as an interactive map and anal-
yses the features of the settings in which they occurred [16]. A superspreading event is an event in which an
infectious disease is spread much more than usual, while an unusually contagious organism infected with a
disease is known as a superspreader [17]. A part of the superspreading events conform to the so-called Pareto
principle or 80-20 rule, which states that approximately one fifth of all infected individuals are responsible for
four fifth of transmissions [17]. Demonstrations like the so-called ” lateral thinker” protests in Leipzig and Berlin
in November 2020, where the protesters criticized the present corona policy to prevent the new infection pro-
tection law, could be described as superspreading events [18]. A group of researchers from the United Kingdom
differentiates between ”societal” superspreading events, which pose a significant threat as members of the event
are free to mingle and can infect individuals in the outside community, and ”isolated” superspreading events,
that can be effectively quarantined as only a few individuals can transmit the virus from the isolated to the
outside community [19]. Specific events concerning work in meat processing factories, religious gatherings like
church services, large sports events, visiting clubs, attending weddings, funerals, conferences, shopping in malls,
school attendance and hospital treatments all over the world are counted as ”societal” in the study, whereas
certain events in elderly care, navy or cruise shipping and prisons are considered as ”isolated”. It is stressed

that only a few superspreading events have been traced back to air travel [19].

A 7-day seroepidemiological observational study among 919 inhabitants of the German city Gangelt, in which
a superspreading carnival event had taken place shortly before, revealed that there was a positive association
between celebrating carnival and the number of reported symptoms, and the number of detected infections was
5 times larger than the number of reported cases [20].

An American case-control study showed that adults with confirmed COVID-19 were approximately twice as
likely as were control-participants without confirmed COVID-19 to have reported dining at a restaurant in the
14 days before becoming ill [21]. A Japanese study investigated clusters of COVID-19 cases in Japan between
January and April 2020 and showed that care and healthcare facilities were the primary source of clusters, and
many clusters were associated with heavy breathing in close proximity [22].

A cluster is a large aggregation of new infections within a particular geographical location or period, which can

lead to fast exponential growth in the worst case [23].
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2.2 Aetiology and Transmission Paths

The severe acute respiratory syndrome corona virus 2 (SARS-CoV-2) was discovered in bronchoalveolar lavage
samples, that were obtained from clusters of patients who presented with pneumonia of unknown cause in
Wuhan City, Hubei Province, China, in December 2019 [25]. Corona viruses are a large family of enveloped
RNA viruses and others that circulate among mammals and birds [26]. Tt is rare that human beings are infected
with them [26].

SARS-CoV-2 belongs to the sarbecovirus subgenus of the coronaviridae family and is the seventh corona
virus known to infect humans [26]. It is a zoonotic virus, of which bats seem to be the reservoir, even though
the intermediate hosts have not yet been identified [27]. Corona viruses are divided into alpha-, beta-, gamma-
and delta-viruses. Many of the corona viruses known to cause disease in humans, which are alpha- or beta-
corona viruses, can infect several animal species as well. The severe acute respiratory syndrome corona virus
(SARS-CoV) infected civet cats, and humans in 2002, and the Middle East Respiratory Syndrome (MERS-
CoV) is found in dromedary camels and infected humans in 2012 [1]. All SARS-CoV-2 isolated from humans
are genetically closely related to corona viruses isolated from bat populations, and more specifically bats from
the genus rhinolophus [1]. As a novel beta-corona virus, SARS-CoV-2 shares 79 % genome sequence identity
with SARS-CoV and 50 % with MERS-CoV. Of the 4 structural genes, SARS-CoV-2 shares more than 90 %
amino acid identity with SARS-CoV [28].

The receptor-binding domain (RBD) in the spike protein is the most variable part of the corona virus genome.
A spike protein is a protein structure that protrudes to the outside of a virus envelope. There are 6 RBD
amino acids that are critical for binding to angiotensin-converting enzyme 2 (ACE2) receptors and determining
the host range of SARS-CoV-like viruses. SARS-CoV and SARS-CoV-2 use ACE2 as their cell entry recep-
tor. ACE2 is a transmembrane protein best characterized for its homoeostatic role in counterbalancing the
effects of ACE on the cardiovascular system. The carboxypeptidase activity of ACE2 converts angiotensin II to
the heptapeptide angiotensin, which is a functional antagonist of angiotensin II, that is created by ACE [29].
The expression of ACE2 in the lungs of mice is reduced by a SARS-CoV infection. The novel corona virus
seems to have a RBD that binds with high affinity to ACE2 from humans, ferrets, cats and other species with
high receptor homology [30]. Depletion of ACE2 may be causative in the lung injury caused by SARS-CoV
and SARS-CoV-2, and high plasma angiotensin II is reported in patients with COVID-19 [29]. The published
genetic sequences of SARS-CoV-2 isolated from human cases are very similar and suggest that the outbreak
resulted from a single point introduction in the human population around the time that the virus was primarily
reported in humans in Wuhan [1]. Given the similarity of SARS-CoV-2 to bat SARS-CoV-like corona viruses,
it is likely that bats serve as reservoir hosts for its progenitor, such that natural selection in an animal host
before zoonotic transfer is a theory of the SARS-CoV-2 origin [30]. A second theory is natural selection in
humans following zoonotic transfer, meaning that a progenitor of the virus acquired the SARS-CoV-2 specific
genetic features during undetected human-to-human transmission. The SARS-CoV-2 spike protein optimized
for binding to human-like ACE2 is the result of natural selection [30]. If SARS-CoV-2 pre-adapted in certain
animal species, the risk of future re-emergence events would seem small. If the adaptive process occurred in

humans, zoonotic transfers would be unlikely to take off without the same series of mutations [30].

SARS-CoV-2 is distinct from SARS-CoV, which firstly appeared in Southern China in 2002, and MERS-CoV,
which occurred on the Arabian Peninsula in 2012 [31]. In contrast to the SARS-CoV epidemic, the SARS-CoV-2
pandemic has a lower pathogenicity but appears to be much more contagious [32]. Moreover, many patients
infected with SARS-CoV-2 are reported to develop low-titer neutralizing antibody and usually suffer prolonged
illness, suggesting a more effective SARS-CoV-2 immune surveillance evasion compared to SARS-CoV. The

immune surveillance evasion of SARS-CoV-2 is described as more effective than the one of SARS-CoV-2 [32].
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SARS-CoV-2 mortality factors were proved to be similar to those of SARS-CoV and MERS-CoV in a systematic
review with a meta-analysis including 5 databases and 28 studies to compare respective death predictors [33].
All viruses, including SARS-CoV-2, change over time. Over 170,000 variants of the virus have been sequenced
by the COVID-19 Genomics UK Consortium as of January 8" 2021 [26]. Compared to SARS-CoV-2, the corona
viruses HKU1, NL63, OC43 and 229E are associated with only mild symptoms [30].

The SARS-CoV-2 infection is transmitted via direct or close contact with infected people, since saliva and
respiratory secretions are primarily expelled by coughing and sneezing [27, 34, 35]. This spread of the infectious
agent caused by the dissemination of droplets is called a droplet transmission [36].

Transmissions were detected in prisons as for example in Hubei, Shandong, and Zhejiang in China, hospitals
and in long-term living facilities, such that close proximity among people is supposed to amplify transmission
[27]. Among 344 clusters involving 1,308 cases out of a total 1,836 reported cases in China, 78-85 % of clusters

occurred within household settings, suggesting that transmission occurs during close and prolonged contact [27].

Airborne transmission is theoretically possible but not yet verified [37]. It is defined as the spread of an
infectious agent caused by the dissemination of aerosols that remain infectious when suspended in air over long
distances and time [36]. It can occur during aerosol-generating procedures, but is not believed to be a major
driver of transmission based on available evidence [27]. Researchers from Boston stated that viruses did not
have to be transmissible via air to spread quickly and spaciously and it was difficult to connect experimental
data on a possible aerosol-based transmission with aerosol-based infections over long distances, especially in

well-ventilated rooms [38].

Replication-competent viruses were traceable in experimentally created and with SARS-CoV-2 viruses enriched
aerosols for up to 3 hours and a reduction in infectious titers was observed in one study [39]. It has to be con-
sidered that this kind of aerosol production is artificial and mechanical [34]. Viruses were proved to be released
via normal speaking in dependence of the sound intensity in other studies, which indicate that the particle
emission rate is correlated with vocalization amplitude [40]. Singing in groups seems to lead to transmissions,
which could be droplet- or airborne-effected [34]. Corona virus-RNA-containing aerosols were also verified in
room air sampled from the exhalation of patients [40].

RNA of SARS-CoV-2 has been detected in other biological samples, including urine and feces [41]. In order to
be transmissible via stool viruses have to be replication-competent [42]. Fecal-oral transmission may be possible,
but there is only limited circumstantial evidence to support this mode of transmission [26].

It is not yet clear to what extent smear infections occur due to contaminated surfaces, that are called fomites
[37, 43]. Such contact transmissions cannot be ruled out as replication-competent SARS-CoV-2 viruses were
verified in environment surfaces [34]. Transmission via breast milk has not been proved, and cases of infections

of newborns were only infrequently reported [34].

Aside from SARS-CoV-2, influenza and influenza-like-illnesses (ILI) are also transmitted via airborne infec-
tion, requiring close contact to an infected case. Aerosols are a significant transmission route of influenza and
ILI, but assumed as rare for 2019-nCoV [44]. Influenza is an acute respiratory virus infection effected by or-
thomyxoviruses. The term ”influenza-like-illness” is a generic concept which describes respiratory infections
triggered by a broad range of viral agents [44]. Unlike influenza, ILI are characterized by the absence of a
severe feeling of illness, subfebrile temperatures and a slower start of disease [44]. The influenza season last
from October until April in the northern hemisphere. During the last years, a shift of the seasonal maximal
number of infections to January/February was registered [44]. Both influenza and SARS viruses initially affect
the respiratory tract. Clinical differentiation of SARS compared to influenza or ILI is given by the almost oblig-
atory presence of a pneumonia with radiological features as well as paraclinical changes like lymphocytopenia
or LDH-increase [44]. The pathogenesis of 2019-nCoV is different from the pathogenesis of influenza, since

14



influenza is restricted to the lungs, whereas COVID-19 destroys the endothelium, which can lead to a secondary
disease in organs in the whole body [45]. COVID-19 patients were proven to become diseased with acute kidney
failure, severe septic shock, lung embolisms, venous thrombosis and other illnesses [45]. Additionally, they need

dialysis and insulin more often than ILI patients [45].

2.3 Disease Process and Symptomatology

From a pathophysiological perspective, COVID-19 can be defined as a complex acute lung disease with a grave
damage of the alveolar epithelium and the pulmonary-vascular endothelium leading to a severe respiratory
insufficiency for a proportion of patients [37]. The lung pathology in severe COVID-19 is different from the
earlier pneumonitis, which reflects direct ACE2-mediated infection of type II pneumocytes, as progressive losses
of epithelial-endothelial integrity, septal capillary injury, a marked neutrophil infiltration, intravascular viral
antigen deposition and localized intravascular coagulation are present [29]. Subsection 2.3.1 defines the main
stages of disease progression from contagion to major symptom occurrence including the latency and incubation

period. Subsection 2.3.2 gives an overview of the most common symptoms of COVID-19.

2.3.1 Progression of the Corona Virus Disease 2019

Individuals infected with a virus pass the latency and incubation period. The latency period is defined as the
time period between the exposition to the virus, entailed with the infection itself, and the beginning of the
infectious period of the infected person. The RKI uses a mean latency period length of 3 days in its modelling
of the corona virus pandemic [46]. The incubation period is the time period between the exposition to the
causative agent, entailed with the infection itself, and the first development of symptoms [47]. The RKI esti-
mates it to last an average 5-6 days [10]. An Irish review of 1,084 worldwide studies concerning the length of
the incubation period of COVID-19, that altogether incorporated 45,151 infected people into the analysis and
were retrospective case studies, multi-centre studies, case series, prospective cohort studies, web data mining,
cross-sectional studies or individual case reports, detected that the mean length of the incubation period in
all studies was 6.71 days with a median of 6 days [48]. The median time from symptom onset to laboratory
confirmation decreased from 12 days (range 8-18 days) in early January to 3 days (range 1-7 days) by early
February 2020 in China, and from 15 days (range 10-21) to 5 days (range 3-9) in Wuhan according to the WHO
[27].

The probability that an infected case becomes sick with the disease is called the manifestation index. It is
expressed as a percentage. Its computation depends on its exact definition, including how affected the under-
lying population is, and how often asymptomatic cases are tested to find out if they are really asymptomatic
or pre-symptomatic [10]. An issue that is often addressed is the difference in COVID-19 manifestation between
men and women. According to the RKI, men and women are affected by COVID-19 to a similarly large extent,
but twice as many men as women die due to the disease [10]. A study from London, which included 107 reports
concerning sex-bias in the pandemic from across the world from January until June 2020, revealed that males
and females had similar numbers of infections and the male sex was associated with an increased odds of ICU
admission and death [49].

The serial interval is defined as the average interval from the symptom development of an infected case until the
symptom development of a person that has been infected by this case. The average serial interval is estimated
to last around 4 days by the RKI [10]. The incubation period and the serial interval are modelled with the aid
of probability distributions in Subsection 4.2.2 of this thesis.
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COVID-19 is subdivided into 3 main stages: The early infection, the pulmonary manifestation and the se-
rious hyper-inflammatory phase [37]. The proliferation of the virus in the alveolar epithelium leads to an
inflammatory response in the first stage. Patients report respiratory difficulties only in the further course of
the disease in addition to fatigue, fever or limb pain, that can already occur due to a hypoxaemia, that is an
abnormally low level of oxygen in the blood [37]. An ongoing hyperventilation can trigger further damage of
the lung, which is described as a patient-self-inflicted lung injury [37]. Primarily the upper respiratory tract
of the nasopharynx is affected, although the virus infection is multiplied in the areas of the lower respiratory
passages and the gastrointestinal mucosa [50]. Most of the infected individuals stabilize at this stage of disease
progression and do not develop a pneumonia [37].

In a phase of strong hypoxaemia, which often results in an admission to intensive care, the lung can destabilize
in order that the disease equals a severe acute respiratory distress syndrome (ARDS). COVID-19 differs from
ARDS in the way that the connected vascular inflammation with thromboembolic events has a higher relevance.
In a post-mortem examination that compared the lungs of 7 individuals who died from COVID-19 with the
lungs of 7 people who died from ARDS secondary to influenza A, the major vascular impairment of pulmonary
vessels was found to be considerably large compared to a severe ARDS disease [51].

German researchers examined the first 50 COVID-19 patients hospitalized in the university clinic Aachen. The
study was induced by the severe outbreak of the pandemic in the district Heinsberg close to Aachen in mid-
February 2020. The average age of the patients was 65 years, and 24 of the patients had ARDS, were treated
in ICU and had to be intubated, whereas the other 26 were not in ICU. The study showed that COVID-19
ARDS patients exhibited pre-existing respiratory diseases or adiposis as well as persisting increased inflam-
matory markers more frequently than those without ARDS. Nonetheless, COVID-19 patients without ARDS

can be hospitalized for a longer time, too, for example due to increased inflammation values or needed oxygen

supply [52].

It is not exactly clear how long infectious people keep their contagiousness. It has been verified that in-
fectiousness is highest around the time of symptom development and a remarkable number of transmissions
emerging from an infected person occurs before the first symptoms develop [10]. Based on different studies,
the RKI estimates that contagiosity strongly declines after 10 days if the disease progression is moderate [10].
A retrospective cross-sectional study used SARS-CoV-2 polymerase chain reaction-confirmed positive samples
and suggested that infectivity of patients with a polymerase chain reaction test with a cycle threshold lower
than 24 days and a symptom duration of less than 8 days may be low [53]. A review of studies conducted until
April 2020 found a variation over 1-4 days of the median pre-symptomatic infectious period across studies, and
showed that the estimated mean time from symptom onset to 2 negative polymerase chain reaction tests was
13.4 days. Here one study provided an approximate median infectious period for asymptomatic cases of 6.5 to
9.5 days [54]. A German study among 920 hospitals and 10,021 people sick with COVID-19, that was conducted
between February and April 2020, showed that ventilation lasted approximately 13.5 days (median) [55].

Different studies implied that the time period from symptom development until hospitalization was 4 days
on average, but 7 days for cases with an acute lung failure [10]. A COVID-19-caused hospital stay was reported
to last 10 days (median), but 16 days (median) for people who were admitted to intensive care and 18 days
(median) for ventilated individuals by the RKI [10]. According to data from the ISARIC COVID-19 database,
18 % of hospitalized patients were admitted to ICU or a high dependency unit (HDU), with a mean duration
of stay of scarcely 10 days and a median of 7 days [56]. The average length of stay in ICU has been reported

to be around 7 days for survivors and 8 days for non-survivors, although evidence is still limited [56].
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2.3.2 Symptoms of the Corona Virus Disease 2019

The European Centre for Disease Prevention and Control (ECDC) differentiates between three groups of infected
people without major symptoms: Asymptomatic cases are individuals with laboratory-confirmed SARS-CoV-2
who have not shown any clinical symptoms during a 2-week follow-up period since the last possible exposure
to an index case or in the 7 days since collecting the sample which gave the first polymerase chain reaction-
confirmed positive result. Pauci-symptomatic cases are people with laboratory-confirmed SARS-CoV-2 showing
very mild clinical symptoms. Pre-symptomatic cases are individuals who are asymptomatic when testing pos-
itive for SARS-CoV-2, but develop COVID-19-compatible symptoms during the 7-day-period after collecting
the sample which tested positive [57]. Asymptomatic and pre-symptomatic virus shedding posts a big challenge
to infection control and contributes to the dark figure, which is defined as the number of unconfirmed cases

worldwide or within a certain country or region.

A wide range of symptoms of COVID-19, developing 2-14 days after exposure to the virus, have been reported.
The symptoms include cough, a sore throat, congestion and a running nose, shortness of breath, headache, new
loss of taste or smell, fatigue, muscle of body aches, fever or chills, nausea or vomiting and diarrhoea [58]. Gen-
erally, the courses of disease are nonspecific, diverse, and vary strongly from asymptomatic processes to severe
pneumonias with lung failure [34]. It should be stressed that the majority of the relatively rare asymptomatic
cases most often develop symptoms in the further disease process, and the proportion of asymptomatic cases is

unclear [27].

According to the WHO, 87.9 % of the infected people exhibit fever, 67.7 % a dry cough and 18.6 % are short of
breath, approximately 80 % of laboratory confirmed patients have a mild to moderate disease, 13.8 % undergo
a severe disease (dyspnea, respiratory frequency >30/minute, blood oxygen saturation < 93 %, PaO2/FiO2
ratio <300, and/or lung infiltrates >50 % of the lung field within one to 2 days) and 6.1 % are critical cases
(respiratory failure, septic shock, and/or multiple organ dysfunction/failure) [27]. It is notable that the absence
of fever in SARS-CoV-2 infection (12.1 %) is more frequent than in SARS-CoV (1 %) and MERS-CoV (2 %) [59].

An observational study of 1,420 patients with mild or moderate disease showed that the most common symp-
toms were headache (70.3 %), loss of smell (70.2 %), nasal obstruction (67.8 %), cough (63.2 %), asthenia
(63.3 %), myalgia (62.5 %), rhinorrhoea (60.1 %), gustatory dysfunction (54.2 %) and sore throat (52.9 %).
Fever was reported by 45.4 % of the patients [60]. An analysis of data from 4,203 patients mostly from China
identified fever, cough and dyspnoea (80.5 %, 58.3 % and 23.8 %, respectively) as the most common clinical
symptoms, and hypertension, cardiovascular disease and diabetes (16.4 %, 12.1 % and 9.8 %, respectively) as
most common comorbidities [61]. Another study among 20,133 hospitalised patients from acute care hospitals
in Great Britain identified the following common symptom clusters: A respiratory symptom cluster with cough,
sputum, shortness of breath and fever, a musculoskeletal symptom cluster with myalgia, joint pain, headache

and fatigue, and a cluster of enteric symptoms with abdominal pain, vomiting and diarrhoea [62].

For all German cases confirmed until January 12* 2021, clinical information was available for 1,195,918 (62
%). 40 % of these had a clinically verified cough, 27 % fever, 28 % a running nose, 22 % a sore throat, 21 % a
loss of smell or taste and 1 % a pneumonia [10].

The group with the highest risk of becoming a critical case with up to life-threatening symptoms are people
aged over 60 years as well a individuals with comorbidities like diabetes, hypertension, cardiovascular disease,
chronic respiratory disease and cancer [27]. A crucial risk factor is a systemic inflammatory reaction with an
increase in inflammatory mediators [37]. Only a very small ratio of those aged under 19 years develop to a

severe (2.5 %) or critical disease (0.2 %) according to the information of the WHO [27]. An analysis in Hong
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Kong showed that the presence of gastrointestinal symptoms was associated with a more severe disease course
[50]. A retrospective Chinese study assessed the clinical and computer tomography (CT) characteristics of
nearly 300 COVID-19 pneumonia patients from multiple hospitals and identified the baseline risk factors for
clinical progression. It found out that the CT severity score was associated with inflammatory levels, older age,
a higher neutrophil-to-lymphocyte ratio and CT severity scores on admission were independent predictors for
progression to severe COVID-19 pneumonia. Moreover, patients who developed a bacterial co-infection were
significantly older and more likely to have underlying hypertension, and had a significantly longer length of
hospital stay [63].

2.4 Policies of Containing the Corona Virus Disease 2019

This section deals with approaches of containing the novel corona virus, which are usually put into practice by
authorities with the aid of testing extensively, curfews and lockdowns imposed on populations. Test implemen-
tations are the typical way of diagnosing the virus as well. COVID-19 intervention measures usually conform
to current and expected incidence and thus to the status of the wave of the pandemic that a certain country or
region is in. Since December 2020, the virus has also been tried to be controlled by governments with the aid
of vaccines that were developed and tested in clinical studies over the course of 2020. Diagnosing methods are
explained in Section 2.4.1. The intervention policies of Germany and Sweden are focused on in Section 2.4.2.

An increasing number of SARS-CoV-2 vaccines have been developed, examined and reviewed all over the world
in the beginning of the year 2021. They are treated in Section 2.4.3. A significant question is the effect of
vaccines on viral mutations and its control of the contagiousness of vaccinated people. The most important

aspects of the currently most relevant SARS-CoV-2 mutations are described in Section 2.4.4.

2.4.1 Clinical Diagnosis

Diagnosis of a SARS-CoV-2 infection, that turns a person from a suspected into a confirmed case, is realized
with the aid of a direct proof using a specific testing method.

The molecular genetic verification of SARS-CoV-2 with the aid of the reverse transcriptase polymerase chain
reaction (RT-PCR) using throat, sputum or nasal swabs or bronchial alveolar lavages is the diagnostic gold
standard [44]. A polymerase chain reaction (PCR) test is a method to analyse a short sequence of the de-
oxyribonucleic acid (DNA) or ribonucleic RNA. The RT-PCR method converts viral RNA into complementary
DNA, which is a DNA synthesized from RNA through the enzymatic protein reverse transcriptase, which is
a RNA-dependent DNA polymerase. It reproduces the genetic material of the virus multiple times, which is
called amplification, in order that the virus can be verified even if it only occurs in small quantities [64].

The accuracy of RT-PCR tests is limited. For instance, the US Food and Drug Administration recommends at
least 40 cycles of amplification, after which too little genetic material of the virus might still be detectable. In
a recent study by researchers at the Cleveland Clinic of 5 commonly used diagnostic tests, nearly 15 % of the
results were false-negative [65]. False-negative test results cannot be excluded owing to bad specimen quality or
improper transport [66]. In a systematic review that tested 957 negatively tested people again with the aid of
PCR, the rate of false-negative results was between 2 and 29 % in 5 individual studies, which equals an effective
sensitivity of 71 and 98 % [67]. A sensitivity of RT-PCR was shown to be 93 % for bronchoalveolar lavage, 72 %
for sputum, 63 % for nasal swabs, and only 32 % for throat swabs in a study of 1070 specimens collected from
205 patients with COVID-19, who were a mean age of 44 years [68]. Accuracy is also likely to vary depending
on the site and quality of a sampling, as well as the stage of disease and the degree of viral multiplication or

clearance [68].

Moreover, an American study compared 9 commonly used PCR tests from China, Hongkong, the USA and

Germany with each other, among which the performance depended on the viral target and the degree of dilu-
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tion [66]. The E-Sarbeco test of the Charité Berlin, the HKU-ORF1 test of the University of Hongkong and the
2019-nCov-N1 test of the US Centers for Disease Control and Prevention performed best here [66].

With respect to the upper respiratory tract, nasopharynx or oropharynx smear tests can be used for diag-
nosing SARS-CoV-2, and bronchoalveolar lavage or sputum samples can be used with regard to the lower
respiratory tract. Nasopharynx swabs represent the standard procedure of testing for 2019-nCoV according to
the WHO [69]. A sensitivity of 94 to 96 % of double-sided nasopharyngeal swabs was proved by a study cited by
the RKI [53]. Sputum samples are associated with a lower clinical-diagnostic sensitivity, and only a few studies
concerning tests of pharyngeal lavage have been conducted, which imply an approximately as high sensitivity

as nasopharynx swabs if no dilution effect, influencing rinsing technique or volume is given [69].

Rapid antigen detection proves the protein structures of SARS-CoV-2 and works like a common hCG-verifying
pregnancy test. Antigen tests are also called point of care tests (POCT) [70]. Specimen of nasopharyngeal
samples are dropped directly to a test strip, present protein components of the virus react with the strip and
the strip changes its color. Antigen tests are cheaper than PCR tests and provide a result after less than 30
minutes [64]. POCT tests are less sensitive than PCR tests, which means that a larger quantity of viruses is
necessary in antigen than PCR tests to verify an infection such that a false-negative result is more probable.
They are also less specific than PCR tests in order that false-positive tests are more probable. A positive antigen
result has to be verified with the aid of a PCR test procedure, which can be automatized but takes 4-5 hours.

Nonetheless, POCT tests are used as they contribute to an expansion of testing capacities [70].

Various SARS-CoV-2 testing strategies can be identified for use in countries, or in regions within a coun-
try, and for different epidemiological situations according to the objectives of control transmission, incidence
and trend monitoring, assessment of severity over time, mitigation of the impact of the infectious disease in
healthcare and social-care settings, rapid identification of outbreaks in specific settings, and prevention of the
(re-)introduction of the virus into regions [57]. The ECDC questions the effectiveness and cost-effectiveness of
population-wide testing strategies irrespective of symptoms [57]. It suggests testing strategies based on active
surveillance and early detection of all symptomatic cases, developed and adapted through ongoing assessment of
the local epidemiological situation [57]. Nevertheless, the ECDC proposes that staff or patients in healthcare and

social-care settings or generally vulnerable populations should be able to be tested irrespective of symptoms [57].

The current testing strategy for the German population is based on testing via PCR those people who ex-
hibit symptoms and potentially symptomatic people who live in the same household as a confirmed case with
whom they had an at least 15 minutes long contact [71]. Severe respiratory symptoms like pneumonia, bron-
chitis or fever, loss of the sense of smell or taste, acute respiratory symptoms and the deterioration of the clinic
image with ongoing acute respiratory symptoms are criteria that definitely initiate testing [72].

Apart from this, patients, inhabitants or nurses in a hospital or retirement home, people who live in a community
body like a school, emergency accommodation or correctional facility are tested via PCR if a SARS-CoV-2-
infected case is confirmed in the respective institution. Furthermore, patients are PCR-tested before they are
admitted or re-admitted to a medical institution. Individuals with a close contact with a confirmed case during
the last 14 days can be tested as the inducement of their doctor. Furthermore, individuals with mild symptoms,
who belong to a RKI-defined risk group, work in the health care system with clinical contact to others, live
in an area with an increased 7-days-incidence or have had or will have close contact with many other people,
can be tested. This is always a decision on a case-by-case basis made by the consulted doctor. Personnel or
visitors of medical, dialysis, operation-performing institutions or medical practices, day hospitals and emergency
services are allowed to receive a single free antigen test. People who return from a region that is classified as
SARS-CoV-2-high risk according to the Robert-Koch Institute can be tested after at least 5 days of quarantine

[71]. The number of tests conducted by countries usually concerns the number of PCR tests, which diagnose
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the infection with a higher sensitivity than POCT tests. Serology tests can solely inform about the presence
of antibodies in the blood cells due to a prior infection [73]. Serological detection methods are not used in the

early diagnostics of the novel corona virus [44].

The German virologist Christian Drosten recommended to concentrate on clusters in testing, which are created
by approximately every tenth infected case, in the reaction to positive tests [74]. In terms of SARS-CoV-2 a
cluster leads to an exponential increase in case numbers as the chain of infected individuals does not break here.
The isolation of clusters might be meaningful in the control of the pandemic. The virologist suggested testing

on infectiousness instead of infectedness by determining the virus load with the aid of a PCR test [74].

Lastly, there is no specific treatment for diseases caused by 2019-nCoV, but many of the symptoms can be

treated, and supportive care for infected persons can be highly effective.

2.4.2 Governmental Measures in Sweden and Germany

Countries affected by 2019-nCoV started intervening with the aid of lockdowns in March 2020. Strong recom-
mendations or rules related to hand hygiene, physical distancing, wearing face masks, staying home when sick
and avoiding unnecessary travel became common orders.

The health ministers of the European Union and G7 states said to plan to work together more closely and in-
tensely in order to prevent a severe outbreak in Europe on February 4" 2020. On March 8" 2020, Italy issued
a decree to install strict public health measures including social distancing, starting in the most affected regions
and extending these measures at national level on March 11" [11]. Spain, France and many other European
countries installed similar public health measures. Most of the measures taken by countries in Europe and all
over the world to fight the pandemic are NPIs, which are actions, apart from getting vaccinated and taking
medicine, that people and communities can take to help slow the spread of infectious diseases [75]. NPIs were
released in Germany on April 20" 2020. The aim of these measures is realizing a delay of viral spreading to
allow the health care system to extend its capacities, or ideally achieve a complete stop of of viral spreading
[76]. Effective medication against the virus is usually not available. Mitigation therefore tends to primarily rely
on NPIs, which substantially aimed at reducing contacts between infectious and susceptible individuals during
the pandemic [77]. However, there is increasing concern that NPIs could increase the number of other diseases,

which mental illnesses are among, and the risk of an economic recession with unforeseeable implications [76].

Intervention Measures in Germany

The German Federal Ministry of Health and the Federal Center for Health Information summed up the most
relevant information for individual protection from an infection on February 7" 2020. On February 15" 2020,
when China was still 2019-nCoV hot spot, the recommendations of the Council of Health Ministers concerning
travellers entering from China were directly realized. On February 27", which was before the major outbreak of
COVID-19 in Germany occurred, the German Health Ministry initiated a crisis unit to fight the pandemic. The
crisis team recommended a cancellation of all events with more than 1,000 expected spectators in mid-March.
An obligation to wear face masks was primarily in effect in all federal states of Germany on April 22", In the
end of March, Germany tried to prepare hospitals for a severe outbreak and expand intensive care capacities.
Contact restrictions were imposed on the German population in March as well. They included the closure of

restaurants, hairdressing salons and restrictions concerning sports activities.

In a scientific assessment of the spread of COVID-19 in Germany the control measures for mitigation of COVID-
19 that were adopted in Germany as of April 4 2020 were summarized, grouped and their impacts on the
transmission rate are estimated [78]: The closure of schools, universities, sport clubs, the cancellation of public

events and encouragement for stricter social distancing are supposed to reduce child-child contacts by 80 %,
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adult-adult contacts by 20 % and senior-senior by 10 %, and came fully into force on March 16" 2020. The effect
of the enforcement of a remote working policy, closure of all restaurants and bars and reduced public transport
services are evaluated as reducing child-child contacts by 20 %, adult-adult contacts by 50 %, senior-senior by
30 %, child-adult contacts by 20 % and adult-senior contacts by 30 %, and were applied on a national scale
from March 13*" 2020. Moreover, a raised awareness due to media starting from February 25" 2020 and the
cancellation of big events are assumed to reduce contacts on average by approximately 20 %. The closing of
non-critical businesses and sanctioning of gatherings of more than 2 or 3 persons are assumed to decrease the
contact rates by another average 30 %, starting on March 22"¢ 2020. Expanded testing activity started on
February 25" 2020 but more significantly between March 9" and March 15" 2020, and is supposed to increase

case-detection rates 10-fold.

With respect to the first lockdown in Germany, intervention measures were implemented in 3 steps: Around
March 9t 2020, large public events were cancelled, around March 16" 2020, schools, childcare facilities, and
many stores were closed, and on March 237 2020, a contact ban including the prohibition of even small public
gatherings and the closure of restaurants and non-essential stores were realized [79]. In a scientific approach
using Bayesian inference applied to compartment models, it was shown that a model-specific spreading rate,
which was derived from confirmed SARS-CoV-2 infections, decreased from a value of 0.43 by around 40 % to a
value of 0.25 around March 9", further down to 0.15 around March 16" and to 0.09 around March 23"¢ [79)].

Due to a decreasing incidence, the restrictive measures were lifted stepwise from May to August 2020, al-
though distance rules were still valid in all spheres of public life. Owing to travel activities used by large parts
of the German population during the summer months a test obligation for people returning from areas at risk
came into effect on August 8. In September 2020, the national academy of sciences recommended consequent
interventions to prevent infections. Contact restrictions and other measures to fight the pandemic were inten-
sified in Germany and other European countries in October and November 2020. They comprised a tourist
accommodation prohibition in areas with a 7-day-incidence crossing a threshold of 50 per 100,000 inhabitants.
Restaurants and shops except for those selling food and basic necessities as well as drug stores were closed,
cultural and sports activities were forbidden to a large extent on October 28" 2020, and people from only 2
households were allowed to meet in public from then. In December, schools were closed in Germany, which
finally meant a second lockdown, that was even aggravated in January 2021. It has to be added that decisions
concerning measures like substantially schools closures lead to dissent among politicians and the population in

general, and were temporarily realized differently in different federal states. [80, 81]

In order to illustrate some possible effects of less than perfect compliance with NPIs on their effectiveness
in curbing the spread of infectious diseases, a scientific approach simulated a situation mimicking the status of
the disease in Germany in the fall of 2020. The analysis showed that a stagnation or even reduction of case
numbers could be achieved in a reasonably short time only if the measures were sufficiently effective in reducing
transmission and a large proportion of the population implemented them [77]. According to the ECDC, there
are concerns about the long-term sustainability of following such preventive measures in terms of population

acceptance, compliance, and the potential social and economic consequences [82].

Intervention Measures in Sweden

Sweden is known to implement a special strategy (”Sonderweg”) in the pandemic since public life was restricted
less than in other European countries. The work of the Swedish government to response to 2019-nCoV fo-
cuses on recommendations, voluntary cooperation and individual responsibility. However, Swedish aspirations
are similar to other countries as the main aim is to reduce transmissions. The most important targets of the

Swedish COVID-19 policy are the reduction of mortality and morbidity in foremost the strongly affected elderly
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generation, as well as the minimization of various negative consequences for individuals and society [83, 84].
The Swedish cultural divergence is related to its high value on secular-rational values and self-expression values

and Sweden was rated as the most individualistic of 80 nations in 2006 [83].

Compared to other countries, where schools and playgrounds were closed over long terms from March 2020,
Swedish objectives were providing the opportunity for physical activity, maintaining important social functions
and meeting the needs of children. Thus Swedish upper secondary schools moved to online instruction while
lower secondary school remained open [85]. A systematic Swedish review revealed that children were not the
drivers of transmission of the pandemic, such that school opening was regarded as unlikely to impact the mor-

tality rates in older people [86].

The Swedish intervention activities can also be generally characterized as bearable for a longer time period
compared to strict lockdowns. The Swedish healthcare system is governed on the 3 levels of the government,
which is responsible at the national level to define policy and legislation and includes the Public Health Agency
of Sweden (PHA, Swedish: Folkhélsomyndigheten) and the National Board of Health and Welfare, 21 regions
with responsibility for healthcare and 290 municipalities providing care for the elderly and disabled [83, 84]. A
unique feature of the Swedish COVID-19 approach is that the main responsibilities in crisis management are
overtaken by experts, rather than politicians [83]. The Swedish state epidemiologist Anders Tegnell stated in
an interview with the multidisciplinary science journal Nature that it was overstated how unique the Swedish
approach was, Sweden had a strategy and found long-term solutions keeping the distribution of infections at
a decent level, and it was politically impossible to lock down whole geographical areas in Sweden [87]. In the
second half of the year 2020, a growing number of Swedish researchers, including the former state epidemiologist
Annika Linde, criticized the delayed reactions to the virus, which was expressed by low testing capacities [88].
Additionally, king Carl XVI of Sweden stated that the special strategy of Sweden in coping with the pandemic
had failed due to high lethality rates and sharply increasing incidence [89]. The number of daily newly confirmed
cases per million people in Sweden reached a maximum of 736 on January 8 2021, which was 3 times as high
as the same number in Germany at this point in time [90]. The Swedish fatality rate was higher than the rates
of Germany, France, Spain and the United States between the end of September and the beginning of December

2021, which is visualized in Section 2.5.

For estimating deaths, the PHA uses SmiNet, which is a reporting system and database for notifiable in-
fectious diseases and contains all PCR~confirmed cases of COVID-19 in Sweden individual-level records [91].
The city and region Stockholm accounts for 23 % of the Swedish population and is the epicentre of the SARS-
CoV-2 pandemic in Sweden. As of May 25! 2020 it accounted for 48 % of all Swedish COVID-19 deaths.
The PHA reported that many families from Stockholm travelled to the Italian Alps during the Swedish winter
holiday week from February 24" to March 1% 2020, which coincided with the Italian disease outbreak in the
Lombardy region on February 215 [91]. Stockholm experienced an initial peak in incidence while other regions
had the advantage of having a few weeks to prepare for their peak [83]. Although the same policies were applied,
the lethality rate of Stockholm in the first wave was 5 times as high as the rate of the region Skane. Skane was
the region with the third highest number of COVID-19 deaths per million inhabitants in Sweden as of February
6" 2021 [92]. Between March 2020 and February 2021, its number of deceased people per million was around
two thirds of the same number in Stockholm (1,054 versus 1,585), although the number of new infections per
million was 1.23 times as high as the same number in Stockholm during this time period (73,852 versus 59,616)
[92].
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2.4.3 The Stringency Index

The stringency index is a part of the Oxford COVID-19 Government Response Tracker (OxCGRT) and records
the strictness of the lockdown and intervention policies during the corona virus pandemic in a country-specific
way [93]. It is a composite measure based on certain response indicators, which are school closures, workplace
closures, public event cancellations, gathering restrictions, closures of public transports, public information
campaigns, stay home measures, internal movement restrictions, international travel controls, testing policies,
contact tracing, face coverings as well as vaccination policies [94]. These indicators are rescaled to a value from
zero to 100, where 100 is the strictest realization of the intervention measures. If policies vary at the subnational
level, the index is shown as the response level of the strictest sub-region [95].

The courses over 53 weeks of the stringency indices of Germany and Sweden are shown in Figure 2.4.

stringency index
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Figure 2.4: The time evolution of the stringency indices of the countries Germany and Sweden between January
227 2020 and February 5" 2021.
Source of data: [95]

It is observable that the stringency indices of the countries change gradually. The German index starts increas-
ing sharply from zero on January 22"¢ and the Swedish one even sharper on March 11t* 2020, when 2019-nCoV
started having a great impact on the European population. The German index reaches its first local maximum
value of 76.85, which remains until May 2"?¢, on March 23" 2020 and its second one of 85.19 on January 6"
2021. The Swedish index achieves its first local maximum of 64.81, that remains until June 12", on April
5t* and its second one of around 70 on December 16?
of 49.54 between September 6*"* and October 14*", whereas the local minimum of 55.56 of the Swedish index

lasts from August 18" until November 9", Altogether, the German OxCGRT-stringency index fluctuates more

2020. The Germany index is kept on a local minimum

excessively than the Swedish one. Germany responded to the global pandemic 7 weeks earlier than Sweden
according to the index. It also reacted to the second major wave of SARS-CoV-2-infections 3.5 weeks earlier

than Sweden.
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2.4.4 Vaccines and Vaccination Strategies

The first COVID-19 vaccines were authorized in Germany in December 2020 and January 2021. The messen-
ger ribonucleic acid (mRNA) vaccine Comirnaty of the BioNTech Manufacturing GmbH in collaboration with
the US-American pharmaceutical company was authorized first on December 215¢ 2021, the mRNA vaccine
Moderna of the US-American biotechnology enterprise Moderna in collaboration with the National Institute of
Allergy and Infectious Diseases was approved on January 6! 2021 and the vector vaccine Vazzevria created
by the Swedish-British pharmaceutical firm AstraZeneca in collaboration with the University of Oxford was
authorized on January 29" 2021 [96]. The vaccine Vazzevria was named COVID-19 Vaccine AstraZeneca until
March 24*" 2021. In the past, mRNA vaccines were studied for influenza, Zika, rabies, and cytomegalovirus.
As soon as the necessary information about the virus was available, scientists began designing the mRNA in-
structions for cells to build the unique spike protein into an mRNA vaccine [97].

The mRNA contains information from messenger RNA | including the code of a specific virus antigen and trans-
fers the information for the production of the antigen to the protein-producing cell machinery of the body. Thus
the body is able to produce the antigen on its own since cells trigger the specific immune response, which is
achieved primarily through T-cells and neutralizing of the antibody production. The body is provided with
the code to produce the non-infectious version of the corona virus spike protein. If a vaccinated person comes
into contact with SARS-CoV-2, the immune system recognizes the surface structure and is able to eliminate
the virus. The difference between conventional and mRNA vaccines is the fact that mRNA vaccines do not
contain viral proteins themselves but the information of the necessity of a virus trait cell production effecting

an immune response. [98]

The Moderna and Pfizer/BioNtech vaccines are delivered by lipid nanoparticles which are phospholipid mem-
branes surrounding the mRNA that codes for the spike protein. After the injection of the lipid nanoparticle
the phospholipid membrane of the nanoparticle fuses with the host membrane and releases the mRNA into the
cytoplasm of the target cell. The mRNA of the spike protein is translated at the rough endoplasmic reticulum
producing this protein within the cytoplasm. The spike protein is then degraded and expressed by the Major
Histocompatibility Complex I (MHC 1) and II (MHC II). A T-Helper cell binds with MHC IT and consequently
releases interleukins causing T-Helper to form T-Helper memory cells and B cells to differentiate into plasma
cells, that release specific antibodies to the spike protein fragment. Cytotoxic T-cell molecules bind MHC I
and a certain kind of cytotoxic T-cells bind the spike protein fragment, such that it is primed to eliminate all

infected cells.

As opposed to mRNA vaccines, the vector vaccine Vazzevria is composed of DNA that codes for the spike
protein and is encased in a capsid from a chimpanzee adenovirus made up of a weakened version of an aden-
ovirus of chimpanzees. The adenovirus with the accompanying DNA enters a cell by endocytosis, after which
the DNA is released into the cytoplasm and migrates to the cell nucleus where it is transcribed creating mRNA
that codes for the spike protein. This mRNA is translated at the rough endoplasmic reticulum, where it creates

the spike protein in the cytoplasm. [99]

Comirnaty, Moderna and Vaxzevria authorized vaccines are given in 2 doses. A vaccination series has to
be continued with the same vaccine as it has started with, with the exception of people under 60 years who
have already received a first dose of the vaccine of the company AstraZeneca [100]. If different vaccines are
given at first and second vaccination, this is called a heterologous vaccination. Animal data have shown that
the immune response is the same after a heterologous vaccination [101]. The mRNA vaccines seem to have the
advantage of their usage of the need for mRNA to enter the nucleus of the cell and potentially integrate into the
host DNA. They seem to display the disadvantage to include the lower stability of mRNA as indicated by the

need to store these vaccines at very low temperatures and a theoretically lower ability to stimulate the cellular
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manufacturing of spike protein antigen [99]. Vazzevria has the advantage to be able to be shipped and stored
easily at normal refrigeration temperatures, and the ability to distribute vaccines can be almost as important
as the effectiveness.

Vaccine efficacy is defined as the percentage reduction in disease incidence in a vaccinated group compared to
an unvaccinated group under optimal conditions, whereas vaccine effectiveness is defined as the ability of the
vaccine to prevent outcomes of interest in the real world [102]. A maximum efficacy of 94.5 % against the de-
velopment of clinical symptoms was verified in an US-American clinical trial with 30,000 individuals, of whom
15,000 were vaccinated with the Moderna vaccine and 15,000 were given a placebo [99, 103]. The BioNtech
vaccine reached an efficacy of 95 % in a clinical trial with 43,448 individuals including a placebo group of
21,728 people and a vaccinated group of 21,720 individuals of 16 years or older [99, 104]. The Vazzevria vaccine
attained an efficacy of 70 % in a clinical study with 12,000 individuals [99], and a study based on a total of
131 COVID-19 cases and 11,363 participants showed that 2 full doses of the vaccine appeared to be only 62 %

effective at preventing disease, while a half dose followed by a full dose was about 90 % effective [105].

Many vaccines can prevent transmission apart from the illness itself, such that a future herd protection is
possible. According to the Johns Hopkins University, it is not yet clear whether the current COVID-19 vac-
cines prevent the transmission of SARS-CoV-2, but it is likely they reduce the risk of virus transmission but
probably not completely in everyone [106]. A study at the Maccabi Healthcare Services central laboratory in
Israel showed that the viral load is reduced 4-fold for infections occurring 12-14 days after the first dose of the
BioNtech vaccine [107]. An analysis based on weekly swabs obtained from volunteers in a British study showed
the potential for the Vazzevria vaccine to reduce asymptomatic transmission of the virus, as data showed that
PCR positive readings were reduced by 67 %. The same study revealed a vaccine efficacy of 76 % after a first
dose and 82.4 % with an inter-dose interval of 12 weeks [108].

Future research and clinical trials still have to address the questions how well the vaccines work in people who
are at high risk of COVID-19, how well some of the vaccines protect against severe COVID-19, to what extent
the vaccines prevent those who have been vaccinated from passing the virus on to others, how long immunity
lasts and if the vaccines are safe for pregnant women. Apart from this, vaccine hesitancy, weariness with current
public health restrictions and the staggering logistics of vaccinating the world population must be addressed by

politicians and researchers [109].

The WHO tracks the development of COVID-19 candidate vaccines. 63 vaccines were in clinical and an-
other 179 in pre-clinical development worldwide as of February 12t 2021 [110]. A heterologous recombinant
adenovirus-based vaccine showed a good safety profile and induced strong humoral and cellular immune responses
in participants in phase I and II clinical trials [111]. It is named Gam-COVID-Vac (Sputnik V) and is an ade-
novirus viral vector vaccine developed by the Gamaleya Research Institute of Epidemiology and Microbiology.
The vaccine uses a heterologous recombinant adenovirus approach of adenovirus 26 and adenovirus 5 as vectors
for the expression of the SARS-CoV-2 spike protein. It is thought to allow storage at temperatures around
—18° C, which is feasible for many supply chains. [112]. In a randomised, double-blind, placebo-controlled,
phase III trial at 25 hospitals and polyclinics in Moscow with 21,977 adults of whom 16,501 received the vaccine
and 5,476 a placebo, Sputnik V was associated with an efficacy of 91.6 % [111]. Another candidate vaccine
is Ad26.COV2.5 of the Janssen Pharmaceutical Companies, which is a recombinant, replication-incompetent
adenovirus serotype 26 (Ad26) vector encoding a full-length and stabilized SARS-CoV-2 spike protein [113].
Serotype 26 is also used in the licensed vaccine against the Ebola virus. In a phase III study of July 2020 the
vaccine candidate was 66 % effective overall in preventing moderate to severe COVID-19 among participants
from different geographies in South and North America and South Africa 28 days after vaccination [114]. The
definition of severe COVID-19 included laboratory-confirmed SARS-CoV-2, as well as signs consistent with
severe systemic illness, admission to ICU, respiratory failure, shock, organ failure or death, among other factors

[114]. Protection was generally consistent across race, age groups all variants and regions studied, including
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South Africa, where almost all SARS-CoV-2 cases were due to the N501Y mutation [114]. Neutralizing-antibody
titers against wild-type virus were detected in 90 % or more of all participants on day 29 after the first vaccine

dose and reached 100 % by day 57 with a further increase in titers in a specific cohort [113].

The ECDC suggests that the prioritization of COVID-19 vaccinations should take into account several di-
mensions like the objectives of vaccinating, the efficacy for different groups in the population and the protection
against transmission. Vaccination of healthcare workers is described as beneficial since it improves the resilience
of the healthcare system [82]. The ECDC also states that NPIs should continue to be applied if vaccines are
available due to many unknowns in relation to characteristics of the vaccines, which concern deployment, sup-
ply, and to the future appearance of vaccine escape variants. In a mathematical model of the ECDC, which
simulates the transmission of SARS-CoV-2 in the European Union and the progression to COVID-19, the fol-
lowing was assessed: If a vaccine only prevented severe disease but did not prevent transmission, a universal
adult vaccination program concerning adults aged 60 years and over would prevent 90 % of the deaths, but
additionally vaccinating adults aged 18-59 would account for only further 10 %. If a vaccine had 20 % efficacy
against infection and an increased efficacy of 70 % against clinical disease, vaccinating 18-59-old adults would
prevent 69 % of the deaths which a universal vaccination program would prevent. 43 % of the deaths would
be prevented by only vaccinating adults aged 80 years and over. If younger adults with preconditions were
included, 97 % of the deaths would be prevented. Moreover, the model verified that vaccination of healthcare

workers would prevent only 3 % of the deaths of a universal vaccination program. [82]

Around 4.6 million vaccine doses were delivered to the German federal states until February 10** 2021. They
were Comirnaty, Vazzevria or Moderna doses. In the case of the respective vaccine authorization Germany will
receive at least 94.1 million doses of the BioNtech/Pfizer vaccine, 50.5 million doses of Moderna, 56.3 million
doses of Vazzevria, 36.7 doses of the Janssen vaccine as well as at least 74.1 million doses of the COVID-19
mRNA vaccine CureVac CVnCoV and 55 million doses of the COVID-19 vaccine Sanofi/GSK according to
the Ministry of Health [115]. The RKI separates the organization and realization of the Germany COVID-19
vaccination programme into 2 phases. In the phase Ia only small amounts of vaccine are available in relation
to the population size, and vaccinations are centralized and focused on specific vulnerable groups according
to the recommendations of the German Standing Committee on Immunization (STIKO), the Leopoldina and
the German Ethics Board. In the phase Ib, more vaccination doses are available and exposed and vulnerable
groups are vaccinated. In the phase II, vaccination is not centralized anymore such that established doctors
can vaccinate people and pharmacies and wholesale traders distribute the vaccines. The general population is

vaccinated in the second phase. [116]

In Germany, only individuals aged between 18 and 64 were vaccinated with Vazzevria until mid-March 2021,
since the STIKO stated that there were not enough reliable data available with regard to the efficacy of the
vaccine for people aged over 65 [117]. Nonetheless, the WHO recommended that people aged 65 or older should
be vaccinated with Vazzevria earlier than younger individuals [118] and the company AstraZeneca denied in-
sufficient vaccine effects for older people [119]. In mid-March 2021, the vaccine was publicly criticized due to a
probable related increased risk of coagula and thrombocytopenia in order that several countries stopped vacci-
nating Vazzevria. Undoubtedly, the damage of precautionarily suspending the vaccine and not using available
vaccine doses would lead to an immense damage if it was not true that vaccinated individuals died more often
owing to the vaccination than people who have not been vaccinated. In Germany, the Paul-Ehrlich Institute
and the health ministries of the federal stated decided to resume vaccinating Vazzevria on March 19" 2021 in
concert with the European Medicines Agency. In the end of March, it was decided that only people aged over

60 should be vaccinated with Vazzevria.
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The German Ministry of Health lists over 80-year-old people, nurses and carers working in the mobile care
sector, persons working in medical institutions where they are exposed to a high contagion risk, and individuals
who regularly treat or look after people that are exposed to a high risk of a severe or lethal disease progression
like those working in oncology or transplant medicine as those who have the highest priority to be vaccinated.
People aged over 70 years, or who just received an organ transplant, are close contact persons of a pregnant
woman, work in a stationary or semi-stationary institution for mentally or psychologically impaired persons or
in the force of law and order with risk-exposure or in the public health service, or regularly support elderly
people or people in need of care according to the social security state book, or live in refugee or homeless
shelters, or have trisomy 21, dementia, a malignant haematological disease, solid tumor cancer, a severe chronic
lung or liver disease, diabetes or adiposis as those with a high priority of vaccination. Over 60 year-old people

belong to the population group that is classified as having an increased priority to be vaccinated. [115]

As of February 10" 2021, the states with the highest proportion of vaccinated population were Israel with
69.46 % (6,012,294 vaccinations), the United Arab Emirates with 47.37 % (4,684,658 vaccinations), the Sey-
chelles with 45.17 % (44,423 vaccinations), the Cayman Islands with 21.43 % (14,086 vaccinations) and Great
Britain with 20 % (13,577,851 vaccinations). The United States of America vaccinated 13.39 % of its popula-
tion, Spain and Switzerland around 4.8 %, Italy 4.58 %, Germany 4.2 %, Sweden 3.99 %, France 3.5 % and
Brazil 1.94 % up to February 10" 2021 [120]. Japan, Australia and Canada secured more than 1 billion vaccine
doses altogether although only 1 % of the worldwide SARS-CoV-2 infections occurred in these countries [121].
If the 13 most promising vaccine candidates were approved, Canada would receive more than 4 times and the

European Union almost 2 times as many doses as it has inhabitants [121].

The president of the European Commission Von der Leyen stated the following positive and negative aspects
concerning the distribution of vaccines in an interview with the newspaper ZEIT (volume 8 in 2021) in February
2021. She said it was positive that all 27 EU states gained access to secure vaccines. Moreover, the COVID-19
Vaccines Global Access organization (COVAX) co-led by the Coalition for Epidemic Preparedness Innovations
and WHO had the aim to accelerate the development and manufacture of COVID-19 vaccines and to guar-
antee fair and equitable access for every country in the world, such that also poorer countries could receive
vaccines. Von der Leyen stated that 85 % of worldwide states did not have access to any vaccine, it was not
helpful if all Europeans were vaccinated but mutations reached Europe from for example Africa, and COVAX
would start delivering vaccine batches in February 2021. She mentioned that the vaccine approval procedure
had been performed thoroughly in Germany, which took long, such that the United Kingdom with its risky
emergency vaccine admission was 4 weeks ahead of Germany up to then. She also saw the initial advantage
of the United States in the Biomedical Advanced Research and Development Authority (BARDA), which is a
central organization for pandemic crisis scenarios. Von der Leyen substantiated the currently observable vaccine
shortages with the highly complicated production of mRNA vaccines and the necessity of an establishment of

supply chains for them.

2.4.5 Mutations

A frequently discussed issue with respect to the novel corona virus pandemic are viral mutations. The enormous
number of human-to-human transmission events has provided abundant opportunity for the selection of sequence
variants [122, p. 2]. Since the circulation of SARS-CoV-2 in human beings started, the viruses have acquired an
increasing number of polymorphic nucleotide positions in different frame shifts of the viral genome [123]. Thus
the viruses can be separated into distinct classes. It has not been conclusively elucidated in how far specific

mutations affect virulence, transmissibility or immunogenicity.
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The spike protein helps SARS-CoV-2 docking on cells by binding a receptor called ACE2 on the surface of
human cells in order that the absorption into and infestation of the cell are effected [124]. A worldwide growing
number of virus variants exhibits the spike mutation D614G, which implies an increased transmissibility [123].
Additionally, D614G favours the binding of ACE2 on the target cells, which results in a higher infectiousness
[122, p. 6]. The investigation of D614G identified that the variant provided a selective advantage through
increased cellular infectivity, but there was no identifiable effect on infection severity or outcome [125]. A
study with transgenic mice and Syrian hamsters showed that the D614G substitution enhanced SARS-CoV-2
infectivity, competitive fitness, and transmission in primary human cells and animal models [126]. The WHO
regularly assesses if SARS-CoV-2 variants effect changes in transmissibility, clinical presentation and severity,
or if they impact on countermeasures, including diagnostics, therapeutics and vaccines. According to the WHO,
the SARS-CoV-2 virus with the D614G substitution does not cause more severe illness or alter the effectiveness

of existing laboratory diagnostics, therapeutics, vaccines, or public health preventive measures [127].

The recently detected SARS-CoV-2 lineages B.1.1.7, B.1.351, and B.1.1.28 are of greatest concern. Each of
them possesses a unique constellation of mutations, but all exhibit the N501Y mutation, which is a spike pro-
tein polymorphism. Since mid-December 2020, the United Kingdom has reported a growing number of viruses
of B.1.1.7, that have spread in the south of the United Kingdom since September 2020. These viruses are
characterized by an exceptionally high number of non-synonymous polymorphisms in the spike protein [123].
Non-synonymous single nucleotide polymorphisms lead to a change in amino acids in the affected codon, that
is a variation pattern in the sequence of the nucleobases of the mRNA. More exactly, the B.1.1.7 variant has 23
nucleotide substitutions and is not phylogenetically related to the SARS-CoV-2 virus circulating in the United
Kingdom at the time the variant was detected [127]. A simpler transmissibility of the B.1.1.7 variant is as-
sumed by now owing to contact tracing data of Public Health England [123, 127]. A British study estimated the
transmissibility of the variant at 56 % higher than pre-existing variants on the basis of publicly available data
from the COVID-19 Genomics UK Consortium [128]. A study investigated SARS-CoV-2 pseudo viruses bearing
either the Wuhan reference strain or the B.1.1.7 lineage spike protein with sera of 16 participants in a previously
reported trial with the Comirnaty vaccine and found equivalent neutralizing titers to both variants among the
immune sera, such that it is unlikely that the variant viruses will escape the vaccine [129]. Scientists from the
United Kingdom reported evidence suggesting the B.1.1.7 variant might be associated with an increased risk
of death compared with other variants [131]. Another study that analysed a dataset linking 2,245,263 positive
SARS-CoV-2 community tests and 17,452 COVID-19 deaths in England from September 15! 2020 to February
14" 2021 confounded an increase in COVID-19 mortality and more severe illness associated with the lineage
B.1.1.7 [130].

In mid-November, routine sequencing by South African health authorities found out that a new SARS-CoV-2
variant had largely replaced other SARS-CoV-2 viruses circulating in the Eastern Cape, Western Cape, and
KwaZulu-Natal provinces [127]. In December 2020, an increased occurrence of the virus variant B.1.351 was
reported in South Africa, exhibiting multiple non-synonymous mutations in the spike protein [123]. Preliminary
studies suggested that B.1.351 was associated with a higher viral load, which might imply a potential for an
increased transmissibility [127]. Two South African preprints showed that the variant was less susceptible to
neutralization by convalescent sera from individuals exposed to earlier variants, in either live virus or pseudo
virus neutralisation assays [132]. Some evidence indicated that one of the spike protein mutations, E484K,
might affect neutralization by some polyclonal and monoclonal antibodies [131]. The mutation E484K is a
mutation through which the amino acid glutamine is replaced by lysine at the position 484 of the spike protein
[133]. Public Health England reported that the COVID-19 Consortium had identified the E484K mutation in 11
samples carrying the variant B.1.1.7 after analysing 214,159 sequences [133]. Up to the beginning of February
2021, the United Kingdom had also detected 105 cases of the South African variant B.1.351 [133].
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The variant B.1.1.28 circulates substantially in the Brazilian state Amazon. It also exhibits spike protein
mutations [123]. A study saw potential in the association of B.1.1.28 with an increase in transmissibility or
propensity for re-infection of individuals [134]. The variant B.1.1.7 was reported in the United States at the
end of December 2020 and the variants B.1.1.28 and B.1.351 at the end of January 2021 [131]. In Germany,
infections with the variants B.1.1.7 and B.1.351 were confirmed until January 2021 [135].

The concept of herd immunity states that only a proportion of a population needs to be immune to an in-
fectious agent for it to stop generating large outbreaks. More exactly, herd immunity occurs when a high
percentage of the community is immune to a disease usually through vaccination and/or prior illness, such that
the spread of this disease from person to person is unlikely [136]. An effective vaccine presents the safest way to
reach herd immunity [137]. Vaccination of 60 to 70 % of the population is necessary to achieve herd immunity
according to the WHO [138]. Aside from that, the WHO regards attempts to reach herd immunity through
exposing people to a virus as scientifically problematic and unethical [139]. It seems impossible to know how
much of a population is immune and how long that immunity last as COVID-19 and SARS-CoV-2 have to be
researched in increasing detail. These challenges could preclude plans that try to increase immunity within a

population by allowing people to get infected.

It is still unknown how efficient or effective vaccines are with respect to known mutations of 2019-nCoV.
According to the Johns Hopkins Bloomberg School of Public Health, SARS-CoV-2 could still infect children
before they can be vaccinated or adults after their immunity wanes, but it is unlikely in the long term to have
an explosive spread because much of the population will be immune in the future [140]. Obviously, the N501Y
variant contains mutations that blunt the effects of neutralizing antibodies that recognize the receptor-binding
and specific domains of the spike protein [141]. Furthermore, BioNTech researchers revealed that the spike
mutations in B.1.1.7 had little effect on sera from 16 people who had received the vaccine of the company
developed with Pfizer. Meanwhile, a team of the University of Cambridge proved that the sera of 10 out of
15 people was less effective against B.1.1.7 than against other versions of SARS-CoV-2 [141]. A study of the
Columbia University showed that the serum of 22 people vaccinated with Moderna or Comirnaty was 6-9 times
less potent against B.1.351, and serum from 20 previously infected people was 11-33 times less potent [142].
These and similar studies indicate a decreased effect of currently available vaccines against more easily trans-
missible variants of the novel corona virus.

Nonetheless, researchers are still debating if the new variants could undercut the effectiveness of these first-
generation vaccines [141]. An US-American study detected no significant impact on neutralization against the
B.1.1.7 lineage of the corona virus, but a reduced neutralization against the mutations present in the B.1.351
lineage, also called the N501Y variant [143]. Another study discovered that the activity of mRNA-based vaccines
against SARS-CoV-2 variants encoding E484K or N501Y or the K417N:E484K:N501Y combination was reduced
by a small but significant margin [144]. In a third study, the South-African N501Y variant showed substan-
tial or complete escape from neutralizing antibodies in COVID-19 convalescent plasma, which might highlight
the prospect of re-infection with antigenically distinct variants and a reduced efficacy of current spike-based

vaccines. [145].

2.5 Lethality in Corona Virus Disease 2019 Cases

Whereas lethality is the proportion of deceased confirmed cases among all infected cases in a population con-
cerning a certain infectious disease within a certain time period [146], mortality is the proportion of deceased
confirmed cases among all individuals in a population. The case-fatality rate (CFR) is a measure to represent
the lethality of a disease. In order to compute the CFR of the novel corona virus with reference to a certain
population, the number of confirmed deceased cases is divided by the number of confirmed infected cases. The

rate can be related to a specific time period. Hence, the CFR denotes the fraction of confirmed infections that
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ends in death [147, p. 32]. The difference of the lethality rate to the CFR of an infectious disease is the fact
that the divisor of the lethality rate is more general and can still be specified. Using the CFR instead of other
lethality rates is reasoned by the fact that the number of all infected people is unknown [10], such that usually
only detected cases can be counted as infected cases. The CFR is often used as a measure of the virulence of
a virus [148], which is defined as the degree of pathogenicity of the infectious disease within a group or species

under controlled conditions [149].

2.5.1 Case-fatality in Corona Virus Disease 2019 Cases

No reliable data are available concerning the number of individuals infected with SARS-CoV-2. The number
of cases that have been tested and are therefore confirmed is often used as the divisor in the CFR. In gen-
eral, the CFR is based on diagnosed cases of disease rather than the number of actual infections [148]. For
instance, the RKI counts all deaths that are associated with COVID-19, which includes deaths that are po-
tentially not attributable to the disease [150]. The WHO relies on the fatality numbers reported by national

governments while the Johns Hopkins University also takes into consideration press reports on case fatalities [6].

In the sequel, the term deaths related to SARS-CoV-2 will refer to the deaths counted as SARS-CoV-2 deaths
in a specific country, that have not necessarily been caused exclusively or primarily by 2019-nCoV. According
to the Johns Hopkins University, the twenty countries that were most affected by 2019-nCoV in terms of the
highest absolute daily numbers of deaths by January 2021 were Mexico, Italy, Hungary, Indonesia, South Africa,
the United Kingdom, Argentina, Colombia, Canada, Brazil, Spain, France, Poland, Germany, Russia, Ukraine,
the United States, Czechia, India and Turkey [151]. The sequence of enumeration reflects the order of sizes of
the computed case-fatality rates of these countries in a descending way. The CFR of Mexico was stated as 8.7
%, of Italy as 3.5 %, of Germany as 2.2 %, of the United States as 1.7 % and of Turkey as 1 % on January 12t"
2020 [151].

In the following diagram, the progression of the case-fatality rates of three European countries, the Euro-
pean Union on average and in the United States over the first and second wave of the pandemic are illustrated

on a linear scale.
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Figure 2.5: SARS-CoV-2 case-fatality rates of Germany, Sweden, Italy, the European Union and the United
States between the calendar weeks 8 in 2020 and 6 in 2021.
Source of data: [152]
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It is conspicuous in Figure 2.5 that the case-fatality rate of the United States decreases until March 237¢ 2020
while the rates of the other regarded countries increase. Among the three European countries, the CFR of Italy
starts increasing at first, namely on March 2"¢, whereas the rates of Sweden and Germany begin to grow about
one week later, whereby the CFR of Sweden increases a lot sharper than the CFR of Germany. The Swedish
CFR reaches a first peak of 9.34 % on April 3" and an even higher one of 12.18 % on May 8!*. The CFR of
the United States attains a lower local maximum of 4.52 % on May 14", and the CFR of Germany remains on
its highest level between 4.5 % and 4.7 % between May 13t and July 5. Moreover, it is evident that the Ger-
man CFR passes the one of the United States on July 5" and remains on a higher level until October 15" 2020.

The CFR of the European Union is higher than the one of the United States from March 13" 2020, shortly
achieving an equal level as the United States on November 7t". It stands out that the CFR of Italy is signifi-
cantly higher than the rates of the other presented countries as well as the European Union on average between
March 1%* and October 315 2020, with 1.81 more percentage points than Sweden on May 9" and 3.25 more
percentage points than the European Union on June 2"¢. The Italian CFR remains higher than the other
presented CFRs from November 1%, remaining at around 1.1 percentage points over the CFR of the European

Union from December 10" on.
Figure 2.6 shows the daily newly confirmed deaths per million people between March 2020 and August 2020

in the upper diagram and between September 2020 and February 2021 in the lower diagram in four European

countries, on average in the European Union and in the United States on a linear scale.
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Figure 2.6: Daily newly confirmed deaths related to SARS-CoV-2 per million people in Germany, Italy, France
and Sweden, the European Union and the United States between the calendar weeks 5 in 2020 and 7 in 2021.
Source of data: [90]

The upper diagram in Figure 2.6 presents that figures sharply increased in Italy at first, which was in the end
of February 2020. In France, the increase was even stronger than in Italy, started in the first week of March
up to a peak of 14.94 attained on April 9. In the second week of March, figures began to strongly increase
in Germany until a peak of 2.97 was reached on April 21%¢ and Sweden until a local maximum of 10.64 was
attained on April 24*". Obviously, the Swedish peak was 3.58 times and the French 5.03 times higher than
the German one. The Italian turning point of spring occurred at a value of 13.47 on April 27¢, which was one
week before the French peak. In contrast to Italy, France and Sweden, the German local maximum of April
was below the maximum of spring of the average of the European Union. In all four depicted countries as well
as the European Union in general, the number of daily newly confirmed deaths per million inhabitants was low

between June and September 2020.

In all of the countries and the European Union on average, 2 more or less clear local maxima are observ-
able in the second wave of the pandemic. This can be seen from the lower graph of Figure 2.6. Sweden reached
a value of 7.62 on December 17t" and 13.62 on January 20*", Germany achieved a value of 7.90 on December
374 and 10.68 on January 13", France attained a value of 9.59 on November 20*" and 7.03 on February 11**, in
Italy the values of 12.26 on December 3"% and 8.40 on January 11** can be seen, and the United States exhibit
a value of 8.56 on December 227¢ and 10.12 on January 13*. This verifies that the first peaks of the second

wave were reached in France and Italy, but shortly before Christmas 2020 in Germany, Sweden and the United
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States. It catches attention that the maximally achieved value of autumn/winter is 1.28 times larger than the
one of spring 2020 in Sweden, whereas the maximum reached in Italy (France) is 1.10 times (1.55 times) larger

in spring than in autumn/winter.

What is most striking in the lower graph is the fact that the maximal number of German daily newly con-
firmed cases per million people attained in autumn/winter (10.68, January 13" 2021) was more than 3.5 times
higher than the maximal number reached in spring (2.97, April 215t 2020). In contrast to that, the local maxima
in spring and autumn/winter of the European Union (7.04 on April 7*" and 7.90 in mid-December) were almost

the same.

The number of daily new deaths in Italy, Germany or Sweden passed the average number of the European
Union on November 6", December 21°¢ or January 5", respectively. It must be added that Italian death
numbers were below those of the European Union from the end of August until the end of October, and then
were on the same level as those of the European Union until the beginning of November. As opposed to this,
French numbers already passed the average of the European Union in mid-September.

The United States showed their peak of 6.83 in the first wave 17 days after the peak of the European Union
(7.04). The local maximum of the United States (10.12, January 13*") in the whole autumn/winter wave was
1.26 times higher than the one of the European Union (8.03, November 29t").

A country with higher daily death numbers per million people than all of the four depicted countries from
the beginning of September until mid-November and from mid-December on is Czechia, that is not depicted in
Figure 2.6, with the local maxima of 19.58 attained on November 5" and 16.50 reached on January 15¢%[90].

In Table 2.1, the changes in lethality related to SARS-CoV-2 infection in seven European countries and the
United States can be seen. The data were created by Brunner et al. The change in lethality between a month
and the previous month was computed as the ratio of additional deceased to additional newly infected individ-

uals. The largest monthwise change per country is printed in bold.

Table 2.1: Change in the lethality rates of Germany, France, Sweden, Denmark, Spain, Italy, the United
Kingdom and the United States per month between January 2020 and January 2021

Source of data: H. Brunner, personal communication, February 18" 2021

Month Germany France Sweden Denmark Spain Italy UK UsS
January 2020 0 0 0 0 0 0 0 0
February 2020 0 4 0 0 0 2.37 0 0
March 2020 1 6.71 7.51 2.96 8.83 11.83  3.63 1.67
April 2020 6.21 17.57 15.74 5.73 13.68 15.59 18.12 6.79
May 2020 9.16 19.78 10.45 4.85 9.92 19.79 13.66 5.76
June 2020 4.25 7.99 2.77 2.82 12.54  17.83 10.67 2.72
July 2020 1.05 1.74 2.74 0.94 0.29 5.33 4.06 1.33
August 2020 0.45 0.42 0.58 0.27 0.37 1.59 0.95 2.08
September 2020 0.4 0.47 1 0.23 0.88 0.9 0.55 1.94
October 2020 0.41 0.6 0.14 0.39 0.98 0.75 0.79 1.24
November 2020 1.15 1.86 0.63 0.34 1.99 1.84 0.61 0.85
December 2020  2.48 2.96 1.05 0.55 2.06 3.68 1.75 1.2
January 2021 5.03 1.98 2.21 2.36 0.92 3.22 2.46 1.54
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Table 2.1 conveys that Italy and France were the countries in which the monthly computed lethality rates
increased at first among the eight countries, which was in February 2020. The French lethality rate increased
1.68-times as much as the Italian one between the end of January and February. Among the six other countries,
the increase in lethality related to SARS-CoV-2 between the end of February and March was largest in Spain
and second largest in Sweden. The Spanish and Swedish country-specific lethality increase rates of March were
higher than the French but smaller than the Italian increase rate of March. Apart from this, the initial Spanish
8.83-fold increase from February to March was around 3-9 times as high as the initial increases in Germany (1),
Denmark (2.96), the United Kingdom (3.63) or the United States (1.67).

In Sweden, Denmark, Spain, the United Kingdom and the United States, the largest country-specific change
in lethality rates occurred in April 2020, whereas it occurred in Germany, France and Italy in May. When
comparing the country-specific peaks depicted in Table 2.1, the order of countries in a descending order of
peak heights is Italy, France, the United Kingdom, Sweden, Spain, Germany, the United States, Denmark. The
maximal change rate reached in France (19.78) is smaller than the Italian one by only 0.1. The height of the
Swedish (German) maximal change rate is around three quarters (only half) as large as the Italian one, while
the Danish one is only around one quarter as large as the Italian one.

In Germany, France, Sweden and the United Kingdom the monthwise lethality rates still grew compared to
the respective previous month until July 2020 but with a downward trend. Then they decreased until October
(Germany, France) or November (Sweden, the United Kingdom). In Denmark and Spain declines in monthly
computed lethality primarily occurred in July. They lasted until October in Spain, and until December in
Denmark. Spain showed increasing monthwise lethality ratios in April, May and June 2020 with change ratios
of 13.68, 9.92 or 12.54, but a sudden sharp decrease in lethality in July with a change ratio below 1, that was
approximately 2.3 % of the change ratio of June. This represents the largest difference between 2 successive
non-zero table entries of a country.

The United States recorded a decrease in the monthwise lethality rate exclusively in November, and Italy in
September and October. While Germany, France, Sweden, Denmark, Italy and the United Kingdom registered
a decreasing growth in monthly computed lethality rates between their respective peak and the attainment of
a diminution of lethality rates, Spain and the United States showed fluctuating growth rates between April and
June or April and October, respectively. In January 2021, Germany recorded the largest change ratio (5.03)
among the eight countries, that was around 1.55 times larger than the Italian one (second largest one) and 3.25
times as large as the American one (smallest growing one). Spain was the only country exhibiting a decreasing

lethality change ratio then.
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SARS-CoV-2 lethality data are often visualized age-specifically [10]. According to the Robert-Koch Institute the
CFR of individuals younger than around 50 years is lower that 0.1 % and the CFR, of those who are older than
80 years is often higher than 10 % [10]. According to the ECDC, there is an increased risk of hospitalisation,
ICU admission and death with increased age and for those with certain underlying conditions [82].

The following diagrams show the pooled weekly death data for two age groups in the data-providing partner
countries of EuroMOMO between the ends of the years 2019 and 2020. EuroMOMO is a project for the contin-
uous and near-term European detection and measurement of excess deaths [153]. Its current partner countries
(as of January 2021) are Austria, Belgium, Cyprus, Denmark, Estonia, Finland, France, Germany, Greece, Hun-
gary, Ireland, Israel, Italy, Luxembourg, Malta, the Netherlands, Norway, Portugal, Slovenia, Spain, Sweden,
Switzerland, Ukraine and the United Kingdom. The red dashed lines represent a substantial increase, the blue
dashed lines symbolize the baseline progress, the blue shaded domains reflect the normal range, and the yellow
domains signify time intervals in which data were corrected for delay in registration. The normal blue lines
stand for the numbers of pooled death of the respective age groups. The age groups of 15-44- and over 65-year
old people were selected owing to the wide range of individuals they comprise as well as the clear differences in

the two correspondent graphs.

15-44 years

Figure 2.7: Pooled weekly death number data in the data-providing partner countries of EuroMOMO between
the calendar week 42 in 2019 and 6 in 2021 for people aged between 15 and 44 years.
Source of data: [153]

65+ years

Figure 2.8: Pooled weekly death number data in the data-providing partner countries of EuroMOMO between
the calendar week 42 in 2019 and 6 in 2021 for people aged over 65 years.
Source of data: [153]

Generally, the level of death numbers in Figure 2.8 is a lot higher than the level of death numbers in Figure 2.7,
which is justified by the greater mortality risk of people over 65 years compared to 15 to 44-year old people.
The highest level reached in Figure 2.7 is 1,543 weekly deaths (calendar week 3 in 2021), which is only 3.74 %
of the lowest level achieved in Figure 2.8 (41,224 in the calendar week 25).

The progression of the graph of the weekly total number of deaths in the data-providing EuroMOMO partner
countries referring to the age group 65+ fluctuates less than the one of the age group 15-44, such that more
local maxima are found in Figure 2.7. Nonetheless, the largest peak in Figure 2.7 is only 1.066 times as high
as the second highest (reached in the calendar week 15 in 2020), 1.097 times as high as the third largest peak
and 1.1 times as high as the fourth largest peak. The global maximum in Figure 2.8, which is 79,432 weekly
confirmed deaths of people over 65 (reached in the calendar week 14 in 2020), is also only 1.12 times as high
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as the second highest local maximum (reached in the calendar week 3 in 2021). As opposed to this, it is 1.48

(1.72) times as high as the third (fourth) largest peak attained by this age group.

What is most striking in the two figures is the fact that the calendar weeks 14/15 in 2020 and 3 in 2021
were the ones with clear peaks, particularly in the age group 65+. This is probably reasoned by raised numbers
of deaths effected by the corona virus pandemic since the calendar week 14/15 in 2020 or 3 in 2021 lies around
the peak of the first or second wave of the worldwide pandemic, respectively.

The substantial increase from the baseline value is 48,990 in the calendar week 14, 48,467 in the calendar week

15 in 2020 and even 52,513 in the calendar week 3 in 2021 for people of 65 or more years.

2.5.2 Uncertainty in Case-fatality Computations

It is generally problematic to precisely calculate the CFR because of uncertainties regarding the time course
of the disease and difficulties in the diagnosis and reporting of cases [148]. The method of time-shifted distri-
bution analysis is a way of predicting the CFR as well as the delay between reporting and deaths over time,
using only publicly available data on cases and deaths and not making assumptions or parametrisations re-
garding the progress of the disease [148]. Time-shifted distribution means that the shape of the evolving time
distribution of SARS-CoV-2 cases in a given country often closely matches the shape of the correspondent dis-
tribution of deaths of SARS-CoV-2 cases, but shifted by a number of days and linearly scaled in magnitude [148].

There are many possible reasons for the fact that case-fatality rates range from 0 to more than 20 % on
the country level [154]. For example, the pathogen and the immune response of the host, which can depend on
age, sex, genetic factors and pre-existing medical conditions, have an impact on the SARS-CoV-2-specific CFR.
Environmental factors such as climate and health system may also affect it [148]. In the following, 4 other main

causes of local or global differences in case-fatality rates are given.

Firstly, the absence of effective treatment in certain countries may be a cause of a higher CFR com-
pared to countries with better treatment options. This absence can be reasoned by overwhelmed health care
systems effected by sharply increasing incidence rates. Results of an incidence reaching a local peak can be
a deficiency of hospital beds and a reduced amount of care any individual patient can receive. During the
first wave, television companies broadcasted triage scenarios from Italy in which doctors had to decide which
patients will be ventilated and which not [155]. There was also concern that the number of ICU beds and nurses
in hospitals was sufficient for the volume of diseased cases in Germany [155] and other countries. In December
2020, an average 17 % of German intensive care unit beds, which meant 4, 158 beds, were not occupied according
to the Federal Statistical Office of Germany. Moreover, 56.7 % of hospitalized patients had to be given artificial
respiration during anaesthesia and in the intensive care unit [156].

It is difficult to find reliable data that quantifies the overburdening of the health care system. Is also has
to be noted that an exorbitant ICU occupancy during pandemic times may be additionally effected by ICU
cases whose ICU admittance is not necessary, although it is difficult to decide about this in marginal cases.
Nevertheless, the predicted number of infected individuals at its peak can be used as a proxy for the expected

demand for health care resources at the height of the epidemic [78].

Secondly, countries probably differ in the accuracy in detection of infections as well as the control of the
observance of imposed restrictions. Different populations might follow governmental instructions in a more or
less disciplined way, such that social distancing and isolation might be realized to larger measure in countries
with autocratic regimes [154]. With the aid of precise mathematical models numbers of unreported cases can be
determined under certain considerations, such that the dark figures of countries or regions can be computed. The

German Fraunhofer Institute for Industrial Mathematics created a mathematical approach taking into account
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socially-weighted prevalence, which substantially means age groups and testing policies. A fundamental idea
behind this was the presumption that older people were overrepresented in the number of reported infections in
certain countries and asymptomatic cases or cases with only mild symptoms increased the underestimation of
incidence [157]. Based on the data of April 224 2020, this model determined at least 22, 107 undetected infec-
tions in addition to the reported number of 73, 268 infections for Germany, and 476, 297 undiscovered infections
in addition to the 105,630 reported ones in Italy [157].

Thirdly, testing policies have an immense impact on the differences in case-fatality rates between differ-
ent countries. If a larger fraction of the population is tested, more infected cases are detected, reported and
thus confirmed. Hence with more testing, more people with milder cases are identified [151]. On the one
hand, this may be thought to lower computed CFRs as it can be assumed that positively tested individuals are
treated earlier. It may be assumed that earlier detection due to enhanced testing enables better care for high
risk patients and results in lower mortality rates [78]. On the other hand, more testing increases the number
of positively tested individuals, such that more deceased cases are probably classified as SARS-CoV-2 deaths,
although their actual cause of death might be a comorbidity. Hence punctual state-funded testing facilities in
certain regions or generally better testing strategies of countries could lead to a stronger overestimation and an

imbalance in CFR computations between different regions.

Test prevalences are commonly translated to the overall population without incorporation of the respective
dark figure of unconfirmed infected cases [158]. In December 2020, the RKI conjectured the number of uncon-
firmed German SARS-CoV-2 cases as 4-6 times as high as the number of confirmed ones [159]. Seroprevalence
studies implied a dark figure between 2-6 times the number of confirmed infections [158]. An analysis investi-
gated time-dependent variations in effective fatality rates over the course of the COVID-19 pandemic and used
German COVID-19 surveillance data as well as age-specific fatality rate estimates from multiple international
studies. Applying 3 distinct methods for estimation the analysis showed that a large fraction of time-dependent
variability in case-fatality could be explained by changes in the age distribution of infections [160]. Thus the
age distribution of infections was detected to be a major determinant for the resulting mortality. A Spanish
analysis estimated the diagnostic rate of European countries in an unbiased way, developed an effective index
to monitor the comparative situation of COVID-19 in Europe, and conveyed that the reporting rate differed
between countries an regions but was roughly constant over time [161]. According to a study of 565 Japanese
people evacuated from Wuhan, all of whom were tested, only 9.2 % of infected people were detected with cur-
rently used symptom-oriented monitoring [162], indicating that the number of infected people was likely to be

about 10 times greater than the number of registered cases in Japan.

In a German scientific paper covering the necessity of a change of strategy in dealing with the pandemic,
the so-called notification index NI was developed and defined [158]. It describes the dynamics of the devel-
opment of the infectious disease on a national or regional level. It involves the reporting rate M, per 100,000
inhabitants, the rate of positive tests T among the realized tests, the testing frequency T and a heterogeneity
factor Het. The factor Het is defined as the quotient of the percentage number of people infected in clusters to

the percentage number of people infected sporadically. Its mathematical definition reads

M,-T

NI = ——rF—.
TQ-Het

This index is a measure for the infection risk of a region and enables the appropriate compensation of bias in
dark figure estimations for regions. A larger heterogeneity factor Het implies a lower risk. The reporting rate
M, is the rate at which infected cases are reported to authorities. It could also be called the case-confirmation
rate. The notification index was presented as an alternative to the 7-day-incidence [158]. It always has to be

kept in mind that completely reliable quantitative measures are not attainable if the simple reporting rate is
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used, but the above notification index NI is secured by other factors. The incorporation of the reporting rate
into lethality measures cannot be stopped since reliable data concerning numbers of unregistered cases do not
exist. The also developed so-called hospitalization index HI describes the strain on the health care system and
is defined as the product of the notification index NI and the rate of hospitalization K [158]:

HI=NI K.

In the computation of the hospitalization index, the parameters used for computing the index NI should be 5
days backdated as hospitalization can take place some days after infection, and the heterogeneity factor Het
may be omitted [158].

A fourth factor is age and comorbidities like cardiovascular diseases, cancer, diabetes mellitus, chronic
lung diseases, which all individually increase a mortality risk. As a result, countries with a greater share of
elderly in the population, or with higher incidence of recognized comorbidity factors might be distinguished by
relatively high CFRs [154]. Generally, a large factor triggering misestimation of CFRs are wrong assessments
of deceased multimorbid people who were confirmed SARS-CoV-2 cases. It is difficult to decide whether they
died of the infection or merely with the infection [163].

Multiple comorbidities are associated with the severity of disease progression. Many deaths and ICU admis-
sions due to COVID-19 have been related to cardiovascular comorbidities. A study including 1,590 laboratory
confirmed hospitalized patients from 575 hospitals in 31 provinces across mainland China showed that 399 (25.2
%) reported at least one comorbidity and the most prevalent comorbidity was hypertension (16.9 %) [164]. A
meta-analysis including 1,558 infected patients in China identified hypertension, diabetes, chronic obstructive
pulmonary disease (COPD), cardiovascular disease as well as cerebrovascular disease as significant risk factors
for COVID-19 patients [165]. In a study including 166 UK hospitals and 16, 749 people with a confirmed SARS-
CoV-2 infection, that was conducted between February 6t and April 18" 2020, increased age, a respiratory,
systemic or enteric comorbidity as well as obesity were associated with a higher probability of mortality [166].
Obese individuals are predisposed to hypoventilation-associated pneumonia, pulmonary hypertension and car-
diac stress, an increased risk of diabetes mellitus, cardiovascular disease and kidney disease [167]. The named
comorbidities are considered to result in an increased vulnerability to pneumonia-associated organ failures [167].
Apart from this, the risk for type-2-diabetes patients to have a worse disease progression seems high according
to a Chinese cohort study of 7,337 patients with a confirmed SARS-CoV-2 infection among which 952 had type
2 diabetes [168]. A meta-analysis of multiple studies in China detected a 4-fold increase in mortality in patients
with pre-existing COPD and confirmed SARS-CoV-2 infection [169]. Nevertheless, a German observational
study with almost 1 million enrolled patients, of which 148,557 had COPD and 818,490 had asthma, did not
deliver evidence for an increased mortality risk of COPD- or asthma-patients if they are treated with inhaled
steroids [170]. With respect to studies concerning the impact of comorbidities it should generally be considered
that the reporting of regarded cases might have concentrated on hospitalized and ICU patients rather than

mild, outpatient infected people [171]. This raises case-fatality rates relatively in comparison to other countries.

As of July 227¢ 2020, the most commonly detected comorbidities of COVID-19 patients in Italy were hy-
pertension (66 % of the cases), type-2-diabetes (29.8 %), ischemic heart disease (27.6 %), atrial fibrillation (23.1
%), chronic renal failure (20.2 %), chronic obstructive pulmonary disease (17.1 %), active cancer during the last
5 years (16.3 %), heart failure (15.8 %) and obesity (10.7 %) [172].

German forensic medicals from Hamburg assumed that the number of unconfirmed SARS-CoV-2-induced deaths

was lower than generally estimated because the dark figure of unconfirmed or asymptomatic or overcome infec-

tions was unresolved, whereas the dark figure of the proportion of fatal SARS-CoV-2 infections was enormously
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small [174]. In the northern German Federal State of Hamburg, all deaths of Hamburg citizens with ante- or
post-mortem PCR-confirmed SARS-CoV-2 infection were examined post-mortem contrary to the initial rec-
ommendation of the RKI between the outbreak of the pandemic in Germany and May 15" 2020 [173]. The
autopists provided a systematic overview of the first 80 consecutive full autopsies. They categorized the de-
ceased people into definite COVID-19 deaths, probable COVID-19 deaths and possible COVID-19 deaths with
an equal alternative cause of death. The deceased had an average age of 79.2 years, 34 were female and 46 male,
and all of them except for 2 women had relevant comorbidities. The autopists found a COVID-19 pneumonia in
83 % of the cases and that a virus infection of the respiratory tracts and the lung was of central importance for
fatal disease progressions [173]. Competing causes of death were considered in 11 % and clear causes of death
not related to COVID-19 were found in 5 % of the cases [173]. Modifications due to bacterial superinfections,
diverse comorbidities as well as multimorbidity in general usually completed the health profile of a person who
died as a consequence of pneumonia. The typical symptom profile of an exclusive virus pneumonia was said to
be exceedingly rare [174].

German pathologists from Kiel proved that 85 % of the deceased people with a confirmed SARS-CoV-2 infec-
tion, who were examined post-mortem at the institute of pathology of the university clinic Schleswig-Holstein,
died due to COVID-19 and not simply with it. The team of pathologists performed more than 50 cases aged
between 53 and 90 until the beginning of February 2021 [175].

It is obvious that the enumerated bias-triggering factors are associated with each other. If a CFR is used
as an indicator of SARS-CoV-2 lethality, it is generally very likely to be overestimating, because a large frac-
tion of infected people remains undetected as they are not included into the population of confirmed cases.
Most often, merely symptomatic cases are tested and detected. However, a CFR may be an underestimating
region-specific lethality rate concerning a certain time period in the way that the cumulative number of deaths
might eventually keep growing as an increasing number of patients is hosted in intensive care units. The un-

derestimation is caused by the time delay between the occurrence of the infection and the death in this case [163].

Another common error in CFR computation for a point in time ¢, that leads to misestimation, is the us-
age of the number of confirmed infected cases at time ¢ and deaths of individuals with a confirmed infection at
time ¢. The average time from case detection and confirmation to death is not incorporated then. If this time
is indeed taken into account, it should firstly be considered that most cases are probably detected during their
symptomatic period, which is after the incubation time, and secondly a bureaucratic delay is accountable for a
lagged reporting to the responsible authorities. The average period between symptom development and death
of a confirmed case was 11 days during the first wave of the corona virus pandemic in Germany according to
the RKI, whereas this period was stated to last 16 or 18 days in other studies [10].

All of the described possible deviations of the foundations of CFR computation among countries complicate the

assessability of the extent of mortality the infectious disease causes.

A possible way of achieving more realistic representations of lethality rates than by computing CFRs is using
infection-fatality rates (IFRs). An IFR is obtained by dividing the number of confirmed as well as asymptomatic
unconfirmed infected deaths by the number of known infected cases [176]. An analysis of age-specific IFRs found
an exponential relationship between age and IFR for COVID-19 [177]. Whereas the estimated IFR for children
and young adults was smaller than 1 %, it progressively increased at higher ages, reaching 15 % at age 85 [177].

To account for the deaths of asymptomatic unconfirmed infected people so-called probable SARS-CoV-2 deaths
can be used. Whereas confirmed SARS-CoV-2 deaths can be defined as those those occurring in persons with
a laboratory-confirmed SARS-CoV-2 infection, probable SARS-CoV-2 deaths are, among others, those with
COVID-19, SARS-CoV-2 or a similar term listed on the death certificate as an immediate, underlying, or con-
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tributing cause of death but did not have laboratory-confirmation of the infection [178]. If this kind of IFR
is applied as an indicator of the actual lethality rate, it is inevitable to include probable infected cases into
the divisor with the aid of a statistical estimation method in order to prevent overestimation. There are clini-
cal findings proving that the population-based lethality rate of COVID-19 as measured by the IFR presumably
lies between 0.5 to 1 %, which would mean that lethality is 5 to 10 times higher than for seasonal influenza [179].

Compared with seasonal influenza, COVID-19 was found to be associated with a higher risk of death, vari-
ous secondary diseases, mechanical ventilator use, admission to intensive care, 3 additional days of hospital stay
as well as 16.58 additional cases of death in hospitalized cases in an US-American cohort study between Jan-
uary 1% 2017 and December 31572019 that included 3.641 COVID-19 and 12,676 influenza cases [180]. Among
people admitted to hospital, compared with seasonal influenza, COVID-19 was associated with increased risk
of extrapulmonary organ dysfunction, death, and increased health resource use [180].

Within the ICD-19-code-based hospital sentinel for severe acute respiratory diseases (ICOSARI), patients with
a severe acute respiratory disease (SARI) are registered such that SARI-COVID-19 cases can be compared to
SARI cases emerging from 5 different flu waves (SARI-GW cases). In a comparison of 1,426 SARI-COVID-19
cases of the year 2020 with 69,573 SARI-GW-cases of the years 2015 to 2019, it was discovered that the fraction of
serious disease progression, ventilated as well as deceased individuals was significantly higher in SARI-COVID-
19 cases (21-22 %) than in SARI-GW cases (12-14 %) [181].

In a French nationwide retrospective cohort study using the French national administrative database, all pa-
tients hospitalized for COVID-19 between March 1°¢ and April 30" 2020 (89, 530 patients) as well as all patients
hospitalized for influenza between December 1%¢ 2018 and February 28" 2019 (45, 819 patients) were included,
where a classification as infected comprised a primary, related or associated diagnosis. It was observed that
patients admitted to hospital with COVID-19 more frequently developed acute respiratory failure, pulmonary
embolism, septic shock or haemorrhagic stroke than patients with influenza, but less frequently developed my-
ocardial infarction or atrial fibrillation. Moreover, in-hospital mortality was almost 3 times higher in patients
with COVID-19 (16.9 %) than seasonal influenza (5.8 %) [182]. Apart from this, a Swiss study among adult
patients with COVID-19 or an influenza infection hospitalized in one of 14 regarded Swiss hospitals showed
that the community-acquired COVID-19 was associated with worse outcomes compared to community-acquired
influenza, as the hazards of in-hospital death and ICU admission were approximately 3 times higher [183]. An
international study, which was described as significant, creative and sophisticated by the head of the institute
of forensic medicine at the university clinic of Hamburg, compared autopsy and molecular pathological findings
of COVID-19 and influenza patients that were all diagnosed with the acute respiratory syndrome (ARDS), and
carried out post-mortem examinations of deceased people without any respiratory infection. The influenza and
COVID-19 cases showed diffuse changes in the alveoli of the lung epithelium with perivascular T-cell infiltration.
Severe impairments of the endothelium with damaged cell membranes and 9 times higher risk for microthrom-
bosis in the alveolar capillaries were associated with SARS-CoV-2 [184]. In summary, the results from the
mentioned studies imply that SARS-CoV-2 has a higher potential for respiratory pathogenicity, leading to more

respiratory complications and to higher mortality than influenza.
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2.5.3 Excess Mortality

Apart from case-fatality rates excess mortality can be used as a means to estimate the seriousness and mortality
effects of a lethal virus. It is a wider-ranging measure of the total impact of the pandemic on deaths than the
confirmed death count alone [185]. Moreover, it refers to the number of deaths from all causes during a crisis
above and beyond what would be expected to observe under "normal” conditions [185]. The number of excess
deaths in a population over a certain time period is defined as the deviation in mortality from the expected
non-crisis level [153]. Hence the baseline is the number of deaths expected when no particular process increases
the mortality [153].

According to the European mortality monitoring activity EuroMOMO the prime mortality pattern in European
countries is a Poisson distributed time series, which implies a trend and in some cases a sine cycle of a period
of one year, and is modified by additional factors in winter and summer [153].

EuroMOMO makes use of Z-scores to quantify deviations from the basic mortality [186, p. 43]. Mortality
baseline is modelled using a general linear Poisson corrected model for over-dispersion [153]. The following
EuroMOMO graphic depicts the weekly average number of excess deaths in the EuroMOMO partner countries
of all ages. The blue (grey, yellow, red) line represents the course of excess deaths numbers of the year 2020
(2019, 2018, 2017), and the dashed line is the zero function.

Figure 2.9: Weekly numbers of excess deaths in the data-providing EuroMOMO partner countries for all ages
and the years 2020 (blue), 2019 (grey), 2018 (yellow) and 2017 (red).
Source of data: [153]

When considering the course of the year in mortality statistics, the typical fluctuations during the influenza
season from about mid-December to mid-April should be taken into consideration [187]. Additionally, it must
be noted that the illustrated numbers of excess deaths comply with those of all EuroMOMO partner countries.
The wave of influenza, which usually affects death numbers between mid-December and mid-April, was consid-
ered as finished in Germany in 2020 in the calendar week 12 according to the RKI [186, p. 44]. The impact
of 2019-nCoV on mortality might be weakened by the fact that the influenza waves of the previous years took
longer [186, p. 44].

It is conspicuous that the number of excess deaths in the EuroMOMO partner countries was lower in 2019
than 2018 and lower in 2019 than 2020 in the calendar weeks 1-10. This implies that the influenza wave at the
turn of the year 2018/2019 (2017/2018) was more remarkable than the one of 2019/2020 (2018/2019), except
for the calendar weeks 5 and 6, when there were around 1,000 more excess deaths in the year 2019 than 2018.
During the first 10 calendar weeks of 2018, there were 2 local maxima given by 11,531 weekly excess deaths in
week 1 and 11,353 in week 10. The ECDC stated that the influenza wave of 2017/18 had its activity peak in
early January 2018 in south-western Europe and in mid-February 2018 in northern Europe, and excess mortality
was mainly observed in people aged 65 years or older [188]. Figures were lower in almost the whole year 2017

than in 2019, with negative numbers in the first 16 calendar weeks.
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The maximal number of weekly excess deaths attained in the complete year 2019 is 7,299, that was reached
in the calendar week 6. The maximal value achieved in the first 10 calendar weeks of 2020 is 4,898 (calendar
week 2), which is only 2 thirds of the local maximum of the first 10 weeks in 2019. The low level of death
numbers in European countries until March 2020 in comparison with the rest of the year is reasoned by the
fact that 2019-nCoV started having great impact on European countries in the tenth calendar week of 2020,
which was the first week of March. It is striking that the value of 7,299 weekly excess deaths was the maximal
value attained in 2019, whereas the local maximum of 4,898 in the first 10 weeks of 2020 accounted for only
around one seventh of the weekly number of excess deaths maximally reached in 2020. This is effected by the
influence of the COVID-19 pandemic on the excess death numbers of the particularly the months April to May
and October to December 2020.

The course and local maximum of the weekly number of excess deaths in the first 10 weeks of the years
2018 and 2019 was a lot higher than the highest local maximum of the rest of the respective year (week 31 and
difference of 7,688 in 2018, week 30 and difference of 3,349 in 2019). The same holds for the local maximum of
week 52 of 2017 compared to the highest local maximum of the rest of the same year (week 25 and difference

of 6,074). This can also be reasoned by the typical annual influenza-effected fluctuations.

In the calendar week 10 of 2019, there were 2,171 and in week 11 of the same year there were 1,262 ex-
cess deaths, whereas only 1,220 excess deaths were registered in week 10 of 2020 but 3,392 in week 11 of the
same year. This approximately equals a 0.58-fold decrease in 2019 and 2.78-fold increase in 2020 between the

calendar weeks 10 and 11.

The extreme increase in excess deaths between the calendar weeks 10 and 14 of 2020 cannot be explained
by normally occurring fluctuations. A value of 35,335 was attained in week 14 in 2020, whereafter numbers
decreased until they reached and remained on a level that was similar to the ones of the previous years during
the calendar weeks 20 to 40, fluctuating between values of —614 (week 25) and 5,608 (week 33). Another devi-
ation, not explainable by common fluctuations according to the values of the 3 previous years, can be observed
in the calendar weeks 41 until 52 of 2020, where a local maximum of 15,876 was reached in the calendar week
46. This value is higher than the highest local maximum of 3 previous years (11,531, calendar week 1 in 2018).
The worldwide spread of the novel corona virus is a logical explanation for the abnormal sharp increases in

excess death numbers in spring and autumn 2020.

A question arising from Figure 2.9 is why the number of excess deaths of 2020 was exceedingly larger in
spring than in autumn/winter. The local maximum of excess deaths was lower in autumn/winter than in spring
2020 by around 20,000, although Europe experienced higher numbers of new infections as well as deaths in
autumn than spring 2020. According to the online data source Ourworldindata.org, the maximal number of
daily newly confirmed deaths in the first wave of the pandemic was lower by around 450 in the European Union
and 1,530 in Europe [90].

The combination of less excess deaths but more confirmed COVID-19 deaths in European countries in au-
tumn/winter compared to spring 2020 indicates a general annually higher level of deaths in autumn/winter
than in spring in Europe. Another possible explanation for less excess deaths is the better preparation for the
second wave of the pandemic compared to the first wave. For instance, the European Union planned to test
more efficiently using rapid antigen detection, spread the newest information on the pandemic quicker across
Europe, trace infections via app usage and provide tax-free medical equipment and apply vaccination strategies
as soon as possible before the outbreak of the second wave [189]. Substantially ICUs play a major role in the

management and treatment of critically ill individuals.
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The German RKI determines the daily supply capacities of all German hospitals with intensive care and num-

bers of cases in intensive care beds units [190].

Furthermore, it was shown that the medication dexamethasone achieved success in the treatment of severely
affected patients already in summer 2020. This might explain a reduced mortality risk in intensive care patients
in the second wave compared to the first wave, which may be one of several causes of less excess deaths despite
of higher numbers of patients in ICUs. The treatment with dexamethasone was the first medication lowering
mortality among ICU patients in need of medical respiration [191].

A controlled, open-label trial study including 6,425 patients, of which some were randomly assigned patients to
receive oral or intravenous dexamethasone, verified that dexamethasone reduced 4-week mortality among those
receiving invasive mechanical ventilation or oxygen at randomization, but not among patients not receiving

respiratory support [192, 193].

It may make sense to use the courses of excess death numbers as a basis of the evaluation of the impact
of COVID-19 on populations instead of CFRs. The reason is that excess death number computation takes the
average number of deaths in a population within a certain time period as a basis, whereas CFR computation is
based on the numbers of confirmed infected and confirmed infected deceased individuals. Hence excess mortality
is computed independently of the incidence of the specific disease in order that it is a comprehensive measure
of the total impact of the pandemic on deaths. Additionally, the described uncertainties of CFR computation
could have effected misestimations between the country-specific CFRs of spring and autumn 2020, substantially
because populations had different reactions to the second than the first wave of the pandemic.

However, it must be taken into account that EuroMOMO uses a complex, scientific approach of linear, general-
ized Poisson regression models and analyses various European countries at once such that means of standard-

ization have to be found [194]. This involves restrictions concerning the death numbers of the single countries.

The German Federal Statistical Office developed a method of measuring excess mortality that differs from
the EuroMOMO approach. It uses a simple descriptive comparison of the current mortality rate with the aver-

age mortality rate of the previous years [186, p. 43].

Figure 2.10 shows the computed weekly deaths in Germany, where the blue line represents the average of
the years 2016 to 2019, the bright blue area symbolizes the bandwidth of the years 2016 to 2019, and the red
line illustrates the course of death numbers in 2020. The red line on the bottom represents the number of
confirmed COVID-19 deaths.

30,000

25,000

2016 - 2019 (Average)
20,000

15,000

Figure 2.10: Weekly numbers of deaths in Germany for all ages and the years 2020 (red) and 2016 to 2019
(blue), bandwidth of deaths in Germany between 2016 and 2019 (bright blue), and weekly numbers of German
COVID-19 deaths in 2020 (dotted red).

Source of data: [194]
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Figure 2.10 conveys strongly increased numbers of death cases as well as COVID-19 deaths between the calendar
weeks 13 and 18 in 2020. The maximal value of 20,646 in spring was reached in the calendar week 14, where
the number of excess deaths in the EuroMOMO diagram is highest. A sharp increase between the calendar
weeks 12 and 20 is also observable in the EuroMOMO graph. The deviation from the average weekly number
of deaths of the previous 4 years was approximately 14 % in the calendar week 15 in 2020. This is substantially
effected by the age-specific mortality rates of people over 80 years [186, p. 45].

A report of the Federal Statistical Office stated that comparisons between 2020 and the years 2016 to 2019
were expedient from the calendar week 12 because of the influenza wave that lasted until the calendar week 12
in 2020. In particular, the influenza wave seemed to have resulted in a maximal number of deaths of 23,640 in
the calendar week 5 in 2017, 26,777 in the calendar week 10 in 2018, and 20,737 in the calendar week 9 in 2019,
but had comparatively little influence on the death numbers in Germany in 2016 and 2020 [186].

In accordance with the statements of the Federal Statistical Office, the noticeably high death numbers and
simultaneous high incidence in Germany between the calendar weeks 12 and 20 of 2020 lead to the view that

causes of death other than COVID-19 can only have played a subordinate role for this development.

In the above diagram, it is conspicuous that there is a clear local maximum in the calendar week 33 in August
2020, which is 3,356 more deaths than the average of the previous years. This coincides with the depiction
of the EuroMOMO diagram including all EuroMOMO partner countries, in which a local maximum of 5,608
excess deaths is shown for the same week. From the calendar week 41 (first week of October), the weekly death
numbers rise steadily, which is a similar development as in the EuroMOMO graph. The number of individuals
who died and had laboratory confirmed COVID-19 disease increases at the same time. In the first half of
October, the total number of weekly deaths declines to the average of the previous 4 years. When the number
of COVID-19 deaths starts growing from week 41, there is also an increase in total deaths, in excess of the
average. In October 2020, they are by 5 % and in November by 12 % above the average of the previous years.
A value of 23,550 newly confirmed weekly deaths is attained in week 51 in 2020, which is around a quarter of

the average of the years 2016 to 2019 and an all-time high.

The maximum number of excess deaths in spring in the EuroMOMO diagram is larger by around 20,000
than the local maximum of autumn/winter, whereas the maximum number of excess deaths in spring of the
diagram of the Federal Statistical Office is smaller by less than 3,000 deaths than the local maximum in autum-
n/winter. Here the country-specification of Figure 2.10 and also the different computation methods seemingly

become obvious.

In addition to Figures 2.9 and 2.10, a German study examining age-specific excess mortality due to COVID-19
demonstrated that the SARS-CoV-2 pandemic produced excess mortality in Germany during its first wave from
the calendar week 10 to the calendar week 23 in 2020 [150].

This agrees with the messages deducible from Figures 2.9 and 2.10. The study also discovered that the largest
increase in deaths between 2016-2019 and 2020 occurred among people aged 80-89 and over 90 [150].
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Chapter 3

The SIR Model in Epidemic Modelling

SARS-CoV-2 is a pandemic, which is defined as a transnational human infectious disease that spreads across
different continents. Mathematical models of infectious diseases can be constructed with the aid of compart-
ment models, that divide the underlying population into different groups, which are called compartments. Every
individual in the same compartment has the same characteristics.

In those models, individuals can be in a finite number of discrete states, of which some are simply labels that
specify the various traits of individuals, some are changing with time, such as age class, some are fixed, such as
sex or species, and others indicate the progress of an infection [195, p. 873].

The transitions of individuals between different compartments can be expressed through systems of ODEs. This
chapter gives an introduction to the so-called STR model and simple extensions in order to be able to set up a
SARS-CoV-2-fitted model in Chapters 4 and 5. The correspondent system of ODEs is integrated in M ATLAB
in Chapter 6.

In Section 3.1, an explanation of the so-called STR model is given, involving assumptions of this model, the
model-specific maximally possible number of infections and incidence rates. In Section 3.2, simple extensions

to the STR model are revealed, which are characterized by population compartments added to the model.

All of the compartment models can be applied to networks, which are systems whose structure can be mathe-
matically modelled with the aid of graphs, that are ordered pairs G = (V, E) with V a set of nodes (also called
vertices) and F a set of edges. In this case the nodes can represents different geographic regions in order to for
example model the transmission through travelling, see [196, 197]. This possibility is detailed in the conclusion
of this thesis.

3.1 The Basic SIR Model

Compartment models originate from the significant work of Kermack and McKendrick, who published a deter-
ministic epidemic model including susceptible, infected, and removed individuals in 1927 [198]. This model still

serves as the basic form of the STR model today.

A deterministic model can be described by a set of ODEs in a single system, and assumes a homogeneous
population, which can be regarded as a population in which individuals mix uniformly and randomly with each
other. For a homogeneous population, it can either be assumed that all susceptibles of the same susceptible
compartment have comparable contact patterns, or, as in this thesis, have an equal probability of contacting
every other individual in the population at every point in time, and people exclusively differ in their disease
state [199]. Moreover, the output of a deterministic model is fully determined by the parameter values and
the initial conditions. In the sequel, the word ”system” (except for the "system of ODEs”) describes all of
the individuals of a regarded population, which can be the inhabitants of a regarded country, as well as their
transitions between certain compartments. The word ” population” encloses the number of inhabitants who

activate the dynamics in the system, regarding a specific country or certain regions.
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3.1.1 Definition of the Basic S/R Model

Subsection 3.1.1 defines the STR model by outlining its assumptions. The term Basic SIR model is used
throughout this thesis in order to distinguish the typical SIR model from other (enhanced) compartment
models introduced in this thesis. In Subsection 3.1.2, the maximal size of infected individuals in the Basic STR

model is computed, and in Subsection 3.1.3 different forms of so-called incidence rates are explained.

Assumptions of the Basic SIR Model

The simplest form of a compartment model is the STR model, which consists of the three compartments (or:
classes) of susceptible (5), infected (I) and recovered (R) individuals. The change of the number of compart-
ment members over time is expressed by expressing the classes by time-dependent functions S(t), I(¢) and R(t).
Susceptibles have not contracted but can contract the disease. Infected individuals have already contracted the
infection. In the Basic STR model, they are also able to infect susceptible individuals. Hence, they are assumed
to be infectious and possibly but not necessarily symptomatic. Recovered individuals have overcome the illness
and are not sick with it anymore. Four basic assumptions (A1)-(A4) are made in this specific model [200, pp.
10+13]:

(A1) No births and no deaths are incorporated into the system.

(A2) The population is closed, so nobody enters any compartment from outside or leaves the system.
The total population size remains constant.

(A3) Recovered people are completely immune such that they cannot contract the disease ever again.

(A4) Infected individuals are also infectious.
These assumptions can be explained as follows.

(Al) In many cases the dynamics of an infectious disease are much quicker than the system inflow, which
for instance is a consequence of birth or mortality dynamics. Therefore, birth and death rates are often omitted
in simple forms of compartment models. Disease-induced death does not play any relevant role for many epi-
demics such that it can be omitted as well. In the case of conceivably lethal diseases spreading quickly across
large parts of or even the whole world population and leading to a considerable relative amount of deaths,
disease-induced deaths can nevertheless be interesting or even important to include. An example is the SARS-

CoV-2 pandemic, which is modelled in Chapters 4 and 5.

(A2) The size of the population at a point in time ¢ is given by N(¢). The fulfilment of the equation
N(t)=S5(t)+I(t)+ R(t) with N:[0,T] = N,

means that the number of individuals in the system is the sum of the compartment sizes at each regarded
time instant ¢ € [0,7]. The system has to be equipped with initial conditions S(0), I(0), R(0) in order to be
well-defined [200, p. 11]. The constancy of the population size N (t) mentioned in (A2) is given if the derivative
of N(t) is zero:

N(@t)=S{t)+I'(t)+ R (t)=0 Vte[0,T] = N(t) = N = const.

(A3) If a permanent cure was not assumed, there would be different options to model the transfer of recovered

or infectious people back to the susceptible state. Options to do this are detailed in Subsection 4.2.9.
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(A4) In the case that infected individuals are not automatically infectious, for instance if a certain incubation
time of the disease is given, the compartment I has to be split into (at least) two compartments, of which
one contains infected but not infectious individuals and the other one comprises infectious people. To regard
a modelled disease as infective, the infectiousness of at least one compartment is required. It is possible to
include more than two infected or/and infectious compartments if different stages of disease progression exists.
For example, there may be symptomatic and asymptomatic or discovered and undiscovered infected cases in
the population. With respect to the novel corona virus, several stages can be distinguished. In Chapter 4, it is
explained which compartments are used to model the dynamics of SARS-CoV-2 and COVID-19 in this thesis.

Formulation of the Basic SIR Model

Let v be the constant per capita contact rate expressing how many contacts one individual makes per unit of
time ¢t. Let (8 represent the probability of a contact leading to the transmission of the regarded infection. It is
called the transmission risk here. If the contact rate « is multiplied by [, the rate B is obtained, which is the

rate at which susceptible individuals are infected per unit of time. It is called the bilinear incidence:
B=p-~.

Per infectious individual the term

B-I(t)-5(t)

represents the number of susceptibles who get infected at time ¢, where B-1 (t) describes the so-called force of
infection of the respective disease [200, p. 10]. The proportion of infective individuals who recover per time
instant is given by the product w - I(t), where w symbolizes the recovery rate. The system of ODEs arising from

the mentioned compartments and assumptions is given in the Equations (3.1) to (3.3).

%ﬁt) =—3-S@1)-1(t) , (3.1)
%ﬂ =B-S(t)-I(t) —w-I(t) , (3:2)
dR(t)

== I (3.3)

The resulting model is nonlinear due to the product of the functions I(¢) and S(t) in the Equations (3.1) and
(3.2), which symbolizes a nonlinear (quadratic) dependence. It is furthermore dynamic because time-dependent
changes in system states are included. All compartment models regarded in the Chapters 3 and 4 are determin-
istic since all sets of variable states are uniquely determined by the model parameters and the initial states of the
variables [200, p. 8]. Stochastic compartment models are an alternative to deterministic models, and typically
used types of stochastic model formulations are discrete time Markov chain and continuous time Markov chain

models. Markov chain epidemic models are introduced in Chapter 6 of this thesis.
The incidence of the infectious disease is proportional to the product of S(t) and I(t) with regard to the

model in (3.1) to (3.3). It is said that in this case the incidence is bilinear and given by the law of mass action

[200, p. 37]. The term incidence itself as well as other forms of incidence are explained in Subsection 3.1.3.
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If there was no inflow into the compartment I, the following differential equation for the dynamics of the class
I would be obtained:

I'(t) = —w - I(t) with 1(0) = I, .

This simple ordinary differential equation is solved by

I(t)=1Ip-e "

such that %f) = ¢~ is the proportion of people who are still infectious at time instant ¢ and
Fit):=1—-¢e¥" t>0

is the proportion of people who have already recovered until time ¢ [200, p. 16]. It is a probability distribution

of the random variable ¢ that represents the time to leaving the infectious class.
A probability density function (PDF) is defined as a function fx : R™ — R,z ——— fx(z) with X a real-

valued random variable and x € R™. With reference to the relation between the PDF and the probability of
X lying in the interval [a, b] it holds that

b
P(X € [a,b]) = / Fy(2)dz . (3.4)

Equation (3.4) can be reformulated to obtain the definition of fx:

fele) = Jim, PSR

It follows that the PDF of F'(¢) is denoted by

f(t):%it):w'e*‘“'t, t>0

and the expected value of the time to exiting the class I (that is X,,) is given by

o} 0 o] o] 1
E[X..] = / (1-F))ar - / P(t)dt = / b f(t)dt = / Few-e—otdt = (3.5)
0 —00 —00

o w

Since E[X.,| can be interpreted as the mean duration of the infectious period, it has been proven that the mean

time spent in the infected compartment is L [200, p. 16].

3.1.2 Maximum number of infections in the Basic SIR Model

A significant question to be answered is what the maximal number of infected individuals over the course of

time is and when it is reached. It is obvious that in the Basic STR model prevalence starts to increase if

I'0) = 3-1(0) - S(0) — w - 1(0) = (B-S(O) —w) L 1(0) > 0.

According to the above inequality and due to the fact that I(0) > 0 as well as the assumption I(0) # 0, a

condition sufficient for an initial increase in prevalence is given by the following inequality:

3.-S(0)—w>0 5'5(0)

>1.
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The Equations (3.1) and (3.2) of the given system of ODEs do not depend on R, wherefore Equation (3.3) is
omitted in the sequel. Dividing (3.1) by (3.2) we obtain an equation for I’ independent of I [200, p. 14].

I'(t) dI_ﬁ-SJ—w-I_ w w

S0 - g5 s T ) (30

Integrating Equation (3.6) with respect to S € [0, 00) yields

Soo

o — Iy = —(Sao — So) + % () (3.7)

with Sop = S(0) , Ip = I(0) and S = lim;—, 0. S(t) the so-called ” final size of the epidemic”.
If (3.6) is integrated up to only a finite value of S, we obtain

I(S):SO+IO—S+%-1n(s).

Moreover, we divide Equation (3.1) by (3.3):

S'(t) dS B3-S

R(t) dR  w (3.8)
The integration of Equation (3.8) yields
S(R)=Sp-e 5B >S5V >0, (3.9)

It can be concluded that S, is always positive such that there will always be susceptible people in the population.

Integrating Equation (3.1) we obtain
- oo
So — Seo =ﬁ~/ I(t) - S(t)dt
0
and if I(t) is integrable on [0, c0), the equation
So—Seo > B+ Sec - / I(t)dt (3.10)
0

is yielded. Using Equation (3.10) it is obtained from Equation (3.7) that

So) :>§_ hl(%)
w So+ Iy — Seo

I():SOO_SO"_%'II’I(@

The maximal number of infected individuals is reached if S = Using this fact, the maximal size of the

®IE

infected compartment I,,,,, occurring in the epidemic (or pandemic) [200, p. 15] is given by

=

Imaa: =

w w w
—|—E-ln(§)+50+]0—g'ln(50) .

i €

3.1.3 Incidence Rates

In Subsection 3.1.1 a bilinear incidence was used for the Basic STR model. The general definition of incidence
is introduced at first, before different forms of incidence rates are distinguished.

Incidence is the number of new infections occurring within a defined time span [147, p. 33], i.e. is represented
by the number of individuals transiting from the susceptible to the infected compartment per unit of time in
the STR model. An incidence rate is a measure of the frequency with which a disease occurs over a specified

time period. It can be defined by the ratio of the number of new infections to the average of the population
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size in the observed time period. It is significant to notice that incidence is often determined from the number

of clinical cases but not subclinical i.e. asymptomatic cases. This results in an underestimation of diseased cases.

The application of different incidence rates can change behaviours of the underlying system [201]. Different

kinds of incidence rate are stated in (I1) to (I4).

(I1) Mass action incidence: 3-S5 -1

= S
(I2) Standard incidence: - — -1

N
. L . . z S-I .
(I3) Incidence saturating in the size of infected: - ——— with oy >0
1+01-5
. o . . = S-1 .
(I4) Incidence saturating in the size of susceptibles: 3 - Tron 1 with o9 >0
(2

Mass action incidence (I1) is implied by the law of mass action, ”analogously to terms from chemical kinetic
models, whereby chemicals react by bumping randomly into each other” [200, p. 37]. The standard incidence
(12) differs from mass action incidence (I1) in the way that 3-S-I is normalized by the total population size N.
If a constant population size N(t) = N for all ¢ is assumed, the mass action incidence and standard incidence
coincide [200, p. 37]. However, they differ if a non-constant total population size is assumed.

The bilinear incidence rate can be normalized by the term N(¢) — D(t) instead of N(¢) if a deceased compart-

ment is included in the model.

In the saturating incidence rates (I3) and (I4), inhibition effects decrease the proportion of susceptibles tran-

siting to the infected class per unit of time contingent on the parameter oy or o2, respectively [201]. These

effects are incorporated with the aid of the term ﬁ or HTZI

behavioural changes of the susceptibles accounted for by an increasing susceptible population [201]. In (I4) it is

, respectively. In (I3), inhibition results from

caused by a crowding effect of the infected individuals. This means that the fraction of susceptibles moving to
the class T is negatively affected by the size of the population of already infected individuals [201]. Since (I3)

and (I4) involve changing behaviours of S or I, respectively, they may seem more reasonable than (11).

If the limits of (I3) and (I4) are regarded as S or I tend to infinity, respectively, the following incidence

limits are obtained:

lim G I-S B-1

1im =

S— o0 1+0’1'S o1 ’
. ST B-S

li = )

T T .

It follows that the limit of the incidence rate is independent of S for (I3) or I for (I4). Consequently, the
number of effective contacts between infective and susceptible individuals saturates at high infective levels.
Additionally, a combination of the incidence rates (I3) and (I4) in the form j - Hcrlsﬁ with 01,09 > 0 is
possible as well.

The mass action incidence is often used in diseases for which disease-relevant contact increases with an increase
in the population size. For instance, in influenza and SARS, contacts increase as the population size and density

increase [200, p. 38].

50



3.2 Simple Enhancements to the Basic STR Model

For different infectious diseases various other compartments can be added to the model. For simplicity, a

constant total population is assumed for all of the extended models in this section.

3.2.1 SIRD Model

In the STRD model a compartment D of deceased individuals is added. D(t) comprises all individuals who have
died up to the time ¢ due to their infection. Secondary disease can be included as reasons for transition to the
compartment D. In this case, it can be said that infection-related reasons lead to a transition to the deceased
compartment. Individuals can only enter D from [ in the STRD model. An application of this model has
the advantage that a constant total population size and deceased individuals can be assumed simultaneously
because the deceased ones are transferred into a separate compartment. In the Basic STR model infection-
related deaths are omitted or neglected or can be regarded as included into the rate p if a natural death rate p

is involved.

3.2.2 SEIR Model

A commonly occurring supplementary compartment is E, which represents the class of exposed individuals.
Here, individuals have been contaminated but are not yet able to infect others. They are not contagious. In this
case the compartment I does not comprise individuals who are not infectious. A new parameter x represents
the rate at which individuals move from E to I, so get infectious per unit of time. All individuals in the com-
partment F are passing the latent period, which has to be separated from the incubation period. Enhancing
the above STR model to a SEIR model, the outcome is the following:

as(t) -

—o = hs0) - 1()
%@:5 S(t) - I(t) — x - E(t) ,
%(tt): E(t)—w-I(t),
%E’f): 1(t)

Susceptibles are infected as a result of a contact with at least one infectious individual. Infected individuals do
not directly move from S to I but firstly enter the latently infected state. As mentioned above, birth and death
rates are often omitted and/or regarded as equal in compartment models, such that the total population has a

constant size V. This is especially true for low lethality diseases. For the SEIR model, this yields:
S(t)+ E(t)+I(t)+ R(t) = N =const. VteN.

Every model with a compartment I can be expanded by a class . Regarding the SARS-CoV-2 pandemic
considered in the further sections of this thesis, the latent period and the incubation period are included in the

model with the aid of additional compartments. This is stated in more detail in Chapter 4.
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3.2.3 SFEIS Model

In the S(E)IS model, an infection does not leave any immunity to recovered individuals who subsequently
transit back to the compartment S. It is important to notice that initially susceptible and recovered susceptible
individuals are both comprised by the compartment S here. Let the parameter w describe the rate at which
people transit from the recovered to the susceptible state per unit of time ¢t. The SEIS model with a constant

total population size can be established as in the Equations (3.11) to (3.13).

%(f) =—B-St)-I(t)+ = I(t) (3.11)
%}?):B-S@)-I(t)—xﬂ(t), (3.12)
O B~ o 10) - - 10) (313)

This model is reasonable if the regarded disease does not confer any long-lasting immunity to recovered indi-
viduals, and recovered people have the same risk of getting infected as susceptibles who have not recovered. A

non-lasting, declining or vanishing force of protection given by recovery is often referred to as ” waning”.

3.2.4 Stages Related to Disease Progression and Control Strategies

The STR model can be enlarged for several reasons differing from the ones introduced in Subsection 3.2.3. One

reason is the fact that a transmission risks may originate from multiple infected compartments instead of one.

Firstly, so-called carriers can be added to a compartment model. The carrier compartment comprises indi-
viduals who are not sick themselves and do not show any symptoms but are able to transmit the pathogen.
The carrier compartment is often referred to as the asymptomatic compartment of model. The carrier state A
can be added between compartments S and I or E and I. A transition from A to R should be added if the
respective infection can progress without any symptoms.

An infection without symptoms may occur as an alternative to symptomatic infectiousness. In this case exposed
individuals do not transit from A to I, but move to the symptomatic infectious compartment I with probability
rate p, and to the asymptomatic infectious compartment A with the probability rate (1 — p). Here p lies in
the interval [0, 1]. Examples for epidemics with necessary modelled asymptomatic compartments are malaria
or HIV [200, p. 94].

Instead, the carrier compartment can be inserted between the compartments I and R in order to gather those
individuals who are still infectious but do not show symptoms anymore before moving to the recovered class.
Another possible interpretation of the carrier compartment is that some people never completely recover and

continue to carry the infection, i.e. the class of carriers replaced the recovered class.

Another possibility of different disease progression is passive immunity. It describes latency before entering
the susceptible compartment. For this reason it is added to the model by placing individuals in a compartment
M, from which they progress to the susceptible stage S at a certain rate. ”Passive immunity is the transfer of
active immunity in the form of antibodies from one individual to another. Passive immunity can occur naturally,
when maternal antibodies are transferred to the foetus through the placenta or in the milk during breastfeeding.
Passive immunity can also be induced artificially, when high levels of antibodies specific for a pathogen or toxin

are transferred to nonimmune individuals.” [200, p. 94].

Apart from enhancements based on disease progression the S(E)IR and S(E)IS models can be expanded by

the inclusion of disease control strategies. At first, a compartment of quarantine is introduced here. Quarantine
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can be imposed on susceptible citizen for a defined time period as a measure to limit the number of disease
transmissions and also protect the people in quarantine from contagion. It is significant to consider if the
respective disease spreads quickly across the whole regarded population and responsible politicians or health
authorities actually apply quarantine measures.

An example for an epidemic requiring quarantine measures is COVID-19. As seen during the course of the
spread of 2019-nCoV, governments can retain whole population groups such as repatriates in quarantine. More-

over, self-quarantine can be considered.

Quarantine has to be distinguished from isolation, which is here defined as a confinement of an infectious
individual, which restricts contacts of the isolated individual with other individuals in the population. Both
quarantine and isolation are included in the SARS-CoV-2-fitted model in Chapter 4.

Moreover, a treatment stage can be included. Individuals either progress to the recovered or treatment class
when leaving the infectious compartment [200, p. 95]. This is reasoned by the fact that incomplete or not
fully successful treatment of patients can be responsible of relapses, which cause individuals return from the
recovered/treated or infectious to the exposed compartment F. A certain portion of the people in the treatment
compartment can transit back to E at a relapse rate.

Beyond that, a transition of exposed or infectious individuals to the treatment class can be added then for
the purpose of modelling treatment starting before infectiousness, which means before individuals enter the

compartment I.
The last control strategy to be mentioned here is vaccination. Vaccination may provide complete or par-

tial immunity to the infectious disease [200, p. 96]. Details concerning the incorporation of vaccine into the

model are stated in Subsection 4.2.11, since vaccination is a relevant feature in the SARS-CoV-2-fitted model.

53



Chapter 4

The SARS-CoV-2-fitted SEIR Model

This chapter presents a dynamical enhanced compartment model, that is independently created on the basis
of the population groups and dynamics observable in populations that are attacked by 2019-nCoV. It has been
designed to meet the requirements and adapt to the specificities of SARS-CoV-2 and COVID-19, and is named
the SARS-CoV-2-fitted model throughout this thesis.

The main target of this chapter is to create a compartment model framework reflecting various observed SARS-
CoV-2-based population dynamics in a realistic way. This framework is composed of the concepts of all sections
of Chapter 4, including the basic assumptions of the SARS-CoV-2-fitted model (Section 4.1), the characteristics
of its compartments (Section 4.2), and the transition and transmission rates included in the dynamical model
(Section 4.3).

Section 4.1 gives an overview of the differences between the assumptions made for the Basic STR model in
Chapter 3 and the SARS-CoV-2-fitted model. All of the 13 compartments of the SARS-CoV-2-fitted model
are explained in Section 4.2. Section 4.3 introduces mathematically defined rates concerning the transitions
between different compartments, which are composed of a transmission risk, a contact rate, an isolation rate
and a quarantine rate. These rates can be modelled by time-dependent functions in order to better adapt
the SARS-CoV-2-fitted model to the real dynamics of the pandemic. The mathematical formulation of the
transmission rates used in the implemented models is reasoned in regard of the progression of COVID-19 in the
world in the year 2020.

4.1 Differences to the Basic SR Model and Model Assumptions

The SARS-CoV-2-fitted SEI R model enhances the Basic ST R model by several compartments in order to better
depict the infection-based states that individuals are assumed to traverse under the circumstance of the SARS-
CoV-2 pandemic. In this section, the differences between the Basic STR model presented in Chapter 3 and the
developed SARS-CoV-2-fitted model are explained. Apart from added compartments the model assumptions

of the newly introduced model differ from the assumptions of the Basic STR model described in Subsection 3.1.1.

The following basic assumptions (B1)-(B4) are established for the model for the purpose of distinguishing
it from the assumptions (A1)-(A4) of Section 3.1.

(B1) A natural death rate p is incorporated into the model. It is the rate at which individuals die per unit of
time for reasons that are not related to SARS-CoV-2. Additionally, disease-induced deaths are included in the
model with the aid of the 2 mortality rates A\; and As that are explained in their context and defined in the
following subsections. As explained in Section 2.5 it may cause too large numbers of corona-induced deaths in

the end if data sources predefine deceased corona-infected individuals as SARS-CoV-2 deaths.

(B2) Modelling the spread of and measures against 2019-nCoV in any European state in general and Ger-
many and Sweden in particular, a system inflow rate describing new entering into the class S can be included.
An epidemic or pandemic, where individuals newly enter the system, is also called an open infectious disease

[147, p. 18]. For various diseases the system inflow rate is strongly influenced by the number of births into
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the system per unit of time. Regarding the novel corona virus, where the occurrence of infection over several
months and not years is observed, birth rates can be regarded as negligible. The system inflow rate can instead
be represented by a so-called recruitment rate that is the rate at which for instance tourists and immigrants
enter the system. For the first, this means that a fixed number of individuals newly flows into the system per

unit of time. The factors influencing recruitment of susceptibles have to be selected in this case.

With regard to extremely reduced travel activities during the corona virus pandemic and an assumed gen-
eral balance between tourists entering and leaving the country per unit of time the recruitment rate can be
omitted. If no tourism and no births are taken into account and the individuals in the regarded population
can die and thus leave the system, the total number of individuals is not assumed to be a constant N at all
time instances, but described by a time-dependent function N(¢). On the one hand, the usage of a standard
incidence, in which the number of susceptibles at a time instant ¢ S(¢) is normalized by the total population
size N(t), requires the computation of the time derivative of the time-dependent relation % by application
of the quotient rule of differential calculus. On the other hand, constancy can be achieved by adding the value

- N as a recruitment rate to the ODE related to the susceptible compartment.

(B3) In the established model, a certain equivalence to the presupposition of a permanent cure as in the Basic
STR model in Chapter 3 is present. In Section 4.2.9, it is explained that and why individuals are not assumed
to be able to move from the recovered to the susceptible compartment in the SARS-CoV-2-fitted model.

Possibilities of incorporating a waning protective effect are detailed. Section 4.2.11 states in which ways a

waning effect can be incorporated into a model with a considered vaccination program.

(B4) Individuals infected with the novel corona virus are not automatically infectious. Therefore, a latent
and an incubation period are considered in the SARS-CoV-2-fitted model. They are pictured in Section 4.2.
However, in the implemented model variants, which will be introduced in Subsection 5.2.2, the group of in-
fected people in the population is not subdivided into several compartments. This is reasoned by unavailable

or non-existent data reports referring to the number of latently or pre-symptomatically infected cases.
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4.2 Compartments and Transitions
in the SARS-CoV-2-fitted SITR Model

The most relevant feature of the SARS-CoV-2-fitted model is the separation of the infected and infectious
compartment I of the Basic STR model into eight classes, each of which symbolizes a specific stage of disease
progression. This division emerges from the model extensions presented in Subsection 3.2. For this reason, two
exposed, two asymptomatic compartments and a hospitalized as well as an intensive care unit compartment are

integrated into the model.

Furthermore, the control strategies of quarantine, isolation as well as vaccination are considered in the model.
A deceased compartment comprises all of the individuals that die for reasons connected with or caused by
a SARS-CoV-2 infection. The definition of a COVID-19 death as well as the inclusion of deaths potentially

related to COVID-19 may differ between countries, regions and institutions as mentioned in detail in Section 2.5.

Besides, it is significant to determine the effects of testing involving positive results for the transitions in the
model. Clearly, testing is possible in all compartments except for the one comprising disease-induced deaths,
and comprises approved, authorized and applied SARS-CoV-2 tests that lead to a case-confirmation. In the
case of an assumed complete immunity testing is not performed if a person has recovered and so transited to
the recovered compartment. Testing is not performed if a person is already a known confirmed case.
Positively tested individuals are defined as confirmed cases in the SARS-CoV-2-fitted model.

Section 4.2.1 provides a definition of compartment sojourn times, which is used to define transition rates
in Subsections 4.2.3 to 4.3.11. Each of these nine subsections deals with a population group characterized by
specific features with respect to infectedness, infectiousness, transmissibility and disease progression, and is
classified as a compartment of the emerging model or subdivided into sub-compartments.

In Subsection 4.2.2; functions describing the probability distributions of the incubation period and the serial
interval with regard to COVID-19 are explained as alternatives to the commonly used exponential distribution.

Subsection 4.2.12 gives an overview of the characteristics of the introduced compartments.
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4.2.1 Sojourn Times

The object of primary interest with respect to the sojourn time of individuals in a compartment is the survival
function G(t), which is the probability that the time of leaving the current compartment is later than some
specified time ¢. It is defined by [202, p. 541]

Gt) =P(tp >t)=1-R(t),G(0) =1,

where ¢t > 0 is some time, tp is a random variable denoting the time to switching to the next compartment,
and R(t) = P(tp < t) is the so-called reliability function [203]. If p(t) is the PDF concerning the cumulative
distribution function R(t) = P(tp < t), the average time of sojourn in the current infected state is given by
202, p. 541]

Ty = /Ooot-p(t)dt . (4.1)

If it is assumed that tlim t-G(t) =0, Equation (4.1) becomes [202, p. 541]
—00

Ty = / “gat (4.2)
0

If we have for instance an exponential PDF p(t) = % e~ with t > 0, D > 0, then it holds that G(t)=e"7D
such that

/Oog(t):/me*%dt:D:/mi~e*%dt:/oot~p(t)dt. (4.3)
0 0 0 D 0

So the average time of sojourn is D units of time in this case. It should be noted that Equation (4.3) leads to
the same assumption with respect to the mean sojourn time in a compartment as outlined in Equation (3.5)
in Subsection 3.1.3 with reference to the Basic STR model. The average duration of stay in a compartment
is used to describe the rate at which individuals transit to the respective next compartment in the following

subsections of Section 4.2.

4.2.2 Distributions of the Incubation Period and the Serial Interval

Time-deterministic epidemic models are often formulated as systems of ODEs with an exponentially distributed
time of stay in each infected compartment. A classical extension to account for more realistic distributions of
incubation and infectious periods concerning the stay of individuals in compartments is to split infected com-
partments into distinct stages [78]. Generally, different stages of disease progression, like a latently infected,
carrier, pre-symptomatic, symptomatic or seriously affected stage can be used in order to model the incubation
period and the serial interval of SARS-CoV-2 as random numbers following certain probability distributions.
In the following approach based on a deterministic STR model, the infected compartment I is divided into

multiple infected classes.

Let there be j infected states I1, Io, ..., fp—1, I, Ix+1, ..., Ij, in the SARS-CoV-2-fitted model, of which Ij41, ..., I;
are contagious to susceptibles as well as symptom-exhibiting. A compartment model resulting from such sub-
divisions is a classical extension of the standard disease transmission model or Basic STR model to account for

non-exponential distributions of incubation and infectious periods [78].

The average lengths of stay in the compartments I; to I account for the incubation period 77. The aver-
age length of stay in each of the compartments I;1; to I; does not contribute to the incubation period. In

the SARS-CoV-2-fitted model presented in the following sections, the j = 5 states of latent, asymptomatic
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infectious, symptomatic, hospitalized and intensive care infectedness are introduced, of which exclusively the
latently infected and asymptomatic infectious state are definitely not symptomatic, such that &k = 2. Of course
the latently infected and asymptomatic contagious compartment can both be subdivided into more classes with

distinct characteristics.

Let the infected states I; for all ¢ € {1, ..., k} be random numbers that are distributed according to the exponen-
tial distribution with a rate parameter A [204]. In the context of transitions between infected compartments,
I; ~ Exp(\) means that A is the number of expected events (=number of compartments that an individual
passes within a unit of time). An individual passes a single compartment within 7% days, and A\ = % com-
partments within one day.

It holds that [205]
I ~Exp(\) Vi€ {l,..k} :Z I ~ Erl(\ k)

This means that the sum over k£ random numbers, that are all exponentially distributed according to the
parameter )\, is distributed according to the Erlang distribution with the parameters A and k. [204] The
parameter k is called the shape parameter. The Erlang distribution is a continuous probability distribution.
Let X ~ Erl(\, k). The PDF of the Erlang distribution is given by [206]

AR Xk

e ift>0
ferlang(t) = (k—1)! .

0 ift<0,

where £ > 1 and A > 0. For an Erlang-distributed random variable X, the probability of lying in the interval
[0,¢] is given by the Erlang cumulative distribution function [206]

D DN G
Fcrlang (t) = m . -
0 ift<o0.

This is the cumulative distribution function of the Erlang distribution. The expected value and variance of the
Erlang distribution are [207]

The function ferang (t) yields the probability for the occurrence of the k" event if \ = % events are expected per
unit of time. Because Erl(A, 1) = Exp()) i.e. the Erlang distribution with shape parameter k = 1 is equivalent
to the exponential distribution, the Erlang distribution is a generalization of the exponential distribution. It
is also a special case of the Gamma distribution since it equals the Gamma distribution with an inverse scale
parameter A and a shape parameter k. Moreover, it is the conjugated distribution of the Poisson distribution
[206]. The Erlang PDF is depicted in Figure 4.1 for an average incubation period of 6 days and 1, 4 or 6
intermediate infected states represented by compartments lying between the susceptible and the symptomatic

infectious class. One unit of time is assumed to be one day here.
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Figure 4.1: Erlang probability density function with 7/ =6 and k =1 or k = 4 or k = 6.

Figure 4.1 conveys that the PDF of the Erlang distribution with a shape parameter £ = 1 equals the PDF of
the exponential distribution. In the case of a shape parameter allocation of k = 4, which means 4 intermediate
infected states, 4.444 days of incubation, and with k£ = 6 intermediate infected states 5.051 days of incubation
time are necessary to achieve the highest possible value of probability density. For a fixed value of 77, more
intermediate infected states result in a shorter time of stay in every single infected class and a larger number of

infected compartments passed within a single day. This effects a higher maximal probability density.

All infectious compartments can induce a transmission and so a secondary infection caused by a contact of
an infectious individual with a susceptible person. The average beginning of a secondary infection after the
initiating infection marks the length of the serial interval. Therefore, the serial interval can be modelled by the

average interval from contagion until loss of infectiousness.

It is now assumed that a rate w exists at which individuals transit from the compartment ;11 to the recovered
compartment R, taking into account a direct transition or a transition over all or some of the compartments
Iiyo, ..., I; [204]. Let Iry1 ~ Exp(w). It still holds that I; ~ Exp(A\) Vi € {1,...,k}. Consequently, the prob-
ability distribution of the sum of the random variables I, ..., Iy41 is given by the hypoexponential distribution
[208]:

k1
Z' s ~ Hypoexp(«)
1=

with a = {%, s %, w}, where % appears k times. Hence, the serial interval is distributed according to the
hypoexponential distribution, that is a series of multiple exponential distributions, which all emerge from one

infectious state of the incubation process [204].

In the following the hxpoexponential distribution with & = {a1, ds, ...,a,},n € N,
a; #aq; Vi,l €{1,...,n}, for k+ 1 exponentially distributed random numbers Iy, ..., [;+1 is considered.
The PDF of the hypoexponential distribution with & is defined by [209]:

kil [l S2tSe em it if £ >0

=1 o —a;

Joypoexp () = .
0 ift<o0

In the case of two parameters dp, ds the PDF of the hypoexponential function is defined by

f(n:2) (t) = Q2 - aq CemGrt 4 B B P e .(efdz-t _efozl»t)
hypoexp Qg — O ap — ay —
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The definition of the respective cumulative distribution function is [210)

1- Zf:f I % ceT %t ift >0
thpexp(t) = 71 di—di .
0 ift<0

/2 2
ajtas;

aZ+a2
(ratio of the standard deviation to the mean) is smaller than 1, as 1 is the coefficient of variation of the expo-

The origin of the name of the hypoexponential distribution is the fact that the coefficient of variation

nential distribution [211]. The hypoexponential distribution is also called the generalized Erlang distribution.
If X ~ Hypoexp(a) and in the 2-parameter case, the expected value and variance are given by

1 1 1 1
EX]=—+— VarlX]=—=5+— .

ay a2 Qg e%)

In Figure 4.2 the PDF of the hypoexponential distribution for & = {\,w}, an average incubation period of 6
days and 1 or 3 intermediate infected states as well as a medium time to the loss of infectiousness of 5 days is

depicted.
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Figure 4.2: Hypoexponential probability density function with w =5, 7/ =6 and k=1 or k = 3.

Figure 4.2 shows that the length of the average time period between an infection of an individual and an emerg-
ing secondary infection of less than 1 day is necessary to achieve the highest possible value of probability density
supposing parameter values of w = 5, and k = 3 or kK = 1. The probability density reached with 1 intermediate
infected state is around 0.23 smaller than with 3 intermediate states. For a fixed value of 77, more intermediate

infected states lead to an increase in the maximally attainable probability density.

It is worthwhile noting that both the Erlang and the Hypoexponential distribution yield models for inter
arrival times or service times in queuing systems. The Erlang distribution is a phase-type distribution where
the k phases are in series, that have the same parameter for the exponential distributions. The hypoexponential
distribution is a phase-type distribution where n phases are in series and the phases have distinct exponential
parameters [212]. It has to be mentioned that the incubation period or serial interval could be modelled with
the aid of a different distribution than the Erlang or Hypoexponential distribution, respectively, but the two

introduced probability distributions yield reasonable results in modelling the 2 intervals.
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4.2.3 The Susceptible Compartments

The compartment S contains the susceptibles of the population. Concerning 2019-nCoV, these are all inhab-
itants of the regarded country or region except for those people who have already contracted the infection or
recovered from the disease. A constantly assumed number of tourists can be included in the total population,

too, without incorporating a recruitment rate.

The class S does not have to comprise all susceptibles in the system because susceptible people can gener-
ally be put in quarantine including self-quarantine. Inflicted quarantine is defined as a temporary segregation of
people suspected of infectedness [213]. In Germany, quarantine is usually 14 days, but 10 days if the respective
susceptible has just returned from a RKI-defined risk area [214]. For example, a susceptible individual can be
put in quarantine if it is registered as a contact person or household member of a confirmed infected case. All
susceptibles in preventive quarantine are located in the compartment S;. The transition from the class S; back

to S is given by the rate (5, which is defined as

1—p-Q
Q b

if the average length of quarantine is (). It is significant to notice that all individuals in the class S, are assumed

b=

not to be exposed to the infection risk due to their quarantine, and are assumed to receive a negative test result
if they are tested. The quarantine rate ¢ has some influence on the rate 6s_(t), that describes the transition
from S to S, and will be explained in Section 4.3. It can be altered in the later implementation for the purpose
of comparing scenarios of different quarantine measure up to a lockdown with each other. This is performed in
Section 6.3 in Chapter 6.

Apart from the compartment S, individuals can progress to the exposed classes E or E; from S. The ex-
posed compartments are explained in the next subsection. The compartments S,, ' and Er are the only 3 ones

accessible for susceptibles.

It is important to notice that a certain number of individuals can remain in the class of susceptibles for-

ever or at least for a long time. A transition between S and S; is always possible.

The German RKI recommends a quarantine of 14 days for susceptibles who have just had a contact of category
I with a confirmed infected case. The RKI defines a close contact that is longer than 15 minutes, with less
than one and a half metres distance between the contact persons and no correct continuous wearing of face
masks, or took place in a room with a probably high concentration of infectious aerosols and took longer than
30 minutes, as a contact of category I, meaning with a higher infection risk for the susceptible [215]. The quar-

antine can be shortened to 10 days if a negative PCR or antigen test is obtained from the respective person [216].

The ECDC defines a close contact person as an individual that has had face-to-face contact with a COVID-19
case within 2 metres for more than a total of 15 minutes over a period of one day, even if not consecutive, had
physical contact with a COVID-19 case, had direct contact with infectious secretions of a COVID-19 case, was
in a closed environment or travelling with a COVID-19 case for more than 15 minutes, is a person providing
direct care to a COVID-19 case, a laboratory worker handling specimens from a COVID-19 case without rec-
ommended personal protective equipment or with a possible breach of personal protective equipment or hand
hygiene [217]. A contact with only a low risk of contagion is defined as a person who has had face-to-face contact
with a COVID-19 case within 2 metres for less than 15 minutes, was in a closed environment or travelling with
a COVID-19 case for less than 15 minutes [217]. Household contacts and contacts around the time of symp-

tom development of the infected person are generally regarded as putting the susceptible contact person at an
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increased risk [217]. The ECDC describes the main principles or contact tracing as the prompt identification
of contacts of COVID-19 cases, the provision of self-quarantine, proper hand hygiene and respiratory etiquette,
testing all high-risk exposure contact persons as well as low-risk exposure contact persons in settings in which

transmission is likely as well as testing of all contacts that become symptomatic [217].

Moreover, an US-American study quantified levels of SARS-CoV-2-reactive antibodies and human corona
virus-reactive antibodies in serum samples collected from 431 humans before the COVID-19 pandemic and
pre-pandemic antibody levels in serum from a separate cohort of 251 individuals who became PCR-confirmed
infected with SARS-CoV-2. It indicated that pre-pandemic non-neutralizing antibodies elicited by 196 human
corona viruses did not provide SARS-CoV-2 protection [218]. Thus it also implied that a previous infection
with another corona virus did not protect from an infection with SARS-CoV-2. So all population members can

be assumed to be initially susceptible in the model.

4.2.4 The Exposed Compartments

The first step of a model extension apart from the introduction of a quarantine rate is the extension of the Basic
STR model to a SEITR model. As in the SEIR model the exposed class F comprises latently infected people,
who are not yet infectious or show symptoms.

With respect to SARS-CoV-2, a distinction between confirmed and unconfirmed infected cases has to be made.
Any type of data source can only provide a reliable SARS-CoV-2 incidence on the basis of the numbers of
infected cases that have been reported to any kind of authority until then.

In the SARS-CoV-2-fitted model, a difference is made between confirmed and unconfirmed cases. An exposed

compartment F solely contains unconfirmed infected cases.

Another exposed class E; comprises those latently infected individuals who are confirmed cases. To be able to
obtain reliable compartment size data, it is presupposed that a test realization triggers isolation impos-
ture on latently infected individuals. Therefore, an isolation rate Z is introduced, which has some influence
on the transmission rate, that is explained in Section 4.3. Solely a received positive test result is assumed to
effect a transition to the compartment Fr. In Germany, confirmed cases are isolated at home for 10 days [213].
The RKI distinguishes between cases that are reported owing to laboratory diagnostics, which usually means a
SARS-CoV-2 test, and cases that are reported to the authorities for clinically-epidemiologically verified reasons

[219]. However, an entailed test is necessary in the second case for a case-confirmation.

It is assumed that a latently infected individual that is not positively tested (situated in the compartment
E) is not isolated. This is justifiable since the detection of infected cases who are asymptomatic and not infec-

tious is not effected by symptom development, which is a common trigger for isolation.

Incorporating the compartments E and E; into the model, all latently infected cases that are not confirmed
and not isolated as well as all latently infected cases that are confirmed and isolated are included.

If an individual receives a false-positive test, it is not infected but isolated, but still progresses to the compart-
ment Fj. False-negative tests are assumed to be rare. If a person receives a false-negative test, it is infected
but not isolated, but still transits to the compartment E. Its infection can be confirmed later such that it will

transit to a compartment that is distinguished by confirmed infectedness.

The rate describing the transmission affecting the transition from S to F or Ej, respectively, is a time-dependent
continuous functions 0g(t) or O, (t). The transmission risk 3, the contact rate function 7(¢) and the quarantine
rate function ¢(t) as well as the isolation rate Z influence them. The compositions of 0 (t) and 0, (t) are
explained in Section 4.3, in which the transmission in the SARS-CoV-2-fitted model is derived.
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4.2.5 The Asymptomatic Infectious Compartments

Six additional classes are added to the extended model for the purpose of reflecting different infected states that
are passed by individuals during an infection.

There are two compartments A and A; which contain infectious but pre-symptomatic individuals.

Exposed unisolated individuals transit from the compartment E to the infectious, pre-symptomatic class A
at a rate ¥y. The pre-symptomatic class is named the asymptomatic class in throughout this thesis. Latently
infected individuals who are in isolation (E) will spend their whole disease progress in isolation and will not
become unconfirmed cases. For this reason, there is no possibility for them to reach the compartment A of un-
confirmed asymptomatic individuals anytime. They progress to the isolated stage A at a rate ¢;;. Individuals
who are latently infected but not isolated (F) are able to progress to the class A instead of A at a rate ¢y if

they are detected and reported to the authorities.

The number of individuals in the isolated class A; is relatively small compared to the number of people in

A because most often the testing of a case is triggered by symptom development.

The mentioned transition rates vy, ¥y and ¥;; depend on the length of the latent period £. Their compo-
sition and the option to model them by time-dependent functions by creating a time delay model based on

Delay Differential Equations (DDEs) are explained in Subsection 4.3.4.

4.2.6 The Symptomatic Compartments

The compartments Iy and I; are both composed of infected symptomatic infectious individuals only. The class
I; contains those cases that have been confirmed by responsible authorities like health departments and are
thus confirmed as infected cases. Individuals in the class I} are isolated at home and may be sent to hospital
after a certain time period if they exhibit major symptoms. The compartment Iy consists of the respective

unconfirmed cases.

Placed in the asymptomatic compartment Aj, individuals transit to the compartment I; at a rate x 7, which
depends on the length of the incubation period 77 and the length of the latency period £. The length of the

time period between the development of contagiousness and the symptom start 7 is defined as
r=T-L.

It is certain that all individuals in the class A; will reach I} because they definitely pass through the incuba-
tion time. All infected individuals are assumed to show at least mild symptoms for the duration

of the disease in this model, such that pauci-symptomatic people are counted as symptomatic, too.

Asymptomatic cases that are not in isolation (A) have not yet been confirmed by the authorities. For this
reason, they may remain unconfirmed infected cases during their whole infected and infectious process and
transit to the compartment Iy at a rate yy.

It is not assumed that individuals in the compartment A; can arrive at the class Iy at any time as their infected
status is already known. Since the time instant when their test result was positive and they transited from S

to Ej or from E to Ay, they have been confirmed cases.

People are infectious in the class A and their transition to the symptomatic stage of infection is initiated
when they develop symptoms. As mentioned before, symptom development is a common occasion for reporting

an infection. It is assumed to be probable that individuals visit a doctor and/or a testing station and are tested,
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or at least report their infected status, as soon as their first symptoms appear. Subsequently, these individuals
turn from unconfirmed into confirmed infected cases.

It follows that there is a possibility for individuals in A to reach the class I; instead of Iy at a rate x; and
belong to the confirmed symptomatic compartment as soon as the incubation time has passed for them. The

rate x; depends on the testing and entailed reporting of the respective infection.

Obviously, asymptomatic individuals that are not isolated, who do not transit to the class I, reach the com-
partment I;; and vice versa. Thus the 2 rates x; and yy can be described as coupled. The ratio of asymptomatic
individuals who turn into confirmed cases via testing at symptom-development among all asymptomatic people
who have been unconfirmed up to the respective time instant is given by the parameter x;. It is called a
detection parameter here. The corresponding ratio of asymptomatic individuals, who remain unconfirmed, is

then given by the parameter ky = 1 — k.

The same holds for the 2 transition rates ¥; and 1y. Here the detection parameter (; is the ratio of exposed
individuals who are confirmed by a testing procedure among all exposed cases who have been unconfirmed
up to the respective time instant. The corresponding ratio of exposed individuals who remain unconfirmed is

described by the parameter ¢y =1 — (.

The parameter J denotes the ratio of the unconfirmed symptomatic cases that are assumed to be confirmed by
test realization during their period of symptomatology per time instant t. Let T be the average length of the

time that individuals in Iy and I7 take from the symptom development to recovery.

It is significant to add a transition from the unconfirmed symptomatic infectious compartment Iy to the
deceased compartment D. The reason is that those individuals who have never been tested are no confirmed
SARS-CoV-2-cases, such that a death of a person in the compartment Iy; is usually traced back to a comorbid-
ity, or respiratory disease, that has actually been caused by a SARS-CoV-2 infection. It has been explained in
Chapter 2 why a lack of test realizations can lead to an overestimation of the overall CFR.

Let My be the CFR of unconfirmed infectious cases.

Altogether, the individuals in Iy are assumed to transit to the recovered class R at a rate

1—p-T

w1 T

: (1 g MU>
and to the compartment I; at a rate

1—p-T

T J.

¢

The rate at which individuals transit from Iy to D is described by the parameter

_1—p-T

A3 T

My .

Furthermore, let K be the case-hospitalization rate of symptomatic infectious individuals. The compartment
H of hospitalized cases can only be reached from the class I;. Unconfirmed cases in Iy are expected to never
be hospitalized as SARS-CoV-2-patients because hospitalized cases are always confirmed but individuals in I

have not been (positively) tested and remain unconfirmed.

Since the individuals in I; are assumed to either recover after 7' units of time or be hospitalized owing to
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major symptoms they progress to the compartment R at a rate

1—p-T
wn =120 T (1)

and to the compartment H at a rate

1—p-T

K.
T

It is highlighted at this point that it is assumed in this model that all transitions from the susceptible or
an unconfirmed infected compartment to a confirmed infected class are triggered by a positive SARS-CoV-2
test. This concerns the transitions from an exposed unconfirmed to a confirmed infectious, or unconfirmed
asymptomatic to a confirmed symptomatic, or susceptible to an exposed compartment.

A test that entails a transition from the compartment A to I is more probable to be effected by case-reporting

than a transition from S to E; because symptom development is the most obvious reason for testing.

4.2.7 The Hospitalized Compartment

The seventh infected model compartment is the class H of all patients that are hospitalized due to the conse-

quences of their SARS-CoV-2 infection or secondary infections.

Let My be the CFR of the hospitalized compartment. Let Ty be the average time period from hospital-
ization to recovery. A fraction ¢ of hospitalized patients is assumed to be transferred to intensive care per unit

of time. Individuals transit from the hospitalized compartment to the ICU compartment C at a rate

_1—p-Ty

5 TH 2

decease for reasons related to SARS-CoV-2 at a rate

_l—p-Ty

A
1 Tr

My

and recover at a rate

1 pTy

w3
Ty

-(1—L—MH).

4.2.8 The Intensive Care Unit Compartment

Hospitalized SARS-CoV-2-cases can be transferred to an ICU. It makes sense to include a correspondent inten-
sive care compartment C' in the model because the number of future patients in intensive care can be predicted
like that. The letter C stands for critical cases. Additionally, the number of daily new patients in intensive care

is more certain than other data. This is further detailed in Section 5.4.

In this thesis, the CFR of intensive care patients is assumed to be a multiple of the CFR of the hospital-
ized compartment. To obtain the CFR of C, the CFR of H is multiplied by a factor z, > 0 that enhances the
case-fatality rate of ICU patients on the basis of the CFR of hospitalized patients who are not in an ICU:

M,=x,-Myg> Mg .

Moreover, let the average time from admission to intensive care to recovery be T, > Ty > T.
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Individuals who are in intensive care die for reasons related to SARS-CoV-2 at a rate

1= p-T,

Ao T

M,

and recover at a rate

1—p-T,
b= ()

4.2.9 The Recovered Compartment

In this compartment model, recovery of a person is identified with the achievement of an amount of viruses
in the individual that makes it impossible or exceedingly improbable to transmit the infection to susceptible
people. Recovery is not equalled with the complete loss of contagiousness here, since the time period until infec-
tiousness fully vanishes is difficult to determine, and the time period until a person reaches a level making it not
infectious to others is more relevant. Recovery is also not identified with the disappearance of symptoms in this
thesis. This is significant since individuals who have transited to the compartment R in the SARS-CoV-2-fitted
model might have lost remarkable symptoms for some time already but not their complete infectiousness. They

should not be able to infect susceptibles anymore if they are classified as recovered.

The average time to recovery of the compartments I; and Iy is T, of the class H is Ty and of the class
C is T, in this model. Thus the average length of the infectious period has to be determined in order to equip
the model with an adequate value of T. The average time from hospitalization or ICU admission to recovery
is used to determine the values of Ty and T,. As mentioned, it is not yet clear how long these periods exactly
are [10]. It is however verified that contagiosity reaches its maximum at the time when people develop symp-
toms, which is the time when the incubation period ends. It is also assured that infectiousness of an individual
decreases in the course of time, and severely diseased individuals are infectious for a longer time than people
with mild symptoms [10]. The values for T, Ty and T, are obtained from the data provided by the RKI [10].
The RKI states for example that infectiousness intensely declines after 10 days if a person exhibits only mild

symptoms [10].

With respect to recovery from COVID-19, it has to be considered that in reality, the duration of resistance
against a disease after overcoming it naturally or after vaccination can vary over time [219]. According to
current information, it might be possible that symptoms re-appear at any point of time and even susceptibility
might be reached again by (some) individuals due to a waning protective effect of recovery. The relationship
between the presence of antibodies to severe SARS-CoV-2 and the risk of subsequent re-infection currently
remains unclear [220]. The period until a critical immunity threshold is fallen below could be mathematically

modelled by a probability distribution in future research approaches.

In general, waning immunity might cause recurrent outbreaks of infectious diseases [221]. A
missing complete immunity or a waning immunity effect can be incorporated into the model in different ways.
Ounly a few approaches to compartment models with waning immunity can be found in the literature [219].
Examples are DDE models, which can for instance account for a delay representing the average duration of
the diseases-induced immunity [221]. They are introduced in Subsection 4.3.4. Models of partial differential
equations (PDEs) are often used to include pathogen transmission among distinct age groups [221]. The loss of
immunity after recovery or vaccination can be involved in a model by including a second susceptible compart-
ment, that comprises individuals who are excluded from the possibility of getting vaccinated since nobody is
aware that their immunity level has dropped below a critical threshold, as proposed by Barbarossa et al. [221].

Another option is that individuals enter the susceptible compartment as soon as they are not protected from
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contracting the infection due to their previous infection and recovery or vaccination anymore. This is realized
in the STR model introduced by Dafilis et al. [222], that has an intermediate waning state and makes damped
or undamped oscillations in the system observable.

A transition from the class R back to S would also be justifiable if fully recovered individuals were able to
get infected again i.e. contract a mutated form of the virus. This is not taken into account in the established
model since the risk of re-infection has not been fully proved with regard to all known mutations, that generally
exhibit a higher transmissibility. This is certainly a model simplification and does not apply to all individuals,
substantially if an increasing occurrence of more aggressive mutations is assumed. Nonetheless, if a re-infection
with mutations is possible, it can be assumed that the amount of re-infections leading to major symptoms,
severe disease progressions and death has amounted to only a small fraction of a population of several millions

of people until today. The precise inclusion of different mutations in the model is relevant for future work.

A carrier compartment between the classes R and E would be reasonable if a noticeable number of people
in the system did not fully recover after their initial infection so that they were able to infect susceptibles
again. In a longitudinal cohort study the incidence of SARS-CoV-2 infection confirmed by PCR in seropositive
and seronegative health care workers attending testing of 12,541 people, who were asymptomatic and symp-
tomatic staff at Oxford University Hospitals, was investigated using an anti-trimeric spike immunglobulin G
(IgG) enzyme-linked immunosorbent assay (ELISA). Baseline antibody status was determined by anti-spike and
anti-nucleocapsid IgG assays, and staff members were followed for up to 31 weeks. No symptomatic infections
and only 2 PCR-positive results in asymptomatic workers were seen in those with anti-spike antibodies, which
suggests that previous infection resulting in antibodies to SARS-CoV-2 is associated with a protection from
re-infection for most people for at least 6 months [220]. As consequence of this and the fact that compartment
sizes are predicted over up to the future 80 weeks (6.67 months) in Chapter 6, it is assumed in this model that
the amount of viruses in cases with re-appearing symptoms does not attain a level that makes them contagious

to others again. Hence, there is no carrier compartment or possible transition from the compartment R to F.

Carriers in the compartment I; or Iy who do not show relevant symptoms anymore but are still infectious
are possible. No additional carrier compartment is added since it is unclear which proportion of again asymp-
tomatic individuals among the infectious people is. Also, symptoms play a role subordinate to infectiousness in
the model. Reduced contagiousness in individuals in the compartments H and C can occur prior to the reduction
of symptoms, or the loss of symptoms prior to a decreased infectiousness. This is already implied by the fact that

infectiousness and symptoms are no characteristic features of the hospitalized or ICU compartment in this thesis.

As indicated above, the rates at which R is reached by unconfirmed symptomatic cases is wi, tested symp-
tomatic cases is wsy, hospitalized patients who are not in intensive care is w3, and intensive care patients is
w4. Once infected, so once arrived in the compartment F or Fj, individuals certainly reach the recovered

compartment R after some time, unless they die.

4.2.10 The Compartment of Deceased Individuals

The infected people in H or C underlie certain time-dependent case-fatality rates My or M, , respectively, which
make them reach the deceased compartment D at a rate A1 or Ag, respectively. Hence the deceased compartment
D(t) contains all individuals who have been classified as deceased SARS-CoV-2 deaths up to the time instant ¢
by the data source that is selected for the implementation. If IFRs from reliable sources are available, they can
be used instead of the CFRs, which are provided by most reliable sources, in order to reflect the lethality rate

of the infectious disease in the most realistic way.
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4.2.11 The Compartment of Vaccinated Individuals

Subsection 3.2.4 implied the possibility of the integration of vaccination into the model. It is assumed that
only susceptible individuals are vaccinated in the SARS-CoV-2-fitted model. Vaccinations of confirmed infected
cases are not realistic, and vaccinations of undetected latently infected or asymptomatic infectious are omitted
here because they represent only a small portion of vaccinations. The STIKO recommends that (previously)
infected individuals should be vaccinated soonest 6 months after recovery [223]. As it can be assumed that
recovered individuals subsequently accounted for only a negligible fraction of vaccinated individuals as of March
2021, which is the point in time up to which compartment size data is available in this thesis, vaccinations of
recovered people are omitted here.

b2

It must be decided whether a considered SARS-CoV-2 vaccine is a so-called ”leaky” or 7 all-or-nothing vac-
cine”. If an all-or-nothing vaccine is assumed, a vaccination provides complete protection from the infection
for a fraction V; of the susceptible class per unit of time ¢, whereas the fraction 1 — V; does not gain any
protection. Booster vaccinations after several years are still possible in this case in order to maintain vaccine
protection. Susceptible individuals who receive a vaccination transit from the compartment S to a vaccinated
compartment V' at the rate V;. This rate can be defined as a time-dependent function V;(¢) if a fluctuating
vaccine strategy applied to the population or an increasing number of available doses is assumed. Therefore, the
compartment V(¢) comprises all of the individuals in the system who have been vaccinated up to the point in
time ¢ and have not left the compartment since the protective vaccination effect has fallen below a critical level.
Vaccines experience waning immunity just like hosts recovered from natural infection, although disease-induced
immunity generally induces a much longer lasting protection than vaccine-induced immunity [221, 224]. If the
vaccine is successful, the host is immunized for some time. A waning effect can be included by introducing a
rate Vs, at which individuals transit from the compartment V' back to S.

In Figure 4.3 a scenario with an applied all-or-nothing vaccine is illustrated. Compartments of unconfirmed
cases, the class of susceptibles in quarantine, the hospitalized and the ICU compartment as well as deaths that
are not related to SARS-CoV-2 are omitted here for transparency reasons. In the diagram, blue arrows from
one to another compartment indicate a transition, whereas the compartment, from which a red dashed arrow

originates, can infect susceptibles.
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Figure 4.3: SV E;A;I; R model with an all-or-nothing vaccine applied to the compartment S

The rate V5 can be modelled as a random variable that is distributed according to a probability distribution,
which realistically reflects the waning protective effect of the respective vaccination. If leakiness is assumed, all
vaccinees (vaccinated individuals) have a reduced probability of contracting the infection compared with the
susceptibles in the compartment S. Thus a transition from the compartment S to a latently infected compart-
ment Ey has to be incorporated into the model. A distinction has to be made between the vaccine efficacy,
which indicates how effective the vaccine is under ideal conditions and a complete vaccine uptake, and the

vaccine effectiveness, which measures the performance of the vaccine used in everyday circumstances [229].
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The attack rates A(t) for unvaccinated and Ay (t) for vaccinated individuals in the model read [230]

A(t)zw or Av(t):iv(g

, respectively

and the vaccine efficacy can be defined as [231]

LA -Av()
es — A(t)

In other words, the parameter v, is the efficacy of the leaky vaccine to reduce the contagiousness of the people
transiting to the compartment Fy . It can also be described as the percentage reduction of contagion in a
vaccinated group of people compared to an unvaccinated group [231]. In the sequel, the compartments F and
E; are condensed as E, A and A; as A and Iy and I as I. Subsequently, the rate at which vaccinees progress
from S to Ey is assumed as (1 — ves) - © 5 (t) here, with © () the rate of transition from the class S to E. A

leaky vaccine can be assumed to not provide a complete protection even right after vaccination.

The individuals in the compartment Ey transit to a vaccinated asymptomatic contagious compartment Ay
and from there to a vaccinated symptomatic infectious class Iy,. As described in Subsection 2.4.4 it is uncertain
if the SARS-CoV-2 vaccinations, that have started to be applied in Germany and other European countries in
December 2020, completely prevent vaccinated but infected individuals from infecting susceptibles [232]. The
transmission risk emerging from the individuals in the compartment Ay or Iy, can be assumed to be a fraction
Veq OF Ve, Tespectively, of the transmission risk originating from Aor I. The parameters v, and v.; describe
the efficacy of the leaky vaccine to decrease the infectiousness of the vaccinated individuals in the compartment
Ay or Iy compared to Aorl , respectively [233]. Both of them could moreover be defined to be age-dependent
if age groups are included in the model.

If no vaccine protection is given anymore for an individual in the leaky vaccine scenario due to a waning effect,
and the infection status of this individuals is known, which is difficult to find out in reality, the person can
be assumed to transit to the next reachable unvaccinated compartment. Let x or y symbolize the fraction of
vaccinees whose vaccine protection levels have fallen below a determined critical level per unit of time. They are
both difficult to accurately determine but could be modelled by probability distributions. Then let (1 — ) - xv
or (1 —y) - ¢y be the rate of transition of leaky-vaccinees from Ey to Ay or Ay to Iy without an assumed
waning effect, respectively. Thus leaky-vaccinees progress from the class Ey to A at a rate z - xv or from the

compartment Ay to I at a rate Y- Xv, respectively.

In the M ATLAB implementation of an age group model with involved vaccination in this thesis, an all-or-
nothing vaccine scenario is used. This has got the following reasons:

Firstly, the current authorized vaccines described in Subsection 2.4.3 have a verified efficacy against contagion
of up to 95 %, which is very high, such that the portion of inefficient vaccinations can be regarded as negligible
in a compartment model based on a large population. Secondly, it is not yet completely clear in how far the
accessible vaccines protect vaccinated people from spreading the infection and their effect against certain known
aggressive mutations has not been fully proven, but has also not been officially disproved. In the case of a pos-
sible transmissibility emerging from vaccinated individuals who cannot get sick with COVID-19, a transmission
from the compartment V to S (which would be depicted by a dashed arrow) could be added to the all-or-nothing
model. Thirdly, no reliable data concerning the fraction of vaccinated people with incomplete protection from

COVID-19 are currently available, and it would be a complex task to provide such information in a reliable way.

Figure 4.4 depicts a scenario with an applied leaky vaccine. The parameter wy symbolizes the recovery rate of
vaccinated infectious individuals. Again, blue arrows from one to another compartment indicate a transition,

whereas the compartment, from which a red dashed arrow originates, can infect susceptibles.
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Figure 4.4: SEEy AAy Iy R model with a leaky vaccine applied to the compartment S

It should be taken into account that vaccination strategies can be included in the model aside from the type
of vaccination (leaky or all-or-nothing) and the efficacy of the regarded vaccine. Curiel and Ramirez [225]
suggested 5 different strategies regarding a network-based population model, which can be combined with a
compartment model. The first strategy prioritizes those individuals who have more contacts (more connected
nodes in the network), the second one prioritizes the most or least controlling/influential individuals (nodes
with a higher or lower betweenness), the third one vaccinates the oldest individuals in the population at first,
and the last one randomly selects a portion of the population [225]. In the implementation in Chapter 6, a

random selection of people per age group to be vaccinated is realized.

The betweenness centrality b(v) of a node v € V is defined as [226, p. 142)]

where 7;; is the total number of shortest paths from node ¢ to node j and &;;(v) is the number of those paths
that pass through v. For each node in the graph, it is the number of these shortest paths that pass through
the node. In contrast to that, the degree centrality d(v) is the number of edges connected to a node v in an

undirected graph i.e. equals the degree of a node [226, p. 121]:
d(v) = deg(v) .

Other centrality measures like the closeness centrality, the communicability centrality or the eigenvector cen-
trality exist. In a network-based approach of epidemic modelling, a node could represent an individual in the
population or an event, accidental meeting or planned meeting, which people participate in. Here, centrality
measures of a node characterize the importance of the node in spreading the infection. For example, a super-
spreading event itself, or individuals who participate in a superspreading event, represented by a node in a

graph would be distinguished by a higher centrality value.

4.2.12 Overview of Compartments

All of the mentioned transition parameters are listed along with their definitions, units and also selected fixed
values or value bounds for the implementation in Chapter 6 of this thesis. The information if the respective
parameter is fixed, estimated by algorithms or computed from other parameters is also included there.

Taking all of the mentioned compartments into account a table with the features of each class can be created.

Table 4.1. summarizes the defined characteristics of individuals of all classes in a compartment-wise manner.
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The leaky-vaccinated compartments Ey, Ay and Iy are not included here, but the all-or-nothing-vaccinated

compartment V is incorporated.

Table 4.1: Compartment Variables in the SARS-CoV-2-fitted SEIR model

Compartment Variable Definition of comprised individuals

susceptible

susceptible, in preventive quarantine

vaccinated, not susceptible, not infected

(latently) infected, not infectious, asymptomatic (unconfirmed cases)

i (latently) infected, not infectious, asymptomatic, in isolation (confirmed cases)
infected, infectious, asymptomatic (unconfirmed cases)

Ar infected, infectious, asymptomatic, in isolation (confirmed cases)

infected, infectious, symptomatic (unconfirmed cases)

infected, infectious, symptomatic, in isolation (confirmed cases)

confirmed infected, infectious, in isolation, hospitalized, not in intensive care

hospitalized, in intensive care

recovered

deceased for disease-induced reasons

Q

o<W

SRS

The following possible further considerations with respect to the described compartments is emphasized:

All of the individuals in the compartments E;, A; and I; are isolated, whereas those in the compartments
E, A and Iy are not. It is reasonable to include a bureaucratic time delay between the receipt of a positive
test result and the infliction of isolation in the model. The compartments E;, A; and I; could be separated

into a ”confirmed but not yet isolated” and a ”confirmed isolated” compartment each to account for the delay.

The case-fatality rate and the case-hospitalization rate could also be described by time-dependent functions
and obtained via interpolation of reported case-fatality or -hospitalization data. Such data are uncertain due to
probable misestimations of case-fatality and -hospitalization data. Multiple reasons for a misestimation of the
CFR were explained in detail in Chapter 2. The CFR could be complemented by a turning point that depends
on the ICU capacity present in the underlying population. This means that it could be assumed that the CFR

punctually increases more rapidly when a certain ratio of ICU admissions is exceeded.

It is significant to note that quarantine and isolation measures, contact restrictions, social distancing and the
realization of NPIs lead to remarkable social and economic costs, which should be reduced at a simultaneous
containment of infection numbers. The connected optimization problem is not a part of the implementation of

this thesis, but should be realized by means of numerical optimal control in future works.
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4.3 Transmission in the SARS-CoV-2-fitted Model

In this section the rates of transition from the susceptible compartment to the exposed and quarantine com-

partments are analytically deduced.

In Subsection 4.3.1 SARS-CoV-2-suited variants of the transmission risk are mathematically explained.
Subsection 4.3.2 describes in which ways a contact, a quarantine as well as an isolation rate influence the trans-
mission rate apart from the transmission risk. Certain time-dependent functions for the quarantine and contact
rate are derived.

The purpose is to model the transmission, contact or quarantine rate in a way that fits the course of the re-
spective rate that has been experienced in reality during the corona virus pandemic.

In Subsection 4.3.3, the compositions and definitions of the rates of the transitions emerging from the susceptible
compartment are derived from the explanations of the previous two subsections.

The characteristics of a time delay model are given in Subsection 4.3.4 by making use of the transition rates ex-
plained in Subsection 4.3.3 to deduce the rates of transition from the exposed compartment to the compartments

describing later states of infection.

4.3.1 Transmission Risk

Definition of the Transmission Risk

Let c. be the average number of all contacts between a susceptible and an infectious person in the regarded
population per unit of time. It is also called the effective contact rate of a population. Additionally, it can be
asked to fulfil a certain condition like a short enough distance between the two involved people.

Let s be the average number of acquired secondary infections per unit of time in the regarded population.

Here, the transmission risk [ concerning a specific infection and population is defined by the ratio of s to

ce. It is sometimes called the transmission probability and here mathematically defined as the ratio

The effective contact rate c, is smaller or equal to the total contact rate v. The rate v is defined by the average

number of all contacts of one individual in the population per unit of time.

The product of the total contact rate v and the transmission risk 8 is the rate at which susceptible indi-
viduals are infected per unit of time. The rate [ -~ is used in Subsection 4.3.3. in order to define the rates of
transmission in the SARS-CoV-2-fitted model.

The above definition of the transmission risk can also be called the secondary attack rate, which enables state-
ments concerning the contagiosity of an agent. An Indian study verified that the secondary attack rate of
2019-nCoV estimated between December 2019 and June 2020 varies widely across countries with a lowest re-
ported rate of 4.6 % and a highest of 49.56 % [227]. A meta-analysis of 54 studies with altogether 77,758
participants showed that the estimated overall household secondary attack rate of SARS-CoV-2 was 16.6 % and
thus higher than observed secondary attack rates for SARS-CoV and MERS [228].
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Mathematical Formulations of the Transmission Risk

The transmission risk is one of the parameters that are estimated in M AT LAB implementations performed in
this thesis.

The transmission risk can be regarded as a constant value because for simplicity it can be assumed that
the infection risk does not change over time. Nevertheless, it is discussed whether the wearing of face masks,
the filter efficiency of the worn masks, the adoption of the temperature and shock ventilation in closed rooms
reduce the infection risk [234].

All of these factors support the view that firstly, the infection risk depends on the personal realization of protec-
tion measures of every single person. In order to incorporate this into the model the susceptible compartment
has to be separated in two or more classes, such that the individuals of each susceptible subclass are assumed
to take protection and hygiene measure influencing the transmission risk seriously up to only a certain degree.
Secondly, the mentioned factors sustain the view that the transmission risk is time-dependent due to the fact
that protective measures like the expansion of compulsory mask wearing to more locations are taken at certain
time instants and over specific time periods during the pandemic, such that the risk of transmission is reduced

within the whole population during these periods.

Consequently, the transmission risk can be described by a function of time. The following function can be

utilized as a transmission risk function to model the SARS-CoV-2-specific transmission rate:

,Bl(t){ﬂo ;t<7—m

Bo-e 7=t > 7,

The function S;(t) decreases exponentially with respect to the time ¢. Here, By is the transmission risk at the
initial time tg = 0. The parameter 7,,, > 0 is the time instant at which the respective measure like compulsory
mask wearing is taken and j is a constant value to control the transition rate [235]. The larger the control

parameter j the steeper is 1 (t). The function meets the value Sy on the y-axis where x = 7,,.

Moreover, the transmission risk related to SARS-CoV-2 seems to underlie seasonal fluctuations. Experimental
data suggest that SARS-CoV-2 persistence on surfaces or in the air is sensitive to temperature, humidity as
well as ultraviolet light. Furthermore, other environmentally sensitive respiratory viruses are more prevalent
in winter. Therefore, climatic effects could be responsible for protective effects in dry and warm places and
summer in general [236]. Low temperature and dry air impair and disrupt the integrity of the epithelial layer
of the lungs, which might explain the winter seasonality of respiratory viruses [237]. Multiple studies showed
that high temperature mitigated the transmission of the virus [237], but an analysis of transmission in 4 major
provinces in Canada between January and May 2020 did not find a significant association between ambient
temperature and transmission [238].

Studies have revealed that room or outside temperature and air humidity have an impact on the transmission
rates and stability of respiratory viruses like SARS-CoV-2 [239, p. 83]. A mix of low humidity, temperature
and sunlight may result in an impairment of the human local and systemic antiviral defence mechanisms, which
result in an increased susceptibility to respiratory viruses in winter [239, p. 94].

This seasonality speaks for a time-dependent transmission risk function, which could be defined to be a positive

continuous 7p-periodic function B2(t), for which it holds

Ba(t +71p) = Ba(t) -

Here, the parameter 7p is a non-zero constant describing the length of the period after which an initial trans-

mission risk is reached again. With regard to 2019-nCoV, a period of 6 months or 7p = 26 weeks is realistic

73



because fluctuations in the transmission between summer and winter can be observed [236].
In the case of the involvement of seasonality and obtainment of the initial transmission probability value 5y
in the calendar week tg = 10 in winter, the time-dependent transmission risk can be defined as a sinusoidal

function:

27t
Ba(t) = Bo - (1 + Bp - 003(5))
The period of Ba(t) is Tp = %—g The factor é is selected since a year has 52 weeks.
Consequently, the first local minimum is reached at ¢t = 26, which is in the calendar week 36 in summer. The
parameter [y is again the initial transmission risk, but also the mean transmission rate. The parameter Sp
stretches the function along the y-axis and so defines the magnitude of the fluctuation. It has to be larger than

zero in order that the function B5(¢) does not get smaller than zero.

It should be added that stable oscillations like seasonal epidemic waves are fostered by some degree of im-

munity of the population [236].

Weather is a presumable factor to influence transmission of 2019-nCoV, but not at a scale sufficient to outbal-
ance the effects of lockdowns or economic re-openings. So climate conditions are unlikely to inhibit SARS-CoV-2
prevalence in summer to a large measure. In addition, all pharmaceutical and non-pharmaceutical intervention
measures are currently believed to affect the transmission of SARS-CoV-2 more than any environmental im-
pacts. [236]. Consequently, the M AT LAB implementations of Chapter 6 the transmission risk is regarded as
a constant value. This is also reasoned by the fact that a seasonality already influences the transmission risk
because [ is estimated and adjusted based on the data of infected individuals reported from March 2020 until
February 2021, which underlie seasonal fluctuations. More details concerning the parameter optimization are
given in Chapter 6. Secondly, the obligation to wear face masks was not strictly locally extended or rescinded
since the mask introduction in Germany in March 2020.

Only in December 2020, compulsory masks were extended to parking areas as well as city centres, and medical
face masks became compulsory in early 2021. Thirdly, the obligation of shock ventilation was introduced in

schools in autumn 2020, but the realization of this cannot be properly controlled.

Modifications of the Transmission Risk

It is significant to state that the transmission risk is not only infection- and intervention-specific but also de-

pends on the contagious compartment containing individuals that infect susceptibles.

Hence, transmission probabilities proceeding from different compartments are distinct. In Section 4.2, 13
compartments were introduced, of which the compartments E;, E, A;, A, I;, Iy, H and C are the infected
ones. They are the infected states of the SARS-CoV-2-fitted model. Among these states, the 6 so-called states-
of-infectiousness are given by the contagious compartments [195, p. 879] . Those are A, Ay, Iy, Iy, H and C
in the SARS-CoV-2-fitted model.

According to Chapter 3 the number of individuals infected by a compartment K at time t is defined as
Be(t) - S(t) - K(t) .

There are six distinct infectious compartments in the SARS-CoV-2-fitted model. The differences between the
transmission risks originating from the different classes K € {A, Ay, Iy, I;, H, C} have to be expressed.
Subsequently, a factor ex is multiplied by £ in the above term to obtain the specific transmission risk emerging

from the class K.
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Modification factors concerning a transmission based on a contact of a susceptible with a member of the

compartment /C are described by the variable
Ex € [0,1] , K e {A, Ap, Iy, Iy, H, C} .

All individuals in the classes F and E; are latently infected and not infectious. Those people who are isolated
at home (classes I7 and Aj) can infect family members, people supplying them or mobile nursing services under
certain conditions. Hospitalized individuals (classes H and C') can be assumed to be able to infect medical staff
or frequent visitors. but nobody else.

If above-average hygienic conditions, visiting regulations and distancing and isolation regulations in hospitals
are presupposed, it can however be assumed that all patients in the compartments H and C, comprising indi-
viduals in hospitals, do not have the ability to infect any susceptibles. Then it would hold that eg = e¢ = 0.
Certainly, a differentiation between the compartments H and C' can take place by introducing a factor that
reduces the transmission risk originating from one of the two classes compared to the probability emerging from

the other one slightly to sharply.

The class Iy is the compartment that puts susceptibles at the highest infection risk during contact because
the individuals in Iy are infected but undetected. A compartment which puts susceptibles at a higher risk of
contagion during contact than another class is interpreted as a compartment with a higher transmission risk

emerging from it.

It is clear that unconfirmed symptomatic infectious individuals spread the disease in an uncontrolled man-
ner, particularly if no state measures are taken. Thus it is defined that €7, = 1. The class Iy is assumed
to put contacted susceptibles at a higher infection risk than the isolated symptomatic individuals in the com-
partment I;. The same holds for the contagiousness relation between the classes Ay and A. Additionally, it is
assumed that unconfirmed asymptomatic cases (A) have a higher risk of infecting susceptibles than confirmed
symptomatic individuals (Iy), since they are often not even aware of being infectious. The individuals in the
class I are assumed to have a higher risk of infecting susceptibles than hospitalized patients as all hygiene and
distancing rules are assumed to be taken more serious by hospital personnel than at home.

By implication, the following inequalities between the modification factors can be inferred:
l=¢5, >ea>er, >€a, > >cc .

The average length of the period of contagiousness of a certain group of any infected individuals determines
how long the individuals in this group can infect susceptible individuals.

Let the time period until loss of infectiousness be Py, for a compartment K;,j =1,2,... .

Then Py; can be normalized by the average length of stay D, in the respective class to obtain a ratio Zx, of

the infectious period to the average length of stay in the respective compartment

Z = LK j=1,2

IC/. = 5 == 5 g eee o

i Dle

Let Zx, be smaller than Zi, for two arbitrary classes Iy, K. For instance, it can be defined that ex, = %
1

Subsequently, the modification factor ex, is defined as larger than e, . In this case the normalized length of the
period until loss of contagiousness is compared between two compartments and incorporated into the respective
modification factor computations in order to be able to reduce the transmission risk of the one class compared

to the other class in the correspondent model.
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4.3.2 Contact, Quarantine and Isolation Rates

In the explained model, a distinction between a transition from the class S to class S;, E or E; has to be
made. Susceptibles are assumed to be put in quarantine and transit to the compartment S, according to the
quarantine rate q. A fraction 1 — ¢ is not put in quarantine and exposed to the infection risk. It is still assumed
that the probability of an infection by contact is 5. Consequently, the probability of not contracting an infection
based on a contact with an infected person is 1 — 8. A portion Z of all susceptibles who have not been put in
quarantine and contract the infection is tested and isolated. This portion progresses from the class S to Ej.

A portion 1 — Z of all the susceptibles who are not in quarantine and have just got infected is not tested or

isolated. This fraction of infected individuals is unconfirmed cases and transits to the compartment Ej.

The reason for the following choice of a time-dependent contact rate function is the fact that in the course
of the spread of the pandemic contacts are increasingly restricted in the public as well as in private and contact
rates decrease due to an increasing number of suspected cases and more cautiousness of health offices and society
in general.

Various scientific papers that deal with modelling the SARS-CoV-2-pandemic estimate the contact rate and, if
included, the quarantine rate as constant values. To express an increase in intervention and restriction measures
in terms of a selected contact rate, a function behaving exponentially with respect to the time ¢t € [0,7] can be
used [240].

Let the contact rate function be an exponential function, ;" the initial contact rate and ~.:- the mini-
mum contact ratio under the applied specific control strategies. Then the contact rate function can be defined
as

min min’

where (75" — Yl ) + Yk = 7 = v**P(0) denotes the y-intercept of the function, which is the initial contact

rate. Then it holds that

lim y**P(t) = b with 0 < y52 <A™

t—o0

If the parameter d; lies in the interval (0, 1), the function is flatter than it was if d; was set to the value 1, such
that the function is stretched. If d; is larger than 1, the function is tighter than it was if d; was set to the value
1, such that the function is compressed. Moreover, the smaller d; > 1 or the larger .. or the smaller v;*" is,

assuming that the other respective parameters are invariable then, the more compressed is y**P(t).

Additionally, let ¢ be the quarantine rate, meaning the rate at which individuals are placed in quarantine

(which means in the compartment S,). It is defined as

number of individuals placed in quarantine per unit of time

number of all susceptibles in the population per unit of time’

Let Z be the isolation rate, which is the rate at which individuals are positively tested and in this way isolated.
It is defined as

- number of individuals who are positively tested and isolated per unit of time

number of all susceptibles in the population per unit of time

Analogous to the function v**P(t), the quarantine rate ¢ can be described by an exponential function ¢°*?(t).

Therefore, let the value ¢S be the maximum contact rate under the applied intervention measures. It is the
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limit of the quarantine rate function ¢**?(t). It holds that

lim ¢**P(t) = girk, with 0 < ¢5™" < g

= Gmax max
t—o0 ‘ a

with ¢5*" the initial quarantine rate in the absence of any control strategies. The quarantine rate can then be
described by the time-dependent function

0) = (G~ gR) e g

max max ?

where (g5 — ¢S ) + 28 = ¢5™" = ¢°*P(0) denotes the y-intercept of the function, which is the initial quar-

antine rate.

In the sequel, the term contact ratio (quarantine ratio) is used for the value of a contact rate (quarantine
rate) at a specific point in time ¢. In Figure 4.5 the contact and quarantine rate functions for the values
Y6 =80, g5 =0, vk =28, ¢¢*P. = 0.3, d; = dy = 0.05 are illustrated.

min ~ max
The unit of the contact ratio on the x-axis is %
T T T T T T T T T 0.3 T T T T T T T T T
80 ~_ . q . .
~__ ——exponential contact rate ——exponential quarantine rate
70k S ~_ 1 0.25 1
60 — 0zl ]
50 F _—
_—
s 0.15 - -
sor 01t e
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0 L 0
0 5 10 15 20 25 30 35 40 45 50 0 5 10 15 20 25 30 35 40 45 50

Figure 4.5: Exponentially decreasing contact rate with an initial 80 contacts per person per week and a limit
of 28, and exponentially increasing quarantine rate with an initial value 0 and a limit of 13—0 of the population,
depicted in a progress over 52 weeks.

Figure 4.5 shows a contact rate that strives towards a value of 28 contacts per person per day as well as a
quarantine rate striving against a value of 30 % of the population put in quarantine. The selection of the 2
rates as exponential functions is realistic for times in which the number of new infections and as a consequence
the magnitude of intervention measures rises. After incidence rates sank all over the world in the summer of
2020, the numbers of new infections increased in various countries in the autumn of 2020. Quarantine rates
increased and the average weekly number of contacts per person decreased. Since the data used for parameter
optimization and prognoses in this thesis generally refer to pandemic times, in which the SARS-CoV-2 incidence
increased or decreased all over the world, it seems more reasonable to model () (g(t)) as a function that reaches
a maximal (minimal) value at the time when intervention measures reached their minimum in the summer and
afterwards decreases (increases) again. Thus it is more realistic to model the contact and quarantine rate as

periodic than exponential functions. Trigonometric cosine functions are selected here.

The course of the SARS-CoV-2 incidence in Germany, and similarly in Europe and other countries all over
the world (cf. Chapter 2), implies that restrictive measures taken by the respective state increased until April
2020, were continuously reduced between May and September 2020 and were widely extended when the second

wave of the pandemic announced itself in the beginning of October 2020.
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The regarded initial point in time, which the initial contact rate ’y(t]” and quarantine rate q(t)” refer to, is the
beginning of the 10*" calendar week in 2020. A value v/"%(t) is the average number of contacts of one individual
of the population in the week t. A value ¢'"%9(t) is the average ratio of individuals put in quarantine in the week
t. The form of the contact and quarantine rate functions in this thesis is defined as in the Equations (4.4) and

(4.5).

A9(t) = (e — co) -cos(;—o (t— zl)) +ca (4.4)

q"I(t) = q - cos(% (t— 22)) +aq - (4.5)

The maximum value of ¢'™9(t) is 2 - q1, the maximum value of v"%(t) is co — cp + ¢; and the minimum value of
~trig (t) is ¢o 4+ ¢1 — ¢2, such that the amplitude has the width 2-co —2-+0. The parameters z; and 2z determine

the shift of the respective function on the x-axis. Both functions are of the general form
a-cos(b- (t+w)> +d,

where a symbolizes the width of the amplitude of the function, b is the length of the period, w represents the

shift on the z—axis and d defines the shift on the y—axis in comparison to the function cos(t).

Under the circumstances of an absent pandemic the average number of contacts per person per week can
for instance be assumed to be larger than 100 (meaning more than an average 14 contacts of any kind per
person per day) and the quarantine rate to be zero or very slightly larger than zero.

In Figure 4.6, the contact and quarantine rate functions for the values ¢y = 10,¢; = 70, ¢ = 30, ¢; = 0.002,
z1 = 35 and z2 = 15 are depicted. Thus the contact rate fluctuates within the interval [50,90], which shows
that a scenario of certain precautions for the present COVID-19 pandemic is assumed in the two figures below.
The initial contact rate (quarantine rate) is assumed to already be lower (higher) than in conditions with an
absent pandemic here because in the beginning of the outbreak in Germany in the end of February/beginning
of March 2020, people got alarmed and first recommendations of not going out were given by the authorities.

These recommendations were replaced by bans on going out in mid-March 2020 in several European countries.

contacts

The unit of the contact ratio on the x-axis in Figure 4.6 is <22=

140 ‘ : ‘ : : 6 = 10 ‘ : ‘
— trigonometric contact rate‘ ‘7trigon0metric quarantine rate‘
120 + 1 50
o 100 Y8995 1 2, ¥ 0004 ¥ 0003000
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Figure 4.6: Periodic contact rate with an maximum number of 90 and a minimum of 50 contacts per person
per week, and periodic quarantine rate with an initial value and maximum of 0.4 % of the population, depicted
in a progress over 62 weeks.
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In Figure 4.6, the contact rate (quarantine rate) is assumed to sink until a minimum value of 50 (minimum
value of around 0) is attained in the 15*" calendar week, which is in April. Then it rises until a maximum
value of 90 (maximum value of 0.004) is reached in the 35" calendar week, which is in August 2020. At next,
the respective periodic trigonometric function of the contact rate (quarantine rate) sinks again. The contact
rate attains the same minimal value as in April in December. In this example, the quarantine rate is sinking
(rising) when the contact rate reaches its minimum (maximum), and attains its minimal (maximal) value when

the contact rate is increasing (decreasing).

The course of the proposed quarantine rate in Figure 4.6 resembles the course of the stringency index of
Germany in the way that maximum stringency in terms of interventions was roughly present between the cal-
endar weeks 13 and 18 as well as from the calendar week 51, and minimum stringency roughly between the
calendar weeks 35 and 42. When comparing the progressions of the stringency index and the quarantine rate
it has to be kept in mind that the stringency index is composed of 13 different restriction measures but quar-
antine is only one means of intervention. For instance, the population got alarmed and first state interventions
like shop closures came into effect before quarantine measures were systematically implemented. Moreover, a
bureaucratic time lag always has to be respected in the consideration of the quarantine rate. This kind of delay
can be included to express the fact that quarantine or contact restrictions are often imposed later than would be
necessary to prevent secondary infections, and be able to distinguish between the time lags of contact restriction
and quarantine measures. The times ¢ at which the turning points of the contact or quarantine function occur

can be shifted by means of changing the values of the parameter 21 (22).

More exact statements concerning the choice of the amplitude of the contact rate functions are given in Chapter
6. Throughout the rest of this thesis, the notations (t) and g(¢) are used instead of ¥"%9(t) and ¢*"*9(t) for the

cosine contact and quarantine rate functions.

4.3.3 Transmission Rates

In Section 3.1, the bilinear incidence rate B = 0 was introduced, where v denoted a constant contact rate
and  denoted a constant probability of transmission per contact, such that B-S-I would be the number of

individuals who become infected per unit of time if one single infectious compartment I was assumed.

In the proposed SARS-CoV-2-fitted model, the contact rate is assumed to be a cosine function as suggested in
the previous subsection. Thus ~(¢) is the average number of contacts of all individuals in the system at time ¢,
which means in the week t. Contact here comprises contact with any other people in the regarded population.
State interventions like prohibitions to enter public places, restraining orders or bans on going out can be in-

corporated into the model by decreasing the contact rate ().

Proceeding from Chapter 3 and not regarding quarantine for the first, the number of individuals infected

by people in the compartment Iy depending on the time ¢ can be defined as

IV, () = B-7(t) - S(t) - Tu(t) .

Resorting to the remarks of Subsection 4.3.1, the number of individuals who get infected by a class
K e{A, A;, I;, H, C} per unit of time is
I’rlfew(t) = ﬂ . ’Y(t) : S(t) CER K(t) .
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By adding the equations I

new

by all infectious classes at time ¢ is given by

(t) for all compartments IC, it can be seen that the number of susceptibles infected

Inew(t) := B-~(t)-S(t)- X (t) with X (t) := Iy (t)+ea-A(t)+ea,-Ar(t)+eq, -I1(t)+eg-Ht)+ec-C(t) , (4.6)

which represents a bilinear incidence. Incorporating a quarantine rate ¢(¢) and a case-confirmation/isolation

rate Z into (4.6), the different rates of transition from the class S to Sy, E or Ey, respectively, can be derived:

0s,(t) = (1 - ﬂ) (1) - q(t) (4.7)
Op(t) = B -~(1) - (1 - q(t)) : (1 - I(t)) , (4.8)
0, (t) = B-7(1)- (1= a(t)) T . (4.9)
The transition rates given in the Equations (4.7) to (4.9) can be called transmission rates because of their depen-

dence on the transmission risk 3. The number of individuals moving from the compartment S to S, or E or Ey
at time ¢ is O, (1), O(t) or O, (), respectively, for which holds:

Os,(1) - S(1) i= s, (1) X (1) - S(t) = (1= B) - 2(1) - a(t) - X (1) - (1), (4.10)
Op(t) - S(t) i=0(t) - X(t) - 5(1) = 5 7(1) - (1-a(0) - (1-7) - K1) - S(1) (4.11)
O (t) - S(t) == 05, (1) X(8) - S(t) = B-7(8) - (1 - (1)) - T X())- S(1) . (4.12)

In other words, the function Ok (¢) defines the time-dependent rate of transition from the compartment S to
K, K e[Sq, E, Ey].

It should be noted that according to the transmission rates in the Equations (4.7) to (4.9), people in the
compartment S; are assumed not to be infected. If a susceptible catches the infection, it is not put in

quarantine, but isolated if its infection is detected.

An alteration of the parameter 3,the parameter ex for different compartments I, or the rates ¢(¢) and ~(¢) has
a distinct impact on the model and compartment size predictions made on the basis of the model.

Relevant causes of the modification of these parameters and rates are the following ones:

The transmission risk £ is enlarged if the portion of mutations with a higher transmissibility than the ini-
tially known novel corona virus among all infections per unit of time becomes larger. It is clear that the amount
of easier transmissible mutated versions of the virus among all infections has to be taken into account to de-
termine the increase in 5. Mutations can also lead to larger ex for K € [Ay, Ar, Iy, I1, H,C] if people in a
certain infected compartment transmit the mutated virus relatively more often than people in other infected
compartments compared to the original version of the virus. For instance, symptomatic people might transmit
a mutant form of the virus even faster than the original version of SARS-CoV-2, but asymptomatic individuals

might not. This could also apply to specific age groups.

In general, leaky-vaccinees are less probable to transmit the viral infection compared to unvaccinated peo-
ple. The introduction of a well-organized population-wide vaccination program using effective leaky vaccines
as presented in Figure 4.4 leads to a reduced growth of the compartments Ej, Ay and I; over the course of
time. The transmission risk emerging from the leaky-vaccinated individuals in the compartments Ay and Iy
is also smaller than the transmission risk originating from the people in the classes A; and I;. This can be

characterized by transmission coefficients €4, = veq - €4, and €5, = ve; - €1,, With ve, < 1, ve; < 1.
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Another case is regarding a model without a vaccinated compartment, although a leaky vaccination of pop-
ulation members is principally possible in reality as in the STHC DR model applied to German and Swedish
COVID-19 data in Chapter 6. If it is assumed that susceptible people can be vaccinated, the transmission risk
B emerging from vaccinees in a later infected state i.e. from a portion of the infected compartment is reduced.
It is certainly more transparent to directly include leaky-vaccinated compartments in the model, but this may
not be possible due to missing reported data. Moreover, a vaccination program with leaky vaccines can reduce
the transmission modification factors e for K € [I, H, C] relatively to each other. A more extensive vaccination
program indicates a smaller transmission rate, whereas a missing or badly organized vaccination program with
few accessible vaccines implies a comparatively larger transmission rate.

If an all-or-nothing vaccine scenario as depicted in Figure 4.5 is given, vaccinees are assumed not to become
sick with the disease or be able to transmit the infectious agent as a presupposition, at least until a possible

waning effect occurs.

It has to be stressed that an extension and better organization of testing programs leads to more case-
confirmations and isolations, that would indirectly affect the amount of occurring transmissions. Moreover,
this would increase the quarantine rate since more contact persons of infected people would be put in quaran-
tine. Stricter and controlled isolations of the people in a compartment K in a regarded system might result in

a decrease in the size of e, K € [Ar, I1, H, C] compared to lightly treated isolation measures.

Moreover, realized intervention measures such as lockdowns and the time periods over which those measures are
implemented have large effects on the rates ¢(t) and y(¢). Increased state interference and precautious measures
should usually lead to an increase in the parameter ¢; in the rate ¢(t) and a decrease in the parameter ¢; in the
rate y(t). The effects are detailed in Section 6.3 in Chapter 6.
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4.3.4 Time Delay

We let the average constant length of the latency period be £ and the average constant length of the period
between the acquisition of infectiousness and symptoms be 7. Moreover, we let the rates in the Equations (4.7)

to (4.9) describe the transitions from the compartment S to Sy, E, Ef.

Apart from a bureaucratic time lag mentioned in Subsection 4.2.12, a time delay expressing how the latency
period and the incubation period influence the transition from the exposed to asymptomatic infectious or asymp-
tomatic infectious to symptomatic infectious class can be involved in the model on the basis of the transmission
rates. In the SARS-CoV-2-fitted model, all individuals who progress from the susceptible to the exposed class
will also move to further infected compartments unless they die, and the need for specific infected compartments
whose size is difficult to estimate can be eliminated by introducing time delay in the epidemic model with the
aid of DDEs. DDEs are also applied in other scientific areas such as biology, chemistry, physics and mechanics.
A delay differential equation (DDE) for z(t) € R™ is defined as

dz(t)
dt

= g(ta Z(t)a Zt) ;

where g : R x R" x C1(R,R") — R" is a function, and z; = {z(tpast)|tpa5t < t} is the trajectory of the solution
in the past [241].
The delay can be pointwise i.e. discrete as d'fi(tt) = g(t, 2(t), 2(t — tpasty), 2(t = tpasty)s - 2(t — tpastM))

With tpast; > ... > tpast,,, OF continuous as dfi—(tt) = g(t, 2(t), f?oo z(t— tpast)dﬂ(tpast)).

A form of DDE that is often applied in medical and biological modelling is the delayed recruitment equation,

which is given in Equation (4.13).
ey =-y +g(;\,y(t - 1)) : (4.13)

where € = t"% is the linear decay time of the dependent variable, and g(j\, y) is a nonlinear function depending

on t and a control parameter A [242, p. 24].

It should be noted that the time-dependent solution of a DDE is not uniquely determined by its initial state at
a single point in time. Instead, the solution profile on an interval with a length equal to the delay is needed.
An infinite-dimensional set of initial conditions between ¢ = —tp,s: and to = 0 is necessary such that DDEs are
infinite-dimensional problems [242, p. 2]. Beyond that, a DDE has to be equipped with the solution at the
initial point at times prior to this initial point [242, p. 3]. Furthermore, oscillatory instabilities are a point for
discussion with regard to DDEs. Often addressed issues are first-order nonlinear DDEs exhibiting square-wave
oscillations and second-order nearly conservative equations exhibiting both periodic and quasi-periodic oscilla-
tions [242, p. 23].

Making use of the average sojourn time in the respective infected compartment, the rate of transition from
the class Aj to I7 could be described by the equation

1—p-7
X1 = ————

and the rate of transition from the compartment E; to A; can be given by

1—p-L

Y = Ve
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because all individuals (except for deceased individuals) in the compartment A; (Ej) are assumed to have

transited to the class Iy (Ay) as soon as the period 7 (£) has passed.

In the sequel, we regard a system experiencing the dynamics connected to the outbreak of COVID-19 ex-
pressed through the SARS-CoV-2-fitted model.

Let {; be the proportion of exposed (not isolated) individuals who develop confirmed infectiousness and
Cuv = 1 — (s be the proportion of exposed (not isolated) ones who develop infectiousness that is not detected
and confirmed. Let k; be the proportion of asymptomatic (not isolated) individuals who develop confirmed
symptoms and let ky = 1 — k; be the proportion of asymptomatic (not isolated) people who develop symptoms
that are not detected and confirmed. Let the probability that an individual survives the latent period [t — L, ]
be e #£ and the probability that a person survives the incubation period [t — 77, #] be e mT! (243, p. 121].
Then the rate at which individuals transit from the class S to the compartment A; in the compartment model

with time delay is given by the function
vrr(t) = Op, (t— L) -e "~ (4.14)

and the rate at which individuals transit from the class S to the compartment A or Aj is given by

UU(t) = @E(t — £) . CU . G_M'L (415)
or
vr(t) = Op(t — L) - ¢ - e "~ | respectively. (4.16)

Analogously, the rate at which individuals progress from the class S to the compartment I is given by
or1(t) =Op,(t—L—7)- e T =0pt-T) e (4.17)

and the rate at which individuals transit from the class S to the compartment Iy or I7 is given by

ov(t)=Op(t—L—7) ky- e m T = Op(t—TY k- e T (4.18)
or
or(t) =Op(t—L—7T) K1~ e T = Op(t—T" k1 e *T" | respectively. (4.19)

If the time-dependent transition rates in the Equations (4.17) to (4.19) are used, the exposed and asymptomatic
infectious compartments do not have to be stated in the model since they are indirectly included via the length
T of the incubation period. Compartment models resulting from the inclusion of transition rates that contain
a certain latent or incubation delay belong to the class of DDEs.

The rate dg for the transition from the compartment S, to S could be replaced by the rate ©g, (t — 14) as well.
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Chapter 5

Model Specifications

This chapter presents specifications of the introduced SARS-CoV-2-fitted model in the form of generally possible
model variants, the provision of adequate systems of ODEs, model diagrams for two model variants and the
SARS-CoV-2-fitted model itself, as well as the introduction of so-called reproduction numbers and the compu-
tation of the basic reproduction number based on the systems of ODEs and previously explained transmission

dynamics.

In Section 5.1, distinct variations of the consideration of all compartments presented in Section 4.2 are ex-
plained. Models that are reduced in the number of compartments compared to the SARS-CoV-2-fitted model
emerge from this. They are created substantially for the purpose of providing models that are well adapted for
an implementation in M AT LAB in Chapter 6.

The developed framework consists among others of a system of ODEs that describes mathematically the dyna-
mics of the SARS-CoV-2-fitted model. A definition of the connected initial value problem is given in Subsection
5.2.1. Two models with reduced numbers of compartments are presented in Subsection 5.2.2 along with their
corresponding systems of ODEs. A system of ODEs for the enhanced model presented in Section 4.2 is derived
in Subsection 5.2.3.

A model variant reduced in the number of compartments characterized by specific features but consisting
of 3 different age groups (age group model) is introduced in Subsection 5.2.4 in the same way. The form of the

incorporated transmission rate is derived as well.

In Section 5.3 the basic, control and effective reproduction numbers are defined. The principle of comput-

ing the basic reproduction number based on the SARS-CoV-2-fitted model is mathematically derived.

5.1 Model Variants

Aside from using the SARS-CoV-2-fitted model, simplified sub-models can be created for further investigation
and analysis, where certain classes are omitted or pooled for various purposes. The exclusion or omission of a
compartment of people in quarantine, the pooling of isolated and not isolated compartments that are otherwise
characterized by the same features, the exclusion of unconfirmed cases as well as a way of pooling all infected

compartments are presented in this section.

5.1.1 Exclusion of Quarantine or the Quarantine Compartment

The first possibility of creating a condensed model is to disregard any means of quarantine. The target is to
model a scenario in which no imposed quarantine restrictions the are present. To realize this, the compartment
Sy and quarantine rate ¢(t) are omitted, such that no susceptible is protected from the infection risk for a quar-
antine period. All of the further mentioned pooling methods can be performed in addition to the nonobservance

of quarantine.
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In the later implementations of different model variants, reported data of compartment sizes that mirror the
exact numbers of individuals in the compartments as reliably as possible are needed. The target of the implemen-
tations is minimizing the error between the reported weekwise data and model-generated data of compartment
sizes by adapting certain estimated model parameters. The used minimization techniques as well as details
concerning the necessity of reliable compartment size data for the implementations are explained in Chapter 6.
It is almost impossible to find reliable weekwise data concerning the exact number of individuals who are put in
precautious quarantine or decide for inflicting self-quarantine. It is also difficult to accurately assess how many
individuals are released from quarantine per unit of time.

For this reason, the compartment S, can be omitted, too. To not ignore quarantine when leaving out the
compartment S,, a quarantine rate ¢(¢) can still be used in the rate of transition from the susceptible to the
exposed class by multiplying the transmission risk 8 by the factor (1 — q(t)).

As regards content, this means that a proportion ¢(¢) of the population cannot get infected at
time ¢ since it is assumed to be in quarantine. NPIs can be regarded as influencing the rate ¢(t)
if restrictions other than sole quarantine imposed on the population are taken into account.

It does not mean that a fixed proportion ¢(t) is excluded from susceptibility forever. This would be the case
if individuals reached the compartment S, at a rate 6, but did not return to the class S. The impact of g(t)
on the transmission rate was explained in Section 4.3. The parameters in the quarantine rate or a constant
quarantine ratio are estimated in the optimization part of the implementation. Clearly, distinct quarantine and
state intervention scenarios have to be defined and associated with certain values assigned to the parameters

occurring in the quarantine rate.

5.1.2 Pooling of Isolated and not Isolated Compartments

For the purpose of decreasing the number of compartments in order to obtain a smaller model, the classes F
and E; can be combined as one latently infected class E , which includes exposed individuals regardless of their
isolation status. As a result, it makes sense to also combine the compartments A and A; to a class [L and the
classes I; and Iy to a compartment I to generally not distinguish between isolated and not isolated individuals.
The rate of transition from the compartment S to E is independent of an isolation rate 7 then.
Thus not all of the individuals in the class E are regarded as isolated and so not (positively) tested, which

makes the search for compartment size data more difficult.

5.1.3 Exclusion of Unconfirmed Infected Cases

The nonobservance of isolation in the model reduces the number of equations in the associated system of ODEs
and omits the isolation rate, but does not simplify the search for compartment size data as explained in the
previous subsection. A different method of decreasing the number of model compartments is the omission of the
classes E, A and Iy. At each instant of time ¢, E(t), A(t) and Iy (t) represent all of the infected individuals who
have not been confirmed up to the time instant ¢. Since confirmation of a case entails isolation, E, A and Iy
also symbolize cases that are not isolated. They represent the dark figure of the disease. If these compartments

are not incorporated into the model, unconfirmed infected cases are excluded from the model.

The simplification of a model in which the unconfirmed cases are omitted compared with models in which
the dark figure is included is accounted for by the non-existence of exact data concerning the size of the dark

figure of the corona virus pandemic.

5.1.4 Pooling of Infected Compartments

The difficulty of using a model with a separate exposed, asymptomatic infectious and symptomatic compart-

ment is to find reliable data concerning the numbers of symptomatic infectious, asymptomatic infectious as well
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as asymptomatic latently infected individuals per country and per time instant ¢. In most reliable data sources
a distinction in infected cases is made at most between symptomatic and asymptomatic confirmed cases.

Due to missing data the separation of latently infected and asymptomatic infectious individuals, who both do
not show any symptoms but are infected, into different classes in a model is substantially difficult to implement.
This complicity is overcome by pooling the compartments E; and A; to a single class A; and the compartments
F and A to a single class A, that together comprise all asymptomatic infected individuals disregarding their

status of contagiousness.

Following the remarks in Chapter 2 and Section 4.2, infected cases that are asymptomatic infectious or not
even yet contagious are not detected often but rather by chance, which for instance means when they are tested
because a family member or close friend is a confirmed infected case or they have returned from a high risk
area. Hence, the sequence of transitions between the susceptible and infectious stage that occurs most often
is § - E — A. It is logical that an infection with 2019-nCoV is discovered and reported most often when
individuals have just developed symptoms. As the transition A — I is more probable than S — Ej or E — Ay
and I; comprises confirmed symptomatic cases, it makes sense to include the compartment I; into a model. For
an additional model reduction, the compartment A; can be bundled with the compartment I; to obtain a single
confirmed infected compartment I. In this case not even a distinction between asymptomatic and symptomatic
cases is necessary with respect to data search. For data search concerning the transition rate from I to R the

time from case-confirmation to recovery is relevant.

If all confirmed infected classes are pooled, solely the number of new infections per time instant ¢ has to
be found to provide an implemented algorithm with the necessary number of infected cases. As opposed to a
transition from S to Ej, a transition from the compartment S to I can be triggered by symptom development.
This is explained by the fact that the individuals in the compartment I are only partly symptomatic.

No isolation rate is necessary because it is presupposed that the confirmed infected cases i.e. all

people in the compartment I are isolated.

Since the predicted number of individuals in hospital or intensive care is of strong interest for planning bed
and personnel capacities and data are available here, H and C are treated as a single compartment each in the

implementation realized in this thesis.

5.2 Systems of Ordinary Differential Equations

The mathematical formulation of systems of ODEs is briefly introduced in Subsection 5.2.1 for the purpose
of embedding the compartment model theory of Chapters 3 and 4 into an initial value problem, in which the
state variables representing the compartment sizes depend on certain partly non-constant parameters. State
variables are used to describe dynamic systems. In the Subsections 5.2.2. to 5.2.3, the dynamical models and
corresponding systems of ODEs of the SVIHCDR model and S VAIHCDR model are presented. A model

compose of three age groups is explained in Subsection 5.2.4.

In the MATLAB implementations of Chapter 6, a SIHCDR, which is the SVIHCDR model without a
compartment V', is applied to data of the countries Germany and Sweden. An all-or-nothing-vaccinated com-

partment is then implemented within the SV ID age group model based on German data.
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5.2.1 Formulation of the Initial Value Problem

In the sequel, the term ODE model is referred to as the development of states variables of an s-dimensional
system over time. Let an epidemic dynamic ODE model, e.g. the SARS-CoV-2-fitted model, be given. The
target is the integration of the correspondent system of differential equations from a point in time tg to #;
with initial conditions xg, where zg refers to the initial compartment sizes, in order to obtain a time series of
compartment size data. Then the following methodological and mathematical precautions should be taken.

A system of ODE:s is usually stated in the form of an initial value problem as in Equation (5.1).
2/ (t) = F(t,z,9), x(ty) =z, z(t) ER®, 9 ER™, tety,t)], (5.1)

where x;(t) symbolizes the size of the compartment KC; at time instant ¢,4 € {1, ..., s}, in the case of a compart-
ment model, and the initial conditions referring to an initial point in time ¢y are given by

To = [330(1),370(2), ...,LL’O(S)]T.

The vector of all parameters of partly adjustable size occurring in the system of ODEs is given by
9 =[01,...,0m]" € R™.

In the case of a compartment model the equations z}(t) = F'(¢,z;,9),i € {1, ..., s}, are nonlinear, i.e. Equation
(5.1) represents a nonlinear system. It is assumed that the function F' : R x R®* x R™ — R® is sufficiently
smooth i.e. normally C3. Piecewise Lipschitz continuity is sufficient to guarantee the existence of a solution
[244]. Supposing a unique solution vector exists for (5.1), numerical approximation schemes can be used in
order to obtain a solution trajectory x*(¢; ).

The M ATLAB solver ode4b, that is applied in Chapter 6 to solve (5.1), was introduced in the late 1990s and
is based on an algorithm of Dormand and Prince. It is a Runge-Kutta method and uses 6 stages, provides
fourth and fifth order formulas, has local extrapolation and a companion interpolant [245]. Like the M ATLAB
solver ode23, ode45 is designed for nonstiff systems of differential equations, where ode23 can be more efficient
at problems with crude tolerances or present moderate stiffness. As opposed to this, the solver odelbs should
be used if ode4b is inefficient and it is suspected the underlying problem is stiff. The solver ode23t can solve
differential algebraic equations (DAESs) and is the first choice if the underlying problem is moderately stiff and
a solution without numerical damping is wanted. The solver odel5i is designed for fully implicit problems [246].

5.2.2 The SVIHCDR Model and the SV A;I;HCDR Model

A model with a single infected compartment I can be established as indicated in Subsection 5.1.4. All individ-
uals in the compartment I can be infectious and symptomatic, but can be in a state before or after symptom
development or infectiousness. The rates of transition to and from this infected class have to be stated. The
compartment S, and compartments containing unconfirmed cases are omitted in the following for the rea-
sons given in Subsections 5.1.1 and 5.1.3. The corresponding rate of transmission defined on the basis of the

transmission rates of Subsection 4.3.3 is independent of an isolation rate and given in Equation (5.2).

0:(t) = 8-~ - (1—a(0)) . (5:2)
Thus the rate of transition from the compartment S to I is defined by

O(t) == 0;(t) - (51 () + ey H(E) +ec - C(t)) ,
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where €5 is the factor expressing the modification of the risk of transmitting the infection for individuals in the
class I compared with those in the class Iy of the SARS-CoV-2-fitted model. Since the compartment I consists

of confirmed symptomatic and confirmed pre-symptomatic cases and €7, > €4, it holds that
€Iy > €1; > €I -

If not all individuals in the compartment I are assumed to be infectious as opposed to the Basic STR model,
the factor e; must be selected as even smaller in this model. A time delay as explained in Subsection 4.3.4
is not incorporated in the model, since all individuals with a confirmed infection, i.e. exposed, asymptomatic
infectious, symptomatic infectious, are comprised in the compartment I. The assumption that some of the cases

pooled in the class I are only still asymptomatic and/or latently infected when they are reported.

Let the average time that individuals in the compartment I take from the confirmation of their contracted
infection to recovery be T; > T units of time. It has to be as large as the period of contagiousness of not-
hospitalized people if a direct detection and reporting of infected cases is assumed. It must be smaller than this
period otherwise. The time 77 can be assumed to be not much larger than the time from symptom development
to recovery, since most infections are not detected before symptoms become distinct. The individuals in the
class I can be hospitalized owing to major symptoms instead of progressing to the compartment R. Thus the

recovery rate is

and the hospitalization rate is

1= Ty
n=——

- K.
17

In the model, people in the class I cannot die due to their infection, but hospitalized ones can. The compart-

ment S, is excluded from the model in order to facilitate the later data search as proposed in Subsection 5.1.3.

A system of ODEs for the SIVHCDR model can be established by regarding the inflow and outflow of each
compartment. It emerges from the explained characteristic features of the seven compartments S,1,V, H,C, D
and R as well as transition rates and is depicted in Table 5.1. In the systems of ODEs created in this
section, a standard incidence is used. Thus in the multiplication of the transmission rate with the size of
the susceptible compartment at time instant ¢, S(¢) is normalized by the size of the total population mi-
nus the size of the deceased compartment at time t. In the case of a SVIHCDR model, it holds that
N(t) == S(t) + V() + I(t) + H(t) + C(t) + D(t) + R(t).
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Table 5.1: System of Ordinary Differential Equations for the SIVHCDR model displaying the population
dynamics of 2019-nCoV

dflit):V2~V(t)—@l(t)'N§(g(t)_(M+V1)'S(t) ,
%it):vl St) = (p+V2)- V() ,
(Zit)—@f(t)-]vf(%‘(”5+”l+“)'1(t> ’
%]E’f)zgﬂ(t)—(wzur)\ﬁu)-c(t) ,

dD(t

L N HO+ 22 C(1)

RO _ 1 1(6) 4 ws - H() + w1 - C(8) — - R(E)

The dynamics of the model with pooled infected compartments emerging from Table 5.1 can be visualized by
a transition and transmission diagram, which is presented in Figure 5.1. Blue arrows from one to another
compartment indicate a transition, whereas the compartment, from which a red dashed arrow originates, can

infect susceptibles.

W

Figure 5.1: Compartment model for SARS-CoV-2 with one infected compartment, the non-observance of a
quarantine compartment and an all-or-nothing vaccine

It was described in Subsection 5.1.4 that the classes E; and A; can be condensed to an asymptomatic com-
partment A; instead of pooling the classes Ej, Ay and I to a single compartment /. Proceeding from the
SVIHCDR model now, the class I can be divided into the asymptomatic compartment A; and the symp-
tomatic class I;. The aim of this step is the ability to predict the future numbers of asymptomatic individuals
separated from symptomatic cases. The rates wo and 7 are used for modelling instead of wl and n’. All recovery,

hospitalization and disease-induced CFRs depend on 77 instead of T
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The rate of transition from the compartment S to A; is defined as
O, () = 0,(t) - (% Apten It +en H(t) +ec - C(t)) :

where ¢ 7 is the factor expressing the modification of the risk of transmitting the infection for individuals in
the class A; compared to those in the class Iy of the SARS-CoV-2-fitted model.

In the case of a SV A;THCDR model, it holds that N(t) := S(t)+V (t)+A;(t)+1(t)+ H(t)+C(t)+ D(t)+ R(t).
The system of ODEs of the SV A;THCRD model is presented in Table 5.2.

Table 5.2: System of Ordinary Differential Equations for the SV A;I; HC DR model displaying the population
dynamics of 2019-nCoV

B v V() - 05,0 s — (V1) 500
P vy 50— (utvi) - Vi)

dAdIt(t) = @AI (t) - ]fo(g(t) - (XII + N) 'Af(t) )

dlét(t) = xu1 - As(t) — (w2 +77+M) Ii(t)
%t(t):n~h(t)—(w3+>\1+§+ﬂ)'H(t) ’
%P:§~H(t)f(w4+>\2+u>'c(t) ;

DU s W) 42000
%Et):wg-II(t)ers-H(t)+w4'0(t)—M'R(t) '
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5.2.3 The SARS-CoV-2-fitted Model

The SARS-CoV-2-fitted model including all 13 equations presented in Table 5.3.
In the case of this enhanced model, it holds that

N(t) = S(t) + V(t) + S,y(t) + Er(t) + B(t) + Ap(t) + A(t) + Ir(t) + Iy () + H(t) + C(t) + D(t) + R(t).

Table 5.3: System of Ordinary Differential Equations for the SARS-CoV-2-fitted model displaying the population
dynamics of 2019-nCoV

d*jh(f) = V3 V(1) — (s, (t) + O, (1) + Op(1)) -N‘g(g(t)jté-sq(t) —pn-S(t)
PO vy~ (utvi) - VD)

Bl — 6, 0) 2 p — (94 w) 5,0

T 0, () =~ W ) Ex()

N = 0s(0) - o D — W 40 ECO)

%ft@ = Yur Ei(t) + 1 B~ (xar+ ) - Ar(t)

d‘zf) = B~ (xv +x1+ 1) - A®)

dfcflft) = Xrr - Ar(t) + X1+ AW + ¢ Tu(t) — (o 4t p) - Ti(0)
dfgt(” = xu - A(t) = (w1 + ¢+ s+ ) Tult)
dlzt(t):n~II(t)—(w3+§+)\1+u)-H(t) ,
%ﬁt):goH(t)—(w[ﬁr}Qwﬂu)C(t) :
d%iﬂ:A1~H(t)+A2-C(t) ,
%}Et):w1-IU(t)+w2~11(t)+w;3-H(t)+w4'C(t)—M'R(t) :
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The dynamics of the enhanced model expressed by Table 5.3, can be visualized by a transition and transmission
diagram, which is presented in Figure 5.2.

Once again, the compartment, from which a red dashed arrow originates, can infect susceptibles.

Figure 5.2: The SARS-CoV-2-fitted compartment model with an all-or-nothing vaccine

The above model realistically depicts the population dynamics triggered by the SARS-CoV-2 pandemic.

It includes the control strategies of quarantine and isolation as well as the 5 distinct stages of disease progres-
sion of latent infection, asymptomatic infectiousness, symptomatic contagiousness, hospitalization and intensive
care, where the first three states are separated into an isolated (confirmed) and an unisolated (unconfirmed)
compartment. Nevertheless, this detailed model is not implemented in this thesis for reasons related to data

availability, that were explained in Section 5.1.

5.2.4 Age Group Model

Interactions among individuals of the same or different age groups can be included into a compartment model.
Known characteristics of the COVID-19 outbreak prefigure the heterogeneous distribution of cases with respect
to the age structure of the population. Subsequently, age dependencies within subpopulations are taken into
consideration here instead of geographic inhomogeneities [78]. Distinguishing between people in different age
groups allows the model to better characterize contacts between individuals and to fine-tune the effect of inter-
vention measures on contacts reduction [78]. For example, child-child contacts differ from senior-adults in their

frequency as wells as intensity.

According to the analysis of Figure 2.3 a reasonable realization of age groups in a model displaying the SARS-
CoV-2 population dynamics incorporates the distinction 3 or more age groups. The division of each compartment
into a class of children of 0 — 19 years (group ¢ = 1), adults of 20 — 59 years (group ¢ = 2) and people of 60
years or older (group i = 3) seems justifiable as the purpose of age group inclusion is the following:
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The ability to distinguish between the social behaviour and other factors influencing the transmission risk emerg-
ing from a certain age group as well as the vulnerability, contagiosity and risk of showing major symptoms or
being hospitalized of the age group.

The SVIHCDR model is taken as a basis of age group model development here. This also means that the
accessibility of an all-or-nothing vaccine but not a leaky vaccine is assumed. It turns into the S;V;I;H;C;D;R;
model under the inclusion of age groups j € {1,2,3}. Consequently, there are 3 individual compartment mod-
els, that are coupled by contact rates and disease transmission among individuals of different age groups [78].
It is defined that a compartment of the SVIHCDR model has the same size as the sum of the 3 age group

compartments with the same characteristics in the S;V;1; H;C;D; R; model:

K(t)=> K;t) vK;e{S, V, I, H, C, D, R}.

=1

<.

Let Vt X;(t) = er; - Lj(t) + em, - Hj(t) + ¢, - C4(t) in the case of the given S;V;I; H;C;D;R; model as well as
the rate 7;;(t) be a function representing the average number of contacts between an individual of the infected
age group I; with one of the susceptible group S; per unit of time. It follows for the sum of modification factors

multiplied by compartment sizes (that is X (¢)) and the contact rate of a compartment K; (that is ~;(¢)) that
X 3 3
X() =Y X;(t) and 7(t) =Y _ i(t).

j=1 j=1

It holds that ;;(t) = 7;;(¢) for all i, j € {1,2, 3}, such that the matrix v € R3*3 is symmetric. Let the function
qi(t) describe the ratio of individuals of the age group ¢ who are put in quarantine per unit of time ¢, and
Bji = Bij represent the general risk of a transmission emerging from the age group j infecting the age group <.
A transmission rate 07;;(t),i € {1,2,3} concerns the transmission of the infection from an age group j to i.

It holds that

01;i(t) = Bji - v5(t) - (1 - ‘h(ﬂ) )

where the case j = ¢ is possible as a person can infect another person of the same age group. Subsequently, the

rate of transition from a compartment S; to I; is

efi (t)

(23: 01, (t)> SX(t) = (23: Bji "in(t)) : (1 - Qi(t)) X (t).

Regarding the adoption of the transition rates u, &, wa(t), n2(t), ws(t), wa(t), A1(t) and A2(t) to the different
age groups, the system of ODEs for the corresponding age group compartment model is established in Table
5.4.
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Table 5.4: System of Ordinary Differential Equations for a model displaying the population dynamics of 2019-
nCoV including three age groups expressed by the indices 4,5 > 1, 4,5 € {1,2,3} (S;V;I; H;C;D; R; model)

ds:;t(t) =V2i - 5i(t) = Ori(1) - NS_YZ(tD)(t) = (i + Vi) - Si(t)
D0 50 - V)Vl

dI;j(/Lt) =0Op(t)- ]VS—Z(;)(t) — (WQi +n + ,ui) CLi(t)
dfgt(t) =i 1i(t) — (i + i+ i) - Hilt)

dc;;t(t) =&+ Hi(t) — (wns + di + i) - Cilt)

d%t(t> — >\1i H(t) +>‘2i 'Ci( ) ,

d]:ilit(t) = wo; + Li(t) + ws; - Hi(t) + wa; - Ci(t) — pg - Ri(t)

Owing to the age ranges of the three selected age groups the following relations between their average parameter

sizes seem reasonable:

3 > p2 > 1,

Wiy < Wre < wgq for k=2,3,4,
N3 > N2 2> N1,

&3> & >4y,

Asg > Asy > A, for s =1,2,

and due to an assumed vaccination policy of firstly vaccinating the elder generation (> 60 years)
Vig > Vig > Viy

and due to an assumed stronger waning protective effect of vaccinations in the elder generation
Vaz > Vag > Vo

For the contact rates, which influence the transmission rates, logical considerations with respect to the numbers

of contacts between the different age groups make it reasonable that

713 < 711 < 7125 Y21 < Y23 < Y22, ¥31 < 33 < Y32 , and more exactly y13 < 11 < 33 < Y12 < Y23 < Yoo.

The dynamics between a S;I;H;C;D;R; model and a S;V;I;H;C;D;R; model, where j # i, can be visual-
ized by a transition and transmission diagram, which is presented in Figure 5.3. A blue arrow from one to
another compartment implies a transition within an age group, whereas the compartment, from which a red
dashed arrow originates, can infect susceptibles in the same age group. A purple dashed arrow indicates a
transmission from the age group i to j, whereas a brown dashed arrow indicates a transmission from the age

group j to i.
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Figure 5.3: Transition dynamics between two age groups in an age-structured compartment model for SARS-
CoV-2 with age group-coupled transmission dynamics.

An age group model including less compartments than the S;V;I; H;C; D; R; model is implemented in M AT LAB.

The process of implementation is explained and results are discussed in Chapter 6.

5.3 Reproduction Numbers

Reproduction numbers are indices of infectious diseases that are used as measures of transmissibility. There are

definitions of different kinds of reproduction numbers, of which 3 are introduced in this thesis.

The basic reproduction number (Ry) is the reproduction number that is mentioned most often with regard
to infectious diseases and can be described as the most important quantity in infectious disease epidemiology
[195, p. 873]. Tt is defined as the expected number of secondary infections effected by the first infected individ-
ual introduced into a population of solely susceptible individuals [249]. Furthermore, it is an indicator of the
infective potential of a pathogen and is the crucial index for the pandemic potential. The zero in Ry stands for
the fact that no person in the model is assumed to be immune against the regarded infection. As we will see in

the sequel, Ry depends on the considered model to describe the pandemic.

Ry is defined in the absence of any control measures. In contrast to this, the control reproduction number
(R¢) symbolizes the reproduction number with control actions taken [250]. For the SARS-CoV-2-fitted model
this implies that Ry equals R¢ if the quarantine rate ¢ is set to zero, or ¢(t) is a zero function, and the contact
rate y(t) is as high as under circumstances with absent taken control measures for all ¢.

The basic reproduction number is also not the same as the effective reproduction number Rpg, which results
from transmission rates of compliant and non-compliant population parts under certain implemented control
measures [77]. This means that Rg is the reproduction number that substantially results from the consideration
of an increasing immunity in the population. Rp can be estimated by the product of the basic reproduction
number Ry and the fraction of the host population that is susceptible [249]. If it is presumed that most of

the population is still susceptible at the time of intervention, the effective reproduction number Rg is usu-
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ally only slightly smaller than the basic reproduction number Ry or the control reproduction number R [77].

Furthermore, it is possible to define the so-called instantaneous reproduction number Ry:

I

S A
Zk:l t—k * Wk

where wy, is the discrete probability distribution of the serial interval concerning secondary infections effected by
the individual k, k € {1,2,3,...} [251]. Thus it is assumed that the cases I; newly infected at time ¢ contracted
the infection from a fraction wy of those infected at time t — k.

The number R; can be regarded over a time interval 7 instead of a point in time ¢, where additionally the
moving average of the number of new infections over 7,, days is incorporated and equals the numerator of the

fraction below. The instantaneous reproduction number over the interval T is defined as [251]

1 —t
Rir = 7w dus—t-T41 s
T t s :
P ZSZFTH >t Le—kwi

The German RKI uses this definition in order to compute the reproduction number of 2019-nCoV. It utilizes

the assumption that

Z ZIt—k'wk: Z Iyt (5.3)

s=t—T+1k=1 s=t—T+1

with 77 the average length of the incubation period [251]. The reproduction number of SARS-CoV-2 in Ger-
many reached a maximum of 2.88 on June 215t 2020 as well as a smaller local maximum of 1.52 on January
11" 2021 with T set to the value 4 [252].

For an arbitrary system of ODEs of a compartment model the basic and control reproduction numbers can

be computed with the aid of the technique of so-called next generation matrices (NGMs) [195].

Using the function f : R®™ — R™, that maps the state variables to their derivations, the dynamics of the

system of ODEs can be written as
X'(t) = f(X(t)), with X = (X1, ..., Xp, Xp+1, ..., X,,) T the vector of compartment variables,

of which Xp41, ..., X, are the infected states. The first step to obtain Ry is to linearise the infected subsystem
about the infection-free steady state that exists as a rule [195, p. 874]. In an epidemiological sense, the linearisa-
tion reflects that Ry characterizes the potential for an initial spread of an infectious agent when it is introduced
into a fully susceptible population [195, p. 874]. Therefore, the ODEs of the system are separated into the
state variables and the entering fluxes related to the infectious process. Let F; be the flux of newly infected
individuals in the compartment i, and V;" (V;") the other entering (leaving) fluxes related to the compartment

i, 7 € {1,...,n}. All three of them are non-negative functions.

Then the infected subsystem can be separated as [253]
fX)=FX)+VT(X)+V (X).

Hence the system is decomposed into the matrices F and V = V* + V™ at first. An endemic equilibrium (EE)
point is a steady-state solution where the disease persists in the population, which is the case when all state
variables X; are positive and Ry > 1. As opposed to this, a disease-free equilibrium (DFE) point of a system of

ODE:s corresponding to a compartment model is a steady-state solution where there is no disease. It exists in the
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absence of the spread of the infection, which is for Ry < 1. A DFE point is given by X* = (X", ..., X,,",0...,0),
where the zero appears n — p times, for which it holds that [253]

Dx*m:(g g) Dm*(w:(‘g j)

with J; and .J; 2 resulting matrices. It holds that
(X)) =X =FX)+V(X) Vic{p+1,..,n}

and the linearised system at the DFE can be written by means of the linearisation of F and V:

5F;
(Sl’j

oV,
X%, T,;=-——
( )7 ) &Ej

Sy = (X*) .

Consequently, it holds that X' = (£ + T') - X [254]. The matrix T corresponds to the transmissions and the
matrix £ to the transitions in the system. An entry T;; is the rate at which individuals in the infected state j
give rise to individuals in the infected state ¢, and an entry &;; is the rate at which individuals transit from the
compartment j to 7, that is not initiated by transmission [195, p. 875]. Subsequently, all epidemiological events
effecting new infections are included via T', whereas all other transition events are incorporated via £. Progress

to either death or immunity guarantees that £ is invertible [195].

Let the spectrum of any square matrix @) be denoted by o(Q), the spectral radius of @ be defined by
p(Q) = max{|\l, A € (@) },

and the stability modulus of Q by

a(Q) = maX{Re(/\), A€ O'(Q)}.

If «(T) < 0, then the basic reproduction number Ry linked to the DFE X* of the underlying system of ODEs
is defined as [253]

Ry = p(é' : (—Tﬁl)) = p(—E . T*1>7 where K, := —£-T7 .
The matrix K7, is called the NGM with large domain.

The Poincaré-Lyapunov linearisation theorem states [253]:

Let X* be a steady state of X'(t) = f(X(¢t)), where f : R® — R" is locally Lipschitz-continuous. Then
X* is asymptotically stable if a(Dy+(f)) < 0 and unstable if a(D,f« (f)) > 0.

Following the partition f = F + V, it has to be focused on the sign of a(E + T) to prove the stability of
the DFE. If Ry > 1, it holds that (€ + T) > 0 such that a(Dl.*(]:—F V)) > 0, and the respective DFE X* is
unstable. Analogously, it is asymptotically stable if Ry < 1 under the condition a(J;) < 0 [253]. In the case
of the existence of multiple disease-free equilibria, it can be possible to calculate a Rg-value related to each

equilibrium, but the definition of a global Ry is much more complicated and requires a case-by-case study [253].
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Equivalent to Ky, the so-called next-generation matrix (NGM) with classical domain can be defined as
Ke=FE".£.T7'. E,

where FE is the unity matrix of the corresponding dimension. It can be proven that the NGM with classical

domain and the NGM with large domain have the same non-zero eigenvalue [255, p. 261]:

Let © be an eigenvector of K¢ with corresponding eigenvalue A. Then

Ko 9=ET-& T E-4=\-0.

Multiplying this identity by F yields

E-ET. & TV"E-0=E-\-10,

where

E-ET.£=¢.

Thus F - ¥ is an eigenvector of Ky, too, with the corresponding eigenvalue .

The matrix K¢ has a lower dimension than K, making the computation of Ry from K¢ easier and increasing
the possibility of obtaining an explicit expression [195, p. 874]. The NGM with large domain typically uses
the dynamics of more states to describe the evolution of infection generations than K¢ [195, p. 874]. Solely
the infected states are involved in the action of K¢. An entry K¢;; is the expected number of new cases with

state-of-infection ¢ generated by an individual who has just entered the state-of-infection j [195, p. 874].

The basic reproduction number Ry for the SVIHCDR model is computed in this thesis. The infected states as
well as states-of-infectiousness were defined in Section 4.3. In the SVIHCDR model, the compartments I, H

and C are the infected states, which are also regarded as infectious in this section. The correspondent system
of ODEs can be found in Table 5.1.

Table 5.1 shows that the variables D and R do not appear in any other equation than the differential equation
describing their own respective change over time. The variable V' exclusively occurs in the first and second
equation in Table 5.1 describing the change of the susceptible or vaccinated compartment over time, respec-
tively. Moreover, the variable S explicitly appears in only the second equation in Table 5.1, that describes
the change of the vaccinated compartment over time. It implicitly occurs in the third equation in Table 5.1,
that describes the change of the infected compartment over time, via the term ©;(t) - Nf([t))(t) in the case of a
saturated incidence, which becomes ©;(t) if S is set to N — D(t) [195, p. 875].

For these reasons, the ODEs for S,V, D and R can be omitted in the computations of the basic reproduc-
tion number Ry. The system of ODEs consisting of exclusively the ODEs for I, H and C can be referred to
as the linearised infected subsystem of the actual system of ODEs because they only describe the production of
new infections and changes in the states of already existing infected cases [195, p. 875]. The NGM that emerges
from the separation of the transition rates of this infected subsystem into the matrices £ and T is of classical
domain. In the sequel, it is computed like the NGM with large domain K, since uninfected states are omitted

already in the creation of the matrices £ and T.
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In the following computations, the time reference ¢ is dropped for simplicity, the first row or column refers to
the compartment I, the second one to H and the third one to C, respectively. The transmission matrix for the
infected subsystem of the SVIHCDR model is given by

Bov-(l=q)-er B-yv-(I=q)-en B-7v-(1-9) ec

&= 0 0 0
0 0 0

and the respective transition matrix by

—(p+w2+n) 0 0
T= U —(p+E+ws+ ) 0
0 3 —(1+ A2+ wi)
The eigenvalues of the next generation matrix K7 = —T - £~! are obtained via MATLAB. The first two

eigenvalues are zero. The basic reproduction number Ry equals the third and largest eigenvalue of K, which

is defined as the spectral radius of K :

_ -1\ _ -0 gm0 ecm-0r&
p(Ep)=p(=T &)= _(niit+212 T o) Ca it Te T (77+u+w2)~(>\2+cu+w4])~()\1+,u+w3+€)) :

The normalized forward sensitivity index is used for a sensitivity analysis of the basic reproduction number
Ry depending on a certain model parameter. This index s defined as [256]
§R0 P

Sfo=—"2. 5.4

g dp Ro (5.4)
where p is a selected model parameter. A positive (negative) sensitivity index means that the prevalence of the
disease increases (decreases) if the value of the respective parameter is increased. For instance, a sensitivity
index SpRO = 0.5 means that Ry would increase (decrease) by 5 % if the parameter p was increased (decreased)

by 10 %. In Table 5.5, the sensitivity index with reference to the model parameter p € {7, q, 3,1, £} is depicted.

99



Table 5.5: Sensitivity analysis of model parameters

Parameter

f)/

Sensitivity Index

dRo | o
dry Ro
Ry | g
dq Ro
dRo | B
dg Ro
dRo | m
dn Ro
dRg &
d§ Ro

Ber(g—1) Bern(g—1) _ Becné(g—1)
(ntptwz)  (ntptw2)(Mtptws+E)  (ntptwz)(Aetptws) (A +ptws+E)
Bryer Byeun Brecné

Contptwe (tpdw2) Mtatws+E)  (nFptws) Qepetws) a+Hptws+E)

— _oer(e=l) yern(g—1) _ yecnéla—1)
(ntptwz)  (ntptw2)(Mtptws+E)  (n+ptws)(Aetptws) (A +ptws+E)
_ Brer(e=1) Bren(g—1) + Brern(g—1)
(ntptw2)?  (ntptw2)Atptws+E) T (n+ptw2)? (A +mutws+§)
. Brecé(g—1) + Brecné(g—1)
(n+ptw2) A2 +ptwa) (A1 +ptws+E) n+ptw2)?(Aa+ptws) (A +ptws+€)

Bryemn(g—1)

Be

cnlg—1)

(tptwz) M+ptws+)?  (tptwz) Aetptws) A +utws+€)

Brecné(g—1)

R

n+uptwz) Az +ptws) (M +ptws +€)?

Parameter values obtained from the implementation of the SVIHC DR model and associated parameter opti-

mization in Chapter 6 can be plugged in the formulas of Table 5.5 in order to obtain final numeric sensitivity

indices. Table 5.6 presents the sensitivity indices of the parameters v, ¢ and S for different allocations of these

parameters as well as €7 and e, wherefore the following assignments were used:
Ty =2.214, Ty =1.286, t = 0.2, M = 0.11 and K = 0.067. It is assumed that ec = 0.

To obtain a numeric result, it if for simplicity determined that ¢(t) = ¢1 and ~y(t) = ¢; in the computations .

Table 5.6: Sensitivity indices of the parameters 3, and ¢ for different allocations of 5, ~v, q, €1, €g

B

0.0012
0.00155
0.00155
0.00155
0.00155
0.00155
0.0017
0.0023
0.00155
0.00155
0.00155
0.00155

C

50
50
60
70
50
50
50
50
50
50
50
50

q

0.1
0.1
0.1
0.1
0.25
0.5
0.1
0.1
0.01
0.01
0.01
0.01

€r

0.2
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.15
0.25
0.05
0.04

€H

0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.005
0.04

index of 3

5.1753
5.1753
6.2103
7.2454
4.3127
2.8751
5.1753
5.1753
15.1383
25.1013
5.0009
4.1402

index of ~

0.00012321
0.00016043
0.00016043
0.00016043
0.00013369
0.00008913
0.00017596
0.0002306

0.00046929
0.00077814
0.00015503
0.00012835

index of ¢q

-0.0069
-0.0089
-0.0107
-0.0125
-0.0089
-0.0089
-0.0098
-0.0132
-0.0261
-0.0432
-0.0086
-0.0071

Table 5.6 reveals that modifying 8 from 0.12 to 0.155, then further to 0.17 and 0.23 leads to an increase in -y
of around 30 %, then another 10 % and 31 %. This also results in slight changes in the size of ¢, which are 29

%, another 10 % and 35 %, respectively. Changing the size of the parameter v from 50 to 60 (70) creates an
increase in the size of both 8 and ¢ by 20 % (40 %). Increasing ¢ from 0.1 to 0.15 (0.4) leads to a reduction in
the size of both 3 and v by around 17 % (45 %). At last, enhancing the size of ; by 0.1 leads to a 2.925-fold

(4.85-fold) increase in the size of 8, while a reduction of ey by one tenths results in only a slight decrease in

the size of 8. Reducing both e; and ey by 0.01 leads to a decrease of 20 % in 3. Hence substantially, the

great influence of the modification factors e; and ey as well as the counteracting effect of the size of ¢ on the

parameter 8 become obvious in this table.
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Chapter 6

Parameter Estimation in M AT LAB

In Chapter 6 of this thesis, the formation process the M AT LAB programs, which are used to obtain predic-
tions of future compartment sizes on the basis of currently existing compartment size data in the form of time
series forecasts, is explained. The presented SARS-CoV-2-fitted compartment model variations, which underlie
the transitions between compartments expressed by the introduced systems of ODEs, can be characterized as

dynamical models since they refer to real world processes changing over time.

In the model calibrations, classical methods of parameter estimation in systems of ODEs can be applied. The
nonlinear least squares (NLS) method is explained in Subsection 6.1.1 and delivers an estimate for the parameter
values by minimizing a discrete £?-error (least squares). In Subsection 6.1.2, on overview of the implementation
procedure is given. Shortened to one sentence, this comprises the minimization of the discrete £2-error between
the data that results from the numerical integration of a system of ODEs and evolving over multiple points in
time, and accessible time series compartment size data, that are both based on the same initial compartment
size data, by optimizing specific model parameters with the aid of the NLS method for the purpose of using
the system of ODEs and optimized parameters to obtain forecasts of the time series progressions of future

compartment size data.

Section 6.2 shows all parameter allocations and intervals that are set in the M AT LAB implementations. Inter-
vals of the parameters shaping the trigonometric contact and quarantine rate are also given. Subsection 6.2.1
depicts the selected parameter values along with their definitions in a table for the STHCDR model applied
to data of the countries Germany and Sweden, and Subsection 6.2.2 does the same with the SVID age group

model applied to German data.

Compartment size predictions for the year 2021 are provided along with graphs of the time series data re-
sulting from the M ATLAB implementations in Sections 6.3 and 6.4. In particular, the effects of the changes
in parameters bounds of the transmission risk, the modification factors of the transmission risk, the quarantine
rate as well as the contact rate are examined in the implementation of the STHC DR model in Section 6.3
to evaluate the impact of possible scenarios of intervention. The effect of variations in the vaccination rate is

investigated in the SV ID age group model in Section 6.4 to analyse possible vaccination scenarios.

In Section 6.5, nonstandard finite difference schemes (NSFD) are introduced and utilized to replace the M ATLAB
solver ode4b in certain implementations. The target is to guarantee the positivity of the solution and the correct

long-time asymptomatic behaviour.

It is clear that multiple scenarios of distinct parameter allocations can be observed and analysed by calibrating
the model parameters and generating plots depicting compartment size progressions. It is impossible to include
all informative plots in this thesis. A selection of conclusive plots created by specific parameter allocations is
incorporated in Sections 6.3, 6.4 and 6.5. In particular, the modification of the parameters 3, q1, c1, €7 and
ey is focused on. The M AT LAB scripts that were created and used to make compartment size forecasts in
this thesis can be found in Appendix B. It is emphasized at this point that the method of sensitivity analysis

concerning the basic reproduction number Ry is meaningful in regards of the effects of a parameter modification
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on the allocations of other model parameters necessary to attain certain future compartment size levels.

6.1 Problem Formulation and Implementation Process

During the implementation process, the £?-error minimization is pursued by making use of the NLS method.
This method is explained in Subsection 6.1.1.

In Subsection 6.1.2, the process of implementation with reference to four distinct program scripts that interlock,
meaning access each other, is described. It is also mentioned which time intervals and countries are used to

equip the implementations with data.

6.1.1 The Nonlinear Least Squares Approach to Compartment Models

Let the term measurement describe a quantification of a specific state variable, and D;(t;), j € {1,...,1},i €
{1, ..., N} be the measurement concerning the state variable z;, that represents the size of the compartment ;,
at some time point ¢; € [to,?;] in this context.

Let the measured data for the i*" compartment and the j** point in time be saved in the vector

Subsequently, a measurement function ®(t) exists that maps a point in time t; € [to, ;] into a measured

s-dimensional data set:
®:R— R, o) :=[D;,V, ..., D, eRr®

The complete set of measured data covering all compartments and all points in time ¢ € [to, ;] is saved as a

matrix of the size | x s, that can be transformed into a vector ® of the form

d = [®(tg), ..., B(1;)]" € R"

with n = [-s. In the sequel, the term ”model-generated data” refers to the data obtained by integrating a system
of ODEs F(t,z,v) from ty to t; for a given parameter vector ¥ and initial condition z(tg) = x¢ stated in the
initial value problem of Equation (5.1). At next, let Y;(¢;,9) be the program output data for the compartment
Ki,i € {1,...,s} and the point in time ¢;,j € {1, ...,1}, which is abbreviated by

Y@ = Yi(t;.9).

Consequently, a model function Y(¢,9) exists that maps a point in time ¢; into a set of generated data for a

given parameter vector 9:
Y:RxR™ =R, V(t;,0) = ;0,70

The complete set of model-provided data covering all s compartments and all points in time ¢ € [to, t;] is saved

as a matrix of the size [ X s, that can be transformed into a vector J> of the form

V(D) = YV(to, 0), ... V(t1,9)]T € R™.

A model output data set Y () obtained from the integration of a system of ODEs with specific initial conditions
can be fit to a given time series data set P as optimally as possible by optimizing the adjustable part of the
model parameters 9. Therefore, let the adjustable part of the parameter vector 1}, which is to be optimized, be
1 € R™ and the fixed part of ¥ be ¥5 € R™2 with m; + ms = m. In the sequel, an entry of the vector d is
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denoted by &,k € {1,...,n} and an entry of the vector V() is denoted by Vi (9), k € {1, ...,n}.

A nonlinear optimization problem is a NLS problem if the objective function f has the form of so-called
squared residuals. The target of a least squares minimization is to best fit certain data J>(19) € R” outputted
from the integration of an ODE model to given reported or measured data d e R” by finding those model
parameter values for the adjustable 9 that minimize the least squares error between Y (1) and ®. Measurement
of the fit between a model and a reported data point is performed by drawing on residuals.

A least squares method minimizes the sum of squared residuals in order to find optimal parameter values.
Data fitting and parameter estimation are the most relevant areas of application of least squares minimization.
In the case of parameter estimation for an epidemic forecast a system of ODEs of an enhanced STR model is
usually used as a model for the purpose of outputting compartment size data of s compartments at [ different
observed points in time. Letting s be the number of compartments of the underlying epidemic model which the
model function ) is based on, the number of values comparable between measurements and model outputs is

n=1-s.

We assume the same [ observation points in time for each of the s compartments Ky, ..., KCs.
Let the mentioned residuals be denoted by r, with r : R™ — R"”, for which it holds

Vk e {1,...,n}: rp(9) := & — Vp(¥) with Y(9) e R, d € R", 9 € R™.

The objective function of the respective least squares problem is defined as

n

FIRM SR, f@) =) m(d)?

k=1

Following the above information, the goal of the established algorithms is the minimization of the discrete
£?-error between reported and modelled compartment size data in order to make use of the parameter values
minimizing this error for later model predictions. Mathematically expressed and using the Euclidean norm, the

resulting unconstrained optimization problem has the objective function

min  700) =" n(@)? = (@) = 12 - V@)’ = 3 (8- 3(0) "

JER™

The first and second order necessary and sufficient optimality conditions, which are written in various books and
scripts dealing with numerical optimization as [257, pp. 37-39], apply to unconstrained optimization problems.
It is generally difficult to globally solve NLS problems, but a local minimum can be found by iteratively solving
the problem in order to linearise it at its current guess per iteration [257, p. 49]. To NLS problems, the Gauss-
Newton (GN) method is often applied, which linearises the nonlinear function r(9) at an iterate ¥, inside the

¢2-norm, such that the next iterate 1, is obtained by solving a linear least squares problem of the form

Vzp1 = argmin [|r(9:) + J(0:) - (9 - 9,)[]2%,

where J(¥) = 67;5(1;9) is the Jacobian matrix. Thus an iterative update of this method works in the following way,
stated in [257, p. 49]:

Do =02 — (JT(92) - J(9.)) T T (9.) - 1(0.).

The Gauss-Newton method works well for small residual problems. For a solution with perfect fit, a locally
quadratic convergence rate is reached at the end of the iterates [257, p. 56].

In this thesis, the target is to find those adjustable model parameters ©¥; € R™! that yield a prediction 37(19)
as close as possible to the reported data points P [257, p. 41]. In the implementations of this thesis, a built-in
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M ATLAB solver, that is based on the so-called interior-reflective Newton method, is used instead of the GN
method.

The term initial conditions describes the measured or reported data with respect to the first observed point in
time tg, that is ©o = ®(¢p). A point in time is a week in the following considerations and M AT LAB imple-
mentations. Observed points in time refer to calendar weeks between the 10" calendar week in 2020 and the
71" calendar week in 2021. This time span is chosen because SARS-CoV-2 incidence sharply increased in Ger-
many and Sweden from the beginning of March, and data regarding the numbers of newly confirmed infections,
hospitalizations and deaths were available until mid-January at the time of implementation. However, not all
of the corresponding weeks have been incorporated into all of the upcoming implementations. More detailed

information concerning the data usage is given in Section 6.2.

6.1.2 The Implementation Process

The implementation process is subdivided into four program scripts that intertwine. The whole process is
applied to the STHCDR or SVID model and applicable to other compartment models, too, whereby the
SITHCDR model is applied to compartment size and parameter data of Germany or Sweden and the SVID
age group model to data of Germany. Data sources are stated in the introduction of Section 6.3. The system
of ODEs of the underlying model is implemented in the first program script. All of the model parameters in
the parameter vector ¢ are passed to this script by the second program script for the purpose of obtaining
the modelled data Y (¢,4) mentioned in Subsection 6.1.1 by applying an integrator to the system of ODEs of
the first script. The M ATLAB solver oded5 is used here as a first option, the method of nonstandard finite
difference (NSFD) schemes is realized as an alternative.

In the second script, the data @Zt) representing the sizes of the compartments of the selected model for [
different point in time, are initialized and the discrete £2-error between the reported compartment size data ®
and modelled compartment size data Y(f, 9)(9) is computed. The parameters ¥2 that are not estimated during

the process are initialized here, whereas the parameters 9, are received from the third program script.

In the third script, a NLS minimization as described in Subsection 6.1.1 is performed by using the built-in
M ATLAB function lsqnonlin, that is applied to the least squares error computed using the second program
script. Lower and upper bounds of the optimized model parameters 91 are selected and passed to the function
Isgnonlin as well. An alternative would be the built-in M AT LAB function fminsearch, which is based on the
Nelder Mead algorithm, that is also called Downhill Simplex method. In Appendix A, the idea and operating
of the trust-region method, which is used by the M AT LAB function lsqnonlin, is explained.

In the fourth program script, parameter values for 95, which are used to model and plot compartment sizes
over future points in time, are selected. They can differ from the values for 5 utilized for the computation of
the discrete £2-error in the second script. For instance, the values for the non-estimated parameters can fit real
country-specific values of the first wave of the pandemic in the error computation, but the country-specific real
values of the second wave of the pandemic in the development of the compartment sizes over time. The initial
values of the sizes of all compartments of the used model have to be selected as well.

An implementation process is realized per country for both the underlying data of the first and second wave of
the pandemic. The compartment size data of the calendar weeks 10 until 38 (called the ”first wave”) in 2020 are
used for the prediction of the second wave, and the compartment size data of the calendar weeks 10 in 2020 until
24 in 2021 are used for the prediction of a possible third wave that occurs over the autumn/winter 2021 /2022.
The calendar weeks 39 in 2020 until 24 in 2021 are referred to as the "second wave”. Consequently, the two

time periods November 2020 to January 2021 and spring 2021, when peaks occurred in Europe, are summarized
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as one "wave”. The reason for that is the fact that the implementations of this thesis were finalized at begin-

ning of March 2021, when compartment size data concerning the end of March, April etc. were not yet available.

By changing the model parameters in the third or fourth script, the courses and local extrema of the re-
sulting compartment functions are varied. Therefore, the whole implementation can be adjusted to distinct
scenarios like a modified transmission rate due to mutations or vaccination programs, or modified quarantine
and contact rates owing to implemented intervention measures. Plots of compartment evolution over time with

applied calibration are explained and shown in Sections 6.2, 6.3 and 6.4.

6.2 Parameter Definitions and Bounds

A part of the transmission and transition parameters mentioned in Sections 4.2 and 4.3 is reported, another part
is computable from certain other reported parameters, and the rest is estimated. In this section, it is explained
which parameters are fixed to a value, kept variable in an interval, are estimated or can be computed on the

basis of other parameters with regard to the implemented compartment models.

6.2.1 Parameters in the SITHCDR Model

In the following M AT LAB implementations of the STHC DR model, the transmission risk /3, the quarantine
rate ¢(t), the transmission modification factors e; and ey, the fraction of individuals admitted to intensive care
¢ as well as the CFR for ICU patients M, are the parameters that are optimized. Moreover, the transmission
rate 07(t) is defined as in Subsection 5.2.2 and the transition parameters 0, wol, A1, € ws, Ay and wy as
explained in Chapter 4. Reported values are used for the allocation of the parameters Ty, Ty, T,, and the

values for M, My and K are computed from reported data.

The contact rate y(t) and the quarantine rate ¢(t) are defined as trigonometric functions. A realistic num-
ber of contacts per person per day is assumed to lie between 11 and 20 in European countries [258]. Thus
a person is assumed to normally have between 77 and 140 relevant contacts per week. This influences the
contact rates used in the program runs. As mentioned in Subsection 6.1.1, compartment size and parameter
data concerning the first wave of the pandemic are used to model the second wave, and such data with respect
to the average of both the first and second wave are made use of in order to model a probable third wave. Case-
fatality rate and case-hospitalization rate parameters concerning the calendar weeks 10 to 38 in 2020 are named
My, My, K1, and those referring to the calendar weeks from week 39 in 2020 are named Mo, Mp,, K.
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Figure 6.1 depicts examples of contact rates applied in the implementations. Here, the parameter cs is fixed
to a value for each of the pairs first wave and Germany, second wave and Germany, first wave and Sweden
as well as second wave and Sweden. However, it is varied within the interval presented in Table 6.1 per pair
in the implementations in order to adapt the algorithm to COVID-19 provisions. The separate consideration
of the first and second wave enables an even more realistic rate modelling. The amplitude of the respective
contact rate is selected as 40 in the first and 20 in the second wave for Germany and Sweden. The parameter
co is set to the value 20 for both Germany and Sweden. The left diagram of Figure 6.1 shows the function
(40 —20) - cos(% (t— 40)) + 60 for Germany and (40 — 20) -cos(% S(t— 40)) + 120 for Sweden in the interval
[0,15] on the x-axis (January until early April), whereas the right picture illustrates the contact rate function
(30 — 20) -cos(% (t— 13)) + 70 for Germany and (30 — 20) - cos(ér—o (t— 13)) + 90 for Sweden in the interval
[30,70] on the x-axis (end of July until March). The parameter ¢; is selected as generally higher for Sweden

than Germany in both cases due to the Swedish special path during the pandemic.

The quarantine rate function used in the implementation for both waves has the form
q(t) = ¢q1-cos (2”—0 -t) +q1, 80 zo = 0, in order that a minimum is reached in the calendar week 30 and a maximum
is attained in week 50 in 2020. This means that the maximal quarantine ratio is reached in the same week as

the minimal contact ratio is reached, namely in the second week of December 2020.

contacts

The unit of the contact ratio on the x-axis in Figure 6.1 is <2™2=

200 w w 200
German contact rate in the first wave German contact rate in the second wave
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Figure 6.1: The trigonometric contact rate (c2 —¢g) ~cos(% (t— zl)) + ¢1 for Germany and Sweden in the first

wave (left picture) and second wave (right picture) for co = 40 (first wave), co = 30 (second wave), ¢g = 20,
¢1 = 60 (Germany, first wave), ¢; = 70 (Germany, second wave), ¢; = 120 (Sweden, first wave), ¢;=90 (Sweden,
second wave) and z; = 0 (first wave), z; = 13 (second wave).

It is reasonable that the contact rate significantly decreases between February and the beginning of May 2020,
as shown in the left diagram of Figure 6.1, due to the fact that the population was put on the alert in February
and first interventions came into force in Europe in mid-March 2020. It is also realistic that the level of the
number of contacts per person is relatively low over the course of the second wave, which was stronger than the
first one, with a little elevation and so a local maximum around Christmas. Thus the right diagram in Figure
6.1 illustrates that a local maximum (80 for Germany, 100 for Sweden here) is reached in the calendar week 53,

and local minima are observable in the calendar weeks 34 in 2020 (mid-August) and 16 in 2021 (mid-April).

The transmission rate 07(t) as well as the rate fg, (t) are exemplarily depicted in Figure 6.2 for the values
q1 = 0.002, ¢g = 20,¢1 = 50,c0 = 30,z = 13,29 = 0 and a random allocation of 8 = 0.003. The trans-
mission rates used in the later implementations have the form of 6;(¢) to model the transmission between the

compartments S and I.
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The unit on the y-axis is <ffected Zg;fmissw”s in the figure below. It has to be kept in mind that the rate
0;(t) is multiplied by the current size of the susceptible compartment in the first two equations of the system
of ODEs of the STHC DR model (cf. Table 5.1) to obtain the number of susceptibles infected per individual in
the class I per unit of time [200, p. 10]. The force of transmission equals the transmission risk here and can be

interpreted as the probability of transmission per contact.
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Figure 6.2: The transmission rates 6;(t) (left picture) and fg, () (right picture) for a maximum quarantine ratio
of 0.4 %, S = 0.003, and a minimum (maximum) number of contacts of 40 (60), shown in a progress over 62
weeks.

The rate of transition from the susceptible to the infected class of infection increases until a local maximum of
around 0.18 is reached between the end of March and the beginning of April, then decreases to a minimum of
around 0.12 (week 32, beginning of August) and finally increases again. Hence, the number of newly infected
individuals at time ¢ is larger than 12 % of the current number of infectious individuals in I multiplied by a
current normalized number of susceptibles in the system at all time instants ¢ in this example.

The rate of the transition from the compartment S to S, fluctuates in the interval [0,0.19], reaching a local
minimum of zero in May and maximum in late October. Thus the number of susceptibles put in quarantine
and influenced by NPIs at time t is at most 18 % of the number of current infectious cases in I at time ¢
multiplied by a normalized number of susceptibles for all time instants ¢ here. The progressions of the two
graphs in Figure 6.1 are reasonable in the way that the first wave of infection reached Germany in March 2020
such that the number of daily newly confirmed infections reached a peak on April 15¢ (calendar week 14) [12].
Then the number of weekly newly confirmed infections sank until the end of the summer 2020, and increased
in autumn/winter until a new maximal value was attained around the turn of the year. Simultaneously, the
strong growth in quarantine imposition and NPT realization in the end of October is realistic, since the second

wave reached Germany in the beginning of October and several state interventions were authorized from then.

Table 6.1 presents all of the parameters used in the implementations of reduced form of the STHC DR model for
the two countries Sweden and Germany. It contains all parameter definitions, parameter calculation formulas
as well as parameter values used for the adoption of the system of ODEs to the countries Germany and Sweden.
The case-hospitalization are is abbreviated with CHR here. No units are indicated for transition rates denoting

fractions of population groups.
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Table 6.1: Selected parameter values and definitions for the SITHC DR Model for Germany and Sweden

Parameter Parameter Definition Sourcing Germany Sweden Unit
N population size Reported 83,100,000 [259] 10, 380,245 [260]  inhabitants
L life expectancy in years Reported 81 [261] 81.85 [262] years
n weekly natural death rate =3 0.0002374 0.0002350 Teers
8 transmission risk Estimated [0.0011,0.00236] [0.00157,0.0029]  infections
co first contact rate parameter exemplary 20 20 contacts
c1 second contact rate parameter exemplary [50,108] [70,110]

) amplitude of the contact rate exemplary 30 or 40 30 or 40 -
z1 shift of v(t) on the x-axis exemplary different different -
~(t) time-dependent contact rate (c2 — co)eos(Z5(t — 21)) + e1 - - contacts
el determines max. quarantine ratio Estimated [0,0.5] [0,0.5] -
q(t) time-dependent case quarantine rate qlcos(é’r—ot) + a1 - - -
er modification of the Estimated [0.1,0.5] [0.1,0.5] -
transmission rik for I
eH modification of the Estimated [0.05,0.0625] [0.05,0.0625] -
transmission risk for H
0r(t) transmission rate for S — I B y(t) - (1 — q(t)) - - %
Or(t) rate for transition S — I B () (1 —aq(t))  Xp(t) - - -
L length of latency period Reported 2.5/7 [46] 2.5/7 weeks
7! length of incubation period Reported 5.5/7 [10] 5.5/7 weeks
T average time spent as an - 0.423 0.423 weeks
asymptomatic infectious
T time from symptom start until recovery Reported 1.429 [10] 1.429 weeks
Ty length of contagious period Reported 2.214 [10] 2.214 weeks
Tu time from hospitalization until recovery Reported 1.286 [10] 1.286 weeks
T, time from ICU admission until recovery Reported 1 [10] 1 weeks
M CFR in CW 10,/2020-05/2021 Reported 0.024 [263] 0.041 [264] -
M, CFR in CW 10/2020-33,/2020 Reported 0.031 [263] 0.076 [264] -
Mo CFR in CW 34/2020-05/2021 Reported 0.019 [263] 0.011 [264] -
My CFR for H in CW 10/2020-05/2021 71‘4"96;;2-:‘%88 0.22 0.37
M CFR for H in CW 10/2020-33/2020 %1”01 0.066 0.12
Mpo CFR for H in CW 34/2020-05/2021 %;602 0.18 0.11
M, CFR for C in CW 10/2020-05/2021 Estimated [0.4,0.7] [0.4,0.7] .
K CHR in CW 10/2020-05,/2021 Reported 0.11 [263] 0.17 [265] -
K, CHR in CW 10/2020-33/2020 Reported 0.15 [263] 0.30 [265] -
K> CHR in CW 34/2020-05/2021 Reported 0.067 [263] 0.061 [265] -
2 fraction of hospitalized who transit to ICU Estimated [0.13,0.178] [0.17,0.26] -
1 , ‘pitalizati : 1—pTy
n case-hospitalization rate for I ral K - - -
wl recovery rate for I I_Tﬂ (1 —-K) - - -
A1 disease-induced case-fatality rate for H 71_;TH - Mg - - -
I3 rate for transfer to intensive care % ‘L - - -
w3 recovery rate for H % (1 — Mg —) - - -
Ao disease-induced case-fatality rate for C % - M, - - -
wy recovery rate for C % (1 —M,) - - -

Exemplary intervals are given for the three contact rate parameters. This means that they are not reported
and not estimated by the algorithms, but fixed in reasonable intervals based on preliminary considerations.
Furthermore, the values for the different time periods to recovery T, T, Ty and T, are assumed to not relevantly
differ between Germany and Sweden, and so are obtained from the Robert-Koch Institute Germany and adopted
for Sweden, too. The average time of a COVID-19-induced hospital stay is assumed to last 9 days (1.286 weeks),
intensive care treatment to last 7 days since the total time of hospital stay of patients admitted to intensive
care is assumed to last 16 days, time from symptom development until recovery to last 10 days (1.429 weeks),
and length of contagious period to last 15 days (2.214 weeks) [10].

The values for the rate ¢ were computed as 0.24 (0.19) for the combination first wave and Germany (Sweden), 0.18
(0.24) for the combination second wave and Germany (Sweden), and 0.20 (0.14) for both waves and Germany
(Sweden) from the underlying data for the compartment sizes of the hospitalized and ICU compartment. It
should be stressed again that recovery is identified with the loss of the ability to infect others rather than the
complete disappearance of symptoms here.
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With respect to data search, the time until hospital or ICU dismissal is used as an indicator for this. The
case-fatality rate as well as case-hospitalization rate for certain the calendar weeks of 2020/21 are not directly
obtained from a data source, but computed on the basis of reliable sources named in the table. It is assumed
that no leaky vaccine or infectious compartments Ey,, Ay, Iy are involved in the used model. The following

function X;(t) is defined in order to be included in the incidence rate:
Xi(t):=er-I(t)+eg-H(t)+ec-C(t) , (6.1)

Individuals in the compartment C' are not assumed to be able to be infectious to susceptible in the implemen-
tations. For this reason we set e = 0. Letting [ be the number of points in time for which compartment size

data is acquired, a saturated incidence rate of the form

S(t)
SW 4 1) + H(t) + C(t) + R(#)

0:(t) - X1(t) - (6.2)

is applied in the implementations.

6.2.2 Parameters in the SVID Age Group Model

The implemented age group model substantially differs from the STHC DR model in the way that the infected
compartments I, H and C are pooled as one infected class I, an all-or-nothing vaccinated compartment V' is
included, three age groups are regarded such that every compartment is divided into three (sub-)compartments,
the contact and quarantine rates of the age groups are not implemented as time-dependent functions but con-
stant values that can however be modified between different program runs, and rates describing the contacts
between the distinct age groups are needed. It is obvious that the individuals in the infected compartments
I1, I and I3 can be infectious, symptomatic or even hospitalized but do not have to be. An age-group and
time-dependent vaccination rate is introduced. It should be mentioned that the compartment R is omitted here
since no reliable data related to age groups are available. Thus the individuals in the compartments I, Is and

I3 recover by leaving the system.

Table 6.2 provides the parameter definitions and values utilized for the implementation of the SV ID age group
model based on the data for Germany. It has the same structure as Table 6.1, but depicts parameter allocations
with reference to the age groups of 0-19-, 20-59- and over 60-year-old people instead of the countries Germany
and Sweden. Data were available for the calendar weeks 10 in 2020 until 7 in 2021. In the implementation,

placeholder data were used for the calendar weeks 8 to 26 in 2021.

Table 6.2: Selected parameter values and definitions for the SVID Age Group Model for Germany

Parameter Parameter Definition Sourcing 0-19 years 20-59 years 60+ years Unit
u weekly natural death rate Reported 0.000001045 [266]  0.0000196 [266]  0.000198 [266] T
8 transmission risk Estimated [0.025,0.027] [0.025,0.027] [0.025,0.027] infections
q quarantine rate Estimated 0.2 0.3 0.1 -
€ modification of the transmission risk Estimated 0.15 0.15 0.15 -
Tr length of contagious period Reported 3-2.214 2.214 [10] 2.2214 weeks
M CFR in CW 10/2020-07/2021 Reported 0.000373 [267] 0.000807 [267] 0.024 [267] -
va initial vaccination ratio Reported 0.00004125 [268] 0.0120 [268] 0.0236 [268] -

vB inverse exponent of vaccination rate Reported [8,13] [18,28] [24,33] -
_t_

v(t) vaccination rate v - eVB - - - -

w recovery rate % -(1— M) - - - -

A disease-induced case-fatality rate l_ﬁTI - M - - - -
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As it can be seen from Table 6.2, the parameters q1, g2, g3, €1, €2, €3 and ( are estimated. The contact ratios are

selected as follows:

7 5 )
711 = 60, 722 = 80, 33 =69, 712 = g M= 70, M3 = g M= 50,728 = 7 -1 = 75 (6.3)
such that
Y13 <711 <733 < Y12 < 723 < Vo2 (6.4)

The vaccination rates are modelled as exponentially increasing functions of the form v(t) = vg4 - ev5 for all age
groups in order that an enlarged value of v diminishes the slope of v(t). The initial vaccination ratio v, is
computed as the weekwise number of second vaccinations in the respective age group in Germany divided by
the total size of the German population in this age group. The first secondary vaccination within the German
population was officially received on January 5" 2021 [268]. The used data obtained from the vaccination
monitoring program of the RKI were available up to February 21¢ 2021. It is assumed for simplicity that 70
% of the second vaccinations in Germany were received by people of 60 years or older as of this date, 25 % by
the age group of 20 to 59-year-old people, and the remaining 5 % by individuals between 0 and 19 years. As an
additional information, the German Federal Statistical Office stated that 29 % of the German population were

scheduled for vaccination owing to their age as they were 60 years or older as of mid-February 2021 [269).

If the values vp(0—19) = 11, (29759 = 25 and vE(69t) = 35 are exemplarily selected, around two thirds of the
over 60-year-old people are vaccinated 85 weeks, 20-59-year-old people 100 weeks and 0-19-year-old people 110
weeks after the start of the vaccination program. If the values vg(©~19) =10 (9 or 8), v5(29=59) = 23 (21 or 19)
and vp(0t) =32 (29 or 26) are selected instead, around two thirds of the over 60-year-old people are vaccinated
after 76 (69 or 62) weeks, 20-59-year-old people after 93 (84 or 76) weeks and 0-19-year-old people after 97 (87
or 77) weeks. Choices of vp similar to these exemplary ones are justifiable with respect to the observed time
span of 60 weeks starting from the calendar week 26 in 2021, since it is assumed that it takes at least one year
to vaccinate all German inhabitants who want to get vaccinated against COVID-19. Apart from this, a small
portion of the German population does not want to receive the vaccination for different reasons in the long term
according to the current state of knowledge.

The CFR for each age group is computed as the CFR of the whole German population provided by the RKI
[263] multiplied by the fraction of total COVID-19-confirmed deaths of the respective age group, of all COVID-
19-confirmed deaths reported to the RKI as of February 16! 2021 [267]. The length of the contagious period
T of the under 20-year-old people is assumed to be half as long as for the 20-59-year-old individuals while the
infectious period of the over-60-year old people is assumed to last two and a half times as long as the one of the

20-59-year-old people.

6.3 Compartment Size Predictions with the STHCDR Model

Compartment size data were obtained from the online source Statista.de [263] (number of newly confirmed
infected, hospitalized and deceased individuals), Intensivregister [270] (number of new COVID-19 intensive care
unit patients) and Worldometers [271] (number of newly recovered people) for Germany, as well as Statista.de
[272, 273] (number of newly confirmed infected or deceased individuals) and the PHA [274] (number of newly
hospitalized and new COVID-19 intensive care unit patients) for Sweden. Placeholder data are used as input
compartment size data for the calendar weeks 6 until 24 in 2021. Here, it is assumed for both Germany and
Sweden that incidence rose in the 3 weeks after the carnival week of 2021 and decreased again afterwards, since
it is reasonable that the number of new infections increases due to carnival celebrations, which was also observed
in 2020.
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Regarding the number of hospitalized or ICU patients, the number of individuals newly admitted at time
instant ¢ was used as the size of the class H(t) or C(t), respectively. Since it is a common assumption that
individuals remain infected for more than a week and T7 > T > Ty > T,, it seems sensible to use more than
1 time (here 1.5 times is applied) the number of the people newly infected at time instant ¢ as the size of the
compartment I(¢). The weekwise compartment size R(t) and D(t) was computed as the cumulated number of

weekly recovered or deceased individuals, respectively.

The weekwise numbers of recovered people in Sweden were not publicly available such that they were com-
puted as 90 % of the correspondent number of newly confirmed infected cases of 2 weeks before. In general,
it is impossible to obtain or compute the number of weekly newly recovered individuals completely accurately
because it is uncertain when every single infected person loses his or her contagiousness. Moreover, the fact
that only positively tested (which means confirmed SARS-CoV-2 cases) are included, as reliable data is unavail-
able and would be unreliable with respect to unconfirmed cases, has to be kept in mind in order to be able to

correctly assess the dimension of the compartment size data obtained from the data sources and implementations.

Generally, the program scripts described in Subsection 6.1.2 are used in Section 6.3. In Subsection 6.3.1,
compartment size data of the calendar weeks 10 to 38 in 2020, which describe the first wave, are utilized to
predict the sizes of the compartments S, I, H, C, D and R in the second wave as exactly as possible. In Sub-
section 6.3.2, the compartment size data of the calendar weeks 10 in 2020 to 24 in 2021, including placeholder
data for the weeks 6 to 24 in 2021, are utilized to predict the sizes of the compartments S, I, H, C, D and R

in a possible third wave.
It has to be mentioned that all estimated parameters except for ¢;, that was optimized to its upper bound, were
minimized to their lower bounds in the following scenarios, since the bounding intervals were selected tight for

the purpose of obtaining as realistic and contrastable courses of compartment size development as possible.

Furthermore, the unit for the compartment size denoted on the y-axis of each graph in the following sections is

”individuals”, and the x-axis represents the passed time in weeks.
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6.3.1 Prediction of the Second Wave

In the implementations of the first wave to predict the second wave, the parameters K7 and My, were utilized
for the error minimization, and Ky and My, for the predictions. The parameter ¢; was exemplarily fixed to
the value 120 for Sweden and 60 for Germany here. Table 6.3 depicts the reported sizes of the infected com-
partments concerning the calendar weeks 50 in 2020 to 2 in 2021, which are the weeks in which maxima were
reached for the compartments I, H, C, D and R in Germany and Sweden. As mentioned above, the number of

individuals actually situated in the compartment I was multiplied by 1.5 here.

Table 6.3: Compartment size data for the infected compartments, for Germany and Sweden, and the calendar
weeks 50 in 2020 to 2 in 2021

Calendar Week Germany, I Germany, H Germany, C Sweden, I Sweden, H Sweden, C

50 in 2020 234,743 10,505 1,719 65,093 1,989 254
51 in 2020 262,608 11,564 1,889 71,738 2,217 283
52 in 2020 209,148 10,243 1,982 58,631 2,387 311
53 in 2020 185,058 10,086 1,905 61,760 2,549 348
1 in 2021 218,552 10,043 1,773 55,700 2,553 372
2 in 2021 178,850 8,781 1,656 39,666 2,328 352

The aim of the prediction of the second wave is to show which assignments of the adjustable model parameters
closely yield the high points observable in the reported data of Table 6.3. This can be evaluated best by plotting
the compartment size data provided by the fourth mentioned M AT LAB program.

Primarily, the parameter § was varied. The results are depicted in Figure 6.3 for the infected compartment in
Sweden, Figure 6.4 for the infected compartment in Germany, Figure 6.5 for the hospitalized compartment in
Sweden, and Figure 6.6 for the hospitalized compartment in Germany.

For both Germany and Sweden, the upper bound of the value 3 was set to 0.002. The lower bound of 3 was var-
ied in the interval [0.00157,0.00168] for Sweden and [0.00225,0.00236] for Germany. For all values of 8 and both
countries, the bounds of other estimated parameters were initially set to ¢ € [0.17,0.4], ey € [0.05,0.25], 1 €
[0.2,0.5], M, € [0.5,0.7] and ¢; € [0.01,0.1]. With these initial assignments, the variation of 5 was the only
factor influencing the differences in the outputted plotted curves per country. The values initially used for
K1, K9 and My, My, are given in Table 6.1.

The parameter £; was optimized to the value 0.2 and £g to the value 0.05 i.e. to their respective lower bound in
all of the associated program runs. This means that the transmission risk emerging from confirmed and isolated
infected cases (asymptomatic or symptomatic) is 20% and the transmission risk emerging from hospitalized
patients compared is 5 % of the transmission risk emerging from unisolated symptomatic infectious individuals

here.
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Figure 6.3: Prediction of the size of the infected compartment for Sweden in the second wave, with 8 €
[0.00157,0.00168].
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Figure 6.4: Prediction of the size of the infected compartment for Germany in the second wave, 8 €
[0.00225,0.00236].
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The upper left graph in Figure 6.3 demonstrates that the assignment 5 = 0.00157 produces a peak of 68,680
people in the infected compartment for Sweden, whereas the other graphs in this figure show that the peak
becomes 7.57 % (15.28 %) larger if 3 is enlarged by 3 - 1074 (6 - 10~%). Regarding these three allocations of
B, the maximum is reached in the calendar week 1 in 2021 for Sweden. In contrast to this, a maximum of
87,750 infected individuals is attained in the last calendar week in 2020 if the parameter (3 is assigned to the
value 0.00168. The reported maximal size of the infected compartment at the turn of the year 2020/2021 in the
second wave is 71,738 people in Sweden in the calendar week 51 (cf. Table 6.3), such that a value of 3 between
0.001557 and 0.00160 seems most realistic here. The peak attainment after 14 or 15 regarded calendar weeks in

Figure 6.3 is realistic since a reported lasting decline in incidence is only notable from the calendar week 1 in 2021.

In Figure 6.4, it can be observed that the assignment g = 0.00225 leads to 197,700 individuals in the in-
fected class in Germany in the calendar week 51 in 2020, which is the Christmas week. Enlarging the value of
B by 3-1075 (6-1075, 1.1 -107°) results in a 7.6 % (15.6 %, 29.6 %) larger 1(13). Thus the maximal number
of people in the infected compartment is reached 7-14 days earlier in Germany than Sweden. Since a maximum
of 262,608 infected people was reached in Germany at the turn of the year 2020/2021 according to Table 6.3
the assignment S = 0.00236 seems most realistic here. It may not be left out of sight that the number of newly
infected individuals was multiplied by 1.5 concerning Table 6.3 in order to obtain a more realistic value of the
number of individuals in the infected compartment per unit of time. The factor 1.5 is certainly not true in
reality for all regarded weeks. Moreover, the dark figure may not be forgotten when analysing any graph of

compartment size progression in a SARS-CoV-2 scenario.

Concerning both countries and Figures 6.3 and 6.4, it becomes clear that the size of the infected compart-
ment quickly increases between the calendar weeks 38 and 53. In the upper left (right) diagram in Figure 6.3,
an average increase of around 4,860 (6,280) more individuals in the infected compartment per calendar week
can be observed between calendar week 38 and the peak. In the upper left (right) diagram in Figure 6.4, the
correspondent average increase per calendar week is approximately 12,500 (15,800) infected individuals. With
regard to Germany, all graphs in Figure 6.4 decrease from the calendar week 51 with a similar slope as they
increased before. Nevertheless, they re-start increasing very slightly from Easter 2021. The decline in the size of
the infected compartment after the reached maximum in Sweden is marginally flatter than the previous increase
in all four regarded graphs. Finally, around 10,000 people are in the Swedish and around 80,000 individuals in

the German infected compartment in the last week of June 2021.

Figure 6.5 or 6.6 shows the progression of the size of the hospitalized instead of infected class for Sweden
or Germany, respectively. The parameter allocations are the same as in Figures 6.3 and 6.4. It can be seen that
the courses of all four graphs have very similar slopes as the country-specific graphs in Figures 6.3 and 6.4. If
0 is set to the value 0.00157 for Sweden as to be seen in the upper left diagram, a peak of 2,384 hospitalized
individuals is attained in the calendar week 3 in 2021. The peak is shifted to the calendar week 2 if 5 is increased
to 0.00160, 0.00163 or 0.00168. All of the time, a larger 5 results in a larger peak. According to Table 6.3, a
maximum of 2,553 Swedish COVID-19 hospitalizations was achieved in the calendar week 1 in 2021. Therefore,
the assignment 8 = 0.00160 is most realistic with respect to the allocations of the other model parameters if
the height of the peak is used as the basis of comparison. It has to be added that an exemplary modification of
the parameter z; from 40 to 25 (-10) would lead to a shift in the calendar week in which the peak occurs from
week 16 to 25 (27).

Relating to the upper left graph in Figure 6.6, where 5 = 0.00225 is applied, 7,561 hospitalizations can be
observed in the calendar week 53 in 2020, whereas 9,763 hospitalizations in the same week are the result of the
assignment 5 = 0.00236, which can be seen in the lower right graph. The increases in the reached maxima due
to raised values of 3 in the last three graphs compared to the first graph in Figure 6.6 have the same percentage

sizes as the growths in the peaks in Figure 6.4 owing to the same increases in .
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Variation of  and changed K;, Germany

Figure 6.7 illustrates the change in the size of the compartment H if Ky is set to the value 0.077 instead of

0.067 to attain a more realistic result for the maximally reached number of hospitalized individuals in Germany
in the second wave with a fixed lower bound of S.
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Figure 6.7: Prediction of the size of the hospitalized compartment for Germany in the second wave, with
K, =0.077, 8 € [0.00225,0.00236].

In the scenario shown in Figure 6.7, a larger K5 leads to higher peaks in the number of hospitalizations com-
pared to Figure 6.6, which has been expectable. The number of German hospitalizations is larger by 1,186 than
in Figure 6.6 for 5 = 0.00225, by 1,275 for § = 0.00228, by 1,368 for 5 = 0.00231 and 1,527 if 5 = 0.00236.
According to Table 6.3, the maximal number of hospitalizations at the turn of the year was reached in the
calendar week 51 in 2020 with 11,564 hospitalizations. The height of the peak in the lower right diagram in
Figure 6.7 fits this statement of Table 6.3, although the calendar week of the peak is shifted by 2 weeks.

It should be added that the peak is shifted to calendar week 52, but is smaller by around 2,000 individu-
als in each graph if the parameter z; is set to 39 instead of 40. Thus S would have to be increased in order to
obtain larger maximal numbers of hospitalized individuals again. If z; is set to the value 36, a local maximum
of around one third of the respective maximum visible in Figure 6.7 is attained in the calendar week 51, and a
maximum of 13,000 to 14,400 per graph is reached in the calendar week 24 in 2021.
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Variation of ¢

To create Figures 6.8 and 6.9, the lower bound of the parameter 5 was fixed to the value that yielded the most
exact extremum in Figure 6.3 or 6.4, respectively, but the lower bound of the parameter + was changed within a
certain small interval, while ¢; and ¢; were fixed to a value per country each. The purpose has been to find out

which value resulted in the most realistic number of individuals in the ICU compartment for the second wave
in Sweden or Germany, respectively.
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Figure 6.8: Prediction of the size of the ICU compartment for Sweden in the second wave, with Ky = 0.061,
z1 =40, ¢ € [0.13,0.178].
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Figure 6.9: Prediction of the size of the ICU compartment for Sweden in the second wave, with Ko = 0.061,
z1 =35, ¢ € [0.13,0.178].

=0.00236, t=0.17, q1 =0.1 =0.00236, t=0.2, q1 =0.1
2500 — p=0 el ‘ 2500 — p=0 ek ‘
2000 - 1 2000 - ::gn
T 1500 T 1500
b B
21000+ \’ 81000
500 - 500 -
0— 0 -
20 25 30 35 40 30 35 40
calendar weeks from week 38 (September 16th) 2020 calendar weeks from week 38 (September 16th) 2020
=0.00236, t=0.23, q1 =0.1 =0.00236, :=0.26, q1 =0.1
2500 — p=0 s ‘ 2500 — p=0. I A S ‘
2000 - L 2000 oy
T 1500 T 1500
G ks
& 1000 1000
500 - 500
0 : 0 : : : : : :
30 35 40 5 10 15 20 25 30 35 40
calendar weeks from week 38 (September 16th) 2020 calendar weeks from week 38 (September 16th) 2020

Figure 6.10: Prediction of the size of the ICU compartment for Germany in the second wave, with Ko = 0.077,
z1 =40, ¢ € [0.17,0.26].
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Figure 6.8 conveys that the maximal number of people newly admitted to ICU was reached in the calendar
week 4 in 2021, which is 3 weeks delayed compared to Table 6.3, that shows the Swedish ICU admittance peak
in the calendar week 1. For the assignment ¢ = 0.13 the peak is 273 ICU patients, which is depicted in the
upper left graph. To give further examples, it is 23 % larger for « = 0.16, 46 % larger for + = 0.19 and 62 %
larger for ¢ = 0.21. According to Table 6.3 the most realistic allocation is ¢ = 0.177 as this leads to the outcome
C(17) = 372. Finally, a value of slightly less than 50 is achieved in the two upper graphs, and marginally more

than 50 is reached in the two lower graphs, in the calendar week 27 in summer.

Figure 6.9 gives an example of how the variation of the contact rate parameter z; can influence the size of
the ICU compartment. It demonstrates that modifying the parameter z; from 40 to 35, the maximal number
of Swedish COVID-19 ICU patients is achieved in the calendar week 10 instead of 4, all four curves are rounder
with a less sharp peak, that is also lower than in Figure 6.8 by 68 for the upper left, 84 for the upper right, 94
for the lower left and the lower right graph.

In Figure 6.10 the most realistic number of German COVID-19 ICU patients according to Table 6.3 is shown in
the lower left graph. Nonetheless, the week in which the maximum is attained is the calendar week 52 according
to Table 6.3 but calendar week 2 according to Figure 6.10. Finally, a value of slightly less than 500 is achieved
in the two upper graphs and marginally more than 500 is attained in the two lower graphs in the calendar week
27 in this example. Whereas the curves depicting the course of the Swedish ICU compartment are declining in
the calendar week 27 in 2021 in Figures 6.8 and 6.9, figures are minimally rising in the same week in Figure
6.10.

6.3.2 Prediction of the Third Wave

In the implementations of the first and second wave to predict a possible third wave, the parameters K and

My were utilized for the error minimization, and Ko and M4 for the predictions.

With regard to the implementations for the forecast of a possible third wave it is most significant to ex-
amine combinations of parameter value allocations that do not lead to high peaks in the autumn/winter of 2021

compared to other allocations. Parameters are modified within small intervals to compare different scenarios.

At first, different allocations of the parameter 5 are compared for both Sweden and Germany and the compart-
ments I, H, C and D in Figures 6.11 to 6.17.

In the Figures 6.11 and 6.12, the upper bound of the value 8 was set to 0.005 for both Germany and Sweden.
The lower bound of 3 was exemplarily varied in the interval [0.0022,0.00245] for Sweden and [0.00155,0.0017] for
Germany. For all allocations of 8 and both countries, the bounds of other estimated parameters were initially
set to ey € [0.05,0.25], £ € [0.2,0.5] and M, € [0.5,0.7]. The upper bound of the parameter ¢; was set to 0.1,
the lower bound to 0.01. The lower bound of the parameter ¢ was initially set to 0.22 for Germany and 0.17 for
Sweden here, whereas the upper bound was fixed to 0.4 for both countries. All of the mentioned bounds were
selected as they seemed realistic and also yielded reasonable and comparable progressions of future compartment
sizes. The parameter ¢; was exemplarily fixed to the value 90 for Sweden and 70 for Germany here. The values
initially used for K, My and M, are given in Table 6.1. The parameter Ko was changed from 0.67 to 0.077

for Germany since it yielded better results for the course of H(t) in the predictions of the first wave.

119



Variation of
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Figure 6.11: Prediction of the size of the infected compartment for Sweden in the third wave, with g8 €
[0.0022,0.00245].
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Figure 6.12: Prediction of the size of the infected compartment for Germany in the third wave, 8 €
[0.00155,0.0017].
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Infected compartment for larger

To create Figures 6.13 and 6.14, the transmission rate was increased instead of decreased to show possible

impacts of growing numbers of infections with mutations.
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Infected compartment for smaller §

Figures 6.15 and 6.16 depicts the course of the size of the infected compartment I with the lower bound of the
parameter § varied in the interval [0.0017,0.0020] for Sweden or [0.0011,0.0017] for Germany, respectively.

<104 B=0.0017, c1=90, g1 =0.1 <10°  B=0.0018, c1=90, g1 =0.1

size of I(t)
IS o
(o)}

size of I(t)
N

[\S]
L
(S5}
T

X 26
X 25
SFm Y 3806

0 — 7t 0 M‘\
5 10 15 20 25 30 35 40 5 10 15 20 25 30 35 40
calendar weeks from week 24 (June 14th) 2021 calendar weeks from week 24 (June 14th) 2021
<104 £=0.0019, c1=90, q1 =0.1 «10% £=0.002, c1=90, q1 =0.1

(=)}
L
(=)}

=4 ] Zar
) 5]
22 1 22k D 2
/’\ / \
0 T L L L L L O L L L L L L
5 10 15 20 25 30 35 40 5 10 15 20 25 30 35 40
calendar weeks from week 24 (June 14th) 2021 calendar weeks from week 24 (June 14th) 2021

Figure 6.15: Prediction of the size of the infected compartment for Sweden in the third wave, with g8 €
[0.0017,0.0020].
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Figure 6.16: Prediction of the size of the infected compartment for Germany in the third wave, with 8 €
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The upper left and lower right graphs in Figure 6.11 reveal that the assignment S = 0.00245 results in a 2.14
times larger maximal number of people in the Swedish infected compartment than 8 = 0.0022. Moreover, the
peak occurs in the calendar week 51 in 2021 if 8 = 0.0022 but in week 48 in 2021 if § = 0.00245. The case
B = 0.0023 (5 = 0.0024), that can be seen in the upper right (lower left graph), leads to a 1.42 (1.89) times
larger peak than 8 = 0.0022 and occurs in the calendar week 50 (49). This clarifies that effective efforts to
reduce the risk of transmission other than reducing the contact and increasing the quarantine rate (and NPIs)

seem expedient, since the peak is flattened as well as delayed in the above scenario.

Figure 6.12 reveals that an increase in B by 5 - 1075 accounts for an increase in the size of the respective
reached local maximum in Germany, but not in an earlier occurrence of the respective peak in this parameter
scenario. If 8 is set to 0.0018 or 0.00195 as in Figure 6.14, the maximum is however shifted to the calendar
week 44 or 43, respectively. Compared to Figure 6.11 and with respect to the assumed parameter allocations,
it is conspicuous that the number of infected people in Germany is predicted to reach its peak 3-6 weeks earlier
than Sweden, and in mid-November rather than at the turn of the year 2021/2022.

In Figure 6.13, the progression of the size of the Swedish infected compartment for larger S is presented.
It is striking that an increase in 8 by 10~* consistently leads to a forward shift of the achieved maximum by
1 week as in Figure 6.11. While an assignment of 3 to a value between 0.00245 and 0.00255 results in a peak
of a similar height as the peak reached in the second wave, the allocations in Figure 6.13 account for peak
sizes between 86,660 and 133,600. What can be noticed here is that the maximum attained in the lower right
graph of Figure 6.13 occurs in the calendar week 45 if 8 = 0.0029. This is the same week in which the German
maxima are reached in Figure 6.12. With 8 = 0.0029, the Swedish maximal size of the infected compartment
also has a similar height as the German peak depicted in the upper right graph of Figure 6.12. It has to be
considered that a higher contact rate compared to Germany, combined with a 0.001 higher transmission risk, is
necessary for Sweden to attain this peak height. With the given parameters, the application of the transmission
risk 8 = 0.0029 leads to a 4.43 times larger and 6 weeks earlier peak in the third wave than 8 = 0.0022 for Sweden.

Figure 6.14 demonstrates the same scenario with other assignments of 5 for Germany. It can be noted that the
application of transmission risks larger than about 0.00185 account for the attainments of maxima larger than
the maxima reached in the second wave. The peak visible in the upper right graph (8 = 0.0020) is 12 % larger
than the one in the upper left graph of Figure 6.14 (8 = 0.00185) and 300 % larger than the one of the upper
left graph of Figure 6.12 (5 = 0.00155).

Figures 6.15 and 6.16 illustrate great contrasts to the Figures 6.13 and 6.14 because much smaller transmission
risks are assumed here. The applied transmission rates also yield smaller values than in Figures 6.11 and 6.12.
It can be observed that the size of the Swedish infected compartment progresses almost flatly and is on a level of
around 2,000 per week over the course of the regarded 40 weeks if 5 = 0.0017. The larger (3, the clearer a peak
becomes. With an assumed § = 0.0020 the maximal value is already 6 times larger than with 5 = 0.0017 and
almost 3 times larger than with § = 0.0019, but 2.5 times smaller than with 8 = 0.0022. With regard to Figure
6.15 the allocation 8 = 0.0011 results in a consistently decreasing size of the German infected compartment,
whereas a slight peak is observable if 5 = 0.0013. With 8 = 0.0015 the reached maximum is already on a a

marginally higher level than the maximum of Sweden in the second wave.
As opposed to the prediction of the course of the size of the infected compartment in the second wave vis-

ible in Figure 6.4, all graphs in Figures 6.12, 6.14 and 6.16 are still declining 40 weeks after the start of

observation, which is in the calendar week 12 (mid-March) in 2022 here.
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It is significant to consider that scenarios of much larger global maxima in the third wave of the pandemic
in Europe compared to the second wave are not improbable owing to a growing number of viral mutations
leading to enhanced transmission risks. Possible scenarios resemble the ones depicted in Figures 6.13 and 6.14.
Certainly, more local peaks, that are not depicted in all of the above figures, are realistic.

Conversely, the general hope with regard to accessible vaccines is to contain transmission rates and as a result

the spread of the virus, and flatten worldwide curves as depicted in the upper graphs of Figure 6.16.

The following diagram displays the progressions of the Swedish deceased compartment for the same alloca-
tions of 8 as in Figure 6.11. It has to be considered that a modification of the sizes of the parameters My and
M, would certainly account for changes in the size of the deceased compartment, but publicly available values
for these parameters were applied here. In Figure 6.17, the influence of 8 on the number of deceased COVID-19
cases is investigated.
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Figure 6.17: Prediction of the size of the deceased compartment for Sweden in the third wave, with 8 €
[0.0022,0.00245], K5 = 0.061, M, = 0.5.

According to the used data set, approximately 12,500 people were confirmed COVID-19 deaths in Sweden until
the calendar week 6 in 2021. A CFR of 0.0432 is applied to obtain the assumption that there will be 14,730 con-
firmed Swedish COVID-19 deaths by calendar week 24 in 2021. Figure 6.17 demonstrates the different growths of
the size of the deceased compartment if different transmission risks 8 are applied. Whereas the total number of
confirmed COVID-19 deaths is almost equal in the calendar week 44 (first week of November) in all four graphs
of the figure, great differences are observable in the calendar week 7 in 2022. The high hospital occupancy rate
and probable hospital and ICU overburdening, that is reflected by high mortality rates in certain weeks in the

underlying data set, is re-recognized in the comparatively strong increases after calendar week 44 in Figure 6.17.
The assignment of 5 to the value 0.0022 leads to a total of 17,180 COVID-19 deaths in Sweden in the im-

plementation. An enlargement of 5 by 0.001, 0.002 or 0.003 from the value 0.0022 results in an increase in the

reached maximal value of 5.4 %, 11.6 or % 18%, respectively.
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Variation of ¢y and ¢;, Germany

For the creation of Figure 6.18, the lower bound of the parameter S was fixed to the value 0.00155, but the
parameters £; and ey were varied within certain small intervals. As regards content, the probability of a trans-
mission emerging from an individual in the compartment I or H compared to the probability of a transmission
emerging from an infectious undetected case was modified. Here, the bounds of the parameters ¢, M, and ¢;

were set to their mentioned initial values.
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Figure 6.18: Prediction of the size of the infected compartment for Germany in the third wave, with ey €
[0.0125,0.0625], e; € [0.125,0.225].

With reference to the two upper curves in Figure 6.18 it becomes clear that the combination of the assignments
er = 0.125, eg = 0.0125 or e; = 0.15, ey = 0.025 results in declining graphs. Less than 5,000 infected people
in the compartment I are achieved around the calendar week 43 in 2021 in the upper left and the calendar week

1 in 2022 in the upper right graph.

The lower left graph in Figure 6.18 is equal to the upper left one in Figure 6.12. Increasing e; from 0.15
to 0.2 and ey from 0.025 to 0.05 in the lower left graph yields a curve that increases from the calendar week
28 until 45, reaches a peak then (beginning of November), and finally decreases stronger than it increased be-
fore. Therefore, with the assumed parameters, the question whether the transmission risks emerging from the
compartment I (and H)is 15 or 20 % (2.5 or 5 %) of the transmission risk emerging from undetected infectious
people is significant for the progression of the size of the infected compartment. This finding is already deducible

from the sensitivity analysis in Table 5.6.

What is most conspicuous in the two lower graphs of Figure 6.18 is the fact that another increase in ¢; by
12.5 % and eg by 25 % leads to a duplication of the maximally reached size of the infected compartment in the
calendar week 21. This stresses the high relevance of an effective isolation in the case of infectedness in order to
more drastically reduce the risk of transmission originating from confirmed infected cases in comparison to un-
confirmed ones. In this scenario, the authorities and population should make every effort to reduce case-fatality

rates.
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Variation of §,cy and ¢;, Germany

For Figure 6.19, the parameter § was varied per value combination of €; and €y in the way that approximately
the same local maximum in the number of infected individuals was attained per assignment of 3, ey, €;.

The lower left graph in the figure is the same as the upper left graph in Figure 6.12 again.
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Figure 6.19: Prediction of the size of the infected compartment for Germany in the third wave, with 8 €
[0.00138,0.0025], e € [0.0125,0.0625], ; € [0.125,0.225].

In all four scenarios, a peak between 107,700 and 109,800 is attained in the calendar week 45. It is illustrated that
the size of 8 has to be decreased by 16.8 % if e; = 0.15, ey = 0.025 is applied instead of e; = 0.125, ey = 0.0125
to attain approximately the same peak size. Similarly, 8 has to be decreased by 25.5 % if e; = 0.2, e = 0.05
is applied instead of ey = 0.15, ey = 0.025, and by 11 % if e; = 0.225, ey = 0.0625 is applied instead of
er = 0.2, eg = 0.05 to attain the same target.

With respect to content, this means that an increased general transmission risk, which is especially caused
by spreading mutations, has to be compensated by provisions like enhanced vaccination programs, which in
the case of administered leaky vaccines in the STHCDR model results in a decrease in the transmission risk
emerging from all infected compartments. This was indicated in Subsection 4.3.3. The corresponding target
would be to remain on the same level concerning the predicted size of the infected class.

As opposed to leaky vaccines, an available all-or-nothing vaccine would result in the exclusion of vaccinated
individuals from the susceptible state. Thus the susceptible population would simply become smaller in the

STHCDR model. A better testing strategy would effect a lower dark figure as well as a larger quarantine rate.
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In the sequel, the behaviour of the compartment size curves with regard to changes in the assignments of the
parameters q; and c¢; is analysed. NPIs, which are implemented and varied by the authorities, are included in

the modification of the parameters apart from sole quarantine measures.

A scenario which is characterized by no widely implemented quarantine program but mainly the increased
awareness in response to the pandemic itself and initial recommendations given by the media or health institu-
tions does not result in a considerable change in the parameter ¢; but in a reduction of ¢;. This can be classified
as a scenario of minimal intervention [78]. Self-quarantine is possible here. Nonetheless, the allocation ¢; = 0

stands for a scenario in which only a negligible fraction of the population is in quarantine.

As opposed to this, the adoption of control measures as the closure of schools, universities, restaurants and
other facilities can be regarded as putting the people affected by this in a ”partial quarantine”. This kind of
quarantine is not imposed directly on the affected people by the state or an institution and is no self-quarantine,
but ensures that the individuals have less contacts and leave the house less often. Throughout the following
analyses of generated predictions, this is described as the baseline scenario and assumed to equal the alloca-
tion of ¢; to the value 0.1 and strongly reduced contact rates compared to a scenarios with an absent pandemic.

Assigning ¢; to a value in the interval (0,0.1) can be regarded as a scenario of light NPIs.

A scenario of an economic shut-down can be classified as a scenario of a lockdown. It incorporates high
vigilance in the form of an extended testing activity leading to more case isolations as well as more imposed
quarantines to contact persons of infected cases [78]. Moreover, curfews, strong contact restrictions, remote
working in all sectors in which it is possible are realized. The aim to contain the pandemic is realized as
strongly as possible in a regarded country. This scenario is implemented here by assigning ¢; to a value in
the interval (0.1,0.5). Depending on the stringency of the curfews and restrictions, for instance the time span
during which individuals are not allowed to go out or the number of people a person is still allowed to meet,

the parameter ¢; can be adjusted.

It is assumed that ¢; = 0.5 symbolizes a scenario that is even more effective than a lockdown in terms of
protecting individuals from contagion. For instance, it can be imagined that the dark figure is diminished since
a larger part of infections is detected through testing, such that family members and other contact persons are
put in quarantine more often. An extended vaccination program including accessible vaccines for a large and
growing share of the population rather leads to a reduced transmission rate than a reduction of ¢;. It might
indirectly influence the quarantine rate since quarantine regulations may be adapted to the general vaccination
status of the population. A temporary relaxation of the applied intervention measures is not assumed in this
scenario. A variation of the contact rate parameters ¢; and cy usually accompanies the implementation of
quarantine measures, since interventions initialized by authorities normally affect both contact and quarantine
rates in the population. In the following analysed scenarios, the quarantine and contact rate are firstly modified

independently of each other in order to examine the effect that the variation of each of the rates has.

Variation of ¢

Primarily, the parameter ¢; was modified in the interval [0,0.5] in order to display scenarios of different quar-
antine measures, that could include a lockdown or other interventions of a certain stringency. The results for
the course of the sizes of the compartments I, H and C are depicted in Figures 6.20 to 6.24. In the analysis
of Figures 6.20 and 6.21 it has to be considered that the contact rate parameter c; is fixed to a value, which is
already slightly lower than in a scenario of an absent COVID-19 pandemic. Subsequently, the graph resulting
from setting g; = 0 does not refer to a scenario without intervention, but without a realized quarantine program.
The parameter 5 has the value 0.00235 for Sweden in Figure 6.20 and 0.00165 for Germany in Figure 6.21.
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Figure 6.20: Prediction of the size of the infected compartment for Sweden in the third wave, with ¢; € [0,0.5],
C1 = 90.
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Figure 6.21: Prediction of the size of the infected compartment for Germany in the third wave, ¢; € [0,0.5],
Cc1 = 70.
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Figures 6.20 and 6.21 convey that the missing application of quarantine measures effects a comparatively very
high number of infected individuals. In both figures, the maximal number of infected individuals is reached

earlier than with applied quarantine regulations.

In the scenario shown in Figure 6.20, the peak is larger by about 16,000 infected individuals and attained
3 weeks earlier if no Swedish inhabitant is put in quarantine than in the baseline scenario. The scenario of
q1 = 0.1 may include precautious self-quarantine. An extreme drop of around 38,000 infected individuals at the
peak as well as a delay of the peak by 3 weeks is realized if the parameter ¢; is set to the value 0.3 instead of

0.1. Here, an at least partial lockdown is assumed instead of the baseline scenario.

Whereas 234,400 individuals are in the infected compartment in the calendar week 51 in 2021 if ¢; is set
to zero, a peak of 157,900 (33 % less) is attained in the calendar week 3 in 2022 in the baseline scenario. As
in the Swedish scenario, the height of the peak is extremely diminished if a lockdown is assumed (¢; = 0.3
here). The maximal size of the infected compartment is reduced by a third and the peak is shifted by 4 weeks

compared with the baseline scenario.

If the parameter ¢; is changed to the value 0.5, no clear peak is discernible in both figures. The resulting graphs
are almost flat. These scenarios are certainly very unlikely to reach, since lockdown measures that are not eased
over more than half a year are improbable as they are difficult to implement and almost incompatible with
human needs. Nonetheless, a permanent availability of inexpensive tests and constant testing of people who live
in, or visit high risk regions or were or are going to be in a closed room with people other than their housemates

for more than a defined time period (for instance 15 minutes) favours scenarios with very low infection numbers.

The analysis implies that a lockdown and enhanced testing facilities are generally justified and favourable
measures to reduce transmissions. The interventions included in the lockdown do not have to be exceedingly
strict to achieve an important decline in the weekwise numbers of infections according to the above two figures.
It is realistic that they are adapted to the current incidences monthwise, weekwise and sometime daywise and
temporarily differ between the (federal) regions of a country. An optimal quarantine program algorithm could
precisely estimate which intervention yields the perfect balance between the protection of the population and
containment of the viral spread and the fulfilment of the human need for social contacts per region, government

area or city without any time delay.
Similar observations as for the course of the infected compartment can be made for the hospitalized and ICU

compartments. The progression of the ICU compartment is depicted for Sweden in Figure 6.22 and Germany

in Figure 6.23 for the same parameter allocations as in Figures 6.20 and 6.21.

129



400

—ql=0

—ql=0.1
350 - —qi=03]
ql=0.5

X 24

300

250

size of C(t)
[y}
S

150 m
100 N
X30
Y 55.53
50 —— =
X 30
Y 4.56
0 \ — ! | j |
5 10 15 20 25 30 35 40

calendar weeks from week 24 (June 14th) 2021

Figure 6.22: Prediction of the size of the ICU compartment for Sweden in the third wave, with 5 = 0.00165, e; =
0.2, eg =0.05, t =0.2, ¢; € [0,0.5], ¢; = 90.
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Figure 6.23: Prediction of the size of the ICU compartment for Germany in the third wave, with 5 =
0.00165, ey = 0.2, e = 0.05, : = 0.2, ¢; € [0,0.5], ¢; = 70.

Figure 6.22 shows a decline from a maximum of scarcely 300 COVID-19 ICU patients in the calendar week 48 in
2021 to 222.2 in the calendar week 1 in 2022 if g; = 0.1 is assumed instead of ¢; = 0. This equals a reduction of
around 26 %. In Figure 6.23, the percentage peak reduction from the scenario with absent quarantine measures
to the baseline scenario is around 33 %. A maximum is attained in the calendar week 47 instead of 43 if ¢; is
assigned to the value 0.1. As in the previously regarded two figures a great reduction in compartment size is
achieved by introducing a lockdown scenario with g; = 0.3, that leads to a peak reduction of 25 % for Sweden

and 34 % for Germany just like a peak delay of 3 weeks for Sweden and 4 weeks for Germany.
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In both figures, the curve levels off if a strict consistent lockdown scenario with ¢; = 0.5 is assumed.

Variation of ¢; and c¢;, Germany

Finally, the contact rate was modified in addition to the variation of the quarantine rate. The parameters
B, €1, €, t, M, were estimated to the same value as in all four graphs per figure again, so did not influence
the distinctions between the four graphs per plot. Therefore, the parameter ¢; was modified in the interval
[0.1,0.25] and ¢; in the interval [80,95] for Germany.
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Figure 6.24: Prediction of the size of the infected compartment for Germany in the third wave, with 8 =
0.00165, ey = 0.2, ey = 0.05, ¢ = 0.2, ¢1 € [0.1,0.25], ¢; € [60,75].

It can be seen in Figures 6.22, 6.23 and 6.24 that a larger size of ¢; results in a later peak occurrence. Further
implementations in which ¢; was varied proved that the size of ¢; € [60,75] did not have a noticeable impact
on the point in time the peak occurred, but the peak was attained in the calendar week 20 to 21 with ¢; = 0.1,
23 to 24 with ¢; = 0.2 and 24 with ¢; = 0.25 with reference to Germany.

In Figure 6.24, all four graphs achieve a local minimum until calendar week 32 (beginning of August).

Only in the calendar weeks 38 to 42, the order of the height levels of the curves is turned around in Figure 6.24
such that the combination ¢; = 75, g1 = 0.25 yields the highest number of infected people until calendar week
12 in 2022, ¢; = 70, ¢; = 0.2 the second highest, ¢; = 65, g1 = 0.15 the third highest and ¢; = 60, ¢; = 0.1
(baseline scenario) the fourth highest.

One might conclude that the size of the parameter ¢q; has a greater influence on the local minimum during
the first 15 regarded weeks and the size of ¢; on the other 25 observed weeks due to larger fluctuations of the
graphs under variation of g; until calendar week 39, but under the modification of ¢; during the remaining
weeks. However, a further implementation demonstrated that a graph resulting from the combination ¢; = 70,
g1 =0.1 (1 =95, ¢1 = 0.25) is already on the lowest (highest) height level during the first 15 weeks among all
four graphs.
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Figure 6.25 depicts the course of the size of the infected compartment for g; modified in the interval [0,0.3]
instead of [0.1,0.25] for Germany.
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Figure 6.25: Prediction of the size of the infected compartment for Germany in the third wave, with 8 =
0.00165, ey = 0.2, ey =0.05, : = 0.2, ¢1 € [0,0.3], 1 € [60,75].

It is most striking in Figures 6.24 and 6.25 that exclusively the varied allocations of ¢; for fixed different assign-
ments of ¢; effect modifications in the order of the maximally reached size of the infected compartment. The
combination of the allocations of ¢; and ¢; in Figure 6.24 makes the curve with ¢; assigned to the value 75 the
one with the largest peak, and 70 (65, 60) the one with the second (third, fourth) highest maximum. In contrast
to this, the order of peak sizes sorted in descending order of ¢y is reversed in Figure 6.25. This highlights the
great impact of ¢; on the graph progressions.

It is visible that the combination ¢; = 65, g1 = 0.1 causes a higher maximum in the given conditions than
c1 = 60, ¢ = 0, but the combination ¢; = 60, ¢; = 0.1 leads to a lower maximum than ¢; = 65, ¢; = 0.15.
Moreover, the combination ¢; = 70, ¢; = 0.2 effects a smaller peak than ¢; = 75, ¢ = 0.25 but a larger peak
than ¢; =75, ¢1 = 0.3.

The order of the height levels of the curves until calendar week 32 (beginning of August) in Figure 6.24 is
the same as in Figure 6.25 until approximately calendar week 44. With regard to Figure 6.25, it is conspicuous
that the four depicted graphs do not only attain their peaks consecutively, but overtake each other in the way
that the graph with the next highest peak passes the ones that previously reached their peaks. Assigning c;
to the value 85 instead of 75 for ¢; = 0.3 demonstrated that the attained maximal compartment size was a lot
higher (231,300 individuals), and the blue curve (¢; = 70, ¢; = 0.2) was passed before the green one (¢; = 65,
g1 = 0.1) since they were both overtaken before their peak occurrences. Another implementation showed that
assigning ¢; to the value 50 instead of 60 for g; = 0 let the black curve fall off from the beginning such that it
passes the blue one (¢; = 70, ¢; = 0.2) and the cyan one (¢; = 75, g1 = 0.3) at scarcely 50,000 individuals in

the calendar week 13.
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Variation of ¢; regarding c;

Regarding Figures 6.26 or 6.27, the parameter g; was varied for 4 selected values of c; in order to attain an
equal or similar level for the size of the Swedish or German infected compartment for the 4 combinations of
q1 and cq, respectively. The same was realized in Figures 6.28 and 6.29 for the modification of ¢; for certain

selected values of ¢ .
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Figure 6.26: Prediction of the size of the infected compartment for Sweden in the third wave, with ¢; in the
interval [80,95], ¢1 € [0.015,0.26].
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Figure 6.27: Prediction of the size of the infected compartment for Germany in the third wave, with ¢; in the
interval [60,75], ¢1 € [0.05,0.315].
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Variation of c¢; regarding ¢
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Figure 6.28: Prediction of the size of the infected compartment for Sweden in the third wave, with g; in the
interval [0.05,0.35], ¢; € [87,107.5].
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Figure 6.29: Prediction of the size of the infected compartment for Germany in the third wave, ¢; in the interval
[0.05,0.35], ¢; € [70,85.5].

Comparing Figure 6.26 to Figure 6.27 and Figure 6.28 to Figure 6.29 it can be observed that the German size
of the infected compartment declines during the first 5 to 10 regarded weeks and reaches a local minimum as in
Figures 6.24 and 6.25 while the Swedish infected compartment consistently grows until a peak is attained per
curve. Only the case ¢; = 70, ¢; = 0.05 is an exception here since it represents the progression of the German

infected compartment but continuously increases until a maximum is reached in the calendar week 43 (end of
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October). This is substantially reasoned by the low quarantine rate, since an additional program run revealed
that all of the cases g1 =0 ,¢1 = 0.01, g1 = 0.02, ¢; = 0.03, and g; = 0.04 also lead to curves that consistently

increased until peak occurrence.

In all of the four diagrams the case with the smallest ¢; represents the curve that firstly achieves its maxi-
mum. The compartment sizes reached in Figures 6.28 and 6.29 are on higher levels and attain larger peaks
(maxima of around 47,000 for Sweden, 192,000 for Germany) than the ones in Figures 6.26 and 6.28 (around
31,000 for Sweden, 86,000 for Germany). The reason for this is that comparatively large ¢; € [87,107.5] for
Sweden and ¢; € [70,85.5] for Germany are combined with small ¢; € [0.05,0.35] in Figures 6.28 and 6.29,
whereas comparatively small ¢; € [80,95] for Sweden and ¢; € [60,75] for Germany are used in Figures 6.26
and 6.27.

It has to be noticed that the range in the assignments of ¢; (¢1) that is necessary to attain very similar
peak sizes is 20.5 (0.2) for Sweden and 15.5 (0.2) for Germany in Figures 6.28 and 6.29 while it is 15 (0.11) for
Sweden and 15 (0.265) for Germany in Figures 6.26 and 6.27. In the observed scenarios, the increase of ¢; by
5 in Figures 6.26 and 6.27 results in an increase in ¢; of 0.53167 on average for Sweden and 0.1033 on average
for Germany. Moreover, the increase of ¢; by 0.1 in Figures 6.28 and 6.29 is responsible of an increase in c¢; of

6.833 on average for Sweden and 5.167 on average for Germany.

6.4 Compartment Size Predictions with the SVID Age Group Model

Compartment size data were obtained from the Robert-Koch Institute [14]. The weekwise compartment size
V(t) or D(t) was computed as the cumulated number of weekly recovered or deceased individuals, respectively.

The solver ode45 was used for the implementation of the SV ID age group model.

In each program run, three different allocations of the parameter v, were selected per age group, which were
saved in the vectors vpy, Upo, Upg. With regard to the figures below, it is defined that an entry vy;(1) is used for
the age group of 0-19-year-old people, vp;(2) for the age group of 20-59-year-old individuals and vp,;(3) for the
age group of over 60 year-old people for all 7 € {1,2,3}.

It has to be taken into consideration that absolute numbers of individuals per compartment are depicted as in
the previous diagrams, but the three regarded age groups have different sizes in terms of associated individuals.
For a better evaluation of the relative share of infected, vaccinated and deceased individuals per age group and
week in the following diagrams, it can be assumed that the population group of 0-19-year-old people has a size
of 13,500,000, the group of 20-59-year-old people has a size of 35,900,000 and the group of over 60-year-old
people has a size of 19,800,000 individuals. Those numbers are assumed to approximately equal the sizes of the

corresponding German population groups containing those who want to get vaccinated.

Figures 6.30 to 6.32 display the progressions of the sizes of the vaccinated, infected or deceased compartment,
respectively, per age group and for each of the parameter vectors vy; = [13,28,33],v50 = [11,25,30],v55 =
[8,18,24]. The quarantine rate g was estimated as 0.2 for the 0-19-year-old people, 0.3 for the 20-59-year-old
people, 0.1 for the over 60 year-old people in this scenario. The modification factor ; was estimated as 0.15
for all three age groups. Furthermore, the transmission rate 8 was estimated as 0.025. The quarantine ratio
was estimated as 0.2 for the 0-19-year-old people, 0.3 for the 20-59-year-old people, 0.1 for the over 60 year-old

people in this scenario. The modification factor e; was estimated as 0.15 for all three age groups.
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Figure 6.30: Prediction of the size of the vaccinated compartments of three age groups in the third wave with
B = 0.025, for each of the parameter vectors vy; = [13,28,33], vpy = [11,25,30] ,vp5 = [8, 18, 24].

According to Figure 6.30 and observing the three graphs created with wvys, all individuals who want to be vacci-
nated in the age group of over 60-year-old people will have received their second vaccination by calendar week 4
in 2022, and all individuals in the age group of 20-59 (0-19-)-year-old people by calendar week 34 (20) in 2022.
Hence in this scenario, the over 60-year old age group is almost entirely vaccinated one year and the 20-59-year-
old group more than one and a half year after a second COVID-19 vaccination was initially given in Germany. If
the parameter vector vy Or vy is selected instead of vpg, only an exceedingly small, almost not visible flattening
of the correspondent curve of the elderly age group can be noticed. The graph corresponding to vpy (vpq) of
the 0-19-year old group saturates around the calendar week 36 (45) in 2022, whereas the graph corresponding

to vy or vy of the 20-59-year old group attains a maximal level after the first calendar week in 2023 in this case.
Figure 6.30 shows that more 20-59-year-old than over 60-year-old people will have been vaccinated in total
as of calendar week 5 in 2022 if vp5 is assumed, calendar week 12 if vy is chosen and calendar week 14 if vy is

selected.

The following figure illustrates the forecasts created with the mentioned different vaccination rates concern-

ing the size of the infected compartment for all three age groups.
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Figure 6.31: Prediction of the size of the infected compartments of three age groups in the third wave with
B = 0.025, for each of the parameter vectors vp; = [13,28,33], vy = [11, 25, 30], vp5 = [8, 18, 24].

It is striking in Figure 6.31 that a maximum for the 20-59-year-old (0-19-year-old) people is achieved 2.67 (3)
weeks on average later than a maximum of the elderly group. The earlier decrease of the 3 visible graphs of
the over 60-year-old group is among others accounted for by the earlier achievement of nationwide realized

vaccinations.

The figure also conveys that the average modification of the maximally reached number of people in the infected
compartment is -7.6 % for the 0-19-year-old, -7 % for the 20-59-year-old and -5 % for the over 60-year-old group
if the graphs created with v,5 are compared to those established with v,;. This stresses the significance of
extensive vaccination programs that pursue the target of providing a protective effect against COVID-19 to a
fast growing share of the population.

Additionally, the difference in the calendar week in which the respective peak is attained is -1 between v;; and
Upa, -1 between vp9 and vy for the 0-19-year-old group, zero between v,; and vpg, -1 between vy9 and vy for the
20-59-year-old group, and zero between vy, and wvpq, zero between vy and wvy3 for the over 60-year-old group.
This indicates that a small delay of the peak can be achieved apart from an attenuation of the incidence level

if more people are vaccinated per unit of time.

It can be computed that the total given number of infected people is 279,610 in the calendar week 51, 283,980
in the calendar week 50, 284,620 in the calendar week 49, 280,830 in the calendar week 48 and 273,460 in the
calendar week 47 if the curves resulting from vp3 are taken as a basis. Hence, as in most of the predictions
for the German infected compartment in Section 6.3, it is predicted here that a maximum is attained shortly
before the Christmas week in 2021.
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Figure 6.32: Prediction of the size of the deceased compartments of three age groups in the third wave with
B = 0.025, for each of the parameter vectors vp; = [13,28,33], vy = [11, 25, 30], vp5 = [8, 18, 24].

It can be seen in Figure 6.32 that the number of deceased individuals per age group is similar for the 3 al-
locations of the parameter vector v,. Concerning the youngest regarded age group, which starts at 20 deaths
in the calendar week 26, the compartment size remains on a very low level over the course of observed weeks.
The deceased compartment of the 20-59-year-old people comprises 16,340 individuals in the calendar week 29
in 2021 and grows until it contains 17,260 dead people in the calendar week 4 in 2022, which account for a
growth rate of 5.63 %. The greatest total as well as relative increase in case-fatality is obviously given in the
over 60-year-old group since there are scarcely 100,000 deceased ones in the calendar week 29 in 2021, 104,000
in the calendar week 41 in 2021 and 107,400 in the calendar week 4 in 2022. This reveals a growth rate of 7.4
% from the calendar week 26 in 2021 until the calendar week 4 in 2022.

Certainly, it has to be taken into consideration that a local maximum in the SARS-CoV-2 incidence is at-
tained within the 30 observed weeks according to Figure 6.31, which leads to a peak in death numbers and
is potentially a global maximum with reference to the beginning of the pandemic in February 2020 until the

beginning of the year 2022.
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In the following scenario, the transmission risk 5 was set to the value 0.027 instead of 0.025.
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Figure 6.33: Prediction of the size of the infected compartments of three age groups in the third wave with
B = 0.027, for each of the parameter vectors vy = [13,28,33], vpo = [11, 25, 30], vp3 = [8, 18, 24].

Figure 6.33 reveals similar relations between the graphs created with vy, vpe and vy as Figure 6.31. However,
it is conspicuous that the 9 visible achieved peaks are all larger than the corresponding ones in Figure 6.31,

which is reasoned by the larger transmission risk 3.

The average absolute difference in peak sizes between the graphs established with § = 0.025 and 8 = 0.027 is
17,980 for the 0-19-year-old, 85,733 for the 20-59-year-old and 37,203 for the over 60-year-old individuals.

The average modification of the maximally reached number of people in the infected compartment is -10 % for
the 0-19-year- and 20-59-year-old and -7 % for the over 60-year-old group if the graphs created with vy3 are
compared to those established with v,;. Thus larger 8 lead to bigger differences in the maxima attained with
the regarded smaller compared to larger assignment of the parameter v,. This implies a greater necessity of

extensive vaccinations if a greater transmission risk is present.
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6.5 Application of Non-Standard Solvers

Nonstandard finite difference (NSFD) scheme methods for the numerical integration of differential equations
had their origin in a paper by R. Mickens published in 1989 [276]. They are a generalization of the usual
discrete models of differential equations. Furthermore, they preserve certain properties like the positivity or
the asymptotic behaviour of the analytic solution of differential equations on the discrete level. Their most
important characteristic is, in many cases, the complete absence of the elementary numerical instabilities which
plague common finite difference schemes [276].

In Subsection 6.5.1, the NSEFD scheme is defined in general and established for the SVIHC DR model. Subsec-
tion 6.5.2 shows the results of the implementation of this scheme in M AT LAB for the purpose of comparing it
with the results obtained in Subsection 6.3.2.

6.5.1 Definition of Nonstandard Finite Difference Schemes

To understand nonstandard finite difference schemes, the definition of an exact finite difference scheme is
necessary. Finite difference methods are a class of numerical techniques to solve differential equations by
approximating derivatives with finite differences. Derivatives of differential equations are replaced by difference
quotients based on a regular grid in the finite difference method. Nonlinear systems of ODEs are turned into
systems of linear equations. If one spatial dimension is considered, a derivative can be approximated by one of

the following difference quotients as

_u(t 4 h) —u(t)

u/(t) = D u(t) == — (first-order forward difference quotient)
t)—u(t—nh

u'(t) = Dju(t) = % (first-order backward difference quotient)
t+h)—ult—nh

u'(t) =~ Du(t) = u(t + )2 :( ) (first-order central difference quotient)

where wu(t) is the exact solution of the regarded differential equation and h is the step size.

The second-order difference quotients are defined as

u(t+2-h)—2-u(t+ h) 4 u(t)

u'(t) = Dy tu(t) == 3 (second-order forward difference quotient) |
_ t)—2-u(t—nh t—2-h
u(t) =~ Di’ u(t) == u(t) u( h2) +ul ) (second-order backward difference quotient)
t+h)—2- u(t t—h
u”(t) =~ Diu(t) = ut+4) ;;62( ) & ul ) (second-order central difference quotient)

As the accuracy, i.e. the convergence of the approximate solution u of a discrete problem to the exact solution
y, of finite difference schemes is a fundamental area of interest, truncation errors of finite difference schemes
concerning applied numerical methods are usually calculated. This computation is normally pursued by com-
puting the difference between the regarded finite difference quotient and the Taylor series of u(t) around the
point t,, where the derivative is evaluated. A difference scheme is exact if the truncation error is equal to zero
or the approximate solution y equals the exact solution u at the grid nodes [277]. Numerical algorithms of high

order accuracy can be constructed on the basis of exact finite difference schemes [277].

The extension and generalization of detailed studies concerning exact finite difference schemes to special groups
of differential equation, which exact schemes are not available for, provide information with respect to the re-
quired properties of NSFD methods [276]. A numerical scheme for a system of first-order differential equations

is called NSFD scheme if at least one of the following conditions described in [276] is satisfied:
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e The first-order derivatives in the system are approximated by the generalized forward difference method

(forward Euler method) e ~ “gb:)“, where u,, = u(t,) and ¢ = ¢(h) is the so-called denominator

function such that ¢(h) = h + O(h?).

e The nonlinear terms are approximated in a non-local way, for instance by a suitable function of several

points of a mesh, like u*(t,) & Untns1 or u?(t,) ~ uZul ;.

According to Mickens [276], further basic rules of NSFD are the equivalence between the orders of the discrete
derivatives and the orders of the corresponding derivatives appearing in the differential equations, non-trivial
denominator functions of the discrete representations for the derivatives, and the validity of special conditions

holding for the differential equations and/or its solutions for the difference equation model and/or its solutions.

In order to be able to derive the denominator function ¢ the following consideration is made. If the com-
partment V' and transitions to and from V are omitted in the SVIHCDR model in Table 5.1, the STHCDR
model is obtained. It is defined that N = N — D = S+ I + H + C + R, and an actually negligible recruitment
rate - N is added to the system [278]. Adding the differential equations of the STHCDR model yields the

differential equation

‘”Zt(t) —u- (1 - N(t)), (6.5)

that is solved by

N({t) =1+ (NO - 1) ceht = NO 4 (N0 —1). (7Pt — 1) . (6.6)
with N° = S(0) + I(0) + H(0) + C(0) + R(0).

It is defined that 67 (t) = ™ - y™(¢) - (1 - q"(t)) is the transmission rate in the n*? step.

With the aid of this and the denominator function, the NSF D scheme can be established, which is provided

in Table 6.4. It can be noticed that a standard incidence is used here.

Table 6.4: Implicit nonstandard finite difference scheme for the STHC DR model

Sn+1_Sn " " " Sn+1 .
W:—(g[(t)(EII +€HH)W—MS+1 B
ntl _n N _— N gn+1 s s i
W291(t)'(51'1 ten H") - S — w0 ) I
Hn+1an 7
— ,[nJrli A .HﬂJrl
¢(h) n (w3+ 1+§+N’) )
Cn+1_cn
- - _ .Hn—O—l_ A ~Cm+l
o (st daose) - 70
Dn+1_Dn
= A H" 4 N0
¢(h) 1 + A )
n+l _ pn
R ¢(h)R :w5.1n+1 +w3.Hn+1 +w4.0n+17‘u.Rn+1 )
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Similar to the case of the continuous model deduced from Table 5.1, adding the equations in Table 6.4 yields

Nn+l _ Nn

= (1 - N"+1). (6.7)

The denominator function can be derived by comparing Equation (6.8) with the discrete version of Equation
(6.6), that is

N™L = N™ 4 (N — 1) (e # — 1), h=At, (6.8)

such that the denominator function is defined by

e_”"h—l_I*H'h+%'ﬂ2'h2+“'71
— — i

1
o(h) = :h—§~u~h2=h+(’)(h2). (6.9)
This means that the solution of Equation (6.8) is exactly the discrete version of Equation (6.6) if we use the
denominator function given in (6.9). In other words, using the NSFD the long term behaviour of the total

population is properly modelled.

An even more accurate way to compute the denominator function would take into account the transition
rate Y; at which the i*" compartment is entered by individuals for all model compartments &C;,i = 1,2, ... [279].
In this case the parameter p occurring in the denominator function in Equation (6.9) would be replaced by a

parameter T*. T™ could be determined as the minimum of the inverse transition parameters:

T = min {5}

The NSFD scheme in Table 6.4 is formally implicit because it uses a non-local approximation.
It can easily be rearranged to get a scheme that can be evaluated sequentially in an efficient explicit way, i.e. a

solution of a nonlinear system is unnecessary. We state this rearranged NSEFD scheme in Table 6.5.

Table 6.5: Explicit nonstandard finite difference scheme for the STHC DR model

g+l _ S , (6.10)

e IO 07() - (e HY) e 611
1+ ¢(h)- ((wg ol 4 ) — 0" Nt) e - #ﬁ)m)

H™ + ¢(h) _77[ 3 In+1

" ’ 6.12

1+ ¢(h) - (w3 + A1+ &+ p) (6.12)

OOl € o
L+ ¢(h)- (wa+ra+p)

D= D" () (M H O (6.14)

R = R+ ¢(h) - (w5'1n+1+ws 'H"+1—|—LU4'O"+1) 6.15

= 1+ ¢(h) - p (6.15)

The NSED scheme is positive preserving i.e. it always produces non-negative solutions since all parameters

and the denominator function are non-negative. Thus negative values for the solution are avoided. Moreover,
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stability with respect to the maximum norm is ensured [279]. The system of ODEs given in Table 6.5 is im-
plemented in MATLAB as an alternative to the implementation of the system of ODEs of the continuous
STV CDR model in order to be able to compare the results obtained from the application the NSFD scheme to
those obtained from the usage of ode45.

6.5.2 Implementation of a Nonstandard Finite Difference Scheme for the STHCDR
Model

In this subsection, the solutions obtained from using the built-in standard solver ode45 in the implementation of
the STHC DR model with underlying German data are compared to the solutions obtained by the application
of the nonstandard finite difference scheme given in Table 6.5.

The parameter K5 was fixed to the value 0.077 for Germany and 0.061 for Sweden again. Creating the first
scenario in Figure 6.34, the parameter 5 was varied in a small interval for Germany while the other estimated
parameters were estimated within bounds. Figures 6.35 and 6.36 were realized by varying the quarantine and

contact rate. A modification of £; was implemented for Sweden, which is shown in Figure 6.37.

Variation of 5, Germany

With respect to this scenario, the bounds of the estimated parameters were set to e € [0.1,0.2], ey €
[0.05,0.15], ¢; € [0,0.2], ¢ € [0.1,0.5], M, € [0.4,0.7] for Germany. The result of the modification of 8 was
investigated. As opposed to the figures in Sections 6.3 and 6.4, the range from zero to 80 is shown on the x-axis
in the following diagram. Therefore, a fourth wave of the pandemic occurring the the second half of the year
2022 becomes visible.
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Figure 6.34: Prediction of the size of the infected compartment for Germany in the third wave, with g €
[0.032,0.0335].
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For all four graphs in Figure 6.34 the results were e; = 0.2, ey = 0.15, ¢; =0, ¢t =0.1, M, = 0.4.

The extrema of the curves resulting from the mentioned parameters bound setting were on a similar level be-
tween all realized program runs. It has to be mentioned that the values obtained for the estimated parameters
differed between any two successive program runs if the upper bound of £; was set to the value 0.3 instead of
0.2. The respective resulting four graphs concerning different allocations of 8 reached from progressions with
very high peaks of over 300,000 to graphs tending to zero. Furthermore, an increase in the boundaries of ¢; lead
to a minimization of the estimated value of this parameter to its lower bound in all realized program runs. The
outcome g1 = 0.2 already resulted in curves reaching a small maximum (for instance 40,470 for § = 0.0335) in

the calendar week 48 but tending to zero from then.

In Figure 6.34 it becomes obvious that the assignment 8 = 0.032 (8 = 0.0325) effects a 1.45-times (1.20-
times) as high local maximum in the third as fourth wave, whereas 8 = 0.033 results in almost equal sizes of the
peaks reached in the third and fourth wave, and 8 = 0.0335 leads to a local maximum in the third wave that is
13 % smaller than in the fourth wave. The fourth wave of the corona virus pandemic occurs from the calendar
week 25 in 2022 and attains its peak in the calendar week 34 in 2022 in the upper left graph and calendar
week 35 in 2022 in the other three graphs in Figure 6.34. The local maxima in the third wave are attained in
the calendar week 47 in 2021 for 8 = 0.032 and calendar week 48 in 2021 for 8 € [0.0325,0.0335]. The varia-
tion of 3 in the interval [0.032,0.0335] does not have an as great influence as the modification of 8 in smaller

intervals in Figures 6.11 to 6.14, where maxima were clearly reached earlier if the transmission risk was increased.

The average peak size in the given parameter scenario is 118,345 in the upper left, 150,750 in the upper right,
193,105 in the lower left and 246,800 in the lower right graph. Consequently, the peak growth in the regarded
scenario is approximately 27.38 % from the allocation 8 = 0.032 to 8 = 0.0325, 28.10 % from 8 = 0.0325 to
B =0.033 and 27.81 % from 8 = 0.033 to 8 = 0.0335.

It is also striking in the above figure that the assignment 5 = 0.0335 effects a comparatively large local minimum

of 118,500 infected individuals in the calendar week 25 in 2022. This minimum is more than twice as large as

the minimal number of infected people achieved in the upper left graph, where 5 = 0.032.
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Variation of ¢i,c;, Germany

With regard to the next scenario, the bounds of the estimated parameters were set to ey € [0.1,0.2], ey €
[0.05,0.15], ¢ € [0.1,0.5] and M, € [0.4,0.7]. The parameter 8 was fixed to the value 0.033. The goal was to
show for which exemplary allocations of the parameters ¢; and ¢; the resulting compartment size curves of the

infected compartment I in the third wave were similar.
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Figure 6.35: Prediction of the size of the infected compartment for Germany in the third wave, with ¢; € [0, 0.5],
¢, € [70,108].

For all of the plots in the above figure, resulting values were ey = 0.2, ey = 0.15, : = 0.1, M, = 0.4.

In the 4 depicted graphs a maximal number of infected people of 190,600 to 197,600 in the third wave is
reached. It can be said that a peak is achieved earlier in both regarded waves of the pandemic the smaller ¢;
is here. This complies with the observations made in Figures 6.21 to 6.23.

What is most conspicuous in Figure 6.35 is the fact that the local maximum of the fourth wave is smaller the
larger the parameter ¢; is chosen, even though the parameter c; is adjusted in the way that the peak sizes in
the third wave are similar in all four graphs. The assignments ¢ = 0, ¢; = 70 lead to a local maximum of
191,600 in the calendar week 35, g1 = 0.05, ¢; = 73 to a peak of in the calendar week 36, g1 = 0.15, ¢; = 79.5

to a local maximum in the calendar week 39, and ¢; = 0.5, ¢; = 108 to a peak in the calendar week 40 in 2022.

The peaks in the third and fourth wave attain very similar sizes if ¢; is set to zero. This symbolizes a scenario
of minimal intervention. The peak in the upper right graph is a 10.24 % smaller than in the upper left graph
(g1 = 0.05, between minimal intervention and baseline scenario), but 26.47 % larger than in the lower left
graph (light lockdown measures). The local maximum of calendar week 40 in the lower right graph (lockdown
scenario) is extremely small although the contact parameter ¢; is set to the value 108 here. Its size constitutes
only 9.84 % of the size of the peak in the upper left graph, where ¢; = 70. This big difference in the peak size
as well as point in time of peak occurrence in the fourth wave of the pandemic is obviously accounted for by

the difference in the size of the parameter ¢;.
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The correspondent progression of the compartment H is depicted below for the x-axis interval [0,40].
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Figure 6.36: Prediction of the size of the hospitalized compartment for Germany in the third wave, with ¢; €
[0,0.5], ¢; € [70,108].

Figure 6.36 reveals that the size of the hospitalized compartment is the smaller the larger ¢; is between the
calendar weeks 24 and 39. Whereas it is scarcely 3,000 in this parameter scenario if ¢; = 70, ¢ = 0 and has a
tendency to increase from the beginning, it is close to 2,000 individuals if ¢; = 108, ¢; = 0.5 with a tendency
to decrease like in Figure 6.35. The maximally reached size of the hospitalized compartment is very similar
(8,001 to 8,627) in all four graphs in Figure 6.36 for the chosen allocations of the parameters ¢; and ¢;. A local
maximal size of the hospitalized compartment in the third wave is clearly achieved earlier for smaller ¢;. It is

reached in 4 weeks later in the case ¢; = 108, ¢; = 0.5 (calendar week 1 in 2022) than in the case ¢; = 70, ¢; = 0.

It is mentioned as an addition that the progression of the ICU compartment is similar to the course of the
hospitalized compartment with respect to the examined parameter scenario. The size of the peak of the ICU
compartment is predicted as lying between 598 (calendar week 2 in 2022) and 662 (calendar week 50 in 2021) in-
dividuals in four graphs corresponding to the same parameter allocations as in Figure 6.36. Moreover, the size of
the deceased compartment increases by 37 % in the case ¢ = 0, ¢; = 70 but 17 % in the case ¢; = 0.5, ¢; = 108
in the regarded parameter scenario. Clearly, the information obtained from this and Figures 6.35 and 6.36
stresses the significance of quarantine in general. They highlight the relevance of extended intervention mea-
sures for a long-term attenuation of viral spread and the possibility of less used hospital capacities in the short

term.
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Variation of ¢;, Sweden

With regard to this scenario, the bounds of the estimated parameters were set to ey € [0.05,0.15], ¢1 €
[0,0.1075], + € [0.1,0.5], M, € [0.4,0.7]. The parameter 3 was fixed to the value 0.034. The consequence of the

variation of the parameter ¢; was examined. The chosen x-axis interval is [0,80] again.
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Figure 6.37: Prediction of the size of the infected compartment for Sweden in the third wave, with the lower
bound of e; € [0.16,0.174].

For all of the plots in the above figure, resulting estimated parameter sizes were ey = 0.05,
g1 ~0,0=0.1, M, =0.4.

Figure 6.37 presents that the infected compartment comprises the more individuals the larger €7 is in both
regarded waves. The size of the peak reached in the third wave is more than 2.6 times larger for e; = 0.174
than e; = 0.162724 in the examined parameter scenario. The local maximum of the fourth wave is 5.56 times as
large as for e; = 0.174 as for £; = 0.162724 here. In the case of e; = 0.164 (¢; = 0.174) the increase originating
from the choice of e; = 0.162724 in the compartment size is 24 % (226.38 %) with regard to the fourth and 10
% (85 %) with respect to the third wave. Thus the increase in the curve level in the fourth wave is generally

larger than the one in the third wave.

The figure emphasizes the importance of isolation of infected cases, which effects a reduction of the size of
the parameter £; owing to the reduced risk of transmission emerging from stricter compared to looser isolated
individuals. In general, more asymptomatic cases might be prevented from infecting susceptibles by determining

the amount of viruses in samples and so test for the degree of their infectiousness.
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Chapter 7

Markov Chain Epidemic Models

The ODE models described, established and implemented in Chapters 3 to 6 of this thesis are deterministic
models. An alternative to deterministic approaches are stochastic compartment models. It can generally be
said that stochastic models might be better suited than deterministic models in cases in which the number of
infectious individuals is small or demographic/environmental variability could significantly impact the epidemic
outcome [78]. Stochastic models possess some inherent randomness or uncertainty. Demographic stochasticity
describes the randomness resulting from the inherently discrete nature of individuals with largest impact on
small populations, whereas environmental stochasticity describes the randomness resulting from any change ef-
fecting an entire population [280]. The model also has to deal with uncertainty in data. An epidemic stochastic

model can be a Markov population process.

Markov processes are the basis for general stochastic simulation methods known as Markov Chain Monte Carlo
methods (MCMC). MCMC methods are Bayesian inferential methods, which make use of statistical inference
and Bayes’ theorem. Statistical inference is a statistical concept which draws conclusions with respect to hy-
potheses from observations. The Bayes’ theorem describes the computation of conditional probabilities.
According to this mathematical theorem the probability of the occurrence of an event A under the condition
that an event B occurred is given by [297]

Pz - AP

In Markov processes, the so-called Markov property is assumed. This property is defined in Section 7.1. Methods
of Bayesian inference are widely acknowledged nowadays since they do not only incorporate uncertainty in
parameter values, but more importantly the randomness of the population size of infected hosts [281]. They are
also frequently used in scientific approaches of modelling the spread of COVID-19, see for example [282, 283, 284].
Bayesian inference is often applied in so-called multi-state models, which can assume the Markov property and
are introduced in Section 7.1. In Section 7.2, the Bayesian inference approach to compartment models is
explained, which is useful for the derivation of the Metropolis-Hastings algorithm, which is a MCMC algorithm

and described in Section 7.3.

7.1 Multi-state Models

A multi-state model is defined as a stochastic process which allows individuals to move within a finite discrete
number of compartments or states, which could be clinical symptoms, biological markers, disease stages or
disease recurrence in biomedical researches [285]. In medicine, these states can describe conditions like healthy,
diseased and dead. Multi-state models can either be fitted assuming discrete or continuous time. Movement
from one state to another is called a transition. States are called ”transient” if a transition can emerge from
the state or ”absorbing” if no transition can emerge from the state [285]. So-called mortality models with
only the two states ”alive” and ”dead”, competing risk models extending the mortality model in the way that
an individual may experience one of several failure outcomes, disease-progressive models, disability models or
K-progressive models are examples of multi-state models [285]. The Markov property can but does not have to

be assumed by a multi-state model.
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Multi-state models are the most common models for describing the development of longitudinal failure time
data. This is significant for modelling events with event-related dependencies like disease occurrence or risk
of death [287]. Survival rates are an issue of interest in multi-state models and a survival analysis is usually

connected to the application of a multi-state model.

For a probability space (Q, F,P) and a measurable space (F,£), an E-valued stochastic process is a family
of random variables (T5,) vy, [288, p. 2]. The mathematical definition of a multi-state model is the following:
A multi-state model is a stochastic process (M(t),t € [0,tp],tp < oo) with a finite space S = {1, ..., Send},
where t is some time and tp is the time to death. Let F; be a o-algebra that is generated consisting of the
observation of the process over the interval [0,¢] such as the states previously visited, transition times etc. A
multi-state model is fully determined by certain transition-specific hazard rates. A hazard rate function h(t)

states how many objects fail, which can for instance mean die, on average per time interval. It is defined as

ho) — e RO R

TI1-RME) 1-R@E) G’

where G is the survival function and R is the reliability function, which were defined in Subsection 4.2.1. The re-
liability function is also called the failure or lifetime distribution function. The hazard function can be described
as the total number of failures within a population, divided by the total time expended by that population,

during a particular measurement interval under stated conditions [289].

If F; is the selected o-algebra covering information over [0,¢], (F}); is a filtration, and M;,t € [0,00) is a
stochastic process, the hazard intensity of the next transition from a state [ € S to a state m € S is defined by
290, p. 243

. P(Mypae = m\Ft,Mt =1
) = )

b

such that the total hazard out of state [ is the sum over all states m # [:

() = hom(®) -

Hazard rate functions provide the transition-specific hazards for movement from one discernible state to an-
other. The transition intensity functions can also be used to compute the mean sojourn time [281]. A common

assumption of multi-state models is time homogeneity, which means that the intensities are constant over time.

A way of dealing with multi-state models is to assume a homogeneous Markov model [290, p. 249], which
is a Markov model in which the transition probabilities are time-independent. This type of model is usually
used because of its simplicity [285]. Alternatively, multi-state models can assume a semi-Markov process. In
this case, the next future transition depends on both the currently occupied state and the time of entry into the
current state. This approach is considered more flexible in most cases. Furthermore, non-Markovian processes
can be assumed in multi-state models, whose implementation has been challenging until specific ” Markov-free”

estimators for transition probabilities were introduced in the last decade [285].

Markov models are stochastic models, which are used to model systems that arbitrarily change, for which

the Markov property holds. If (E,&) is a measurable space, a Markov chain M = (M,),en, of order n is a
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stochastic process owning the Markov property, which is defined by [288, p. 4]
P(Mz+1 = SZ+1|M0 = S0, ...,Mz = SZ) = P(MZ+1 = 52+1|Mz—n+1 = 52—n+1, ...,Mz = Sz)

Vz € Np, sg, vy 8241 € EL

Here the future state depends on the n previous states. A Markov chain of order one is a Markov chain in which

the future state depends on the current state only:
P(M.41 = s.41|Mo = s0,..., M. = s,) = P(M.41 = s.41|M. = s.) Vz€Ng,s0,....,8.41 € E .

An epidemic can be considered as a particular Markov process or chain with a block-structured generator in
which the levels and phases correspond to the numbers of individuals per compartment.
Markov models provide a convenient framework for analysing structural mechanisms underlying social change

and for extrapolating shifts in the state distribution of a population [291].

A Markov transition probability ¢y, (v,t) for the transition from a state [ € S occupied at time v € [0,¢p]
to m € S occupied at time ¢ € [0,tp] is defined by [290, p. 244]

eim(,t) =P(My =m|M, =1), v<t.

In Markov models, the transition probabilities can be computed from the intensities by solving the so-called
forward Kolmogorov differential equations (Fokker-Planck equations) [281]. A reversible Markov chain owns the

property that
Pim (v, 1) - P(My) = im(t,v) - P(My) .

This feature is also called detailed balance.

It should be noted that apart from stochastic continuous epidemic models, in which the transitions can oc-
cur at any time point ¢ € [0, 00), discrete Markov chain models exist, in which the transitions occur at a fixed
time t € {0, At,2At, ...}, for which the Markov transition probability can be rewritten as

Gim(t+ AL, t) = P(M(t + At) = m|M(t) = 1) .

When the transition probability ., (t + At,t) does not depend on ¢, the process is said to be time homoge-
neous. For stochastic compartment models, the process is time homogeneous because the deterministic model
is autonomous [286, p. 86]. While the transition rates are usually standard estimates in continuous epidemic

models, they are often reported in discrete epidemic models [285].
In the Metropolis Hastings algorithm stated in Section 7.3, Markov chains are used, that exhibit certain Markov

transition probabilities. Transition probabilities can be regarded and are denoted as ”"samples” in the following

sections.
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7.2 The Bayesian Inference Approach to Compartment Models

Bayesian inference is a statistical framework for the estimation of parameters through observed data.

It allows for the realization of statistical inference based on Bayes’ theorem, which expresses the relation be-
tween the updated knowledge called ”the posterior”, the prior knowledge and the knowledge coming from the
observation expressed through the likelihood [292]. In this section, we let Dj(-i), ® and ® be defined as in Section
7.1. In a Bayesian framework the probability of an observed data set ® given a vector ¥ of sought parameters
is the so-called sampling density or sampling distribution IE”(@W) Differently expressed, it is the distribution
of the observed data conditional on its parameters. It is a probability model for P given the (partly) unknown
parameter ¢, that is randomly distributed according to a so-called prior distribution P(¢) [282]. The prior dis-
tribution is the distribution of the parameters before any data is observed. Hence a prior distribution represents
the information available before any data reports are known. It expresses the degree of uncertainty with respect

to the parameter ¥ before a statistical analysis is implemented [293, p. 478].

Let f(Dj(i)h‘}) be the probability of observing the measured size of the compartment C;,i € {1,...,s} and
f(@(t;)|9) the probability of observing ®(¢;) at the time instant ¢;, j € {1,...,1} for given 9.

The sampling density function P(@W) describes the density of the conditional distribution of the sampled data
& for given parameters 9. It is proportional to the likelihood L(¥9) and defined as [293, p. 478

P(D|9) = C- L(9) = C - f(2(t)|9) - f(2(t)[9) - .. - F(B(12)]D) ,

where C is a constant. The posterior distribution P(19|<i>) of the parameter ¥ with its continuous parameter
space €2 given data ® shall be computed. It is defined in accordance with Bayes’ Theorem and given in Equation
(7.1).

. P(D)PW) P(®]9)P(d) .

P(9|$) = 0 :kp@wwwwﬂuummm:mw@y (7.1)

It can be seen in the above equation that the posterior distribution is proportional to the unnormalized pos-
terior distribution m(9|®), that is defined as the likelihood function of ¢ multiplied by the prior distribution
of ¥. The integral in the denominator symbolizes the necessary normalization constant such that the posterior
distribution is indeed a proper distribution [294, p. 20]. The posterior distribution is the central quantity in
Bayesian inference as it provides the probability distribution of the parameter after observing the data [294,
p. 20]. The approximation of the posterior distribution given in Equation (7.1) is normally necessary as exact

Bayesian inference is usually impossible.

Consequently, the determination of the likelihood of the parameter vector enables the obtainment of its unnor-

malized posterior distribution, which is also called the target distribution.

In the sequel, the probability density function (PDF) of a random variable X representing compartment sizes

at the point z is denoted by f(z) and the correspondent PDF depending on a parameter (vector) ¥ is denoted
by f& ({E)

The likelihood function of a parameter ¥ given the outcome z of a random variable X is defined in Equa-
tion (7.2).

Py(X =) = f5(z) = L(Vz) (7.2)
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Let X, ..., X; be an available independent and identically distributed (i.i.d.) sample of [ continuous random
variables with realized values ®; := ®(t;),j € {1,...,1} corresponding to measured time series data.
Moreover, let X; be a vector with variables adopting the values that represent the compartment sizes of the

s compartments of a compartment model at the time instant ¢;. Let the sought parameter vector ¥ be unknown.

The value of the joint probability density as a function of 9 is called the likelihood of ¥ [293, p. 467],:

L) = f(X1 = @1,y Xy = D) =" F(@1]0) oo f(@10) =1 Ly(9) - .- Li(9)

where L; () is the likelihood function associated with the j* independent data set, j € {1,...,1}. With the aid
of the PDF f(Dj(i)|19) of the measured data concerning the i*" compartment and j** time series data set, it is
defined by

L;(9) = f(®;19) := [ £(D;10) .

Moreover, the respective Log-Likelihood function is given by

10) = (L)) = (F(@1]9) .- f(@1]9)) = Zézl In(£(2;09)) -

The Log-likelihood function is often preferred to the likelihood function because a sum appears in the used
likelihood expression instead of a product. A sum is easier to optimize, since the derivative of a sum is the
sum of derivatives, and very small (large) values in the case of discrete (continuous) random variables can be

avoided due to the replacement of the product.

The distribution of the observations over time for the data sets of all observed points in time must be selected
before fitting a system of ODEs z/(t) = F(t,x,9) to the reported data. Common probability distributions
used for this purpose comprise the normal distribution, Poisson distribution, and negative binomial distribution
[282]. The density function of the Poisson distribution is used to account for noise in the data in the example
below.

Let D; @) pe described by the Poisson distribution with mean uj(i) with regard to the following example. The
expected value E(Dj(i)) = ;¥ of the Poisson distribution changes depending on t;,j € {1,...,{}. The PDF of
the Poisson distribution is then defined as

£(D;0) = exp(—p; ") - 0"

D;

Subsequently, the respective likelihood function is represented by

- TIIT S @)y, 0P
j=1li=1 '
1 i D<> D;®
:D1<1>!~...~D1(8)!""'Dl“)! D e(- Z] D O ™™ ™)

Jj=1

The Mazimum-Likelihood (ML) method is one of the most commonly used estimators in statistics. It dif-
fers from MCMC methods in the way that it is a non-Bayesian approach. Instead of applying Bayes’ Theorem
to determine a posterior distribution of the sought model parameter vector ¢, ¥ is varied in the way that its
likelihood function is maximized. The target of ML is to find the maximum possible product of the PDF's of

152



the data points ®;,j € {1,...,{}, by variation of ¥:

l

Iur, = argmax L(0) = argmax H f(®;]9) .
HER™ JER™ 55

Let @ML be the value obtained from ML. Let there be m; parameters to be estimated in the model, that are

comprised in a vector ¢¥; € R™*, and { points in time, at which data ®;,j € {1,...,{}, are observed.

The Akaike Information Criterion (AIC) value is defined as [282]
AIC =-2- 1H(L(1§ML)) +2-mq .

If m; > & the following corrected criterion AIC¢ value should be used instead [282]:

2m1(m1+1)

AlCo = AIC +
l—m1—1

The AIC is useful in the selection of the model, with the aid of which the parameter values in ¢ are estimated.
The principle of parsimony can be applied in the compartment model selection. A parsimonious model is the
simplest model with the least assumptions and variables but with the greatest explanatory power for the disease
process represented by the data [295]. The model selection method using the AIC considers the fit of the model
to the data as well as the principle of parsimony.

The differenceA;, between the ATC value AIC}, of the k' model and the minimum of all considered AIC values

18
Ak = AICk - mkin AICk 5

and measures the loss of information if model k is used instead of the model with the minimum AIC value
[282]. If there are multiple possible models My, k = 1,2, 3, ..., the model M, with the smallest value A, should
be selected. In the following section, the procedure of the Metropolis-Hastings algorithm is explained as an

example of the class of MCMC algorithms.

7.3 The Metropolis-Hastings Algorithm

As explained in Section 7.2, Markov Chain Monte Carlo (MCMC) algorithms are a class of algorithms that are
used to approximate a posterior distribution of parameters by randomly sampling the parameter space based
on PDF's [282]. Instead of directly capturing an independent sample from the posterior distribution, a Markov
chain is generated, whose iterations of the transition kernel converge to the posterior distribution.

The Markov chain generated by MCMC has the target distribution as its stationary distribution. After a certain
number of steps and convergence time also called the burn-in period a sample which can be regarded as a sample
from the posterior distribution is generated [293, p. 482]. The basic characteristic of MCMC sampling is that
each sampled value depends (only) on the value sampled immediately prior (the Markov property) [296].

The MCMC procedure is based on the building of a Markov chain, whose stationary distribution is sought in

order to sample from it.

The Metropolis Hastings algorithm is presented here because it is a classical MCMC method, which only
requires the desired density to be known up to proportionality. In this algorithm, a new vector of parameter
values 9® is sampled iteratively, starting at a chosen value 9(°). Per iteration, a new sample ¥ is drawn from

a proposal distribution f(19)9(*=1), based on the previous vector 9(*=1).
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A value ¥ is accepted as the new 9! with a certain probability o given in Equation (7.3), which is also called

the acceptance ratio [297]:

f(\I]h?) .7T(19(t_1)|\11)) } f sym:InetriC min (73)

a(P) = min{l’ FOED[9) - x (9D |w))

If W is not accepted, then 9 is set to the value 9(t—1).

This process is continued until a sample path ("chain”) has arrived at a stationary process and produces the
target unnormalized posterior distribution. The choice of the proposal distribution is generally arbitrary, but
it should be possible to easily generate random numbers from this distribution [293, p. 483].

The fulfilment of the inequation f(¥) > f(9¥~Y) indicates that f(9)) has a low density near ¥. An advantage

of the Metropolis Hastings algorithm to other random number samplers is that the normalization constant of
£(2]9)

the posterior distribution does not have to be known because f(¥|¥) is considered in « in the ratio FOED)

293, p. 483].

The construction of the acceptance ratio guarantees that the stationary distribution of the resulting chain
is the posterior distribution. It can be observed that the acceptance ratio increases for parameters yielding a

higher posterior density such that the chain primarily moves along high posterior regions [294, p. 53].

The choice of the proposal distribution is a general issue with respect to the Metropolis Hastings algorithm,
since state-independent proposal densities often lead to getting stuck at high posterior density points. For this
reason, random walks are often used, which means that symmetric proposal distributions centred around the
current parameter vector ¥(*) are multivariate normal or uniform distributions with mean 9 [294, p. 54]. Ad-
vantages of such random walk proposals are the dependence of the acceptance probability on only the posterior
values at the current proposed vector, or the possibility of achieving a high acceptance probability by choosing
the variance of the proposal distribution sufficiently small [294, p. 54]. Nevertheless, too small variances can

result in very small step sizes leading to very slow movement of the Markov chain.

An adaptive Metropolis algorithm was developed by Haario et al. [298]. Here, the transition proposal dis-
tribution is adjusted on the run according to the so far generated samples. The Gibbs Sampling is a special case
of the Metropolis Hastings algorithm, which generates Markov chains by alternately drawing from distributions
conditional to the current values of the remaining parameters, and updating the respective block of the drawn
parameter [294, p. 55]. It should be kept in mind that the required conditional distributions are rarely given
as even the full unnormalized posterior is not often available in closed-form in the case of an ODE model. A
MCMC algorithm that can be shown to perform better than various other MCMC algorithms is the affine
invariant ensemble MCMC algorithm. It uses K so-called walkers, whose positions are updated based on the
present positions of the K walkers [292]. Another MCMC procedure is Slice Sampling, that has the objective
of producing large step sizes and guaranteed acceptance by first uniformly sampling an unnormalized posterior
density value and then uniformly sampling from the region with unnormalized posterior density [294, p. 55].

Further MCMC methods are proposed in the literature.
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Chapter 8

Résumé

8.1 Conclusion

In this thesis a compartment model named SARS-CoV-2-fitted model was established to represent the popula-
tion dynamics experienced during the COVID-19 pandemic and serve as a convertible instrument for further
analysis and predictions of the spread of SARS-CoV-2.

The deterministic SARS-CoV-2-fitted compartment model consists of a susceptible, a quarantine, an all-or-
nothing-vaccinated, a confirmed exposed, an unconfirmed exposed, a confirmed asymptomatic infectious, an
unconfirmed asymptomatic infectious, a confirmed symptomatic infectious, an unconfirmed symptomatic infec-
tious, a hospitalized, an intensive care unit, a deceased and a recovered compartment. These 13 compartments
were selected as they collectively enable the involvement of the latent period and the incubation period as indi-
cators of the beginning of infectiousness or symptoms, a stage of isolation, the dark figure as the total number
of unconfirmed cases, hospital sojourn times, disease-induced deaths, short-time exclusion from susceptibility
through quarantine and long—time exclusion from susceptibility through effective vaccines. The most significant

fact with regard to the model is its representation of stages of disease progression of distinct gravity.

Apart from the system of ordinary differential equations (ODEs) expressing the compartmental system, the
first main contribution of this thesis are the characteristics of the 13 model compartments, which were de-
scribed in detail with respect to their state of infection, relevant transition behaviours and relations to the
other included compartments. This was accompanied by the definition of a rate of transition between each
pair of adjacent compartments with exchange or one-sided transition of individuals. Assuming an exponentially
distributed time to leave each compartment, the transition rates are primarily based on the average period of
stay in the compartment that is left by the individuals. An alternative to exponential modelling of the period of
sojourn in infected compartments was given by the explanation of how the incubation period could be modelled
as Erlang-distributed and how the serial interval could be modelled as hypoexponentially distributed.

It was also detailed in which ways the transmission risk, the contact rate and the quarantine rate, that all influ-
ence the transmission rates defined for the model, could be modelled as exponential or trigonometric functions
for the purpose of depicting seasonal fluctuations of viral transmissibility or intervention measures already in
values taken by certain model parameters. The possibility of introducing time delay to the system of differential
equations was explained as an addition, which enables the inclusion of, for instance, the latent or incubation

period in the transmission rate and is substantially relevant for future work.

Whereas several scientific papers focus on a specific feature of the spread of an infectious disease like COVID-
19, as for example the prediction of the number of asymptomatic and other unconfirmed cases, the relations
between different age groups in the population, the effect of future state interventions, the computation of the
basic reproduction number Ry etc. and create a deterministic or stochastic compartment model in view of a clear
target, the SARS-CoV-2-fitted model and associated explanations serve as an enhanced framework, which can
flexibly be specified with regard to the number and features of the included infected compartments or transition
rates depending on the target of the corresponding model implementation. The explanations of multi-state and

Markov epidemic models and Bayesian inference applied to compartment models also belong to this framework
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because they offer a competitive alternative to deterministic models and are the foundation of multiple realized
implementations of stochastic compartment models used for forecasts of the COVID-19 spread across the world.
Since an extensive framework for COVID-19 modelling was realized, the first objective of this thesis has been
fulfilled.

Subsequent to the establishment of the model framework conditions, possible model variants were detailed
and 2 of them were pictured along with their associated systems of ODEs and transition diagrams to adapt the
SARS-CoV-2-fitted model to two different implementation targets as well as available underlying reported data
sets. The 2 implemented variants were the STHCDR model with a pooled infected compartment comprising
confirmed cases, and the SV ID age group model consisting of three different age groups and containing a
vaccinated compartment. Thus two model specifications were realized. The predictions of future compartment

sizes based on these two models is the second main contribution of this thesis.

The results of the M AT LAB implementation of the STHCDR model depicted in Figures 6.13 and 6.14 show
that the presence of more and easier transmissible mutations, that effects an increased transmission risk 3,
already leads to a great increase in the number of weekly new infections if the increase in the size of 5 is only
5-107° and thus 2-4 % of the value initially assigned to 8. This emphasizes the necessity of containing the
amount of transmissions with the aid of well-organized vaccination programs (best with all-or-nothing vaccines),
extended testing not only of suspected cases, an effective quarantine of susceptibles and the isolation of infected

cases.

The implementations in Section 6.3 imply that the development of the size of the infected compartment in-
fluences the progression of the size of the hospitalized and intensive care unit (ICU) compartments to a great
extent. The rates of transition from the infected to the hospitalized and the hospitalized to the ICU compart-
ment (1 and £) are influenced by the case-hospitalization rate K and the portion ¢ of ICU admissions among
hospitalizations. Efforts in the prevention of severe disease progressions, in particular through the early de-
tection of infected cases and widespread vaccinations of the people in the elderly generation, would result in a
reduction of both K and ¢. Substantially in the case of a possible re-infection with a mutation after recovery

from the infection with the original virus, efforts should be made to realize these measures.

Easier transmissible viral mutations indirectly result in more disease-induced deaths. If a mutated version
of the virus is additionally associated with a generally higher mortality risk, the fast execution of a vaccination
program is even more significant. The size of the rate of transition from the ICU compartment to the deceased
compartment M, could be reduced by the deployment of enough ICU capacities in terms of personnel and beds
for COVID-19 cases. The M ATLAB implementations reveal that an increased incidence owing to mutations
can be effectively contained by reduced transmission modification factors i.e. a decrease in the risk emerging
from the most infectious population groups (c.f. Figure 6.19). This could for instance be achieved through a
comparatively stricter isolation of symptomatic cases. Maybe other factors that reduce transmission risks of
infectious individuals will turn out to be efficient in the future. With regard to the SARS-CoV-2-fitted model,
in which unconfirmed cases are included, extended testing would increase the number of case-confirmations and

thus isolations of infected cases.

A vaccination program has to include available knowledge concerning the effects of accessible vaccines on
the protection from the most aggressive mutations such that vaccines can be adapted to the behaviour of the
mutated variants. The prioritization of the most affected population groups but exclusion of possible risks ac-
companying the vaccination of people is also important. The most significant target of nationwide vaccinations
that are effective against mutations and prevent the transmission through vaccinated individuals is the high

enough reduction of the transmission risk 5 to flatten the curve, as demonstrated in Figures 6.15 and 6.16.

156



The relation between the influences of the contact rate and the quarantine rate on the number of weekly
newly confirmed infections are conveyed in Figures 6.20 to 6.29. Here, the implementations show that a de-
crease in the size of the contact rate parameter c¢; can result in a containment of high incidence caused by
an increased quarantine rate parameter ¢;. This holds for the implementations based on both German and
Swedish data. For example, the allocation ¢; = 87, that effects a maximal number of 97 and a minimal number
of 77 total weekly contacts over the course of time, with an applied contact rate parameter ¢; = 0.05 (i.e. a
scenario of minimal intervention with comparatively low contact rate) leads to a peak of a very similar height
as the allocation ¢; = 107.5, ¢ = 0.26 (i.e. a lockdown scenario with an improbably high contact rate) for
Sweden. In the more probable case of an increased (a decreased) contact rate associated with a simultaneously
decreased (increased) quarantine rate, incidence would strongly increase (decrease). The calendar week in which
an extremum is reached strongly depends on the size of g; here. The shifts of the contact rate and quarantine

rate on x-axis have an even greater impact on the point in time at which a peak is attained.

The M ATLAB implementation of the SVID age group model with a distinct exponential vaccination rate
per age group in Section 6.4 reveals the force of nationwide vaccinations to continuously reduce the number
of new infections over the whole observation period. It shows that a small increase in the exponent of the
exponential function, i.e. from % to é, yields a clearly visible decrease in the number of weekly newly confirmed

infections.

Regarding the M ATLAB implementation of the nonstandard finite difference (NSFD) scheme in Section 6.5,
an increased transmission risk causes a generally higher incidence level, but in particular a larger peak in the
fourth wave in the year 2022. A size of the quarantine rate parameter q; corresponding to a lockdown scenario
yields an extreme decrease in the number of newly confirmed infections in the fourth wave of the pandemic
compared to a scenario with minimal or no intervention. Apart from this, the implementation of the NSFD
scheme conveys that the number of German COVID-19 hospitalizations is on a very low level in the beginning
of the third wave in the lockdown scenario, which more open hospital capacities at peak times are a conse-
quence of. Thus the implementation suggests that a high quarantine rate is effective in containing the spread at
least over short periods even if many contacts within the population cannot be prevented. As the application
of the NSFD scheme for the STHC DR model leads to realistic results, and this method exhibits a number
of favourable features like the preservation of positivity and correct long time behaviour, the performance of

NSFED schemes applied to further compartment models should be examined.

Realistic results concerning future compartment sizes under different model parameter variations were achieved
with the aid of implementing two compartment models emerging from the SARS-CoV-2-fitted model. One of
these models was specified to forecasts of the infected, hospitalized, ICU and deceased class, and the other one
to vaccination effects in an age-structured population. Beside that, two different methods of dealing with the
systems of ODEs were applied, and the £2-error minimization in the implementations was sustained by some

theory of nonlinear least squares. Subsequently, the second objective of this thesis has been fulfilled.
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8.2 Future Work

Since we are observing a couple of delay mechanisms in the COVID-19 modelling, like delay in reporting con-
firmed cases, delayed hospitalization, waning immunity effects, delay differential equations (DDEs) could be
included in the implementation, see [219] and the references therein. For example, the level of antibodies de-
pending on the time lapsed can be modelled by a probability distribution DDE models are characterized by a
higher degree of accuracy than STR models. An aspect that could be considered in future work concerning the
application of the SARS-CoV-fitted model to predict future compartment sizes is using statistical modelling
in the form of regression models or deep learning techniques such as neural networks to handle missing data
reports. Similar to DDEs, a statistical regression model building on differential equations and a nonlinear op-

timization problem can depend on points in time in the past.

Whereas the effects of generally present mutations compared to a scenario without any aggressive mutation
can be included in the SARS-CoV-2-fitted model by adjusting the transmission rate, the impact of two or
more different mutations and associated infection dynamics exerted on the population could be incorporated
by creating a model and system of ODEs in which one or more separate infected compartments per mutated
virus variant are included. A model with two mutations was realized in a scientific approach by Gonzalez-
Parra et al. [300], whose model analysis revealed that even if the new variant has the same death rate, its
high transmissibility can increase the number of infected people, those hospitalized, and deaths. Apart from
this, a future implementation of the SARS-CoV-2-fitted model should involve leaky vaccinations with the aid
of then potentially available reliable data concerning the waning effect of vaccine protection. This waning effect
could be modelled with the aid of probability distributions just like the waning effect of the protection from

transmitting the infection after symptom disappearance.

A very interesting question is the impact of efforts concerning the attainment of herd immunity on the size
of the infected compartment and the deceased compartment in the presence of viral mutations. In future ap-
proaches, the effect of saturation of the need for vaccination (i.e the attainment of vaccinations for all individuals
who want to be vaccinated) should be investigated in more detail. Vaccination strategies could be more precisely
incorporated into the SARS-CoV-2-fitted model in future approaches by involving different vaccines and gaining

more exact knowledge concerning the effects of accessible vaccines against mutations.

Apart from this, the optimal control of different factors influencing the size of the infected, hospitalized, ICU
and deceased compartment should be regarded in terms of an optimization of the dynamic system. Here, con-
trols have to be chosen optimally to optimize an objective function taking into account certain constraints. If a
compartment model based on a system of ODEs is built upon, a deterministic system is given, whose evolution
over time can be predicted knowing the initial state and control inputs. Constraints can for instance be the
socio-economic costs effected by intervention measures or a limited number of intensive care capacities that
may not be exceeded. The objective function contains costs as well as the targets of intervention measures.
An objective could be to find an optimal strategy for releasing individuals from a quarantine compartment S,
or a compartment whose individuals experience non-pharmaceutical interventions (NPIs) to the class S and
keep the number of infected individuals below a certain maximum value to prevent an exponential growth of
infection numbers. Another objective could be to find an optimal strategy for minimizing treatment costs and

NPIs leading to economic losses while minimizing the size of the infected compartment.

The next, straight forward step would be to consider the proposed system of ODEs for COVID-19 modelling on
a graph network, as done by Brockmann [196, 197]. Here, the nodes may represent local populations as cities or
countries. An edge weight may symbolize the relative frequency of contact between two individuals, the proba-

bility of a contact leading to a transmission may depend on the edge weights and a virulence factor, the basic
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reproduction number Ry may be defined as the mean node degree, and vaccination may be included by removing
a certain portion of nodes (all-or-nothing vaccine) or edges (leaky vaccine) from the network [301]. The effects
of mobility restrictions or lockdown measures could be modelled by simply adjusting the corresponding trans-
mission rates. So-called global mobility network approaches are applicable to STR dynamics in order that the
movement between different populations composed of susceptible, infected and recovered subpopulations can be
described by an additional differential equation. Here, a global mobility rate can be defined as the rate to leave
a node by a random individual [197]. Transition rates are then defined as conditional probabilities of randomly
chosen individuals to move from one to another location within a time step, which a Markov transition matrix
arises from [197]. With the aid of the effective distance introduced by Brockmann, the spreading speed and
arrival times of an infectious disease as well as functional relationships between epidemiological and mobility
parameters can be determined [196]. The effective distance between two local populations can be considered as
the length of the path between the two locations, that is most likely selected by a random walking individual

in the population among multiple selectable routes [302].

In extreme cases, the taken measure can be lead to break up chains of infection and isolate parts of the
network. Consequently, the network is split into small clusters. In the same way, the spread of mutations, that
exist initially only in a few nodes, to the whole network can be described. Doing so, the modelling of effects of

travel activities can be included in a simple way.

Finally, the major future progress will consist in using PDEs for the disease modelling instead of compara-
tively simple ODEs. Doing so, the spatial dependence of the pandemic spread could be investigated in much
more detail. Then, the network is defined by a metric graph, i.e. a graph where the connections between nodes
(called bonds) are intervals and not only undirected links. The lockdown measures and mobility restrictions
or effects of travel activities can then be modelled in a much more sophisticated way, by employing suitable,
especially designed conditions at the branching points of the metric graph. These conditions model exactly the
spatial effects of the restrictions or the relaxations, much better than simply adjusting transition rates as in
the ODE case before. However, these branching points conditions are rather complicated and computationally

expensive.
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List of Abbreviations

ACE2
ARDS
BARDA
CFR
COPD
COVAX
COVID-19
DDE

DFE

DNA
ECDC

EE

ELISA

GN

1C
ICOSARI
1CU

IFR

IeG

ILI
MCMC
MERS-CoV
mRNA
NGM

NLS

NPI

NSFD
OxCGRT
PDE

PDF

PHA

RBD

RKI

RNA
RT-PCR
SARI
SARS-CoV
SARS-CoV-2
STIKO

System of ODEs

WHO
2019-nCoV

Angiotensin-converting enzyme 2

Acute respiratory syndrome

Biomedical Advanced Research and Development Authority
Case-fatality rate

Chronic obstructive pulmonary disease

COVID-19 Vaccines Global Access organization
Corona virus disease 2019

Delay Differential Equation

Disease-free equilibrium

Desoxyribonuclein acid

European Centre for Disease Prevention and Control
Endemic equilibrium

Enzyme-linked immunosorbed essay

Gauss-Newton Method

Initial conditions

ICD-10-code-based hospital sentinel for severe acute respiratory diseases

Intensive care unit

Infection-fatality rate

Immunglobulin G

Influenza-like illness

Markov Chain Monte Carlo Method

Middle mast respiratory syndrome corona virus
messenger ribonucleic acid

Next-generation matrix

Nonlinear least squares approach
Non-pharmaceutical intervention

Nonstandard finite difference scheme

Oxford COVID-19 Government Response Tracker
Partial Differential Equation

Probability density function

Public Health Agency of Sweden
receptor-binding domain

Robert-Koch Institute

Ribonuclein acid

Reverse transcriptase polymerase chain reaction
Severe acute respiratory disease

Severe acute respiratory syndrome corona virus type
Severe acute respiratory syndrome corona virus type 2
German Standing Committee on Immunisation
System of ordinary differential equations

World Health Organization

Novel corona virus, discovered in the year 2019
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Appendix A

The Trust-Region Method

Different numerical Newton-type methods can be applied to find a solution for a nonlinear least squares problem.
The Gauss-Newton method is often used for this purpose. The default trust-region-reflective algorithm used by
the M AT LAB function [sqnonlin is based on the interior-reflective Newton method described by Coleman and
Li [299).

Generally, a Newton-type method that iteratively solves for ©¥* converges locally if [257, p. 65]

L
et 50—l <1, (A1)

where L is a Lipschitz constant of the Hessian that is bounding the non-linearity of the respective problem, and
€ is the approximation error of the Hessian. Here, ||J¢ — 9*|| should not become too big to make the method
not converge locally. Thus the idea is to make the iteration steps smaller and ensure descent, which means
f(¥s41) < f(¥s). Line-search based on the so-called Armijo condition with backtracking, and optionally the

Wolfe conditions, is one option. The trust-region method is another option.

Trust-region methods define a region around the current iterate within they trust the model to be an ade-
quate representation of the objective function. A next chosen step, of which direction and length are selected
simultaneously, is the approximate minimizer in this region. If a step is not acceptable, the size of the region
is reduced and a new minimizer is sought. The step direction is altered when the size of the trust-region is

modified. The size of the trust-region is critical to the effectiveness of each step [257, p. 70].

To be exact, an iteration of the form ¥,y = ¥4 + ps is sought, with the so-called trust-region subproblem

argmin mg (Vs 4+ p) s.t. ||p]| < As, (A.2)
peR’V'L

where Ag > 0 is called the trust-region radius, and it holds for the model that
1
ms(ﬁs +p) = f(ﬁs) + V(ﬁs)T "p+ 5 'pT (VSQf(ﬂs)) P (A3)

A measure of the trustworthiness of a model is the ratio of actual reduction A,.q and predicted reduction Py..q

Area _ f(0s) = f(9s + ps)
Prea  ms(9s) — ms(9s +ps) (A.4)

A trust-region constraint guarantees that the feasible set of the subproblem is bounded such that it always has

a well-defined minimizer [257, p. 71].
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A general trust-region method algorithm is given below [257, p. 72].

Input: Aaq, ) € [0, 1], Ao, Yo

Output: 9*

s=0

while ||V f(9)|| > TOL do
solve the trust region subproblem to obtain ps
compute the trustworthiness ps

adapt Agy1:  if Ay < i then reduce the radius by

Agp1 = As - i else if Ay > % and ||ps|] = As then
As+1 - As
end

Decide on acceptance of step
if ps > 7 then
Vsp1 = Vs + s
else
198+1 = 193
end
s=s+1
end while
U = Uy
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Appendix B

MATLAB Scripts

The first 8 listed M AT LAB scripts were used in the implementations described in Chapter 6. They can be
adapted to specific scenarios concerning parameter, parameter boundary or initial compartment sizes. The
parameter ¢ is denoted as icu, M, as M;.,, v as ¢ and p as mu in the programs. All of these program
codes are adaptable to other country- or timeframe-specific data sets. Exemplary parameter values are used
in the appended program codes, but they are adjustable as well. The ninth appended program script shows
the computation of the basic reproduction number Ry for the SVIHCDR model and the SARS-CoV-2-fitted
model in MATLAB.

B.1 Implementation of the system of ODEs
(for Germany and the prediction of the third wave)

1 function [ dW | = ODE_VC_ct(t ,W,mu,beta,ql,T_I,TH,T_icu ,M, M_icu,K,icu,eps_I,
eps_H,cl)

2 %% Definition of transition rates depending on other parameters

3 % transmission rate

4 transmission=Q(t) ((30—-20)*cos(pi*(1/20)*(t—13))+cl)*betax(l1—(ql*cos(pix(1/20)xt)
+ql));

5 eta = (1-muxT_1)/T.1)«K; % rate for transition from I to H

omega 2=((1-muxT_I)/T.I1)*x(1-K); % rate for transition from I to R

7% Sum: ((1—-muxT_1)/T_I)

8 omega_3=((1-muxT_H)/TH)*(1-M-icu); % rate for transition from H to R

9 lambda_1=((1-muxT_H) /T H)+M; % rate for transition from H to D

10 xi=((1-muxT H) /T H)xicu; % rate for transition from H to C

11 % Sum: ((1—-muxT-H)/T-H)

12 omega_4=((1-muxT_icu)/T_icu)*(1—M_icu); % rate for transition from C to R

13 lambda_2=((1-mu*T_icu)/T_icu)*M_icu; % rate for transition from C to D

14 % Sum: ((1—mux T_icu)/T_icu)

15 %% System of ODEs

=]

16 dW = [—transmission (t)*(W(2)*eps_IHW(3)*eps_-H)x((W(1))/(W(1)/68+W(2)4W(3)+W(4)+
W(6))) — (mu) * W(1); %S

17 transmission (t)*x(W(2)xeps_I4W(3)*xeps_ H)*((W(1))/(W(1)/684+W(2)4W(3)4W(4)4W

(6))) — (mu + eta + omega_2) = W(2); %I

18 eta * W(2) — (mu + xi + omega_-3 + lambda_-1) % W(3); %H

19 xi * W(3) — (mu + omega_4 + lambda_2) x W(4); %C

20 lambda_1 * W(3) + lambda_-2 % W(4); %D

21 omega_2 * W(2) + omega_-3 * W(3) + omega_4 x W(4) — mux W(6)]; %R

22 end
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B.2 Implementation of the NSFD Scheme

(for Germany and the prediction of the third wave)

function [T,Y] = NSFD_.GER(number_of_weeks ,init_data ,opt ,K,M;mu, T_I,TH,T_icu,cl)
%% step size

h =

1;

%% denominator function

phi

= (exp(h%0.000235)—1)/0.000235;

%% initialization of the parameters

beta=opt (1); % transmission risk

eps.-

I=opt(2); % modification factor for I

eps_H=opt (3); % modification factor for H
ql=opt (4); % quarantine rate

icu
M_ic

=opt(5); % rate for transition to ICU

u=opt (6); % mortality rate concerning ICU

c =A(t) ((30—20)*cos(pix(1/20)*(t—13))+cl); % contact rate
q =Q(t) (qlxcos(pi*(1/20)*t)+ql); % quarantine rate

sum._

T_I (1-muxT.I)/T.I); % = eta + omega_1

sum T H = ((1-mu«T_H)/TH); % = lambda_-1 + omega_3
sum_T_icu = ((1-muxT_icu)/T.icu); % = lambda-2 + omega_/
nl = number_of_weeks; % number of observed weeks

n2 = 6; % number of compartments included

Y = zeros(nl,n2);

T = zeros(nl,n2);

%% initial conditions

Y(1,

=init_data (1);
=init_data ;
=init_data ;

(2)
(3)
=init_data (4);
(5)
(6)

\_/\_/\_/\_/\_/

=init_data ;
,6)=init_data
NSFD scheme
t = 1:nl1-1
Y(t+1,1) = Y(t,1) * (1/(1 + phi x (mu + c(t)«betax(1—q(t)) =x*
Y(t,3)xeps-H) /(Y(t,1)4+Y(t,2)+Y(t,3)+Y(t,4)+Y(t,6) ) ) ) )

)

(Y(t,2)*eps_I+

)

Y(t+1,2) = ( Y(t,2) + phi x c(t)«betax(1—q(t))=*(Y(t,3)*eps_H) (Y(t+1 1) /(Y(¢t
) — phi % c(t)
xbetax(1—q(t))*eps_IT*(Y(t+1,1)/(Y(t,1)+Y(t,2)+Y(t,3)+Y(t,4)+Y(¢t ))))

(
)
D)+Y(t,2)+Y(t,3)+Y(t,4)+Y(t,6))) ) / (1 + phi * ((sum_T_.I)
)
(

Y(t+1,3) = ( Y(t,3) + phi x ((sum_TI)«K)«Y(t+1,2)) / (1+phix (SumTH)+mu))

)

Y(t+1,4) = ( Y(t,4) + phi * ((sum_T_H)*icu)*Y(t+1,3)) / (1+phi*((sum_T_icu)+
mu) ) ;

Y(t+1,5) = (((sum-T_H)sM)*Y(t+1,3)+((sum_T_icu)*M_icu)*Y(t+1,4)) = phi + Y(t
:5)

Y(t+1,6) = (phi * (((sum_T.I)x(1-K))*Y(t+1,2)+((sum-T_H)x*(1-M-icu))=*Y(t+1,3)
+((sum_T_icu)*(1—=M_icu) ) «Y(t+1,4))+Y(t,6))/(14+mu * phi);
T(t+1,:)=t+1;
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38 end
39 end
B.3 Implementation of the system of ODEs for the SVID Age Group
Model
1 function [ dW | = ODEAGEGROUPSL(t ,W,mul ,mu2,mu3,vl_a,v2_a,v3.a,vl_b,v2.b,v3. b,
beta,cl,c2,¢3,ql,q2,q3,M1,M2,M3,T1,T2,T3,epsl ,eps2,eps3)
2 %% Definition of transition rates depending on other parameters
3 lambdal=((1-T1lxmul) /T1)+«Ml; % death rate for I_1
4 lambda2=((1-T2xmu2) /T2)*M2; % death rate for I_2
5 lambda3=((1-T3*mu3) /T3)+«M3;% death rate for 1.3
6 omegal=((1—Tlxmul)/T1)*(1-M1); % recovery rate for I_1
7 omega2=((1-T2+xmu2) /T2)«x(1-M2); % recovery rate for 1.2
8 omega3=((1—-T3*mu3) /T3)*(1-M3); % recovery rate for I_3
9 cll=cl; % average number of contacts between individuals of age group 0—19
10 ¢12=cl%(7/6); % average number of contacts between individuals of age group 0—19
and people of age group 20—59
11 ¢13=cl*(5/6); % average number of contacts between individuals of age group 0—19
and people of age group 60+
12 ¢23=cl«*(5/4); % average number of contacts between individuals of age group
20—59 and people of age group 60+
13 ¢22=c2; % average number of contacts between individuals of age group 20—59
14 ¢33=c3; % average number of contacts between individuals of age group 60+
15 v1=Q(x)vl_axexp(1l/(vl_b)*x); % vaccination rate function for age group 0—19
16 v2=Q(x)v2_axexp(l/(v2_b)*x); % wvaccination rate function for age group 20—59
17 v3=Q(x)v3_axexp(1l/(v3_-b)*x);% vaccination rate function for age group 60+
18 %% System of ODEs (no re—transition from V to S assumed here)
19 dW = [—betax(1—ql)*(cll+cl2+c13)*(epsl+W(4)+eps2+W(5)+eps3sW(6) )« ((W(1))/(W(1)+
W(2)+W(3)FW(4)4W(5)+W(6)+W(7)FW(8)4W(9))) — (mul+vl(t))+W(1); % S1
20 —betax(1—q2)*(c12+c224+c23) % (eps1sW(4)+eps2+sW(5)+eps3+sW(6) ) x((W(2)) /(W(1)+
W(2)4W(3)-W(4)4W(5)4W(6)W(7)FW(8)4W(9))) — (mu4v2(t))*W(2); %
S2
21 —betax(1—q3)*(c13+c234+c33) % (epsl1sW(4)+eps2+W(5)+eps3+sW(6) ) x((W(3))/(W(1)+
W(2)-+W(3)+W(4)+W(5)+W(6)+W(7)+W(8)HW(9) ) ) — (mud+v3(t))-W(3); %
53
22 betax(1—ql)*(cll4+cl24c13) x(epsl+W(4)+eps2+W(5)+eps3sW(6))*((W(1))/(W(1)+
W(2)+W(3)FW(4)4W(5)+W(6)FW(7)FW(8)4W(9))) — (mul + lambdal + omegal)=
W(4); % 11
23 betax(1—q2)*(cl124c224+c23) *x(eps1+sW(4)+eps2+W(5)+eps3«sW(6) ) *((W(2)) /(W(1)+
W(2)+W(3)+FW(4)4W(5)+W(6)FW(7)4W(8)4W(9))) — (mu2 + lambda2 + omega2)=
W(5); % 12
24 betax(1—q3)*(c134¢c234+c33) x(eps1+sW(4)+eps2+W(5)+eps3+sW(6) ) *((W(3))/(W(1)+
W(2)4W(3)+W(4)+W(5)4W(6)4W(7)+W(8)+W(9)))— (mu3 + lambda3 + omega3 )W
(6); % I3
25 vl(t)sW(1) — mulsW(7); % V1

26

v2(

t

)*W(2) — mu2+W(8) ; % V2
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v3(t)sW(3) — mu3sW(9) ; % V3
lambdal«W(4) ; % D1
lambda2W(5) ; % D2
lambda3+W(6) ; % D3
I
end

B.4 Algorithm for the Computation of the Discrete />-Error

The program code has to be adapted to the wanted forecast with respect to the input parameters,

parameter bounds of the estimated parameters and compartment size data.

function [ mse ] = ERROREXAMPLEPROGRAM(param )
number_weeks = 68;

% parameters to be optimized:

beta=param (1) ;
eps_I=param(2) ;
eps_H=param (3) ;
ql=param (4) ;

icu=param (5) ;

M_icu=param (6) ;

% reported / fized parameters, depending on wanted prediction
K=0.11; % case—hospitalization rate

M=0.22; % case—fatality rate for hospitalized

mu=0.0002374; % natural death rate of the population
T.1=2.214; % time from contagion to recovery

TH=1.286; % time from hospitalization to recovery

T_.icu=1l; % time from ICU admission to recovery

cl=70; % influences the contact rate c(t)

%% reported for the weekwise compartment sizes
IC =|

... % import compartment size data

K

weeks = l:number_weeks;

disp(’Iteration’)
%% using the ode4b solver
[T, V] = oded45(@(t ,W)ODE_VC_ct(t,W,mu,beta,ql,T.I,TH, T _icu ,M, M_icu,K,icu,eps_I,
eps_H,cl) ,...
weeks , IC(1,1:end) ) ;

%% mean squared error (mse) computation

Y=zeros (number_weeks , size (IC,2));
for s=1:number_weeks
Y(s,:) = 1C(s,l:end) — V(s,:);
end
Y(:,2)
diff_in_data =Y; % difference between reported and odejfd—outputted data
mse_45 = sum(diff_in_data."2)/length(diff_.in_data);
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mse = mse_45

end

B.5 Error Minimization (SIHCDR Model)
The program code has to be adapted to the wanted forecast by calibrating the upper and lower

bounds of the estimated parameters.

function [x1,x2,x3,x4,x5,x6,x7,x8,x9,x10,x11,x12,x13,x14,x15,x16] =
MIN _4inl_4inl (n)

%% initialize the output vector
x1 = zeros(n,6) ;

x2 = zeros(n,6) ;

x3 = zeros(n,6) ;

x4 = zeros(n,6) ;

x5 = zeros(n,6) ;

x6 = zeros(n,6) ;

x7 = zeros(n,6) ;

x8 = zeros(n,6) ;

x9 = zeros(n,6) ;

x10 = zeros(n,6) ;

x11 = zeros(n,6);

x12 = zeros(n,6) ;

x13 = zeros(n,6) ;

x14 = zeros(n,6);

x15 = zeros(n,6);

x16 = zeros(n,6) ;

%% set the fized parameters, bounds of the estimated parameters, and minimize

the error

%% per country and per wave

%% Germany, 2nd—>3rd wave
K=0.0067;

case—hospitalization rate

X N

general case—fatality rate for hospitalized
non—ICU patients

mu=0.0002374;

T 1=2.214;

T H=1.286;

T_icu=1;

beta=0.01;

eps_1=0.3;

eps_H=0.05;

ql=0.01;

icu=0.27;

M_icu=0.6;

x0_1=[beta eps_.I eps.H ql icu M_.icu].*rand;

lb_1= [0.00165 0.2 0.05 0 0.2 0.5];

natural death rate of the population
time from contagion to recovery

time from hospitalization to recovery

X N N N

time from ICU admission to recovery
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38
39
40
41
42

ub_1= [0.005 0.5
x0_2=[beta eps_I

ub_2= [0.005 0.5
x0_3=[beta eps._I

0.15 0 0.4 0.7];

eps_H ql icu M_icu].*rand;
lb_2= [0.00165 0.2 0.05 0.01 0.2 0.5];
0.15 0.01 0.4 0.7];

eps.H ql icu M_.cu].*rand;

43 1b_3= [0.00165 0.2 0.05 0.02 0.2 0.5];

44 ub_3= [0.005 0.5 0.15 0.02 0.4 0.7];

45 x0_4=[beta eps_I eps.H ql icu M.icu].xrand;

46 1b_4= [0.00165 0.2 0.05 0.03 0.2 0.5];

47 ub_4= [0.005 0.5 0.15 0.03 0.4 0.7];

48 optionsl=optimset (’Algorithm’,’trust —region—reflective’,’Display’,’final’,’
MaxIter’,1000, MaxFunEvals’ ,1000) ;

49 x1 = lsqnonlin (QERROR_VC.ct,x0_.1,1b_1 ,ub_1,o0optionsl);

50 x2 = lsqnonlin (QERROR.VC_ct,x0.2 ,1b_2 ,ub_2 ,optionsl);

51 x3 = lsqnonlin (QGERROR.VCct,x0.3,1b_3 ;ub_3,optionsl);

52 x4 = lsqnonlin (QGERROR_VC.ct,x0.4,1lb_4 ;ub_4,optionsl);

53 %% Sweden, 2nd—>3rd wave

54 K=0.0061; % case—hospitalization rate

55 M=0.11; % general case—fatality rate for hospitalized,
non—ICU patients

56 mu=0.000235; % natural death rate of the population

57 T 1=2.214; % time from contagion to recovery

58 T H=1.286; % time from hospitalization to recovery

59 T_icu=1; % time from ICU admission to recovery

60 beta=0.01;

61 eps_1=0.3;

62 eps-H=0.05;

63 q1=0.01;

64 icu=0.1;

65 M_icu=0.6;

66 x0_5=[beta eps_I eps_.H ql icu M_cu].*xrand;

67 1b_5= [0.00235 0.2 0.05 0 0.17 0.6];

68 ub_5= [0.005 0.5 0.15 0 0.4 0.6];

69 x0_6=[beta eps_I eps_.H ql icu M_icu].*rand;

70 lb_6= [0.00235 0.2 0.05 0.1 0.17 0.5];

71 ub_6= [0.005 0.5 0.15 0.1 0.4 0.7];

72 x0_7=[beta eps_I eps_.H ql icu M_icu].*rand;

73 lb_7= [0.00235 0.2 0.05 0.3 0.17 0.5];

74 ub_7= [0.005 0.5 0.15 0.3 0.4 0.7];

75 x0_8=[beta eps_I eps.H ql icu M_icu].*rand;

76 1b_8= [0.00235 0.2 0.05 0.5 0.17 0.5];

77 ub_8= [0.005 0.5 0.15 0.5 0.4 0.7];

78 x5 = lsqnonlin (QERROR_VC_ct_Sweden,x0_5,1b_5 ;ub_5 ,optionsl);

79 x6 = lsqnonlin (QERROR_VC_ct_Sweden, x0_6 ,1b_6 ,ub_6 ,optionsl);

80 x7 = lsqnonlin (QERROR_VC_ct_Sweden,x0_7 ,1b_7 ;ub_7 ,optionsl);

81 x8 = lsqnonlin (QERROR_VC_ct_Sweden,x0_8 ,1b_8 ;ub_8 ,optionsl);

82

83 %% Germany, 1st—>2nd wave
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84 K=0.15;

85 M=0.067;
non—ICU patients (first wave)

86 mu=0.0002374;

87 T 1=2.214;

88 T_H=1.286;

89 T_icu=1;

90 beta=0.0023;

91 eps_1=0.4;

92 eps_.H=0.1;

93 q1=0.01;

94 icu=0.2;

95 M_icu=0.6;

X N

X N N N

case—hospitalization rate (first wave)

general case—fatality rate for hospitalized

natural death rate of the population
time from contagion to recovery
time from hospitalization to recovery

time from ICU admission to recovery

96 x0_9=[beta eps_I eps_.H ql icu M_icu].*rand;

97 1b_9= [0.00236 0.2 0.05 0.01 0.17

98 ub_9= [0.02 0.5 0.15 0.1 0.4 0.7];

0.5];

99 x0_10=[beta eps_I eps_.H ql icu M_icu].*rand;

100 1b_10= [0.00236 0.2 0.05 0.01 0.2

0.5];

101 ub_10= [0.02 0.5 0.15 0.1 0.4 0.7];

102 x0_11=[beta eps_I eps_.H ql icu M_icu].*rand;

103 1b_11= [0.00236 0.2 0.05 0.01 0.23 0.5];

104 ub_11= [0.02 0.5 0.15 0.1 0.4 0.7];

105 x0_12=[beta eps_-I eps.H ql icu M.cu].*rand;

106 1b_12= [0.00236 0.2 0.05 0.01 0.26 0.5];

107 ub_12= [0.02 0.5 0.15 0.1 0.4 0.7];

108 x9 = lsqnonlin (QERROR_simple_firstwave ,x0_9 ,1b_9 ,ub_9 ,optionsl);

109 x10 = lsqnonlin (QERROR_simple_firstwave ,x0-10 ,1b_10 ,ub_10,optionsl);
110 x11 = lsqnonlin (QERROR_simple_firstwave ,x0_11 ;1b_11 ,ub_11 , optionsl);
111 x12 = Isqnonlin (QERROR_simple_firstwave ,x0.12 ,1b_12 ;ub_12 ;optionsl);

112 %% Sweden, 1st—>2nd wave
113 K=0.30;

114 M=0.12;

115 mu=0.000235;
116 T 1=2.214;
117 T H=1.286;

118 T_.icu=1;

119 beta=0.00165;
120 eps_-1=0.4;
121 eps_.H=0.1;
122 q1=0.01;

123 icu=0.2;

124 M_icu=0.6;

125 x0_13=[beta eps_I eps_.H ql icu M_icu].*rand;
126 1b_13= [0.00163 0.2 0.05 0.01 0.13 0.5];

127 ub_13= [0.002 0.5 0.15 0.1 0.4 0.7];

128 x0_14=[beta eps_I eps_.H ql icu M_cu].*rand;
129 1b_14= [0.00163 0.2 0.05 0.01 0.16 0.5];

130 ub_14= [0.002 0.5 0.15 0.1 0.4 0.7];
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131 x0_15=[beta eps_I eps_.H ql icu M_icu].*rand;
132 1b_15= [0.00163 0.2 0.05 0.01 0.177 0.5];
133 ub_15= [0.002 0.5 0.15 0.1 0.4 0.7];
134 x0_16=[beta eps_1 eps_.H ql icu M_icu]|.*rand;
135 1lb_16= [0.00163 0.2 0.05 0.01 0.178 0.5];
136 ub_16= [0.002 0.5 0.15 0.1 0.4 0.7];

@QERROR _Sweden_firstwave ,x0_.13 ,1b_13 ;ub_13 ,optionsl);

137 x13 = lsqnonlin )

@ERROR_Sweden_firstwave ,x0-14 ,1b_14 ,ub_14 ,optionsl);
)
)

138 x14 = lsqnonlin

)

@QERROR _Sweden_firstwave ,x0_15 ,1b_15 ,ub_15,optionsl
@QERROR _Sweden_firstwave ,x0_16 ,1b_16 ,ub_16 ,optionsl

139 x15 = Isqnonlin

o~ o~ o~ o~

140 x16 = Isgnonlin

b

141 end

B.6 Error Minimization (SVID Age Group Model)

The program code has to be adapted to the wanted forecast with respect to the input parameters,

parameter bound of the estimated parameters and compartment size data.

—_

function x = MIN.AGEGROUPSI (n)
x = zeros(n,7);

%% reported parameters:
mul=0.000001327;
mu2=0.00002124;
mu3=0.000215025;

v1l_a=0;

vli_b=1;

v2_a=0;

v2_b=1;

v3_a=0;

v3_b=1;

T1=2.214%0.5;

T2=2.214;

T3=2.214%2.5;

16 M1=0.000373;

17 M2=0.000807;

18 M3=0.0236;

19 ¢1=60;

20 ¢c2=80;

21 ¢3=65;

22 %% parameters to be optimized:
23 q1=0.1;

24 q2=0.1;

25 q3=0.015;

26 epsl=0.1;

27 eps2=0.1;

28 eps3 =0.1;

29 beta=0.05;

30 %% initialize the bounds:

© 0 N O U R W N
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31 x0=[ql q2 g3 epsl eps2 eps3 beta].xrand;
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32
33
34

35

36
37
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21

22
23
24
25
26
27

lb= [0.2 0.3 0.1 0.15 0.15 0.15 0.027];
ub= [0.2 0.3 0.1 0.15 0.15 0.15 0.03];

%% set the options and minimize the error while optimizing the wanted parameters

optionsl=optimset (’Algorithm’,’trust—region—reflective ', ’Display’,’final ’,’
MaxIter > ,1000, MaxFunEvals’ ,1000) ;

x = lsqnonlin (GERROR.AGEGROUPSL, x0,1b ,ub, optionsl);

end

B.7 Compartment Size Prediction (SIHCDR Model)

This is an exemplary program for the compartment size prediction based on the STHCDR model
and with the aid of numerical integration via the built-in solver ode45. The function ode45 can be
replaced by the NSFD scheme by putting, here exemplarily for Germany,

the written function NSFD_GER(150,init_data, optl, K, M,mu,Tr, Ty, Ticu, cl1) instead of

0de45(Q(t, WYODE_VC _ct(...)"). The code below plots resulting compartment size data for Germany
and the prediction of the third wave, but plots for other wanted outputs like Sweden and/or the

second wave can be added and were used in the implementations:

close all

clear all

%% Initialize contact rate parameter cl per country, per wave:

cl_1=70;

cl1_2=70;

c1_3=70;

cl1_4=70;

c1_5=90;

cl1_6=90;

c1_7=90;

c1_8=90;

c1_9=60;

c1.10=60;

cl_11=60;

c1_.12=60;

cl_13=120;

cl_14=120;

cl_15=120;

cl_16=120;

%% apply MIN program (minimization of mean squared error using the function
lsgqnonlin)

[optl,opt2,0pt3,optd,opth,opt6,opt7 ,opt8,0opt9,optl0,optll ,optl2 , optl3 , optld,
optl5,optl6] = MIN_4inl_4inl1(100);

beta_l=optl(1);

eps_-I_1=optl(2);

eps_H_1=optl(3);

ql_1=optl(4);

icu_l=optl (5);

M_icu_1=optl(6);
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28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75

beta_2=opt2(1);
eps_I_2=0pt2(2);
eps_-H_2=o0pt2(3)
ql_-2=opt2(4);
icu_2=opt2(5);
M_icu_2=0pt2(6);
beta_3=opt3(1);
eps-I1_3=o0pt3(2);
eps_H_3=0pt3(3);
ql_3=opt3(4);
icu_3=opt3(5);
M_icu_-3=0pt3(6);
beta_4=optd (1) ;
eps_I_4=optd (2);
eps_-H_4=opt4(3);
ql_4=optd (4);
icu_4=optd (5);
M_icu_-4=opt4 (6) ;
beta_b=opt5 (1) ;
eps_I_5=opt5(2);
eps_H_5=0pt5(3);
ql_5=opt5(4);
icu_5=opth(5);
M_icu_5=0pt5(6) ;
beta_6=0pt6(1);
eps-I_6=o0pt6(2);
eps-H_6=0pt6(3) ;
ql_6=o0pt6(4);
icu_6=opt6(5);
M_icu_6=0pt6(6) ;
beta_7=opt7 (1) ;
eps_I_T=opt7(2);
eps_-H_T=opt7(3);
ql_T=opt7(4);
icu_7T=opt7(5);
M_icu_T=0pt7(6) ;
beta_8=opt8 (1) ;
eps-I1_8=opt8(2);
eps_H_8=0pt8(3);
ql_8=opt8(4);
icu_8=opt8(5);
M_icu_-8=0opt8(6) ;
beta_9=opt9(1);
eps_-1_9=o0pt9(2);
eps-H_9=0pt9(3) ;
ql_9=opt9(4);
icu_9=opt9(5);
M_icu_9=0pt9(6) ;

b
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76 beta_10=opt10(1);
77 eps_1_10=0pt10(2);
78 eps_H_10=o0pt10(3)
79 ql_10=o0pt10(4);
80 icu_10=optl0(5);
81 M_icu_10=o0pt10(6) ;

82 beta_1ll=optll(1);

83 eps_-I_11=optll(2);

84 eps_H_11=o0ptll(3);

85 ql_11=optll(4);

86 icu_ll=optll(5);

87 M_icu_-1ll=optll(6);

88 beta_12=optl12(1);

89 eps_I_12=o0pt12(2);

90 eps_-H_12=0pt12(3);

91 ql_12=o0ptl2(4);

92 icu_12=o0ptl12(5);

93 M_icu_-12=o0pt12(6);

94 beta_13=opt13(1);

95 eps_I_13=o0ptl13(2);

96 eps_H_13=0pt13(3);

97 ql_13=o0pt13(4);

98 icu_13=optl3(5);

99 M_icu_13=0pt13(6) ;

100 beta_l4=opt14(1);

101 eps_I_14=optl4(2);

102 eps_-H_14=o0pt14(3);

103 ql_l4=optld(4);

104 icu_l4=optl4d(5);

105 M_icu_-1l4=o0pt14(6);

106 beta_15=optl5(1);

107 eps_I_15=0pt15(2);

108 eps_H_15=0pt15(3);

109 ql_15=o0ptl5(4);

110 icu_15=optl5(5);

111 M_icu_-15=0pt15(6) ;

112 beta_16=opt16(1);

113 eps-I1_16=o0ptl6(2);

114 eps_H_16=0pt16(3);

115 ql_16=o0pt16(4);

116 icu_-16=optl6(5);

117 M_icu_-16=o0pt16 (6) ;

118

119 %% SOLVE THE SYSTEM OF ODES PER COUNTRY, PER WAVE
120

b

121 %% Germany, 2nd—>3rd wave
122 K=0.077; % case—hospitalization rate
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123

124
125
126
127
128
129

M=0.18; % general case—fatality rate for hospitalized,
non—ICU patients

mu=0.0002374; % natural death rate of the population

T 1=2.214; % time from contagion to recovery

T H=1.286; % time from hospitalization to recovery

T_icu=1; % time from ICU admission to recovery

% initial values for calendar week 24 of 2021 (Germany)

init_data = [83100000,70000,2200,600,99211,2188884 |;

130 weeks=1:150;

131 % solve system of ODEs:

132 [T_1,Y-1] = ode45(@(t ,W)ODE_VC_ct(t ,W,mu, beta_1,q1.1,T_I, TH,T_icu ,M, M_icu_1 ,K,
icu-1,eps_I_1 Jeps.H_.1,cl1.1) ,...

133 weeks , init_data (1,1:end)’);

134 [T2,Y-2] = ode45(Q(t ,W)ODE_VC_ct(t ,W,mu, beta_2,q1.2,TI,TH,T_icu ,M, M_icu_2 K,
icu-2 ;eps_I1_2 jeps.H.2,¢c1.2) ...

135 weeks , init_data (1,1:end)’);

136 [T_-3,Y.3] = ode45(Q(t ,W)ODE_VC_ct(t ,W,mu, beta_3,q1.3,T_I,TH,T_icu,M, M_icu_3 ,K,
icu_3 ,eps_I_3 ;eps.H.3,¢1.3) ,...

137 weeks ,init_data (1,1:end)’);

138 [T4,Y.4] = oded5(@(t ,W)ODE_VC_ct(t,W,mu, beta_4,ql_4,T_I,TH, T icu ,M M_icu.4 K,
icu_4 ,eps_. 1.4 jeps . H 4,¢c1.4) ...

139 weeks ,init_data (1,1:end)’);

140 %% Sweden, 2nd—>3rd wave

141 K=0.061; % case—hospitalization rate

142 M=0.11; % general case—fatality rate for hospitalized
non—ICU patients

143 mu=0.000235; % natural death rate of the population

144 T 1=2.214; % time from contagion to recovery

145 T H=1.286; % time from hospitalization to recovery

146 T _icu=1; % time from ICU admission to recovery

147
148
149
150
151

% initial values for calendar week 24 of 2021 (Sweden)

init_data = [10380245,1500,880,140,21002,512990];

weeks=1:150;

% solve system of ODEs:

[T5,Y.5] = odel5s(@(t,W)ODE_VC_ct_Sweden (t ,W,mu, beta_5,q1.5,T.I,TH, T_icu
M_icu_5,K,icu_5 ,eps_I1_5 ;eps . H.5 ,¢c1_5)

3
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152 weeks ,init_data (1,1:end)’);

153 [T6,Y-6] = odel5s(@Q(t,W)ODE_VC_ct_-Sweden (t ,W,mu, beta_6 ,q1_6,T_-I1 ,T_H, T_icu,M,
M_icu_6 ,K,icu_6 ,eps_1.6 ;eps . H 6,c1.6) ...

154 weeks ,init_data (1,1:end)’);

155 [T_7,Y.7] = odelbs(@(t,W)ODE_VC_ct_Sweden (t ,W,mu, beta_7 ,q1_-7,T_1,TH, T_icu ,M,
M_icu.7 ,K,icu_7 ,eps_I_.7 ;eps . H.7 ,c1.7) ...

156 weeks ,init_data (1,1:end)’);

157 [T_8,Y_8] = odelss(@Q(t,W)ODE_VC_ct_Sweden (t ,W,mu, beta_8 ,q1.8 ,T_I,TH,T_icu ,M,
M_icu-8 ,K,icu_8 ,eps_1_.8 ;eps_H.8 ,c1.8) ...

158 weeks , init_data (1,1:end)’);

159 %% Germany, 1st—>2nd wave

160 K=0.077; % case—hospitalization rate (second wave)
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161 M=0.18; % general case—fatality rate for

hospitalized , non—ICU patients (second wave)

162 mu=0.0002374; % natural death rate of the population
163 T_1=2.214; % time from contagion to recovery

164 T H=1.286; % time from hospitalization to recovery
165 T_icu=1; % time from ICU admission to recovery

166 % initial values for calendar week 38 of 2020 (Germany)

167 init_data = [83100000,18447,673,107,9662,238684 |;

168 weeks=1:150;

169 % solve system of ODEs:

170 [T9,Y-9] = oded5(@(t ,W)ODE_simple_firstwave (t ,W,mu, beta_9,q1.9,T_I,TH, T_icu ,M,
M_icu.9,K,icu_9 ,eps_-1.9 ;eps.H.9,c1.9) ,...

171 weeks , init_data (1,1l:end)’);

172 [T_-10,Y-10] = ode45(Q@Q(t ,W)ODE_simple_firstwave (t ,W,mu, beta_10,q1-10,T_1,T_H,
T_icu ,M, M_icu-10 ,K,icu-10 ,eps_1_10 ;eps_.H_10,c1_10) ,...

173 weeks , init_data (1,1:end)’);

174 [T_11,Y.11] = ode45(Q@Q(t ,W)ODE _simple_firstwave (t ,W,mu, beta_11,q1.11,T_I ,TH,
T_icu ,M,M_icu_11 ,K,icu_11 ,eps_I1_11 ;eps_.H_11,c1_11) ,...

175 weeks ,init_data (1,1:end)’);

176 [T_12,Y_12] = oded5(Q(t ,W)ODE _simple_firstwave (t ,W,mu, beta_12 ,q1.12 ,T.I,TH,
T_icu ,M,M_icu_12 |K,icu_12 ;eps_1_.12 ;eps . H_ 12 ,¢1_12) ,...

177 weeks ,init_data (1,1:end)’);

178 %% Sweden, 1st—>2nd wave

179 K=0.061; % case—hospitalization rate (second wave)

180 M=0.11; % general case—fatality rate for
hospitalized , non—ICU patients (second wave)

181 mu=0.000235; % natural death rate of the population

182 T 1=2.214; % time from contagion to recovery

183 T_-H=1.286; % time from hospitalization to recovery

184 T_icu=1; % time from ICU admission to recovery

185 % initial values for calendar week 38 of 2020 (Sweden)

186 init_data = [10380245,3189,128,19,5834,77313];

187 weeks=1:150;

188 % solve system of ODEs:

189 [T_13,Y_13] = oded5(Q(t ,W)ODE_Sweden_firstwave (t ,W,mu, beta_13 ,q1.13,T.1,TH,
T_icu ,M,M_icu_13 ,K,icu_13 ;eps_1_13 ;eps . H_ 13 ,¢1_13) ,...

190 weeks ,init_data (1,1:end)’);

191 [T_14,Y_14] = ode45(Q(t ,W)ODE_Sweden_firstwave (t ,W,mu, beta_14 ,q1.14 ,T_.I ,T.H,
T_icu ,M,M_icu_14 ,K,icu_14 ,eps_1_14 ;eps_ H_ 14 ,c1_14) ,...

192 weeks ,init_data (1,1:end)’);

193 [T_15,Y-15] = ode45(@Q(t ,W)ODE_Sweden_firstwave (t ,W,mu, beta_15,q1-15,T_1 ,T_H,
T_icu , M, M_icu_-15 ,K,icu-15 ,eps_I1_15 ;eps_.H_15,¢cl1_15) ,...

194 weeks ,init_data (1,1:end)’);

195 [T_16,Y-16] = ode45(Q(t ,W)ODE_Sweden_firstwave (t ,W,mu, beta_16 ,q1-16 ,T_1,T_H,
T_icu , M, M_icu_-16 ,K,icu-16 ,eps_1_16 ;eps_.H_16 ,c1_16) ,...

196 weeks , init_data (1,1:end)’);

197

198 %% PLOT THE FINAL COMPARTMENT SIZES OVER THE COURSE OF TIME
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199 % here: Plots Germany, 2nd—>3rd wave

200 figure (1)

201 plot (T-1,Y_1(:,2), color’,’k”)

202 hold on

203 plot(T2,Y_2(:,2), color’,’g"’)

204 hold on

205 plot (T-3,Y3(:,2), color’,’b’)

206 hold on

207 plot (T 4,Y_4(:,2), color’,’¢c”’)

208 xlim ([3 40])

200 ylim ([0 250000])

210 xlabel(’calendar weeks from week 24 (June 14th) 2021°);

211 ylabel(’size of I(t)’);

212 legend (sprintf(’ql=%g’, ql-1),sprintf(’ql=%g’, ql.-2),sprintf(’'ql=%g’, ql1-3),
sprintf(’ql=%g’, ql-4));

213 set (gca, ’FontSize’ ,22, FontName’,’ Times New Roman’)

214 grid on;

215

216 figure(2)

217 plot (T_1,Y_1(:,3), color’,’k”)

218 hold on

219 plot (T-2,Y_2(:,3), color’,’g’)

220 hold on

221 plot(T3,Y.3(:,3), color’,’b”)

222 hold on

223 plot (T-4,Y4(:,3), color’,’c’)

224 x1lim ([3 40])

225 ylim ([0 12000])

226 xlabel(’calendar weeks from week 24 (June 14th) 20217);

227 ylabel(’size of H(t)’);

228 legend (sprintf(’'ql=%g’, ql_1),sprintf(’ql=%g’, ql_2),sprintf(’ql=%g’, ql1.3),
sprintf(’ql=%g’, ql.4));

229 set (gca, ’'FontSize’ 22, FontName’,’ Times New Roman’)

230 grid on;

231

232 figure (3)

233 plot (T_1,Y_1(:,4)

234 hold on

235 plot (T2,Y_2(:,4), color’,’g"’)

236 hold on

237 plot (T-3,Y3(:,4), color’,’b’)

238 hold on

239 plot (T 4,Y._4(:,4), color’,’¢c’)

240 xlim ([3 40])

241 ylim ([0 2000])

242 xlabel(’calendar weeks from week 24 (June 14th) 2021°);

243 ylabel(’size of C(t)’);

"color’,’k’)
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legend (sprintf(’ql=%g’, ql_1),sprintf(’ql=%g’, ql.2) ,sprintf(’ql=%g’, ql.3),
sprintf(’ql=%g’, ql_4)); set(gca, 'FontSize’ 22, FontName’,’ Times New Roman’)

grid on;

figure (4)

plot (T_1,Y_1(:,5), color’,’k’)
hold on

plot (T2,Y.2(:,5), color’,’g’)
hold on

plot (T3,Y.3(:,5), color’,’b")
hold on

plot (T 4,Y.4(:,5), color’,’¢c”’)
xlim ([3 40])

ylim ([100000 170000])

xlabel(’calendar weeks from week 24 (June 14th) 20217);

ylabel (’size of D(t)’);

legend (sprintf(’ql=%g’, ql_1),sprintf(’ql=%g’, ql1.2) ,sprintf(’ql=%g’, ql.3),
sprintf(’ql=%g’, ql-4));

set (gca, ’FontSize’,22, ’FontName’,’ Times New Roman’)

grid on;

B.8 Compartment Size Prediction (SVID Age Group Model)

close all

clear all

% n changeable; the MIN program must output the wvector optimized_params
optimized_params = MIN AGEGROUPS1(100) ;

ql=optimized_params (1
q2=optimized_params (2
(3

q3=optimized_params

)
)
)
epsl=optimized_params (
eps2=optimized_params (
eps3=optimized_params (
beta=optimized_params (

% used fizxed parameter wvalues:
mul=0.000001045;
mu2=0.0000196;

mu3=0.000198;

vl_a=0.00139;

vl_b_1=13;

v2_a=0.00992;

v2_b_1=28;
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26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51

52
53
54
55

56
57

58
59

60
61
62
63
64
65
66
67

v3_a=0.076;
v3_b_1=33;
T1=2.214%0.5;
T2=2.214;
T3=2.214%2.5;
M1=0.000373;
M2=0.000807;
M3=0.0236;
c1=60;

c2=80;

c3=65;

% alternatives to obtain different plots:

vli b 2 = 11; % first alternative walue for the wvaccination parameter for vil_b
v2. b 2 = 25; % first alternative walue for the wvaccination parameter for v2_b
v3_.b_2 = 30; % first alternative wvalue for the wvaccination parameter for v3_b
vl b3 = 8; % second alternative wvalue for the wvaccination parameter for vi_b
v2. b3 = 18; % second alternative wvalue for the wvaccination parameter for v2_b

v3_.b_.3 = 24; % second alternative value for the waccination parameter for v3_b

% compute the error with this given parameters
err=ERROR_AGEGROUPS1 (optimized_params) ;

disp ([ ’error = 7, num2str(err)]) ;

% initial wvalues for calendar week 26 in 2021
init_data =
[13470510,35890890,19727940,6539,26576,45224,104395,521974,1461526,16,16309,99065];

weeks=1:150;
% solve system of ODEs:
[T-1,Y-1] = oded5(Q(t ,W)ODEAGEGROUPS1(t ,W,mul,mu2,mu3,vl_a,v2.a,v3.a,vl_b_1,
v2_b_1,v3_b_1 beta,cl,c2,c3,ql,q2,q3,M1,M2,M3,T1,T2,T3,epsl ,eps2,eps3) ,...
weeks ,init_data (1,1:end)’);
[T-2,Y.-2] = ode45(Q(t ,W)ODEAGEGROUPS1(t ,W,mul,mu2,mu3,vl_a,v2.a,v3.a,vl_b_2,
v2_b_2 ,v3_b_2  beta,cl,c2,c3,ql,q2,q3,M1,M2,M3,T1,T2,T3,epsl ,eps2,eps3) ,...
weeks ,init_data (1,1:end)’);
[T3,Y.3] = oded5(Q(t ,W)ODE AGEGROUPSL(t ,W,mul ,mu2,mu3,vl_a,v2_a,v3.a,vl_b_3,
v2_b_3,v3_.b_3 ,beta,cl,c2,¢3,ql,q2,q3,M1,M2,M3,T1,T2,T3,epsl ,eps2,eps3d) ,...

weeks ,init_data (1,1:end)’);
figure (1)
plot(T_1,Y_1(:,7),’color’,’b")
hold on
plot(T_1,Y_1(:,8),’color’,’r")
hold on
plot(T_1,Y_1(:,9), color’, k")
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hold on
plot(T_2,Y_2(:,7)

"color’,’'m’)

hold on

plot (T_2,Y_2(:,8),’color’,[0 0.5 0])
hold on

plot(T_2,Y_2(:,9), color’,[1 0.6 0.4])
hold on

plot (T3,Y3(:,7),’color’,’¢c”’)

hold on

plot (T3,Y.3(:,8), color’,’g")

hold on

plot (T3,Y3(:,9), color’,’y"’)

xlabel(’calendar weeks from week 26 in 2021 (June 28th)’);

ylabel(’size of vaccinated compartment’);

xlim ([3 80])

ylim ([0 40000000])

legend ("V_1(t) (0—-19), v_b_1’, ’V_2(t) (20-59), v_b_1’, "V.3(t) (60+), v_-b_1’, ~’
V_1(t) (0-19), v.b_27, "V.2(t) (20—59), v_b_-2’, "V.3(t) (60+), v_b_2’, V_1(t
) (0-19), v_b_37, *V_2(t) (20-59), v_b_3", *V_3(t) (60+), v_b.37);

set (gca, ’FontSize’ ,22, 'FontName’,’ Times New Roman’)
grid on;

figure (2)

plot (T_1,Y_1(:,10), ’color’,’b")

hold on

plot(T_1,Y_1(:,11), color’,’r")

hold on

plot (T_1,Y_1(:,12),’color’,’k’)

hold on

plot(T_2,Y_2(:,10), ’color’,’'m’)

hold on

plot(T_2,Y_2(:,11),’color’,[0 0.5 0])
hold on

plot (T_2,Y_2(:,12), color’,[1 0.6 0.4])
hold on

plot (T3,Y.3(:,10), color’,’¢c’)

hold on

plot (T3,Y.3(:,11), color’,’g")

hold on

plot (T3,Y.3(:,12), color’,’y")

xlabel(’calendar weeks from week 26 in 2021 (June 28th)’);

ylabel (’size of deceased compartment’);

xlim ([3 30])

ylim ([0 150000])

legend ('D_1(t) (0—19), v_b_1’, 'D_2(t) (20—59), v_b_1’, 'D3(t) (60+), v_b_1’, °
D_1(t) (0-19), v_b.27, "D_2(t) (20-59), v_b_2’, *D_3(t) (60+), v_b_2’, "D.1(t
) (0-19), v_.b_3’, 'D2(t) (20-59), v_.b_3’, 'D3(t) (60+), v_-b_37);

set (gca, ’FontSize’ ,22, FontName’, Times New Roman’)

179



112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136

137
138

© 0 N o U W N

_ = =
N = O

grid on;

figure (3)

plot (T_1,Y_1(:,4),’color’,’b’)

hold on

plot (T_1,Y_1(:,5), color’,’r")

hold on
plot(T_1,Y_1(:,6),’color’,’k"”)

hold on

plot(T_2,Y_2(:,4), ’color’,’'m’)

hold on

plot(T_2,Y_2(:,5), color’,[0 0.5 0])
hold on
plot(T_2,Y_2(:,6),’color’,[1 0.6 0.4])
hold on

plot (T3,Y.3(:,4), color’,’¢c’)

hold on

plot(T3,Y.3(:,5), color’,’g")

hold on

plot (T3,Y.3(:,6), color’,’y"’)

xlim ([3 30])

ylim ([0 300000])

xlabel(’calendar weeks from week 26 in 2021 (June 28th)’);

ylabel(’size of infected compartment’);

legend ("T_1(t) (0—-19), v_b_17,’1_2(t) (20-59), v_b_1’,’1_.3(t) (60+), v_-b_1’, ~’
1_1(t) (0—19), v_-b_27,°1.2(t) (20-59), v_b_27,’1.3(t) (60+), v_b_2", "I1.1(t)
(0-19), v_b_3’,°1.2(t) (20-59), v_b_3’,°1.3(t) (60+), v_-b_3’);

set (gca, ’FontSize’ 22, 'FontName’, Times New Roman’)

grid on;

B.9 Computation of the Basic Reproduction Number

and Sensitivity Indices

syms p beta_11 beta_12 beta_21 beta_22 gammal gamma2 mu beta ¢ q omegal omega2
omega3d omegad eta xi lambdal lambda2 lambda3 thetaE thetaEI epsl epslIl epsAl
epsA  eps_I epsH epsC psiU psil psill gammaU gammal gammall rho phi vl v2

%% computation of NGM for SVIHCDR model (S, V, D, R are dropped)
% 1 HC
Tl = | betaxcx(l—q)*epsl betaxcx(l—q)*epsH  betaxcx(l—q)*epsC ;
000
000 3] ;
El = [ —(mwlomega2+eta) 0 0
eta —(mutxi+omegad+lambdal) 0

0 xi —(muwtlambda24omegad) ; | ;

Kl = -T1 * inv(El); % NGM
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13 eig(K1); % RO

14

15 %% computation of NGM for SARS-CoV—2-fitted model (S, Sq, V, D, R are dropped)
16 % E EIA AI'IU II HC

17 E2=] —psiU—psil—=mu 0 0 0 0 0 O O;

18 0 —psill—=mu 0 0 0 0 O O;

19 psiU 0 —gammal-gammalU—mu 0 0 0 0 0;

20 psil psill 0 —gammall-mu 0 0 0 O;

21 0 0 gammaU 0 —rho—omegal—lambdad—mu 0 0 O;

22 0 0 gammal gammall rho —omega2—eta—mu 0 0;

23 00000 eta —omegad—xi—lambdal—-mu 0;

24 000000 xi —omegad—lambda2—mu; |;

25

26 T2=[0 0 thetaEIxepsA thetaEIxepsAl thetaEl thetaEIxepsII thetaEIxepsH thetaEIx
epsC;

27 0 0 thetaExepsA thetaExepsAl thetaE thetaExepsIl thetaFExepsH thetaExepsC;

28 00 00O0O0O0 O

29 00 00O0O0O0 O

30 00 00O0O0O0 0y

31 00 00O0O0O0 0

32 00 0O0O0OO0O O0;

33 00 00O0O0O0 O

34

35 K2 =-T2 x inv(E2); % NGM

36 eig(K2); % RO

37

38 %% Computation of the Sensitivity Indices of the model parameters with reference
to the SVIHCDR model

39 diff_beta = diff(eig (K1) ,beta);

40 diff_c = diff(eig(K1l) ,c)

41 diff_q = diff(eig(K1l) ,q);

42 diff_eta = diff(eig(Kl),eta);

43 diff_xi = diff(eig(K1l),xi);

44  diff mu = diff(eig (K1) mu);

45 diff_om2 = diff(eig(Kl) ,omega2);

46 diff_om3 = diff(eig(K

47 diff_om4 = diff(eig(

(

(

b

1) ,omega3) ;
K1) ,omegad) ;
ig (K1) ,lambdal);

ig (K1) ,lambda2) ;

48 diff_lambdal = diff

e
49 diff_lambda2 = diff(e
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