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If you base medicine on science, you cure people.
If you base the design of planes on science, they fly.
If you base the design of rockets on science, they reach the moon.
It works... bitches.

– Richard Dawkins
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ABSTRACT

During the onset of the COVID-19 pandemic, both pharmaceutical and non-
pharmaceutical interventions (NPIs) were urgently required. However, assessing their
impact proved challenging due to the variability in individual viral load and disease
progression. Evaluating NPIs is even more complex as controlled studies are not
feasible and the rapidly evolving landscape of the pandemic introduces numerous
confounding factors. In such cases, mathematical modelling, including epidemiological
and pharmacometric approaches, offers valuable means to simultaneously investigate
multiple factors influencing these non-linear processes.

In this thesis, non-linear mixed-effects (NLME) modelling were employed to gain in-
sights into the COVID-19 pandemic across Germany´s federal states. The Susceptible-
Infected-Recovered model was adapted to assess the impact of age, sex, variant of
concerns (VOCs) and testing strategy on disease severity. Additionally, the spread
of SARS-CoV-2 among age groups was evaluated, considering the influence of school
holidays, remote schooling, VOCs and vaccinations. Furthermore, a pharmacokinet-
ic/pharmacodynamic model was developed to compare the effects of azelastine nasal
spray to placebo on viral load and COVID-19 symptoms.

In conclusion, this thesis demonstrates how NLME modelling can effectively address
complex processes like pandemic spreading and disease progression, offering valuable
insights into the factors impacting these dynamics at both individual and population
levels.
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ZUSAMMENFASSUNG

Die COVID-19 Pandemie erforderte die schnelle Erforschung effektiver Behandlungs-
möglichkeiten und nicht-pharmazeutischer Interventionen (NPIs). Allerdings erschweren
individuelle Schwankungen der Viruslast und Krankheitsschwere die Untersuchung po-
tentieller Arzneistoffe. Noch komplexer gestaltet sich die Bewertung von NPIs, da keine
kontrollierten Studien möglich sind und sich die Bedingungen, unter denen die Pandemie
sich entwickelt, ständig ändern. Epidemiologische und pharmakometrische Modellierung
ermöglicht die gleichzeitige Untersuchung multifaktorieller, nicht-linearer Prozesse und
trägt so zur Klärung dieser Fragestellungen bei.

In dieser Arbeit wurde die COVID-19 Pandemie in den deutschen Bundesländern mit-
tels nichtlinearer gemischte-Effekt (NLME) Modelle beschrieben. Das SIR Modell, das
die Bevölkerung in Empfängliche, Infizierte und Genesene aufteilt, wurde um den Einfluss
von Alter, Geschlecht, Virusvariante (VOC) und Teststrategie auf die Krankheitsschwere
erweitert. Zudem wurde die Ausbreitung von SARS-CoV-2 zwischen Altersgruppen mit
Fokus auf den Einfluss von Schule, VOC und Impfungen untersucht. Außerdem wurde
mittels Pharmakokinetik/-Dynamik-Modell der Einfluss von Azelastin auf Viruslast und
Symptomstärke von COVID-19 Patienten mit Placebo verglichen.

Diese Arbeit zeigt, wie NLME Modellierung komplexe Prozesse von Krankheitsaus-
breitung und -verlauf auf individueller und Populationsebene abbilden und dadurch we-
sentlich zur ihrer Aufklärung beitragen kann.
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INTRODUCTION 1
1.1 Motivation

Since the emergence of the new severe acute respiratory syndrome coronavirus type
2 (SARS-CoV-2) in December 2019, the virus rapidly spread worldwide, causing a pan-
demic with more than 770 million confirmed infections which resulted in more than 7
million deaths as of October 2024, according to the World Health Organization (WHO)6.
SARS-CoV-2 is a highly transmissible ribonucleic acid (RNA) virus that belongs to the
group of pathogenic coronaviruses7. While individuals of all ages are susceptible to in-
fection, clinical manifestations of the coronavirus disease (COVID-19) vary by age with
children and younger patients often experiencing asymptomatic infections or mild disease
courses7.

The most common COVID-19 symptoms, occurring in more than 25% of patients,
include fever, cough, fatigue, dyspnoea, and the presence of sputum8. Patients with
severe or critical symptoms suffer from low oxygen saturation due to lung damage,
requiring intensive care treatment with oxygen supplementation, mechanical ventilation
or extracorporeal membrane oxygenation (ECMO)9.

SARS-CoV-2 spreads efficiently because the peak viral load coincides with the time
of symptom onset, and infected individuals can transmit the virus during the presymp-
tomatic stage7,10. This means that even if patients quarantine as soon as they experience
COVID-19 symptoms, the disease can still spread efficiently. At the beginning of the
pandemic, the basic reproduction number (R0) of the SARS-CoV-2 wild type was esti-
mated to be 2.87, indicating that each infected person, on average, spreads the disease
to 2.87 more individuals, leading to an exponential growth of infections11.

Conclusively, the emerging virus combined concerning characteristics: (i) a high repro-
ductive number, (ii) causing severe disease with life-threatening complications and (iii)
poor responsiveness to available treatments. This combination led hospitals to quickly
reach their capacity limits, at times even necessitating the cancellation of elective surg-
eries to cope with the overwhelming influx of COVID-19 patients11,12.

Therefore, gathering scientific knowledge to understand and contain the spread of
SARS-CoV-2 was of critical importance. A thorough understanding of transmission
mechanisms was essential for effective disease management. In particular, the recognition
that SARS-CoV-2 spreads via airborne transmission of aerosols prompted the widespread
use of filtering face piece-2 (FFP2) masks to disrupt infection chains13,14. Based on this
evidence, the wearing of FFP2 masks in German public places soon became mandatory,
significantly impacting the transmission of SARS-CoV-215.
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1 . Introduction

In order to protect the population effectively, potential influencing factors affecting
disease course and viral transmission needed to be investigated. Figure 1.1 provides an
overview of the various factors, highlighting the challenges and research questions that
arose with the emergence of SARS-CoV-2.
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Figure 1.1: Visual representation of impacting variables during the pandemic and math-
ematical models used to answer arising research questions.

When investigating impact factors, mathematical modelling plays a crucial role, as it
enables the simulation and prediction of complex biological systems and disease dynam-
ics. For example, viral replication models (Figure 1.1, left side) can provide valuable
insights into covariates modulating the individual disease course and are a powerful
tool to evaluate the dose-exposure-response relationship of antiviral drugs16. As such,
pharmacometric modelling provides a quantitative framework that has been successfully
employed for decades and is appreciated by regulatory authorities17,18.

In public health, epidemiological models are highly valuable for identifying factors that
influence the transmission trajectories of pathogens19. While these models are broadly
applicable to various infectious diseases, in our case, they were specifically employed to
study the COVID-19 pandemic. Epidemiological modelling allows for the analysis and
prediction of the pandemic’s progression on a population scale (Figure 1.1, right side),
which can help to optimize resource allocation20. Furthermore, these models enable sim-
ulations to predict future trajectories under different scenarios, significantly enhancing
our understanding of pandemic dynamics – especially given the common human tendency
to underestimate exponential growth21. Here, visualization of simulated trajectories can
be crucial for effective science communication and to explain the need for precautionary
measures to the general public19.
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1.2. COVID-19 PREVENTION

1.2 COVID-19 Prevention

To prevent the spread of diseases, control strategies can be categorized into a ’high-risk’
approach, which focuses on protecting individuals at high risk for severe disease, and the
’population’ approach, which aims to decrease the overall incidence22. Both approaches
were adopted in managing the SARS-CoV-2 pandemic in Germany. Especially during
2020, when vaccinations and rapid tests were not yet available, non-pharmaceutical inter-
ventions (NPIs) were of vital importance23. Initially, NPIs centred on limiting personal
contacts, targeting both the high-risk elderly and medically vulnerable population with
strict visitation restrictions in hospitals and retirement homes, as well as the general
population through the closure of schools, remote teaching and the closure of leisure
facilities such as restaurants or sports facilities. When it became evident that wearing
face masks could reduce the risk of infection in spaces where close personal contact was
unavoidable24, NPIs were extended to include the mandatory wearing of FFP2 masks in
enclosed public places, such as doctor’s offices or public transportation.

With the availability of COVID-19 vaccinations and rapid testing, NPIs evolved into
more complex rule systems, where access to various facilities was bound to the presen-
tation of vaccination certificates or negative rapid test results.

The first vaccinations against COVID-19 were approved in August 2020: CoronaVac by
Sinovac Biotech for military use in China25 and Sputnik V for emergency use in Russia26.
In Europe, BNT162b2, developed by BioNTech and Pfizer, was the first COVID-19
vaccine for which the European Medicines Agency (EMA) recommended conditional
marketing authorisation27. The second approval of a COVID-19 vaccine in Europe soon
followed with ChAdOx1nCov-19 by Oxford-AstraZeneca – authorized for individuals
older than 18 years28. In Germany, the most used COVID-19 vaccines were BNT162b2,
ChAdOx1nCov-19, mRNA-1273 by Moderna and Ad26.COV2-S by Janssen with 164.7,
37.7, 14.4 and 5.4 million doses administered as of April 2023, respectively29.

Throughout the pandemic, mutations of the virus gave rise to various lineages, some
of which were classified as variant of concerns (VOCs). Mutations occur naturally as the
virus replicates, introducing genetic changes that can occasionally enhance transmissi-
bility, immune evasion, or other viral properties. A mutation or lineage is usually defined
as a VOC when it exhibits reduced neutralization by antibodies generated from a previ-
ous infection or vaccination, reduced efficacy of treatments or diagnostic tests, increased
transmissibility, or increased disease severity30. For SARS-CoV-2, these attributes often
arise when one or more mutations alter the spike protein, a surface glycoprotein critical
for viral entry into host cells and the primary target of most COVID-19 vaccines31,32.

Early mutations in the spike protein for VOCs Alpha, Beta, Gamma and Delta had a
relatively small impact on the effectiveness of first-generation COVID-19 vaccines33,34,35.
For the VOC Delta, vaccinations showed low efficacy against infection yet high efficacy
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1 . Introduction

against severe disease, and booster vaccinations substantially increased overall efficacy34.
However, with the arrival of Omicron – a VOC that contained 50 mutations, with at
least 30 mutations affecting the spike protein33, antibodies produced via first-generation
vaccinations were more likely to be ineffective, necessitating the development of new,
bivalent vaccinations against different subvariants of this VOC36.

A general observation for all vaccinations was a time-dependent decrease in effec-
tiveness, underscoring the need for regular booster vaccinations37,38. Furthermore, the
decline in neutralizing antibodies over time significantly correlated with reduced effec-
tiveness against symptomatic and severe COVID-19 after infection with various VOCs38.

In summary, studying the impact of NPIs and vaccinations on the individual or pop-
ulation risk of infection is a complex task, as it is impossible to conduct studies in a
controlled environment with a defined individual risk of infection39. Additionally, the
population’s perception of disease and infection risk plays a substantial role in behaviour
change and adherence to NPIs40. Therefore, observed infection numbers are influenced
not only by the general prevalence of infections at a given time but also by individual
behaviors such as adherence to public health measures, and the emergence of new VOCs,
which may exhibit altered transmissibility or immune evasion. These dynamic variables
introduce significant uncertainty into predictive models of pandemic trajectories, par-
ticularly when multiple scenarios – such as varying levels of public health intervention,
vaccine uptake, or the emergence of new variants – must be considered. As a result,
accurate forecasting requires sophisticated models that account for these complex, in-
terdependent factors.

1.3 COVID-19 Treatment

Treatment options for COVID-19 target either the virus through antiviral activity or
antibody therapy, or the host’s response to infection, including inflammation, throm-
bosis, acute respiratory distress syndrome (ARDS), and renin–angiotensin–aldosterone
system (RAAS) activation41.

Anti-inflammatory agents are beneficial for COVID-19 patients, as hyperinflamma-
tion processes play a critical role in the pathophysiology of severe cases41. Effective
treatments include the glucocorticoid dexamethasone, the humanized monoclonal anti-
body tocilizumab, which targets the IL-6 receptor, and the Janus kinase (JAK) 1 and 2
inhibitor baricitinib41,42.

Several antiviral drugs have shown efficacy against SARS-CoV-2, such as remdesivir
and paxlovid. Remdesivir is a prodrug nucleoside analogue with antiviral activity against
many RNA viruses41. Paxlovid is the combination of nirmatrelvir and ritonavir; nirma-
trelvir inhibits the main protease of SARS-CoV-2 that cleaves polyproteins during viral
replication, while ritonavir serves as a cytochrome P450 (CYP) 3A4 inhibitor, reducing
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1.3. COVID-19 TREATMENT

the metabolism of nirmatrelvir41.
Other treatment options, such as the passive immunization with pathogen-specific

monoclonal antibodys (mAbs), were evaluated for COVID-19 patients. However, while
mAbs can be valuable for the treatment of infectious diseases particularly in immuno-
compromised patients41, current studies show a lack of benefit of mAbs for COVID-19
patients41.

Hypoxaemic respiratory failure is the leading cause of critical illness and death in
COVID-19 patients41. Therefore, alongside pharmacological interventions, adequate
oxygen delivery is crucial41. Patients with hypoxaemic respiratory insufficiency may
require high flow nasal cannula, continuous positive airway pressure or non-invasive ven-
tilation. Those with severe hyoxaemia require invasive mechanical ventilation42. In the
most severe cases, ECMO may be considered the ultima ratio, serving as a life-saving
intervention when all other treatments have failed41.

1.3.1 Azelastine

Given the multifactorial nature of COVID-19 treatment and the limited available op-
tions, the search for effective therapies extended to include drugs already approved for
other diseases (drug repurposing). Azelastine emerged as a candidate in a retrospective
study using data mining of electronic health records43. This study found a significantly
lower rate of SARS-CoV-2 infections among patients older than 60 years with a his-
tory of therapy with azelastine in comparison with patients without previous azelastine
treatment (odds ratio 0.41, p=0.001)43.

Azelastine is a well-tolerated histamine-1 receptor antagonist44. Its anti-inflammatory
effects are achieved through mast cell stabilization and the inhibition of leukotriene C4
and pro-inflammatory cytokine production44,45. It is primarily used to treat seasonal
or perennial allergic rhinitis via nasal spray formulation at a concentration of 0.1% w/v
and has been approved for this application for more than 30 years. Hence, its side effect
profile, including headache, sleepiness, change in taste, and sore throat is well known46.

Further in vitro studies found that azelastine inhibits the interaction between the
SARS-CoV-2 spike protein and the ACE2-receptor47, potentially blocking the virus’s
entry into cells. In silico studies also identified an interaction with the main protease of
SARS-CoV-248,49, which was confirmed by a kinetic activity assay48.

General antiviral activity in vitro was demonstrated using Vero E6 cells, with an EC50

of approximately 6 µM43,50. An in vitro model of reconstituted human nasal tissue pro-
vided evidence for almost complete inhibition of viral replication within 72 hours after
SARS-CoV-2 infection by treatment with a 0.02% w/v azelastine solution, which corre-
sponds to a five-fold dilution of the commercially available nasal spray formulation51.

Following these promising results, a study investigated the effect of azelastine in
SARS-CoV-2 positive patients45. Patients received placebo, 0.02% or 0.1% azelastine

5



1 . Introduction

nasal spray for 11 days, during which the viral load was assessed using quantitative
polymerase chain reaction (PCR). Moreover, COVID-19 related symptoms were docu-
mented using electronic diaries45. While the viral load was reduced in all groups after
treatment (p<0.0001), this effect was more pronounced in the 0.1% group compared to
placebo (p=0.007)45. Patients with an initial Ct<25 showed a significantly reduced viral
load on day 4 in the 0.1% azelastine group compared to placebo (p=0.005)45. In both
azelastine treated groups, PCR results were negative earlier and more frequently45. At
the same time, no unexpected adverse events occurred in all treatment groups45.

1.4 Model-Informed Drug Discovery and Development

In recent years, the term model-informed drug discovery and development (MID3) has
been established to describe the implementation of a quantitative framework aimed at
enhancing the decision-making quality during drug development52. MID3 integrates
mathematical models that describe compound, mechanism, and disease-level data to
generate knowledge and inform drug development decisions52.

Within this framework, pharmacometrics plays a crucial role by developing and ap-
plying mathematical and statistical models to characterize, understand and predict the
pharmacokinetics, pharmacodynamics and disease progression53. Pharmacometric mod-
elling is a well-established tool for assessing treatment effectiveness and has been en-
dorsed by public agencies such as the EMA in Europe as well as the Food and Drug
Administration (FDA) in the US54,55.

Pharmacokinetic/pharmacodynamic (PK/PD) modelling typically follows a dose-
exposure-effect-efficacy approach. It describes drug concentration in relation to dosing
and the drug´s absorption, distribution, metabolism, excretion (ADME) properties.
The concentration is then linked to biomarkers or outcomes associated with clinical
efficacy and/or safety. During pharmacokinetic (PK) model development, the biological
system is divided into a series of well-stirred compartments. Each compartment
represents a combination of tissues and/or organs that are pharmacokinetically distinct
but assumed to be in rapid equilibrium regarding drug concentrations. The mass
balance of the drug within each compartment is described by one or more ordinary
differential equations (ODEs). These ODEs account for the rates of drug absorption,
distribution, metabolism, and excretion between compartments, effectively modelling
the dynamic changes in drug concentration over time.

In addition to modelling drug concentrations, PK/PD models incorporate pharma-
codynamic responses to capture the relationship between drug concentration and its
therapeutic or toxic effects. This is often achieved by linking the PK model to a
pharmacodynamic (PD) model using additional ODEs or mathematical functions that
describe the drug’s effect on biological targets, such as receptors or enzymes. These

6



1.5. INFECTIOUS DISEASE MODELLING

PD models can represent mechanisms like receptor binding, signal transduction, or gene
expression, effectively modelling the dynamic changes in both drug concentration and
physiological response over time.

PK/PD models aim to represent biological systems with varying levels of complexity,
depending on their specific purpose, methodology and available data: Empirical models
are primarily descriptive, based solely on observed concentrations rather than underlying
physiological processes. Semi-mechanistic models, such as viral replication models, cap-
ture key biological processes but remain simplified in comparison to mechanistic models
such as physiologically-based pharmacokinetics (PBPK) or Quantitative Systems Phar-
macology (QSP) models. These aim to closely reflect biological systems and require
extensive knowledge of the underlying physiological processes. PBPK modelling uses
pre-existing knowledge regarding the constitutive physiology and drug-specific proper-
ties to simulate complex drug behaviour in the body, predicting drug concentration and
distribution in various organs and tissues in the body over time56. By integrating dis-
ease biology and physiological systems with data on drug properties, QSP allows for
simulation and prediction of drug behaviour in complex biological systems. It accounts
for multiple factors influencing drug response, such as molecular interactions, cellular
signalling pathways, and organ function57.

1.5 Infectious Disease Modelling

Research questions raised during the COVID-19 pandemic can be addressed through
infectious disease modelling on two levels: (i) between-host transmissions which includes
population risks of severe disease and (ii) within-host disease dynamics, which covers vi-
ral replication and symptom occurrence58. With increasing knowledge, the link between
within-host and between-host dynamics can be approximated by calculating transmis-
sion risks based on an individual´s viral load59.

During epidemics and pandemics, modelling can serve several purposes. It can provide
real-time estimates of disease severity at individual levels, help to predict the propor-
tion of infections that will require intensive medical care, or offer risk assessments for
individual patients to inform triage60. Additionally, modelling can offer insights into the
expected size of epidemics and pandemics based on initial growth rates and the impact
of both pharmaceutical and non-pharmaceutical interventions60.

1.5.1 Epidemiologic Modelling

In epidemiology, mathematical modelling is crucial for understanding and controlling the
spread of infectious diseases and managing health resources61. Accordingly, the basic
Susceptible-Infected-Recovered (SIR) model, which divides the population into suscep-
tible, infected and recovered individuals, was already developed nearly 100 years ago
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and to this day serves as the basis for many epidemiological model adaptations60,62.
Epidemiologic models usually use basic assumptions, collected statistical data and in-
formation on the number of infections, vaccination effects, and the impact of NPIs61.
These models estimate the effects of variables that are difficult to quantify otherwise
and predict future infection patterns under varying assumptions61.

Epidemiologic modelling is usually performed using either deterministic or stochastic
models61. Deterministic models are suitable for large populations and are often de-
picted as compartmental models described by differential equations. In these models,
the population is stratified into different stages of the infection-outcome cascade, such
as susceptible, infected, recovered, or deceased. While individuals move through these
stages, the model’s input variables are static, meaning the disease course is assumed the
same for every individual. Hence, deterministic models show how infections progress on
average and work best for large populations61.

Stochastic models, such as agent-based models, include random variables, focusing on
the probability distributions of individual scenarios, such as the risk of exposure. For
example, they can depict that the transition between stages can occur after a variable
amount of time for each individual. Furthermore, as network-based models, they allow
for the incorporation of specific individual traits, such as age-dependent contact patterns.
Hence, each simulation yields a unique outcome due to stochastic fluctuations. Therefore,
the calculation of median outcomes requires numerous simulations which renders this
method computationally expensive. However, these simulations offer higher accuracy
for smaller populations compared to deterministic models63.

For large populations, the outcomes of many stochastic model simulations align with
those of deterministic models. Stochastic models are thus employed when random vari-
ations are expected to have a significant impact on the outcome, which is common for
smaller populations, localized outbreaks, and rare diseases. Here, simulating random
fluctuations reduces the likelihood of local extinction during an outbreak61.

During the COVID-19 pandemic, multi-level non-linear mixed-effects (NLME) ap-
proaches gained popularity in epidemiological modelling64 as they allow to account for
the complex interplay of variability between levels of interest and thereby provided a
framework for more precise analyses and more fine-grained identification of the pan-
demic´s dynamics. For example, analysing the variability of the effective reproductive
number (Rt) over time and comparing it to current NPIs and vaccination rates, which
varied between federal states in Germany, resulted in more accurate estimates of their
effectiveness.

1.5.2 Viral Load Modelling

Mathematical models are powerful tools for analysing within-host disease dynamics of
viral infections. They provide insights into viral pathogenesis at various scales: intracel-
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1.5. INFECTIOUS DISEASE MODELLING

lular interactions between viruses and host cells, extracellular interactions between the
virus, infected and healthy cells, and the spread of viruses between organs or organisms65.

For SARS-CoV-2 infections, viral load models on extracellular scales have proven par-
ticularly useful in linking viral load to disease severity and infection timing66. These
models capture the non-linear dynamics of viral load over time within a host, account-
ing for viral count, infected and healthy cells, as well as the immune response. They can
capture the key processes during viral infection, including host cell infection, virus repli-
cation and the death of infected cells. These basic models can be extended to various
degrees, for example, to include the effects of the innate and adaptive immune systems.

Furthermore, viral load models can be used to estimate and describe the impact of
anti-viral drugs based on their modes of action and their target of the virus replication
cycle, such as cell entry or viral replication. By doing so, they support the evaluation of
treatment options and the understanding of drug resistance65.
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OBJECTIVES 2
This thesis aimed to gain insights into the course of the COVID-19 pandemic in Germany
and the impact of different prevention methods and treatments. For this purpose, math-
ematical models were developed and applied to study the trajectory of SARS-CoV-2
infections and the disease course in dependence of NPIs in Germany, followed by an
in-depth analysis of the spread of the disease between different age groups with a focus
on the effect of vaccinations. Finally, to gain more detailed insights into the individ-
ual course of the disease, the impact of azelastine nasal spray treatment on COVID-19
biomarkers and symptoms was evaluated.

2.1 Project I: COVID-19 Hospitalizations and Deaths

The aim of this work was to establish an epidemiologic model that depicts the trajectory
of the COVID-19 pandemic in Germany. The model was developed to describe the
number of SARS-CoV-2 infections and the resulting COVID-19 inpatients, intensive care
unit (ICU) patients with and without the need for mechanical ventilation, recoveries,
and fatalities for Germany’s 16 federal states and validated using the case incidence
data of the 400 districts. The model was established at the beginning of the pandemic
with the aim to successively adapt it the changing pandemic landscape. Therefore, it
considers the dynamics of infectiousness, the severity of the disease due to new VOCs,
and advances in therapy options and vaccination programs. Furthermore, the impact
of testing strategy, age, sex, and VOC emergence was evaluated as covariates on the
fractions of hospitalized patients, ICU patients, and deaths.

2.2 Project II: COVID-19 Spreading in Different Age Groups

The aim of this work was to investigate the impact of NPIs, VOCs, and vaccinations
on the spreading of SARS-CoV-2 within different age groups. The main objective of
this work was to quantify the impact of NPIs which focuses on certain age groups, such
as the closing of schools and remote schooling, in comparison to NPIs with an impact
on the total population, such as travel restrictions. Furthermore, the impact of school
closure during school holidays was compared to school closure with remote schooling.
Finally, the impact of vaccinations was evaluated. The German vaccination program
focused on protecting the older population first, as these are more susceptible to severe
disease. Hence, by a time-dependent analysis, the impact of vaccinations could also be
studied in dependence of the vaccination rates in each age group at each time point.
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2.3 Project III: Azelastine Effect on SARS-CoV-2 Viral Load

The aim of this work was to first develop a PK model for azelastine which could then
be used for the development of PK/PD models to compare the impact of placebo to
azelastine on the individual SARS-CoV-2 viral load and COVID-19 disease course. Fur-
thermore, the impact of the covariates on viral load, infectivity, and symptoms was
explored. Finally, the model was used to simulate the impact of preventive treatment
with azelastine on the transmission risk of SARS-CoV-2.
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METHODS 3
3.1 Non-Linear Mixed-Effects Modelling

Non-linear mixed-effects (NLME) modelling techniques are a powerful tool to anal-
yse pooled data from individual experimental units with multiple measurements67. In
projects I and II of this work, the experimental units were German federal states and
districts while the experimental unit in project III was individual patients, which is the
standard experimental unit in population PK/PD modelling.

The "non-linear" aspect of NLME modelling refers to the description of patterns as
changes of trends over time in a non-linear fashion68,69. The "mixed-effects" compo-
nent comprises the combination of fixed and random effects. Fixed effects represent
the overall population trends and are dependent on known factors such as the dose and
time. Random effects, on the other hand, capture variability on different levels, includ-
ing inter-individual (IIV), inter-occasion, and residual variability68,69. IIV accounts for
differences between individuals, enabling the simultaneous investigation of patient- or
study-specific characteristics67. By distinguishing between inter-individual and residual
variability, NLME modelling allows the analysis of data measured with error. It en-
ables the evaluation and quantification of the impact of covariates such as demographic
characteristics, lab results, and co-medication67. This dual consideration of fixed and
random effects allows for a nuanced understanding of the underlying data.

Therefore, NLME models typically consist of three submodels: The structural, the
stochastic, and the covariate submodel, which are described in detail in sections 3.1.1
to 3.1.3. Figure 3.1 visualizes the role of each submodel in explaining the data.
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Figure 3.1: Visual representation of the concept behind the structural, stochastic, and
covariate submodels for exemplary concentration-time profiles.
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By evaluating data from all experimental units simultaneously, NLME modelling fa-
cilitates the analysis of data from studies with varying individual profiles and sampling
times, accommodating unbalanced studies or datasets with missing data. Moreover, it
supports the analysis of data from a few individuals with extensive sampling or many
individuals with sparse sampling.

Therefore, NLME modelling provides a comprehensive framework for analysing com-
plex datasets by incorporating variability at multiple levels and integrating covariate
information70. This approach is particularly advantageous for population studies, as it
enhances the understanding of how different factors influence the population and indi-
vidual responses, but has been gaining growing popularity in epidemiological modelling
during the COVID-19 pandemic64.

3.1.1 Structural Model

The structural submodel describes the relationship between dependent variables, such
as plasma concentration or drug effect, and independent variables, such as time, as a
function of the input such as the drug dose, and model parameters such as clearance
and volume of distribution. These models can either be empirical or mechanistic models
and are defined by fixed-effect parameters, denoted by the symbol θ. For example, for
the development of PK models, one-, two- and three-compartment models with linear
or saturable elimination are usually evaluated.

3.1.2 Stochastic Model

The stochastic submodel characterizes the variability in fixed-effects parameters and dis-
tinguishes between the inter-individual variability (IIV), inter-occasion variability (IOV),
and residual error.

IIV refers to the variation in fixed-effects parameters among individuals. This vari-
ability of a fixed effects parameter k within the studied population is represented by ηk,i

values. These ηk,i values are assumed to be symmetrically distributed with a mean of
0 and variance denoted by ω2

k
71. For stochastic model building, the IIV can be imple-

mented using different models as depicted in equations 3.1 - 3.3.

Additive variability model: ki = θk + ηk,i (3.1)

Proportional variability model: ki = θk × (1 + ηk,i) (3.2)

Exponential variability model: ki = θk × eηk,i (3.3)

The exponential model is most commonly used. Unlike the additive model, the expo-
nential model constrains the individual parameter ki to positive values. Compared to
the proportional model, the exponential model assumes a log-normal distribution of the
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individual parameters, which is often observed in parameters of biological systems with
low to moderate variability (5-30 %Coefficient of variation (CV))72,73.

IOV describes variation in fixed-effects parameters within an individual over different
occasions. IOV is typically considered when there is a reasonable expectation for a PK
or PD parameter to change over time within an individual.

The residual variability represents the deviation of measured values (obs) from the
predicted value (ipred). It is a random effects parameter that accounts for the variabil-
ity in the measured value due to imprecision. The random-effect parameter ϵi,j is also
assumed to be symmetrically distributed with mean 0 and variance σ2. The most com-
monly used stochastic models for the residual variability are the additive error model
(equation 3.4), which assumes a homoscedastic error with constant variance var(Cobs-
Cpred) and the proportional error model (equation 3.5), which poses a heteroscedastic
error with a constant Coefficient of variation var((Cobs-Cpred)/Cpred). Often, a com-
bined additive and proportional model is employed to account for both constant and,
proportional errors in the data.

Additive error model: obsi,j = ipredi,j + ϵi,j (3.4)

Proportional error model: obsi,j = ipredi,j × (1 + ϵi,j) (3.5)

3.1.3 Covariate Model

The covariate submodel aims to explain the IIV and thereby reduce the unexplained
IIV. Covariates typically include patient-specific or study-specific characteristics that
influence model parameters. These characteristics encompass demographic information
(e.g. age, sex, weight, and ethnic group), as well as clinical laboratory parameters (e.g.
albumin, aspartate transaminase), organ functions (e.g. estimated glomerular filtration
rate), genetics, disease stage, concomitant diseases, and medication. NLME modelling
also allows for the investigation of time-varying covariates74.

There are different procedures for covariate model building, all of which are based on
the statistical level of significance75,76. Covariates can either be selected through regres-
sion analysis comparing the individual model empirical bayes estimates (EBEs) to the
covariates or by stepwise inclusion of each potential covariate into the model76. When all
identified covariates are included in the model, the covariate analysis is usually concluded
by stepwise, univariate exclusion of covariates with a stricter level of significance76.

By incorporating relevant covariates, the covariate submodel enhances the explanatory
power of the NLME model, thereby providing a deeper understanding of the factors
influencing variability in the population.
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3.2 Infectious Disease Modelling

3.2.1 Epidemiologic Modelling

3.2.1.1 SIR models

In projects I and II, the SIR model was adapted to describe the number of German
inhabitants with confirmed SARS-CoV-2 infections. The SIR model divides the popu-
lation into three consecutive groups: the susceptibles (S) who can be infected by the
infectious (I) population, followed by the recovered (R) population which is no longer
infectious and has gained immunity. This most simple case example is described by a
system of three ODEs as depicted in Equations 3.6-3.8.

Susceptible: d/dt(S) = −β × I(t) × S(t) (3.6)

Infected: d/dt(I) = β × I(t) × S(t) − γ × I(t) (3.7)

Recovered: d/dt(R) = γ × I(t) (3.8)

Here, β is the disease transmission rate and 1/γ represents the mean infectious period.
Figure 3.2 visualizes the population transitioning through the three stages of the SIR
model.
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Figure 3.2: A: Schematic representation of the SIR model. B: Visual representation
of the time course of a viral infection spreading through a population as
described by the SIR model.

The SIR model can be expanded to include additional compartments as needed. One
common augmentation is the Susceptible-Exposed-Infected-Recovered (SEIR) model,
which additionally describes the exposed (E) population, which is infected but not yet
infectious.

Other extensions of the SIR model include additional compartments such as quar-
antined individuals that are physiologically infective but physically separated from the
susceptible population and thereby deprived of their potential to infect further indi-
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viduals. Furthermore, recovered and vaccinated individuals can be described as less
or not susceptible after their vaccination. Other expansions of the SIR model include
the stratification by treatment setting (inpatient vs. outpatient) or outcome (fatalities
vs. recoveries). The choice of stratification depends on the research question and data
availability to support the stratification.

In Project I, the population was stratified into susceptibles, infected (and infectious)
quarantined, and recovered individuals as well as fatalities. The quarantined population
was furthermore subdivided to ambulatory patients, inpatients, ICU patients, and ven-
tilated ICU patients. This deep stratification was enabled by the available data on the
number of German patients at each stage and supported by information on individual
inpatient disease courses.

In Project II, a less thorough stratification was used with respect to the individual
disease course, as the main focus was the spreading of SARS-CoV-2 between individuals
of different age groups. Therefore, the population was only stratified into susceptible,
infected, and quarantined individuals, however each of these stages was stratified by age
group.

3.2.1.2 Reproductive Number

When a system of SIR or SEIR differential equations is initialized by S(0)=S0, I(0)>0,
I(0)«S(0) and R(0)=0, the basic reproductive number (R0) is defined by Equation 3.977,
with S0 being the number of susceptible individuals in the population.

R0 = β × S0
γ

(3.9)

The value of R0 is defined as the number of secondary cases caused by one infected
individual in a fully susceptible, unvaccinated, and non-immune population and thereby
determines the outbreak dynamics: R0<1 leads to a decline in infections to zero, while
R0>1 results in an epidemic, which eventually subsides as the number of susceptible
individuals decreases. However, these conclusions are based on the assumptions that
(i) there is no birth rate contributing to the susceptible population and (ii) recovered
individuals have complete immunity against reinfection. Thereby, it poses a strong
simplification for most diseases.

After the initial outbreak, when the population is no longer fully susceptible, the
effective reproductive number (Rt) is used to describe the potential for disease spread
at time t78. Rt usually deviates from R0 and determines the potential for the spreading
of the pandemic at time t79. Rt accounts for the decline of susceptibles and the impact
of control measures such as public health interventions and vaccination. Regular re-
evaluation of Rt is essential to assess the effectiveness of these measures.

Various methods are available to determine Rt, which can be broadly categorized into
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mathematical and statistical approaches80. Mathematical methods, based on mechanis-
tic transmission models as discussed above, rely on background information such as the
latent period81.

Statistical methods rely on the serial interval (the time between symptom onset in
successive cases) and case notification data80,81. These methods calculate the likelihood
of one case i being infected by case j given their time difference between symptom
onset normalized for the likelihood of infection of case i by another case k82. The sum
of these likelihoods at each time then results in Rt82. While statistical methods only
require knowledge of the number of cases and the serial interval, they cannot implement
outbreak-specific information like changes of infectiousness due to VOCs80.

Both methods for determining Rt can be affected by underreporting of cases as well
as variability in testing infrastructure (e.g. due to general medical practices being closed
during weekends). To mitigate biases introduced by weekday fluctuations in case report-
ing of SARS-CoV-2, 7-day incidence rates were commonly reported. For example, the
German public health institute Robert Koch-Institute (RKI) evaluated Rt over 4- and
7-day periods83. To circumvent the daily fluctuations between weekdays, in Projects I
and II, NLME modelling techniques were used to describe the number of cases based on
mechanistic models, estimating time periods during which a constant Rt could explain
the number of cases.

3.2.2 Viral Load Modelling

For the description of individual viral load-time profiles on a population scale, the target-
cell limited model is the most extensively used model65. The minimal version of this
model consists of three ODEs which are depicted in equations 3.10 - 3.1265,84.

Target cells: d/dt(T ) = λ − d × T − β × V × T (3.10)

Infected virus-producing cells: d/dt(I) = β × V × T − δ × I (3.11)

Virus load: d/dt(V ) = π × I − γ × V (3.12)

In these equations, T represents the number of susceptible target cells, I represents the
infected target cells, and V represents the viral load, which are described in dependence
of the target cell death rate d, the target cell production rate λ, the infectivity rate β, the
death rate δ of infected cells, the virus production rate π and the virus elimination rate
γ65. This model assumes that intracellular processes can be neglected and the infection
is limited by the number of target cells. Figure 3.3 visualizes the time course of a virus
infection as described by the target-cell limited model.
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Figure 3.3: A: Schematic representation of the minimal target-cell limited model. B:
Visual representation of the time course of a viral infection described by the
minimal target-cell limited model.

The target-cell limited model is often extended by a latent (or ’eclipse’) phase (E), in
which cells are infected but not yet producing virions85. This phase can be necessary to
represent the initial time frame of infections adequately; however, it was not identified
as required for describing SARS-CoV-2 infections85. Other potential extensions of the
model include the description of refractory cells, which are target cells protected from
infection65.

The target-cell limited model can be extended to include an immune-response model.
In contrast to the target-cell limited model, immune-controlled models take into account
the regulation of the viral load through the host’s immune response. However, the
target-cell limited model usually describes viral load data of virus infections adequately
and has the advantage of a smaller number of model parameters which can be identified
based on viral load-time profiles alone84,86.

However, for an accurate description of the SARS-CoV-2 viral load over time, the
extension for an immune-response model is required85,87. Ideally, the immune-response
models differentiate between the innate and the adaptive immune responses88. The in-
nate immune response is the immediate response mediated by macrophages, cytokines
and chemokines and has a broad specificity. The adaptive immune response requires
the development of naive T- and B-lymphocytes into more specific immune cells, such
as CD8+ and plasma cells88. Due to its ability to generate an immunological mem-
ory, the adaptive immune response mechanisms are utilized in vaccinations. Numer-
ous modelling approaches with varying degrees of complexity have been described for
COVID-1985,87,88,89.

In Project III, a viral load model developed for SARS-CoV-2 by Goyal et al.87 was
employed for the analysis of the SARS-CoV-2 viral load over time in dependence of the
azelastine concentration. This model is an extension of the minimal target-cell limited
model that includes the effect of an early, innate immune response and a late T cell

18



3.2. INFECTIOUS DISEASE MODELLING

response, as depicted in equations 3.13 to 3.18:

Target cells: d/dt(T ) = −β × V × T (3.13)

Infected cells: d/dt(I) = β × V × T − δ × I × Ik − m × Er

Er + ϕr
× I (3.14)

Virus load: d/dt(V ) = π × I − γ × V (3.15)

Precursor T cells: d/dt(M1) = ω × I × M1 − q × M1 (3.16)

d/dt(M2) = q × (M1 − M2) (3.17)

Effector T cells: d/dt(E) = q × M2 − δE × E (3.18)

In this model, the early, innate immune response is represented by the term δIk and
the acquired, late T cell response is described via the delayed production of effector
cells (E) via the precursor cells M1 and M2. k represents the dependency between the
infected cell density and the first death rate. The late T cell response is defined by the
proliferation rate ω, the differentiation rate q, and the effector cell death rate δE . The
impact of the effector cells on the elimination of infected cells is described by a Hill
function with maximum m, half-maximum effective effector cells ϕ and hill coefficient r.

The viral load models can be used to analyse the effect of antiviral drugs based on
their mechanism of action. The effect of drugs that block the infection can be described
via their impact on the infectivity rate k (equations 3.10 and 3.11). Drugs affecting the
production of viral particles would reduce the production rate p (equation 3.12)65.

In this context, the impact of a drug is usually implemented using Hill- or Emax-effect
model as expressed in equation 3.1990.

Hill effect model: Effect = Emax × C(t)n

EC50n + C(t)n
(3.19)

with Emax as the maximum drug effect, EC50 as the drug concentration with half-
maximum effect, C(t) the drug concentration at time t and n as the hill coefficient,
which renders the shape and steepness of the drug effect, resulting in a sigmoidal curve
for n>190. For n=1, the Hill effect model corresponds to the so-called Emax-effect model.
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Abstract: The coronavirus disease 2019 (COVID-19) pandemic challenged many national health care
systems, with hospitals reaching capacity limits of intensive care units (ICU). Thus, the estimation of
acute local burden of ICUs is critical for appropriate management of health care resources. In this
work, we applied non-linear mixed effects modeling to develop an epidemiological SARS-CoV-2
infection model for Germany, with its 16 federal states and 400 districts, that describes infections as
well as COVID-19 inpatients, ICU patients with and without mechanical ventilation, recoveries, and
fatalities during the first two waves of the pandemic until April 2021. Based on model analyses, covari-
ates influencing the relation between infections and outcomes were explored. Non-pharmaceutical
interventions imposed by governments were found to have a major impact on the spreading of
SARS-CoV-2. Patient age and sex, the spread of variant B.1.1.7, and the testing strategy (number of
tests performed weekly, rate of positive tests) affected the severity and outcome of recorded cases and
could reduce the observed unexplained variability between the states. Modeling could reasonably
link the discrepancies between fine-grained model simulations of the 400 German districts and the
reported number of available ICU beds to coarse-grained COVID-19 patient distribution patterns
within German regions.

Keywords: coronavirus disease 2019 (COVID-19); SARS-CoV-2; mathematical model; age; sex; testing
strategy; variant of concern (VOC); intensive care; non-pharmaceutical interventions

1. Introduction

Severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2) was first identified
in December 2019 in Wuhan, China [1], and caused a worldwide pandemic with more
than 550,000,000 confirmed cases and 6,300,000 coronavirus disease (COVID-19)-related
deaths as of 21 July 2022 [2]. COVID-19 patients with severe courses of disease challenged
national health care systems, with hospitals reaching capacity limits of intensive care units
(ICUs) [3,4].

Because only a few countries successfully implemented major suppression or local
eradication strategies [5], for the vast majority of the world, staying ahead of the pandemic
regarding case management with non-pharmaceutical interventions (NPIs), vaccination
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programs, and health care resource management was and still is of vital importance [6].
The need for vigilance was particularly highlighted as new variants of concern (VOCs)
such as lineage B.1.1.7 (Alpha) emerged and quickly spread globally due to a significant
advantage in transmissibility compared to wild type [7]. Moreover, infections with some of
the VOCs were associated with a higher risk of critical care admission and mortality [8].

The risk for severe courses of COVID-19 differs vastly between individuals, with pre-
vious studies identifying age and sex as strong predictors for severity and outcome [9–12].
As national testing capacities varied throughout the pandemic due to the availability of
testing infrastructure [13], further longitudinal predictors might be needed to estimate
the prospective number of expected hospitalized patients and fatalities from a number of
confirmed SARS-CoV-2 infections. Here, mathematical modeling might be useful to ana-
lyze different predictors for COVID-19 hospitalizations and disease outcomes, connecting
longitudinal data on confirmed infections and individual risk factors (such as age and sex)
as well as systemic case-outcome-related factors (originating from, e.g., regional or national
testing strategies) [14–17].

In this work, we developed a mathematical infectious disease model that describes
the first two waves of the pandemic and the emergence of VOC B.1.1.7 in Germany until
April 2021. The impact of covariates such as testing strategy, age, sex, and VOC emergence
was evaluated to describe SARS-CoV-2 infections and the resulting number of COVID-19
inpatients, ICU patients with and without the need for mechanical ventilation, recoveries,
and fatalities for Germany’s 16 federal states and 400 districts. Moreover, the developed
model should serve as a foundation which can be adapted to changes in the pandemic,
such as the dynamics of infectiousness, the severity of the disease due to new variants,
improved therapy options, and advances in vaccination programs.

2. Materials and Methods
2.1. Epidemiological Data

The local ethics committee of the medical association of the Saarland granted ethical
approval for this study (Ärztekammer des Saarlandes, Short title: “CoSim”; Bu 78/20).
Data were gathered from several sources: Confirmed SARS-CoV-2 infections as well as
COVID-19-related deaths and recoveries were collected at the federal state level from the
database of the regional newspaper “Berliner Morgenpost”, which has compiled informa-
tion from the John Hopkins University CSSE, reports from German authorities, and data
from the Robert Koch Institute (RKI) and federal state health authorities since 27 January
2020 [18]. Data on confirmed cases at the district level as well as age- and sex-stratified
information on SARS-CoV-2 infections were available from the RKI (age groups 0–4, 5–14,
15–34, 35–59, 60–79, and >80 years) [19].

If information was available, the dataset included the number of current COVID-19
inpatients and daily new inpatients as reported by the health ministries of the 16 federal
states [20–32]. The number of occupied ICU beds with and without mechanical ventilation
was available from the German Intensive Care Register DIVI and the RKI [33,34]. A detailed
listing of epidemiological data sources can be found in Supplementary Table S1.

The model was informed by prior information on clinical outcomes obtained from the
hospital financial information system MetaKIS (CompuGroup Medical (CGM), Koblenz,
Germany). This database included a representative cohort of about 10% of all confirmed
SARS-CoV-2 cases in German hospitals and provided information about diagnosis (ICD-10
coding), age, sex, and duration of treatment at various hospital wards, as well as duration
of mechanical ventilation and outcome on a patient-specific level. In total, the database
contained data of 30,723 patients admitted to hospitals between 23 March 2020 and 1 March
2021 with a positive test for infection with SARS-CoV-2 (ICD-10 Code U07.1: COVID-19,
virus identified) and released from the hospital as recovered or perished (N = 23,810 and
N = 6913, respectively). Recovered inpatients with an unusually short hospital stay of
less than a day were excluded from the analysis (N = 1876). Patients with a record of ICU
stay for less than one hour were handled as inpatients that only required treatment in the
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general ward. The analysis of data from the resulting 28,847 COVID-19 patients provided
information about hospital admissions per confirmed case, admissions to the ICU, the need
for mechanical ventilation, length of stay, and rates of in-hospital death differentiated by
general ward, ICU, and need for mechanical ventilation. COVID-19 admission rates and
mortality were stratified by sex and age via post hoc analysis, with age groups following
the schema of the RKI (0–4, 5–14, 15–34, 35–59, 60–79, and >80 years). The duration of stay
was stratified by clinical ward and outcome.

2.2. Model Development

Non-linear mixed-effects modeling was applied for the stepwise parametrization and
development of a compartmental model consisting of three submodels for (I) infections,
(II) hospitalization, and (III) outcomes of SARS-CoV-2 infections. The model was developed
for Germany on a federal state level and subsequently applied to describe and analyze the
pandemic in the 400 German districts.

Non-linear mixed-effects modeling was performed using the software NONMEM
(7.4.3., ICON Development Solutions, Ellicott City, MD, USA). The statistical programming
language R 3.6.3 (The R Foundation for Statistical Computing, Vienna, Austria) was used
for dataset generation, statistical analysis, and visualization.

Model development was performed in two steps: First, the number of daily infections
was described, with dependence on NPIs and other influences causing changes in infec-
tiousness over time. Second, estimated parameters describing daily infections were fixed,
and the numbers of daily inpatients, ICU patients, ventilated patients, and fatalities were
described. A detailed description of submodel development is provided in the following
sections.

2.3. Infections

The number of daily infections was described using the classical epidemiological
compartment model [35], where the population is transferred through the stages susceptible
(S) and infected (I) before counting as a confirmed case (C), as depicted in Equations (1)–(3)

dS
dt

= −β(t) ∗ S(t)
N

∗ I(t) (1)

dI
dt

= β(t) ∗ S(t)
N

∗ I(t)− γ ∗ I(t) (2)

dC
dt

= y ∗ I(t) (3)

with N being the number of inhabitants. The transmission rate γ from the infectious stage
to confirmed cases was fixed to an infectious period of 7 days, with γ = 1/7 based on 6 days
of mean incubation time plus 1 day of lag between showing symptoms and registering a
positive test result [36]. The transmission rate β(t) for the transfer from the susceptible to
the infectious stage is related to γ and the infectiousness (Rα) as depicted in Equation (4):

β(t) = Rα(t) ∗ γ (4)

The infectiousness was described depending on intrinsic local changes implemented
at discrete points in time. Furthermore, when VOC B.1.1.7. started to emerge in Germany in
the winter of 2020/2021, VOC infections were set to have a 35% increase in infectiousness
compared to wild type, as estimated by Graham et al. [7].

2.4. Hospitalization and Outcome of COVID-19 Patients in Germany

To describe the number of hospitalized patients and ICU patients with and without
mechanical ventilation, the modeled confirmed infections were then split into the four
scenarios of interest: patients requiring no inpatient treatment (Q), patients requiring
inpatient treatment without treatment at ICU (H), patients requiring ICU treatment without
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mechanical ventilation (ICU), and patients requiring mechanical ventilation (V). Each group
was further split into the outcomes recovery and death. For each scenario and outcome, the
mean times until discharge were derived from the clinical database and used as the mean
transit time (MTT) for the transition of the population through the respective stages. Here,
transit rates were defined as (n + 1)/MTT, with n being the number of additional transit
compartments [37]. For this, models with one and two transit compartments and different
structural models were tested, resulting in 8 ∗ (n + 1) differential equations describing
the SARS-CoV-2-positive population transitioning through the disease stages. To compute
the total number of hospital inpatients at a certain time point, the numbers of patients
in the transit compartments for each ward and outcome were calculated as described in
Appendix A Equation (A54).

The covariates age, sex, fraction of cases infected with VOC B.1.1.7, testing strategy,
and the number of daily and weekly infections per 100,000 inhabitants were tested for their
impact on different model parameters. Model parameters for hospital ward admission and
death rates were stratified by age and sex according to rates derived for each age group
from the clinical database.

For example, to obtain the fraction of SARS-CoV-2-positive patients requiring inpatient
treatment at time t, the fraction of cases with a certain age and sex p(a, s, t), as reported
with the number of cases by the RKI, was multiplied by the age- and sex-stratified risk for
hospitalization according to the clinical database fh(a, s), resulting in the fraction of new
cases requiring hospitalization h(t) at a certain timepoint (Equation (5)).

h(t) = ∑s=Female
s=Male ∑a=Age 80+

a=Age 0−5 fh(a, s) ∗ p(a, s, t) (5)

ICU, ventilation, and fatality rates were calculated accordingly, as described in
Appendix A, Equations (A28), (A29), (A31), (A33) and (A35).

For other covariates, different linear, exponential, and sigmoid Emax models were
tested to describe the impact of the covariates on different model parameters [38]. If the anal-
ysis of the clinical data and model goodness-of-fit plots revealed the need for rate changes
at distinct time points that could not be explained by the previously discussed covariates,
rate changes were included in the model with time-dependent sigmoid Emax models.

2.5. Model Parametrization and Mixed-Effects Modeling

If possible, model parameters were informed by literature or metrics derived from
the clinical database. Missing parameters were estimated using first-order conditional
estimation with interaction (FOCEI) [39] implemented in NONMEM. The objective function
value (−2 log-likelihood; OFV), precision of parameter estimates reported as relative
standard errors (RSE) [38], as well as visual inspection of the goodness-of-fit plots [40] were
used as evaluation criteria for model selection.

Model parameters that could not be informed by literature or database analysis were
estimated using fixed effects and random effects. For this, unknown changepoints in infec-
tiousness and all hospitalization and outcome model parameters were estimated as fixed
effects. Random effects were estimated for local infectiousness for every changepoint and
the error models. Here, combined residual error models with additional and proportional
errors were used for each modeled outcome (hospital, ICU, ventilated, deaths) except for
the cumulative cases, where a combined additional and exponential error was assumed.

For the model describing the number of cases, the changepoints of infectiousness were
either fixed to dates of reported changes in federal or local policy regarding NPIs, or they
were estimated as fixed effects (see Supplementary Table S3). For the implementation of
changepoints, the NONMEM model event time parameter (MTIME) was used. A random
effect model was used to describe the differences in change of infectiousness between
federal states or districts, assuming a log-normal distribution with a prior of 30% CV.

The development of the infectiousness model was initiated at the beginning of the
pandemic in Germany and was updated weekly. Here, previously estimated changepoints
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and infectiousness were fixed, and only the latest three changepoints and R(t)s were
estimated every week. If the implementation of a new infectiousness changepoint led to a
significant improvement in the description of the data (p < 0.01, dOFV > 11.345 for 3 degrees
of freedom), it was retained in the model. Changepoint starting values were set to be at
least 5 days apart from the previous changepoint. For the estimation process, R(t) values
were clamped to a range between 0 and 3. For the simulation of infection trajectories for
every state and district, maximum a posteriori estimation was used to estimate individual
model parameters. The simulation of infections within the whole German population was
accomplished using the population estimates.

For the hospitalization and outcome models, the estimated individual parameters
from the infectiousness model were fixed. For the hospitalization and outcome models’
parametrization, only fixed effects were used (see Appendix B Table A1). Here, starting
values were set to assure that parameters ranged within reasonable boundaries (e.g., the
fraction of patients requiring inpatient treatment would not exceed 1).

3. Results
3.1. Clinical Database

The clinical database covered approximately 10% of all German COVID-19 inpatients
from 139 hospitals and included a total of 28,847 COVID-19 inpatients (53% males) with a
median age of 73 years (interquartile range of 57–83 years). A comprehensive summary
of the data can be found in Supplementary Table S2. During the study period, 18%
(N = 5235) of inpatients required ICU treatment, and 67% (N = 3508) of ICU inpatients
required mechanical ventilation. Overall, 24% (N = 6913) of inpatients died. The average
time until discharge and time spent on each ward were stratified by outcome (Table 1). The
mean time until discharge (recovery or death) was 2.1-fold longer for recovered patients
who needed ICU treatment compared with patients treated in the general ward. Patients
dying had a shorter duration of inpatient treatment in comparison to recovering inpatients.
In particular, patients requiring mechanical ventilation showed a 46% shorter hospital stay
compared with recovered patients. On average, inpatients required mechanical ventilation
for 28% of their stay until recovery (8 days), whereas patients dying were ventilated for 63%
of their hospital stay (9.8 days). Moreover, patients requiring ventilation spent on average
43% (12.7 days) or 68% (10.5 days) of their time as inpatients in the ICU if the outcome
was recovery or death, respectively. Patients without the need for mechanical ventilation
spent 29% (5.9 days) or 44% (8.8 days) of their hospital stay at the ICU when recovering or
dying, respectively.

Table 1. Mean time until discharge, proportion of time on ICU and on a mechanical ventilator as well
as standard deviations (sd) derived from the clinical database as used in the model for patients in
the general ward, ICU inpatients, and ICU inpatients who needed mechanical ventilation as well as
outcomes recovery and death.

Ward (Fraction
of Patients)

Outcome
(Fraction of Patients

by Ward)

Total Duration
until

Discharge
[Days] (sd)

Proportion of
Time in ICU

[%] (sd)

Proportion of
Time

Ventilated [%]
(sd)

General ward
only (81.8%)

Recovery (82.2%) 11.5 (11.4)

Death (17.8%) 10.6 (11.2)

ICU without
ventilation

(6.0%)

Recovery (76.1%) 20.4 (17.1) 29 (96)

Death (23.9%) 20.0 (20.5) 44 (33)

ICU with
ventilation

(12.2%)

Recovery (34.5%) 28.6 (18.3) 43 (39) 28 (21)

Death (65.5%) 15.5 (12.6) 68 (31) 63 (34)

3.2. Model Structure

The course of the COVID-19 pandemic in the 16 federal states and 400 districts of
Germany from the beginning of the pandemic (25 February 2020, first verified SARS-CoV-2
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infection in Germany leading to an outbreak with untraceable chains of infection) until
the beginning of the third wave (1 April 2021) was analyzed using a comprehensive epi-
demiological compartment model. The model consists of 29 ordinary differential equations
(ODEs) that describe the population transitioning through seven infection and disease-
relevant stages. Figure 1 illustrates a simplified representation with submodels for infec-
tions, hospitalizations, and outcomes. Figure 2 shows a comprehensive overview of all
model compartments and references to the ODEs listed in Appendix A. The NONMEM
model files (infection-only and full model) can be found in the Supplementary Materials.
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Figure 1. Schematic representation of the epidemiological compartment model. Solid arrows indicate
the flow of individuals between compartments during the infection/disease process. Covariates
influencing the flow rates are assigned to the respective arrows. Dashed arrows indicate the influence
of a compartment value on the rates. NPI: non-pharmaceutical interventions, VOC: fraction of cases
infected with the variant of concern B.1.1.7, number of tests: number of weekly performed PCR tests
in Germany.

As in classical epidemiological SIR compartment models [35], the population is as-
signed to one of the three stages: susceptible (S), infected (I), and recovered (R). In the
presented model, three new stages were implemented: quarantined patients in an ambu-
latory setting (Q), inpatients, and disease-related fatalities (D). Inpatients were divided
into patients in a general ward (H), ICU patients (IC), and patients who need mechanical
ventilation during any period of their ICU stay (V). Moreover, inpatients could recover
or die at each of these stages. Age, sex, the fraction of patients infected with VOC B.1.1.7,
the number of weekly PCR tests, and test positivity rate were identified as significant
covariates influencing the rate and distribution of new inpatients as well as outcomes.
Model parameters which were not informed by metrics derived from the clinical database
but estimated as fixed effects can be found in Table A1 of Appendix B. The model described
the number of hospitalizations (stratified by hospital ward and need for mechanical ventila-
tion), recoveries, and COVID-19-related deaths for Germany and the 16 federal states very
well. Figure 3 shows the time courses of all relevant observations and model predictions for
Germany and three selected federal states, and Supplementary Figure S1 shows all federal
states. Further details on the submodel structures are described in the following sections.

3.3. Infectiousness

Cases were described by a stepwise estimation of the infectiousness depending on
NPIs, estimated infectiousness changepoints, and the fraction of cases infected with VOC
B.1.1.7. In total, 24 significant infectiousness changepoints could be observed or estimated
over the 48 weeks of investigation, with a mean period of 15.5 days between changes
(minimum 6 days, maximum 30 days), as depicted in Figure 4.
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Figure 2. Detailed depiction of the compartmental model including flow rate constants. Numbers
represent the compartment numbers used in the NONMEM model file. Not depicted are compartment
numbers 18, 21, and 22, which were used for the computation of daily deaths, daily hospitalizations,
and cumulative ICU patients. The violet, orange, and yellow areas represent the compartments used
for the calculation of inpatients, ICU patients, and ventilated patients, respectively, according to
Equations (A52)–(A54) (see Appendix A).
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Figure 3. Descriptive performance plots for Germany and three selected federal states. Points:
observations, lines: individual model predictions. Information about the total number of inpatients
was not available for Germany in total.

For 15 out of 24 changepoints, variation in infectiousness could be attributed to changes
in NPI policies (e.g., inception or lifting of mandates by the federal or state governments).
Seven changepoints could be linked to other causes, such as local superspreading events
during periods with low daily confirmed cases or raised awareness and voluntary contact
reductions within the population at the beginning of the pandemic. For two changepoints
(4 October 2020 and 30 November 2020), no exogenous cause for the significant increase in
infectiousness could be identified. In our estimations, school closures at the beginning of the
pandemic led to an average reduction of infectiousness of approximately 31%. Furthermore,
curfew or contact-restraining orders that were reinforced on average 5 days after school closure
led to a further reduction of infectiousness by 42%. With the resolution of the nationwide
so-called “lockdown light” on 28 October 2020 (including the shutdown of restaurants, bars,
and leisure and sports facilities, as well as limitations for retail stores and contact restrictions),
the infectiousness was reduced on average by 28%.
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Figure 4. Changes in effective reproductive number over time for Germany (red line) and the federal
states (grey lines).

The coefficient of variation (CV) of the infectiousness between the states was on
average 17.7% (range 3.9–40.6%). When NPIs were reinforced by federal state governments,
the average CV was 23.2% (6.9–40.6%). After the reinforcement of nationwide NPIs,
the average inter-state variability was lower (11.2%, range 3.9–29%). All infectiousness
changepoints, the resulting effective reproductive numbers (R(t)), and associated events,
such as changes in NPI policies, are listed in Supplementary Table S3.

3.4. Hospitalization and Outcome of COVID-19 Patients in Germany

In the presented model, infected individuals were allocated to two different paths:
(i) a quarantine path for patients in home quarantine (Q) and (ii) a hospital path for
inpatients (T). Analysis of our clinical database and modeling outcomes revealed that the
hospitalization rate hosp(t) (Appendix A Equation (A8)) was dependent on the age and sex
of the infected individuals, the number of PCR tests (NT) performed weekly in Germany,
and the fraction of infections with VOC B.1.1.7. Furthermore, a changepoint could be
observed with a noticeable shift in the hospitalization rate. All effects are presented in
detail in the following sections.

Inpatients were split into three groups depending on severity of illness: patients
only treated in a general ward, patients in an ICU without ventilation, and patients being
ventilated. Furthermore, all three groups were stratified per outcome (recovery or death).
Hence, for inpatients, six groups of wards and outcomes were defined, with specific times
until discharge for each group. All patients recovering enter recovery transit compartments
(Appendix A Equations (A48) and (A49)) after their stay in the respective hospital ward
before they are counted as recovered (R) to adjust recovery time to the RKI definition
(14 days after discharge). In contrast to the recovered patients, inpatient fatalities (D) were
counted without delay. The model works under the simplification that recovered patients
are immune to reinfection with SARS-CoV-2 wild type and VOC B.1.1.7 [41].

3.5. Age and Sex

Age and sex were significant covariates impacting the severity of disease and outcome
(p < 0.001). We calculated the fractions of confirmed SARS-CoV-2 cases receiving inpatient
treatment by age and sex based on the clinical database and the reported cases from RKI.
The fractions of inpatients receiving treatment at the ICU and mechanical ventilation as well
as fatality rates stratified by age and sex were calculated based on the clinical database. An
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overview of the fractions is depicted in Figure 5 and listed in Supplementary Table S4. The
risk of hospitalization and death was highest in elderly male patients (50.3% for patients
> 80 years), and the risk of inpatients needing intensive care treatment increased with
age and was highest for patients aged 60 to 80 (54.1% for male patients). For most age
groups, female confirmed SARS-CoV-2 cases had a lower risk of hospitalization compared
to male cases (24% to 41% risk ratio). However, for female cases age 15 to 34, a higher
risk of hospitalization (females 2.38% vs. males 1.54%, 55% risk ratio) could be observed.
Figure 6 depicts the demographic changes of the confirmed cases over time and the resulting
changes in fractions of confirmed cases hospitalized, treated in an ICU, and ventilated, as
well as death rates.
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3.6. Variants of Concern

In winter 2020/2021, VOC B.1.1.7. started to emerge in Germany. In our model,
the fraction of infections with VOC B.1.1.7 (VOC(t)) was estimated using an exponential
growth function (Equation (6)) with a growth rate k = 0.072 and an initial fraction of
infections with VOC B.1.1.7 (Finitt) of 0.2% according to Volz et al. [42]. The initial time
(tinit) was estimated to fit the model to the fractions reported by the RKI at 17 February 2021
for the preceding 6 weeks [43]:

VOC(t) = 1/(1 +
1 − Finit

Finit
∗ e−k ∗ (t−tinit)). (6)

VOC B.1.1.7. was first detected on 24 December 2020 in Germany [44]. However,
retrospective analysis showed that it had already emerged in November 2020 [25]. Our
model estimated 0.02% of infections with VOC B.1.1.7 as of 3 December 2020.

Variant spreading and variant-associated infectiousness were fixed in our model to
be 35% higher in comparison to wild type as reported by Graham et al. [7] (Figure 7). The
stepwise change of infectiousness due to NPIs was estimated for the infectiousness of the
wild type RαWT, with Rα(t) = RαWT(t) before the emergence of B.1.1.7 at tinit with:

Rα(t) = RαWT(t) ∗ (1 + 0.35 ∗ VOC(t)). (7)
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Figure 7. Fraction of infections with VOC B.1.1.7 in Germany (left) and impact of VOC B.1.1.7 on the
infectiousness, fraction of patients requiring inpatient treatment, and fraction of inpatients requiring
ICU treatment (right). Points indicate observed fraction of infections in Germany. Lines indicate the
model-predicted fraction or rate changes.

The impact of VOC B.1.1.7 on disease severity was estimated by fitting VOC-dependent
changes in various model rates to the observed inpatient and fatality data from the fed-
eral states. As depicted in Figure 7, the fraction of patients requiring inpatient treatment
increased by 39.5% (RSE 14.1%, p < 0.001), and the fraction of inpatients requiring in-
tensive care treatment increased by 16.2% (RSE 33.1%, p < 0.001) for patients infected
with VOC B.1.1.7 in comparison to infections with the wild type. An additional change in
inpatient death rates due to VOC B.1.1.7 was not significant in our analysis.

3.7. Testing Strategy

The number of weekly performed PCR tests had a significant impact (p < 0.001) on the
fraction of hospitalized confirmed cases (more performed tests were positively correlated
with fewer hospitalizations, see Figure 8A). Moreover, the fraction of positive tests had
a significant effect (p < 0.001) on the fatality rate of outpatients and patients in a general
ward (higher positive ratios were associated with a higher fatality rate, see Figure 8B).
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Figure 8. (A) Weekly PCR tests in Germany. Blue lines indicate the change in the hospitalization
rate vs. the number of tests performed (left plot) and time (right plot). The histogram represents the
number of weeks with the respective number of weekly tests. The yellow line represents the weekly
tests vs. time. (B) Fraction of positive tests. Orange lines indicate the change in the death rate vs.
the number of tests (left plot) and time (right plot). The histogram represents the number of weeks
with the respective fraction of positive tests. The green line represents the fraction of positive tests
vs. time.

3.8. Hospitalization Rates and Time Effects

Investigation of inpatient data and model changepoint analysis revealed shifts in
disease stage transitions and outcome dynamics that could not solely be explained by the
already included covariates. The time until discharge of mechanically ventilated patients
decreased noticeably during the summer of 2020, and a changepoint was estimated by
the model on 10 June 2020, with a significant reduction of the time until discharge by 65%
(from 47.3 days to 16.7 days, p < 0.001).

Furthermore, comparing data from our clinical database and newly confirmed cases
over time, a drop in the fraction of patients requiring inpatient treatment could be observed
in September 2020, and the model estimated a significant decrease in the fraction requiring
inpatient treatment of 49.6% on 9 September 2020 (RSE 1.6%, p < 0.001). Simultaneously,
the rate of inpatients requiring ICU treatment increased (p < 0.001). This increase was
significantly higher in seven (Bavaria, Berlin, Bremen, Hamburg, Hesse, North Rhine-
Westphalia, and Saarland) of the 16 federal states (29.0% [RSE 4.2%] vs. 9.4% [RSE 10.2%]).
However, the overall fraction of confirmed cases requiring ICU treatment still declined by
33.7–43.8%. The rate of modeled outpatient deaths increased to 23% for male patients older
than 79 years during the second wave around 15 December 2020 and decreased again to
0% around 11 March 2021 (p < 0.001).

Figure 9 depicts the model flow rates that result from the incorporation of all previously
described covariates and time effects.
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3.9. German Districts

The model parameterized for Germany and the 16 federal states was subsequently applied
to the pandemic in the 400 German districts. The number of weekly cases in each district was
described very well using the estimated federal state model changepoints for infectiousness
with a district-specific random-effect estimation of the infectiousness (see Supplementary Figure
S2). Moreover, the number of ICU patients was calculated based on the estimated number of
local cases and the respective age and sex distributions. Figure 10 and Supplementary Figure S2
show that predictions of ICU patients and ventilated ICU patients are in reasonable agreement
with the observed number of patients for many, but not all districts. To investigate which
districts were not described well, we calculated the mean residuals of ICU predictions per
100,000 inhabitants for each district. Here, for 101 districts (25.3%) predictions were in good
agreement with the observed data (residuals between −0.5 and 0.5), whereas for 113 districts
(28.3%), larger underpredictions (residuals < −0.5) were seen, and for 182 districts (45.5%),
sizable overpredictions (residuals > 0.5) could be observed. For four rural districts (1%), no
information regarding the number of ICU inpatients was available. Discrepancies between
observed and predicted ICU inpatient numbers were consistent in both total ICU occupancy
and ICU patients receiving mechanical ventilation, with a Pearson correlation coefficient of the
residuals (ICU inpatients and mechanically ventilated inpatients) of R2 = 0.81 (p < 0.001). It
could be observed that the number of available ICU beds per inhabitant was significantly higher
in urban districts (German “Stadtkreise”, SK) compared to rural districts (German “Landkreise”,
LK; median 5.44 vs. 1.87 beds/1,000,000 inhabitants for SK and LK, respectively, p < 0.001).
Further investigations revealed a correlation between the mean discrepancies and the number of
ICU beds available per inhabitant (R2 = 0.62, p < 0.001). This relationship is also demonstrated
via a closer investigation of an exemplary region in the Midwest of Germany (Figure 10C,D).
The urban district Münster, which maintains a large academic hospital, hosts more ICU patients
than predicted based on the cases of this district, whereas the surrounding rural districts host
fewer patients than expected, especially at peak times of the pandemic.

4.1. PROJECT I: COVID-19 HOSPITALIZATIONS AND DEATHS

33



Viruses 2022, 14, 2114 14 of 26
Viruses 2022, 14, 2114 17 of 31 
 

 

 
Figure 10. ICU prediction on the district level, (A): Mean residuals of ICU predictions per 100,000 
inhabitants per district (NUTS-3). (B): Mean residuals of ICU predictions per 100,000 inhabitants per 
government region (NUTS-2). (C): Mean residuals of ICU predictions in counties per 100,000 
inhabitants in exemplary government region DEA3. (D): Observations and model predictions of 
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Figure 10. ICU prediction on the district level, (A): Mean residuals of ICU predictions per 100,000
inhabitants per district (NUTS-3). (B): Mean residuals of ICU predictions per 100,000 inhabitants
per government region (NUTS-2). (C): Mean residuals of ICU predictions in counties per 100,000
inhabitants in exemplary government region DEA3. (D): Observations and model predictions of
ICU occupancy for the full exemplary government region DEA3 and its districts. Points indicate
observations, and lines indicate model predictions. LK refers to “Landkreis” (rural district). SK refers
to “Stadtkreis” (urban district).

We also investigated the predictive performance at the regional level (NUTS-2). NUTS
(Nomenclature of Territorial Units for Statistics) is a European standard for the subdivi-
sion of countries into units of approximately the same population size while favoring
administrative units [45]. NUTS-2 aggregates the districts (NUTS-3) into regions with
0.8 to 3 million inhabitants, most of which are smaller than the federal states (NUTS-1).
In Germany, 38 NUTS-2 regions exist which correspond to governmental regions known
as “Regierungsbezirke” in Germany. Predictions on the NUTS-2 level showed that occu-
pied ICU beds were well predicted (Figure 10D), and over- or underprediction could be
eliminated for 92% (35 of 38) of the regions (Figure 10B).

4 . Results

34



Viruses 2022, 14, 2114 15 of 26

4. Discussion

In the presented work we developed a comprehensive mathematical model that
describes the number of SARS-CoV-2 infections, inpatients, ICU patients with and without
mechanical ventilation, recoveries, and fatalities for the first two waves of the SARS-CoV-2
pandemic in Germany, its 16 federal states, and its 400 districts. Here, the description of
hospitalized patients and fatalities was based solely on the number of infections and on the
age and sex of the patients, variant of concern B.1.1.7, and the testing strategy (number of
tests performed weekly, test positive rate) as covariates.

To describe the number of infections, the change in infectiousness was estimated at
discrete changepoints considering inter-state and inter-district variability over time. The use
of changepoints allowed us to accurately describe the number of infections without a daily
infectiousness reevaluation and to only incorporate and analyze significant epidemiological
changes in the infection dynamics. Still, the average estimated infectiousness was similar
to the infectiousness estimated using continuous (daily) variations [46].

Over the 48 weeks of investigation, 24 significant changepoints of infectiousness
could be observed or estimated, with a mean period of 15.5 days between consecutive
changepoints. During the winter months (October until February), the period between
changepoints was smaller (mean 18.3 days, range 7–30 days and mean 11.8 days, range
6.2–18.4 days in summer and winter, respectively), which can be attributed to the faster
spread of SARS-CoV-2 due to seasonality and the consequential high frequency of changes
in NPIs. When the German government initiated nationwide measures to control the
pandemic in October 2020 [47], the inter-state variability in R(t) decreased in comparison
to the beginning of the pandemic, when federal state governments enacted individual
measures that were only effective locally (23.2% CV and 11.2% CV before and after October
2020, respectively).

A total of 21 of the 24 changepoints of infectiousness could be attributed to changes in
NPI policies. The closing of schools in the spring of 2020, for example, led to an average
decrease in infectiousness of 31%, which is in line with several other studies where a
decrease between 0% and 60% was documented [48]. Contact restrictions at the beginning
of the pandemic reduced infectiousness by 42%. However, because other NPIs were stacked
and nested during these times, the results regarding the extent of these effects are likely
biased. The reopening and closure of schools during the summer and fall of 2020 were
subject to different local regulations and were implemented at different points in time,
which rendered evaluation of the effects of school reopening and closure on R(t) impossible
for the summer and fall of 2020.

The numbers of inpatients, ICU patients, ventilated patients, recoveries, and fatalities
were well described based on the predicted number of infections and the age and sex of
the infected patients, VOC B.1.1.7, the number of weekly performed PCR tests, and the test
positivity rate. Here, the analysis of metrics derived from the clinical database MetaKIS
allowed the analysis of the typical hospital stay of inpatients with COVID-19, including
the time until discharge and time spent in the ICU and with mechanical ventilation. With
a mean length of hospital and ICU stay of 12.7 and 9.3 days, respectively, our analysis of
individual inpatient data was in line with observations from Berger et al. [49], which were
obtained by dividing the respective current number of patients by the respective cumulative
number of patients (length of hospital and ICU stay of 14.3 and 12.8 days, respectively).

Moreover, our analysis is in line with other studies showing that the risk of hospital-
ization and death increases exponentially with increasing age [9–11,14,15,50]. The risk of
ICU treatment among hospitalized patients was highest in the age group 60–80, which is in
agreement with results from Switzerland and the United States, where patients aged 55–74
had the highest risk of ICU treatment [15,50]. The higher risk of more severe outcomes in
older patients (such as the need for inpatient treatment, need for ICU treatment, and fatal-
ity) might be driven by two main factors: (i) older patients often have more comorbidities
such as obesity, hypertension, diabetes, cardiovascular diseases, and chronic respiratory
diseases which impose a higher risk of severe disease [51]; and (ii) the ageing immune
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system results in hyperinflammatory, pathological innate responses as well as ineffective
T cell response and diminished antibody maturation [50,51]. Differences in the immune
response might also explain the higher risk of severe disease in male patients [52]. Herein,
the highest risk was observed among elderly male patients, which is in line with previous
findings [50].

The length of hospital stay and duration of ICU treatment or mechanical ventilation
were also explored and stratified by the age and sex of the patients. The mean length of
stay was similar for females and males (12.3 and 13.1 days, respectively), which is in line
with findings from the United States by Ohsfeldt et al. [53] of 8.5 and 9.6 days for females
and males, respectively. The difference between female and male patients was even smaller
when analyzed by ward, as more male patients received ICU treatment, which is associated
with a longer stay. For patients staying in a general ward only, both male and female
patients had an average length of stay of 11.2 days; for ICU patients, the average length of
stay was 19.6 days for females and 19.7 days for males.

Older patients stayed in the hospital for a longer period (e.g., 7.4 days and 13.1 days
for patients < 35 and ≥35 years, respectively). However, this difference was smaller when
considering the higher fraction of older patients requiring ICU treatment: Patients not
requiring ICU treatment stayed on average 6.7 and 11.5 days, for ages < 35 and ≥35 years,
respectively. ICU patients had an average stay of 16.5 and 19.8 days for ages <35 and ≥35
years, respectively. Furthermore, patients younger than 35 years old only represented 6.5%
of all inpatients. Hence, the impact of correcting the duration of stay for the age of the
patients was very small in comparison to the added level of complexity to the model.

VOC B.1.1.7 has been shown to have increased ACE2 binding and cell infectivity due
to a mutation on the spike protein which results in an advantage in transmissibility and an
increase in disease severity compared to the wild type. By assessment of the proportion
of B.1.1.7 cases and the number of reinfections, Graham et al. estimated the increase in
the effective reproduction number to be 35% based on data from the United Kingdom [7],
which we used to describe the number of cases in our model, resulting in a good correlation
between the increase of cases and the appearance of VOC B.1.1.7.

At the time of model development, the impact of VOC B.1.1.7 on the severity of
disease was not clear. A study from Denmark reported a relative risk of hospital admission
of 1.42 [54], and a study from the United Kingdom reported a mortality hazard ratio of
1.64 in comparison to the wild type [55]. Both studies adjusted for confounding patient
characteristics such as age and sex. Using our multivariate approach, we differentiated
between the increase in the fraction of patients hospitalized (39.5%) and the fraction treated
in an ICU (16.2%) in Germany while also considering other model covariates, such as age,
sex, and testing strategy. The increase in hospitalization was similar to the increase found
in Denmark [54]. In our model, no significant rise in death rates in the respective hospital
wards could be observed. However, due to the increase in the fractions hospitalized and
treated in an ICU, which are both linked to higher fatality rates, the apparent case fatality
rate increased.

A comprehensive testing strategy was anticipated to result in a lower dark figure
of cases and consequently a lower fraction of severe cases, as the fraction of detected
asymptomatic infections would increase accordingly. This hypothesis was confirmed by
our model, as the number of weekly tests was associated with a decrease in the fraction of
hospitalized patients, and the test positivity rate was correlated with an increase in death
rates. Here, both covariates improved the model performance significantly. The impact of
the testing strategy has been previously discussed by Modi et al., who estimated infection
rates based on the number of fatalities in Italy [56]. Liang et al. observed a similar link
between mortality and the number of tests per 100 inhabitants in a dataset comprising
169 countries [57].

The combination of information from the clinical dataset and mathematical modeling
allowed us to identify and quantify changes in the dynamics of the pandemic, which
could not solely be explained by changes in the age and sex distribution of the infected
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population over time or other covariates. A significant decrease in the time until discharge
for recovering of ventilated patients of 64.8% could be discovered in the summer of 2020.
The date of change (8 August 2020) corresponded well to the time at which dexamethasone
treatment for severe COVID-19 cases was first discussed and clinical guidelines were
revised [58]. The model-estimated decrease of the time until discharge is in line with the
work of Tomazini et al., who observed in 299 patients with COVID-19–associated acute
respiratory distress syndrome that treatment with dexamethasone increased the number of
ventilator-free days in recovered patients by 65.0% without decreasing mortality [59].

During the second wave of the pandemic in September 2020, the fraction of confirmed
cases requiring inpatient and ICU treatment decreased. This trend was observed in the
clinical database and confirmed by our model, with an estimated decrease in the hospital-
ization rate of 49.6% and of the patients requiring ICU treatment of 41.9% on 28 September
2020. While the underlying causes remain unknown, these changes might have been driven
by an increased awareness of the disease and higher acceptance of comprehensive testing.
Subsequently, the number of detected asymptomatic cases might have increased. For seven
states, a significantly higher fraction of inpatients treated in an ICU could be observed
(29% vs. 9%, p < 0.01). However, no explicit cause for the difference between these states
was found.

Daily fatalities during the second wave could not be explained by the model’s covari-
ates, nor could an increase in death rates be observed for hospitalized patients recorded
in the clinical database. To describe excess fatalities, we assumed that this increase might
have occurred for the death rate of outpatients, for which no explicit data were available
in Germany. This assumption is in line with press reports that covered the high fatality
rates in nursing homes and press critiques regarding nursing home residents not receiving
adequate inpatient treatment during the time of unexplainable excess deaths [60].

In contrast to previously published epidemiological modeling approaches [14,15,61],
the presented model was developed using data from the federal states (NUTS-1 level) and
was successfully applied to describe the number of ICU patients in the whole country
(NUTS-0 level), regions (NUTS-2 level), and districts (NUTS-3 level). The prediction of the
district ICU and ventilated patient numbers underlines the importance of the covariate
effects (age and sex) for the cases. However, for some districts, discrepancies between
observations and model predictions could be observed. This was more pronounced for
districts neighboring each other and correlated with the number of available ICU beds per
inhabitant in the respective districts. Districts with overpredicted ICU occupancies were
mostly rural districts with smaller or less specialized hospitals. Districts reporting higher
ICU occupancies than predicted were often urban districts with larger hospitals (some of
which are university hospitals) and higher ICU capacities. Hence, it seems plausible that
small hospitals in districts with fewer ICU beds available tended to transfer patients to
neighboring districts with larger hospitals and higher ICU capacities. Despite the observed
discrepancies for some districts (NUTS-3 level), the model provided valuable information
for the management of regional ICU capacities (NUTS-2 level).

Epidemiological ODE models describing the SARS-CoV-2 pandemic in other countries
that were published previously used only stratification of infected patients by age [14,15,61]
and ignored stratification by sex. However, some models used a more comprehensive
stratification for age groups [15,61]. Here, our analysis was limited to the seven age
groups for which the RKI provided the number of daily cases. Further limitations of our
analysis originate from restricted access to information concerning the number of German
COVID-19 inpatients, the background of fatalities, and further demographic information of
all patients. For VOC B.1.1.7, only data for the nationwide average spread were available.
Additionally, anonymization of the clinical database patient data prevented the tracking of
transferred patients. Hence, the exclusion of patients with unknown outcomes from the
analysis might have introduced bias regarding the estimation of inpatient outcome rates
and duration of stay.
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5. Conclusions

The presented mathematical model is an accurate tool for describing and analyzing the
COVID-19 pandemic in Germany. It provides valuable insights into the expected number
of inpatients and allows the simulation of different scenarios not only considering different
levels of infectiousness but also the investigated covariates. Thereby, the model displayed
the high effectiveness of NPIs to reduce the number of cases. Furthermore, the model could
successfully be applied to describe the number of cases and ICU patients at the regional
level (NUTS-2), highlighting the sufficiency of the covariates and the generalizable character
of the model. Hence, the model might be applicable to other countries with similar health
care systems. Furthermore, through the modeling process and when analyzing the patient
data from the clinical database, changes in the course of the pandemic due to VOC B.1.1.7
and improved treatment modalities could be implemented successfully, demonstrating
the flexibility of the model in adapting to further dynamic changes. The adaption to other
VOCs and vaccinations has been ongoing over the past year, and the resulting model is
available as a publicly accessible online simulation tool at https://covid-simulator.com/
(accessed on 1 September 2022).
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Appendix A

The differential equations depicting the transfer of COVID-19 patients through differ-
ent disease stages are shown below.

dS
dt

= −β(t) ∗ S(t)
N

∗ I(t) (A1)

dI
dt

= β(t) ∗ S(t)
N

∗ I(t)− γ ∗ I(t) (A2)
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dC
dt

= y ∗ I(t) (A3)

with N being the number of inhabitants. The transmission rate γ from the infectious stage
(I) to confirmed cases (C) was fixed to an infectious period of 7 days, with γ = 1/7 based
on 6 days of mean incubation time plus 1 day of lag between showing symptoms and
registering a positive test result [36]. B(t) is defined as the transmission rate from the
susceptible (S) to the infectious stage by contact with an infected subject and is related to γ

and the infectiousness (Rα) as depicted in Equation (A4):

β(t) = Rα(t) ∗ γ (A4)

The effective reproduction number R(t) was defined as

R(t) = Rα(t) ∗ S(t)
N

(A5)

The transmission rate ι from the allocator compartment (A) to the quarantine or
hospital pathway was fixed to a high value (100 day−1) to model a short time lag.

dA
dt

= γ ∗ I(t)− ι ∗ A(t) (A6)

The age- and sex-specific fraction of hospitalized COVID-19 patients (fh(a, s)) was de-
rived from the number of hospitalized COVID-19 patients recorded in the clinical database
and the number of cases according to RKI data as shown in Supplementary Table S4. The
fraction hospitalized was corrected by an estimated fixed effect factor (Hosp), as the clinical
database only included information on approximately 10% of German COVID-19 inpatients.
The age-, sex-, and time-dependent hospitalization rate h(t) was calculated as the sum
of each age- and sex-specific rate (fh(a, s)) multiplied by the fraction of newly infected
patients assigned to the respective age group at each time (p(a, s, t)):

h(t) = ∑s=Female
s=Male ∑a=Age 80+

a=Age 0−5 fh(a, s) ∗ p(a, s, t) (A7)

For the influence of the numbers of weekly performed PCR tests in Germany, an
exponential effect model with factor FntestHosp, normalized for the average number of
1,000,000 tests per week, described the data best. The effect (fHVOC) of the fraction of
VOC B.1.1.7 infections on the hospitalization rate was estimated using a linear effect
model. Furthermore, a decrease in the hospitalization rate was observed both in the
clinical database as well as in the number of occupied hospital beds. This decrease was
implemented using a time-dependent hill equation, with fKH as the relative decrease in
hospitalization rate and CPHosp as the timepoint at which the half-maximum change
occurred. Hence, the final hospitalization rate hosp(t) considering all covariates can be
depicted as:

hosp(t) = h(t) ∗ Ch(t) (A8)

Ch(t) = e−FntestHosp ∗ NT(t)
1,000,000 ∗ (1 + VOC(t) ∗ fHVOC) ∗

(
1 − fKH ∗ thill

CPHosphill + thill

)
(A9)

The average delay between a positive test result and the deterioration of COVID-19
patients leading to hospitalization was implemented via two transit compartments (T1hosp,
T2hosp) and the transit rate τ.

dT1hosp

dt
= hosp(t) ∗ ι ∗ A(t)− τ ∗ T1hosp(t) (A10)

dT2hosp

dt
= τ ∗ T1hosp(t)− τ ∗ T2hosp(t) (A11)
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Quarantined individuals in an ambulatory setting (QR) were counted as recovered
patients after 14 days, per the RKI definition of recovered cases; thus, the transit rate
through the recovery compartments was defined as ρa = 2/14 day−1. The fraction of
death among the outpatients (fa(t)) was estimated as dependent on age and sex (similar to
calculations of the hospitalization rate, with fda(a, s) as age- and sex-specific death rate)
and multiplied by the fraction of outpatients of each age group:

fa(t) = ∑s=Female
s=Male ∑a=Age 80+

a=Age 0−5 fda(a, s) ∗ (1 − fh(a, s, t) ∗ Ch(t)) ∗ p(a, s, t) (A12)

Due to the lack of information regarding the course of COVID-19 in outpatients, it was
assumed to be similar to the course of inpatients in a general ward. Hence, the average time
to death for outpatients (TDH,D) was set to the average time to death observed in inpatients
in a general ward; the transit rate κaκa = 2/TDH,D for outpatients with outcome death was
calculated as κa = 2/TDH,D. Due to the lack of data on outpatient deaths in Germany, this
death rate was estimated as a fixed effect.

Over time, several changes in death rates could be observed. Data from the clinical
database showed a clear correlation between the death rate in general wards and the
number of new infections as well as the positivity rate of PCR tests for SARS-CoV-2 (PR).
Hence, both parameters were tested as covariates using different empirical effect models.
The influence of PR on the death rate of general ward patients as well as outpatients
improved the model performance significantly and was implemented using an exponential
function with the estimated fixed effects PQmax, PQmin, and PQrate:

PQDeath(t) = PQmax ∗
(

1 − PQmin ∗ e−PR(t) ∗ PQrate
)

(A13)

Initially, the model included only inpatient fatalities. All ambulatory patients re-
covered. However, at the beginning of the year 2021, we noticed an underestimation of
COVID-19-related deaths by the model. At that time, reports about COVID-19-related
deaths in German nursing homes accumulated [60]. Therefore, different rate changes in
the death rate in an ambulatory setting were tested during this period. A model with
an increase at the beginning of November 2020 followed by a decrease in February 2021
described the data best. These changes were implemented using empirical time-dependent
hill functions with fixed effects regarding the extent (DOUT), the slope (hillD), and the
timepoints (CPD1, CPD2) of the rate change:

DeathA(t) = fa(t) ∗ DOUT ∗ thillD

CPD1
hillD + thillD

∗
(

1 − thillD

CPD2
hillD + thillD

)
∗ PQDeath(t) (A14)

Equations (A15)–(A18) describe the transit of patients in an ambulatory setting until
they count as recovered (Equations (A15) and (A16)) or dead (Equations (A17) and (A18)).

dQR
dt

= (1 − DeathA(t)) ∗ (1 − hosp(t)) ∗ ι ∗ A(t)− ρa ∗ QR(t) (A15)

dQR2
dt

= ρa ∗ QR(t)− ρa ∗ QR2(t) (A16)

dQD
dt

= DeathA(t) ∗ (1 − hosp(t)) ∗ ι ∗ A(t)− κa ∗ QD(t) (A17)

dQD2
dt

= κa ∗ QD(t)− κa ∗ QD2(t) (A18)

Transit rates for each ward were calculated by dividing the number of transit com-
partments by the time until discharge, with κ depicting the rates for dying patients, ρ for
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recovering patients, and suffixes H, ICU, and V for patients in a general ward, in an ICU,
and receiving mechanical ventilation, respectively.

κH =
2

TDH,D
(A19)

ρH =
2

TDH,R
(A20)

κICU =
2

TDI,D
(A21)

ρICU =
2

TDI,R
(A22)

κV =
2

TDV,D
(A23)

ρV(t) =
2

TDV,R(t)
(A24)

Observational data from the clinical database showed a change in the time until
discharge of recovering ventilated patients. This change was implemented into the model
using a hill equation with estimated fixed effects fVent1, fVent2, CPVent, and hill:

TDV,R(t) = TDV,R,base ∗ fVent1 ∗
(

1 +
fVent2 ∗ thill

CPVent
hill + thill

)
(A25)

To describe the number of patients requiring treatment in an ICU, the rate had to be
adapted with estimated fixed effects toICU1 and toICU2 at the timepoint CPHosp at which
the change in the hospitalization rate occurred. Furthermore, including an effect of VOC(t)
improved the description of occupied ICU beds significantly. Therefore, the fraction of
patients requiring ICU treatment was calculated from the age- and sex-specific fraction I(t)
and the covariate effects Ci(t):

toICU(t) = I(t) ∗ Ci(t) (A26)

Ci(t) = toICU1 ∗
(

1 +
toICU2 ∗ thill

CPHosp
hill + thill

)
∗ (1 + VOC(t) ∗ fICUVOC) (A27)

I(t) = ∑s=Female
s=Male ∑a=Age 80+

a=Age 0−5 fh(a, s) ∗ Ch(t) ∗ fi(a, s) ∗ p(a, s, t) (A28)

The fraction of patients requiring mechanical ventilation was dependent on the age
and sex of the patients in an ICU:

toV(t) = ∑s=Female
s=Male ∑a=Age 80+

a=Age 0−5
h(a, s) ∗ Ch(t) ∗ fi(a, s) ∗
Ci(t) ∗ fv(a, s) ∗ p(a, s, t)

(A29)

As described previously, the death rate in general wards (DeathH) was dependent on
the age and sex of the patients hd(t) and changed with the rate of positive tests:

DeathH(t) = hd(t) ∗ PQDeath(t) (A30)

hd(t) = ∑s=Female
s=Male ∑a=Age 80+

a=Age 0−5 fh(a, s) ∗ Ch(t) ∗ fdh(a, s) ∗ p(a, s, t) (A31)

To assure a stable relation between the median death rates in each ward, the death
rates for ICU id(t) and ventilated patients vd(t) extracted from the clinical database were
corrected for the implantation of the covariate PR on the death rate in general wards by
multiplying them with the influence of the median observed PR of 3.12% during the time
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of the investigation. The resulting death rates for ICU patients (DeathI) and ventilated
patients (DeathV) are depicted in Equations (A32) and (A34).

DeathI(t) = id(t) ∗ PQmax ∗
(

1 − PQmin ∗ e−3.12∗PQrate
)

(A32)

id(t) = ∑s=Female
s=Male ∑a=Age 80+

a=Age 0−5
fh(a, s) ∗ Ch(t) ∗ fi(a, s) ∗
Ci(t) ∗ fdi(a, s) ∗ p(a, s, t)

(A33)

DeathV(t) = vd(t) ∗ PQmax ∗
(

1 − PQmin ∗ e−3.12∗PQrate
)

(A34)

vd(t) = ∑s=Female
s=Male ∑a=Age 80+

a=Age 0−5
fh(a, s) ∗ Ch(t) ∗ fi(a, s) ∗ Ci(t) ∗

fv(a, s) ∗ fdv(a, s) ∗ p(a, s, t)
(A35)

The following ODE system was used for the description of COVID-19 inpatients, with
H depicting patients in a general ward only, ICU depicting patients in an ICU during any
portion of their stay, and V depicting patients requiring mechanical ventilation during their
stay, with the suffixes death and recovery for the outcome of the patients:

dHdeath
dt

= DeathH(t) ∗ τ ∗ (1 − toICU(t)) ∗ T2hosp(t)− κH ∗ Hdeath(t) (A36)

dH2death
dt

= κH ∗ Hdeath(t)− κH ∗ H2death(t) (A37)

dICUdeath
dt

= DeathI(t) ∗ τ ∗ toICU(t) ∗ (1 − toV(t)) ∗ T2hosp(t)− κICU ∗ ICUdeath(t) (A38)

dICU2death
dt

= κICU ∗ ICUdeath(t)− κICU ∗ ICU2death(t) (A39)

dVdeath
dt

= DeathV(t) ∗ τ ∗ toICU(t) ∗ toV(t) ∗ T2hosp(t)− κV ∗ Vdeath(t) (A40)

dV2death
dt

= κV ∗ Vdeath(t)− κV ∗ V2death(t) (A41)

dHrecovery

dt
= (1 − DeathH(t)) ∗ τ ∗ (1 − toICU(t)) ∗ T2hosp(t)− ρH ∗ Hrecovery(t) (A42)

dH2recovery

dt
= ρH ∗ Hrecovery(t)− ρH ∗ H2recovery(t) (A43)

dICUrecovery

dt
= (1 − DeathI(t)) ∗ τ ∗ toICU(t) ∗ (1 − toV(t)) ∗ T2hosp(t) − ρICU ∗ ICUrecovery(t) (A44)

dICU2recovery

dt
= ρICU ∗ ICUrecovery(t)− ρICU ∗ ICU2recovery(t) (A45)

dVrecovery

dt
= (1 − DeathV(t)) ∗ τ ∗ toICU(t) ∗ toV(t) ∗ T2hosp(t) − ρV(t) ∗ Vrecovery(t) (A46)

dV2alive
dt

= ρV(t) ∗ Vrecovery(t)− ρV(t) ∗ V2recovery(t) (A47)

All patients recovering enter the recovery transit compartments (Equations (A48)
and (A49)) after their stay in their respective hospital wards before they are counted as
recovered (R) to adjust recovery time to the RKI definition (14 days), with the transit rate
ρ = 2/14.

dRhospital

dt
= ρH ∗ H2recovery(t) + ρICU ∗ ICU2recovery(t)+ρV ∗ V2recovery(t)− ρ ∗ Rhospital(t)t) (A48)

dR2hospital

dt
= ρ ∗ Rhospital(t)− ρ ∗ R2hospital(t) (A49)
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The total number of recovered patients is calculated by Equation (A50):

dR
dt

= ρa ∗ QR2(t) + ρ ∗ Rhospital(t) (A50)

In contrast to the recovered patients, fatalities (D) in hospitals were counted
without delay.

dD
dt

= κH ∗ H2death(t) + κICU ∗ ICU2death(t) + κV ∗ V2death(t)+ κa ∗ QD2(t) (A51)

For all federal states, the number of patients currently in an ICU and being venti-
lated was multiplied by the fraction of time the patients stayed in the respective wards
(Equations (A54)–(A56)). The ministries of the city-states of Berlin, Hamburg, and Bremen
explicitly commented that a notable fraction of COVID-19 inpatients were not registered
residents of the respective cities and hence did not contribute to the respective case counts.
To account for this bias, correcting factors for Berlin, Bremen, and Hamburg were calcu-
lated: The number of resident inpatients in each city and the total number of inpatients
(city residents and non-city residents) were available from 17 December 2020 to 7 January
2021. The factors fBLBerlin, fBLBremen, and fBLHamburg were calculated as the mean ratio of
total inpatients to resident inpatients. Furthermore, for the federal state Hesse, the only
inpatient data available consisted of the sum of confirmed and suspected COVID-19 cases
in hospitals. Hence, the factor for Hesse inpatients fBLHesse was calculated as the mean
ratio of confirmed COVID-19 patients to the sum of suspected and confirmed cases.

The number of currently ventilated patients (Ventilated(t), Equation (A52)), current
ICU patients (ICU(t), Equation (A53)), and currently hospitalized patients (Hospitalized(t),
Equation (A54)) can be calculated by multiplying the number of patients in the ODE system
(as depicted by Equations (A36)–(A47)) at time t with the time fractions spent in each ward
as depicted in Table 1, with:

Ventilated(t) =
(

PVentV,R ∗ (Valive(t) + V2alive(t))+
PVentV,D ∗ (Vdeath(t) + V2death(t))

)
∗ fBLState (A52)

ICU(t) =




PICUI,R ∗ (ICUalive(t) + ICU2alive(t))+
PICUI,D ∗ (ICUdeath(t) + ICU2death(t))+

PICUV,R ∗ (Valive(t) + V2alive(t))+
PICUV,D ∗ ( Vdeath(t) + V2death(t))


 ∗ fBLState (A53)

Hospitalized(t) =




Halive(t) + H2alive(t)+
Hdeath(t) + H2death(t)+

ICUalive(t) + ICU2alive(t)+
ICUdeath(t) + ICU2death (t)+

Valive(t) + V2alive(t)+
Vdeath(t) + V2death(t)




∗ fBLState (A54)

Appendix B

Table A1. Model parameter estimates for the hospitalization and outcome model.

Model
Parameter Unit Population

Estimate RSE [%] Parameter Description

Population Parameters (Fixed Effects)

Hosp - 0.99 - Factor on the age-specific hospitalization rates

fKH - −0.496 1.6 Relative change in hospitalization rate at CPHosp

CPHosp Day * 281 0.2 Time of hospitalization rate change

hill - 100 - Hill factor of time-dependent hospitalization and ICU rate change
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Table A1. Cont.

Model
Parameter Unit Population

Estimate RSE [%] Parameter Description

FntestHosp 106/Tests 0.344 3.7 Slope of death rate change per 1,000,000 PCR tests performed

fVent1 - 1.69 0.9 Factor time to discharge of recovering ventilated patients

fVent2 - −0.648 1.6 Relative change in fBEAT1 at CPVent

CPVent Day * 228 0.5 Time of change in fVent1

toICU1 - 0.476 0.9 Factor on the age-specific ICU rates

toICU2α - 0.29 4.2 Relative change of toICU for some states ** at CPHosp

toICU2β - 0.0904 10.2 Relative change of toICU for the states other than ** at CPHosp

toICU2γ - 0.153 0.0 Relative change of toICU Germany at CPHosp

PQmax - 1.05 2.1 Maximum death rate change depending on the test positivity rate

PQmin - 0.48 2.7 Minimum death rate change depending on the test positivity rate

PQrate 1/% 0.129 9.9 Slope of death rate change depending on the test positivity rate

DOUT day−1 0.226 5.4 Death rate of outpatients between CPD1 and CPD2

CPD1 Day * 348 0.6 Time of change in DOUT

CPD2 Day * 446 0.8 Time of change in DOUT

hillD - 27 10.6 Hill factor of time-dependent death rate changes

fHVOC - 0.395 14.1 Relative hospitalization rate change for VOC B.1.1.7

fICUVOC - 0.162 33.1 Relative rate change to ICU for VOC B.1.1.7

τ - 100 - Transit rate from confirmed case to inpatient

Residual Errors

Ecases %CV 0.55 3 Exponential error cases

Acases SD 32.6 4.6 Additive error cases

PICU %CV 23.3 2.8 Proportional error ICU

AICU SD 4.56 5 Additive error ICU

Pdeath %CV 9.78 2.9 Proportional error fatalities

Adeath SD 11.8 6.8 Additive error fatalities

Phosp %CV 35.2 3.5 Proportional error hospitalizations

Ahosp SD 11.8 13 Additive error hospitalizations

Pvent %CV 29.7 2.6 Proportional error ventilated patients

Avent SD 1.48 9.3 Additive error ventilated patients

Pdailydeath %CV 80.4 2.7 Proportional error daily fatalities

Adailydeath SD 0.36 6.4 Additive error daily fatalities

Pdailyhosp %CV 261 3.5 Proportional error daily fatalities and hospitalizations

Adailyhosp SD 1.46 17 Additive error daily fatalities and hospitalizations

* as days since 22 December 2019; ** Bavaria, Berlin, Bremen, Hamburg, Hesse, North Rhine-Westphalia, and
Saarland.
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a b s t r a c t

With the emergence of SARS-CoV-2, various non-pharmaceutical interventions were
adopted to control virus transmission, including school closures. Subsequently, the
introduction of vaccines mitigated not only disease severity but also the spread of SARS-
CoV-2. This study leveraged an adapted SIR model and non-linear mixed-effects
modeling to quantify the impact of remote learning, school holidays, the emergence of
Variants of Concern (VOCs), and the role of vaccinations in controlling SARS-CoV-2 spread
across 16 German federal states with an age-stratified approach. Findings highlight a
significant inverse correlation (Spearman's r ¼ �0.92, p < 0.001) between vaccination
rates and peak incidence rates across all age groups. Model-parameter estimation using
the observed number of cases stratified by federal state and age allowed to assess the
effects of school closure and holidays, considering adjustments for vaccinations and spread
of VOCs over time. Here, modeling revealed significant (p < 0.001) differences in the virus's
spread among pre-school children (0e4), children (5e11), adolescents (12e17), adults (18
e59), and the elderly (60þ). The transition to remote learning emerged as a critical
measure in significantly reducing infection rates among children and adolescents
(p < 0.001), whereas an increased infection risk was noted among the elderly during these
periods, suggesting a shift in infection networks due to altered caregiving roles.
Conversely, during school holiday periods, infection rates among adolescents mirrored
those observed when schools were open. Simulation exercises based on the model pro-
vided evidence that COVID-19 vaccinations might serve a dual purpose: they protect the
vaccinated individuals and contribute to the broader community's safety.
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1. Introduction

In 2020, the emergence of SARS-CoV-2 resulted in a global pandemic of coronavirus disease (COVID-19), posing a critical
challenge to healthcare systems worldwide and demanding effective strategies for the control of the spreading of infections
(Ellen Ehni, 2021; Taylor, 2021). Prior to the approval of COVID-19 vaccines, non-pharmaceutical interventions (NPIs)
dincluding school closures, restrictions on public spaces such as restaurants and leisure facilities, as well as mandatory FFP2
mask waring dwere key strategies to mitigate virus spreading (Lionello et al., 2022). The efficacy and impact of these NPIs,
especially in the pandemic's early stages, were subjects of considerable debate (Talic et al., 2021). School closures, in
particular, presented notable logistical challenges, necessitating remote learning infrastructure and imposing substantial
burdens on parents and children alike (Freundl et al., 2021). These closures not only disrupted education but also considerably
impacted children's social development and well-being (Hume et al., 2023; Hussong et al., 2022; Paulus et al., 2022; Ravens-
Sieberer et al., 2020). Considering the typically milder COVID-19 symptoms in children (Yuki et al., 2020) and their hy-
pothesized lower contribution to virus transmission (Ludvigsson, 2020), the necessity of such measures was repeatedly
questioned.

With the approval of COVID-19 vaccines, vaccinations emerged as a pivotal tool in reducing infection rates and disease
severity (Pritchard et al., 2021). In Germany, however, the initial scarcity of vaccines sparked debates over prioritization
strategies. At the end of 2020, the foremost aim of the German Standing Committee on Vaccination (STIKO) COVID-19
vaccination guideline has been to avert critical health incidents, such as hospital admissions and fatalities linked to
COVID-19, alongside shielding healthcare workers and individuals in other susceptible professions from SARS-CoV-2 con-
tagions, impeding the spread of the virus, ensuring safety in areas with numerous vulnerable persons and a pronounced
likelihood of outbreaks, and upholding vital governmental operations and societal activities (Vygen-Bonnet et al., 2020).
Hence, the vaccination rollout initially targeted and prioritized older individuals and workers in professions with a high risk
of infection (Steiger et al., 2021). Moreover, the STIKO initially recommended vaccination primarily for adolescents at high risk
of severe disease or in high-risk occupations, citing limited data on adverse reactions and estimated minimal impact on
transmission rates in younger demographics (Robert Koch-Institut, 2021). This stance evolved over time, with STIKO later
advocating for broader vaccination coverage among adolescents (Presse- und Informationsamt der Bundesregierung, 2021a).

The increase in Germany's vaccination efforts in early 2021 coincided with the second wave of infections (week 40
2020dweek 08 2021), which, at that juncture, was the most critical wave, primarily impacting the elderly population (Dings
et al., 2022). The subsequent third wave (week 09 2021dweek 23 2021) saw a shift, with the younger population being more
affected, suggesting a protective effect of vaccinations against infection among the older, vaccinated population. Yet, the
extent of this protection across different age groups remained a matter of ongoing investigation (Bar-On et al., 2021;
Chemaitelly et al., 2022; Sadarangani et al., 2021).

This evolving landscape of the pandemic (Markov et al., 2023; Roemer et al., 2023), marked by fluctuating incidence rates
and the emergence of viral strains with increased transmissibility and virulence, potentially undermined the effectiveness of
public health measures. The novel strains defined as variants of concern (VOC) added layers of complexity to the unfolding of
the pandemic, characterized by variable disease severity, differences in immune status, and altered responses to interventions
across age groups. All this underscored the necessity for a more nuanced understanding of the dynamics of SARS-CoV-2
transmissions (Nunes et al., 2024). Hence, it became increasingly important to examine how various factors, including

Abbreviations

Alpha (B.1.1.7) The Alpha variant of SARS-CoV-2, first identified in the United Kingdom
Delta (B.1.617.2) The Delta variant of SARS-CoV-2, initially identified in India
EMA European Medicines Agency
NLME Non-linear Mixed-effects (modeling)
NPI Non-pharmaceutical Intervention
Omicron BA.1 A subvariant of the Omicron variant of SARS-CoV-2
Omicron BA.2 A subvariant of the Omicron variant of SARS-CoV-2
Omicron BA.4/BA.5 Further subvariants of the Omicron variant of SARS-CoV-2, grouped together due to their close

genetic relationship and similar epidemiological impact
PCR Polymerase Chain Reaction
RKI Robert Koch Institute
RSE Relative Standard Error
SIR Susceptible, Infectious, Recovered (model)
STIKO German Standing Committee on Vaccination
VOC Variant of Concern
WT Wild Type
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vaccination status and the implementation of NPIs, influenced the course of the pandemic across different segments of the
population. To address this, we adapted and extended a Susceptible-Infectious-Recovered (SIR) model to describe the pro-
gression of infections over time across German federal states, stratified by age groups. We estimated the unknown model
parameters using non-linear mixed effects (NLME) modeling. This statistical approach enables the analysis of data with both
fixed and random effects which allowed us to analyze the differential impacts of fixed effects variables such as vaccination
coverage, NPIs, including school closures with remote learning and school holidays, and the emergence of VOCs on SARS-CoV-
2 incidence across various age groups over time, while providing a stochastic framework accounting for variability between
geographical regions via random effects. Moreover, model simulations were conducted to explore the potential impact of
prioritizing vaccinations for the younger population on the spread of SARS-CoV-2.

2. Methods

2.1. Dataset

Our study made use of an extensive dataset gathered from various sources, with the primary data coming from the Robert
Koch Institute (RKI). A detailed list of all data sources can be found in Table 1.

For the period between December 21, 2020 and August 08, 2022, we collected detailed data from Germany including both
the number of weekly and cumulative confirmed SARS-CoV-2 infections (Robert Koch-Institut, 2024) and vaccination records
(Robert Koch-Institut, 2022), stratified by age groups and German federal states. To ensure analytical consistency, we stan-
dardized the age categories of the infection data tomatch those used in the vaccination dataset: 0e4, 5e11, 12e17,18e59, and
over 60 years. Additionally, we obtained the weekly fraction of confirmed cases infected with each VOC (Robert Koch-Institut,
2023). The dataset further encompasses dates of school holidays, school closures with remote learning and periods of
mandatory mask wearing in school settings.

2.2. Model development

Our analysis involved an adaptation of the classical SIR compartmental model, specifically designed to estimate both the
weekly new and total cumulative confirmed infections across the age groups and federal states in Germany. In this model, the
population progresses through the stages of ‘susceptible’, ‘infected’, and ‘confirmed cases'. Individuals in the ‘infected’ stage
are considered as infected and capable of transmitting the virus. Those classified in the ‘confirmed cases' category are
assumed to be quarantined, which prevents further transmissions. A notable aspect of our model is the inclusion of immunity
dynamics. It is assumed that individuals previously infected with wildtype (WT) or pre-Omicron VOCs are immune to
reinfection with these strains for the period of investigation. However, these individuals remain susceptible to the Omicron
variant (Arabi et al., 2023).

The transition dynamics for each stage and age group were modeled using a system of ordinary differential equations
(ODEs). Parameters were sourced from existing literature along with unknown parameters estimated within our NLME
framework. Fig. 1 presents a schematical representation of the used data and parameter identification processes, which are
described in detail in sections 2.2.1e2.2.4. Random effects were used to allow the effective reproductive number (Rt) to vary
across German federal states. Error models for both cumulative and daily data were considered using proportional and ad-
ditive error structures. A full list of informed model parameters and fixed effects estimates is presented in Table 2 of the
Results section.

The model was implemented in NONMEM® (7.4.3., ICON Development Solutions, Ellicott City, MD, USA). Here, the un-
derlying set of ODEs was numerically solved via LSODA (Hindmarsh & Petzold, 2005). Model parameters were estimated via
First Order Conditional Estimation with Interaction (FOCEI) (Wang, 2007). A significant (p � 0.05; chi-squared test)
improvement of the objective function value (�2 log-likelihood), precision of parameter estimates reported as relative
standard errors (RSE) (Mould& Upton, 2012), as well as visual inspection of the goodness-of-fit plots (Karlsson& Savic, 2007)
were used as criteria for model selection.

Table 1
Overview of data sources and characteristics for model information and training.

Data Time
resolution

Stratification Source

Cumulative confirmed infections Weekly Age group, federal state Robert Koch-Institut (2024)
Vaccinations Daily Age group, federal state, vaccination details (primary or

booster vaccination)
Robert Koch-Institut (2022)

Fraction of confirmed cases infected with a
specific VOC

Weekly VOC Robert Koch-Institut (2023)

School closure, school holidays, mask
mandates

Daily Federal state Government websites, federal
press reports

R(t) changepoints and between-state
variability

Daily e Dings et al. (2022)
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The statistical programming language R 3.6.3 (The R Foundation for Statistical Computing, Vienna, Austria) was employed
for dataset generation, statistical analysis, and generation of plots. With the final model, we conducted simulations to project
the impact of varying vaccine coverage levels on prospective incidence rates of different age cohorts.

2.2.1. Variants of concern
We obtained information on the proportion of individuals infected with key virus VOCs over timed Alpha (B.1.1.7), Delta

(B.1.617.2), and Omicron subvariants BA.1, BA.2 and BA.4/BA.5 d from the RKI (Robert Koch-Institut, 2023).
A specific growth function (Dings et al., 2022) was used to integrate the emergence of these VOCs in the model. This

function (see Equation (1)) captures the exponential increase or logistic growth of VOCs within the population over time,
thereby enabling dynamic adjustments to the model based on the evolving prevalence of these variants.

VOCvariantðtÞ¼ Fmax

��
1þ1� Finit

Finit
*e�k *ðt� tinitÞ

�
(1)

Here, k is a VOC-specific growth rate, Finit is the initial fraction of infections with a specific VOC (fixed to 0.2% to estimate a
corresponding initial time), tinit being the initial time and Fmax is the maximum distribution. This functionwas fitted via least-
squares to the fraction of cases infected with a specific VOC or WT reported by the RKI. Point estimates for parameters
regarding VOCs Alpha, Delta, Omicron BA.1, BA.2 as well as BA.4/BA.5 are presented in Supplementary Table 1. The fraction of
infected individuals over time with a specific VOC plotted in Supplementary Fig. 1.

In dependence of the fraction described by the growth function, changes in the effective reproductive number attributable
to the emergence of the respective VOCswere implemented in themodel according to transmissibility changes obtained from
literature or derived from the slope of the growth function (see Supplementary Table 1). For VOC BA4/5, observed patterns of
age-stratified infections significantly (p < 0.001) deviated from the overall population trends. Therefore, the change in
transmissibility due to VOC BA4/5 was subsequently refined by stratifying data by age group to achieve enhanced precision.

2.2.2. Vaccinations
We sourced the number of individuals vaccinated in each German federal state over time from the RKI's GitHub repository

(Robert Koch-Institut, 2022). This data was broken down by age group, vaccine and the specific dose of the administered
vaccine (primary or booster vaccination). Throughout our study period, a range of mono- and bivalent COVID-19 vaccines

Fig. 1. (A) general model development procedure, (B) specific model development steps for the investigated variables. Sources: 1 (Robert Koch-Institut, 2023), 2

(Robert Koch-Institut, 2022), 3 (Dings et al., 2022), 4 (Robert Koch-Institut, 2024), * Sources for model parameters are listed in Table 1 and Supplementary Table 1.
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received approval and became available in Germany. The analysis did not differentiate between vaccine technologies or
manufacturers due to the predominance of the BNT162b2 vaccine (BioNTech/Pfizer, Mainz, Germany/New York, United
States), representing 73% of administered COVID-19 vaccines by the end of the study period (Robert Koch-Institut, 2022).

In our analysis, we defined ‘fully vaccinated’ individuals as those who had received, in accordance with the label of the
vaccine, one or two doses, with a two-week interval following the final dose. This definitionwas based on the recognition that
the efficacy of most COVID-19 vaccines is limited immediately after the dose. Consequently, in our model, only individuals
meeting these criteria were considered ‘vaccinated’.

The effectiveness of full vaccinations and booster treatment against infections was implemented for WT/Alpha and VOC
Delta via parametrization gathered from literature (see Table 2). For VOC Omicron, the effects of vaccinations were estimated
via model fitting (see Table 2 for estimated vaccine effectiveness against infection). Given the known decline in vaccine
effectiveness against infections over time, our analysis estimated a specific change point in the effectiveness for individuals
aged 18 years and older.

2.2.3. Non-pharmaceutical interventions
We gathered data on periods with COVID-19 related school closures, school holidays and mask mandates for each federal

state as well as nursery school attendance rules from diverse public sources, including official government websites and
media and press reports.

The influence of these NPIs on the infection dynamics of each age was quantified via model parameter estimation. For this
purpose, the largest age group (ages 18e59 years) was set as a reference group, and factors expressing increased or decreased
virus transmission were estimated for each setting and age group.

2.2.4. Rt changepoints and residual variability in Rt
Temporal changes in the effective reproductive number not attributable to VOCs, vaccinations and the previously dis-

cussed NPIs were described using specific time points where shifts occurred. These time points and the corresponding
median reproduction numbers (Rt's, see Table 2 of the Supplementary Materials) were anchored to values derived from the
model previously developed by Dings et al. (Dings et al., 2022), which detailed cumulative cases in German federal states on a
daily basis. In numerous instances, the timing of the changepoints could be attributed to modifications in NPI policies (Dings
et al., 2022), as presented in Supplementary Table 2.

2.3. Model equations

For the structural model, equations (2)e(13) depict key model equations used to describe the number of confirmed cases
over time per age group.

dSage
dt

¼ � bageðtÞ*
SageðtÞ
Nage

*IðtÞ*Nrelage (2)

dIage
dt

¼ bageðtÞ*
SageðtÞ þ VOCOmicronðtÞ*SOageðtÞ

Nage
*IðtÞ*Nrelage � g*IageðtÞ (3)

dCage

dt
¼g*IageðtÞ (4)

dSOage

dt
¼ð1� VOCOmicronðtÞÞ*g*IageðtÞ � VOCOmicronðtÞ*bageðtÞ*

SOageðtÞ
Nage

*IðtÞ*Nrelage (5)

bageðtÞ¼RðtÞ*g (6)

RðtÞ ¼

8>>>>>>>>>>>>>><
>>>>>>>>>>>>>>:

R0*log
�
uo;j

�
for t0 � t � t1

R1*log
�
u1;j

�
for t1 � t � t2

⁞

Rn *log
�
un;j

�
for tn � t � tnþ1

Rnþ1*log
�
unþ1;j

�
for t � tnþ1

9>>>>>>>>>>>>>>=
>>>>>>>>>>>>>>;

*VOCðt; ageÞ*VeffageðtÞ*NPIðt; ageÞ (7)
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VOCðt; ageÞ¼
Xn2fAlpha;Delta;BA:1;BA:2;BA:4=5g

i¼WT

εi*ai;age*

�
fraciðtÞ � fraciþ1ðtÞ; for i<n

fraciðtÞ; for i ¼ n
(8)

VeffageðtÞ¼UVaccageðtÞ þ FVaccageðtÞ*FIageðtÞ þ FBoostageðtÞ*FIBoosterðtÞ (9)

FIageðtÞ¼ fsage;WT=Alphað1�VOCDeltaðtÞÞþ fsage;DeltaðtÞðVOCDeltaðtÞ � VOCOmicronðtÞÞ þ fsage;OmicronVOCOmicronðtÞ (10)

FIBoosterðtÞ¼ fsbWTð1�VOCDeltaðtÞÞþ fsbDeltaðVOCDeltaðtÞ � VOCOmicronðtÞÞ þ fsbOmicronVOCOmicronðtÞ (11)

NPIðt; ageÞ ¼ fdistðt; ageÞ*fschoolðt; ageÞ*fholidayðt; ageÞ*fnursðt; ageÞ (12)

fxðt; ageÞ¼
8<
:

fx;age for times of remote learning ðx ¼ distÞ; school open ðx ¼ schoolÞ;
school holidays ðx ¼ holidayÞ;nursery school attendance rules ðx ¼ nursÞ

1 otherwise
(13)

with Sage, Cage, Iage and SOage being the number of susceptibles, infected individuals, PCR-confirmed (and quarantined) cases
and susceptibles for VOC Omicron, respectively, for each age group. Compartment I represents the sum of infected individuals
through all age groups. The total population of the age group is given by Nage, and Nrelage is the relative proportion of that age
group within the total population. The infection rate bageðtÞ depends on change points in the effective reproduction number
RðtÞ (see Supplementary Table 2 and Supplementary Fig. 2), modulation of transmissibility due to emergence of VOCs denoted
by VOCðtÞ (Equation (8)), the effectiveness of vaccinations against the VOCs (Equations (9)e(11)), and age-stratified effects of
NPIs (Equations (12) and (13)).

Spontaneous changes in the effective reproduction number (Equation (7)) were estimated for previously derived change
points via random effects ui;j for change point i and federal state j with population fixed effects Ri adopted from previous work
(Dings et al., 2022). Rt-modulators fxðt; ageÞ for NPIs were estimated via fixed effects and set to 1 at time NPI-free time
periods. The effect of VOCs on change in transmissibility over time VOCðt; ageÞ per age group was calculated based on the
fraction of the specific VOC i (fraciðtÞ at time t). Here, fraciðtÞ was computed via Equation (1). Moreover, εi is the relative
increase in transmissibility for VOC i as presented in Table 1 of the Supplementary Materials and ai;age being the age-specific
relative change in transmissibility for VOC i (see Table 2 in the results section). For this, ai;age was not estimated (fixed to 1) for
WTand VOCs pre-BA.4/BA.5. FIageðtÞ represents the fraction of vaccinated individuals prone to infection and was fixed to data
available in existing literature or, if no data was available, estimated for each age group over time taking the age-specific
vaccine effectiveness (fs, see Table 2) into account. In comparison, FIBoosterðtÞ is defined as the fraction of individuals vacci-
nated by boosters, but still prone to infection based on the booster effectiveness (fsb, see Table 2). As a result of these, Veffage
describes the decrease of the effective reproductive number due to vaccinations with UVaccage, the fraction of the population
not vaccinated, FVaccage the fraction of the vaccinated but not boostered population and FBoostage the fraction of the pop-
ulation that received at least one booster vaccination.

3. Results

3.1. Data exploration

The data collection period extended from December 21, 2020 to August 08, 2022, coinciding with the initiation of the
COVID-19 vaccination campaign in Germany. The first administration of a COVID-19 vaccine occurred on December 26, 2020.
Fig. 2 illustrates the vaccination program's progression and impact in Germany comparing the vaccinated fraction of the
population stratified by age to the relative incidence. The relative incidence was calculated as the weekly incidence/100 000
inhabitants of the respective age group divided by the weekly incidence/100 000 inhabitants of the total population.

During our study, we observed the prioritization and progression of COVID-19 vaccinations across different age groups in
Germany. Initially, individuals aged over 80 years were assigned the highest priority for vaccination, due to their increased
risk of severe disease outcomes. This was followed by vaccinations for younger adults who either had a high risk of severe
disease or were employed in professions involving contact with high-risk patients. A notable shift in the pandemic's trajectory
was observed in May 2021, marking a period when the vaccination campaign had predominantly targeted the elderly
population (age 60þ). Correspondingly, there was a substantial decline in the relative incidence rate within this age group.
The expansion of the vaccination campaign to younger populations was shaped by key regulatory approvals. The European
Medicines Agency (EMA) authorized the use of BNT162b2 for adolescents aged 12e17 on May 28, 2021, and later for children
aged 5e11 on November 25, 2021 (European Medicines Agency, 2021a; 2021b). Following these approvals, Germany began
offering vaccinations to adolescents from June 7, 2021 (Presse- und Informationsamt der Bundesregierung, 2021b). During the
summer months of 2021, the relative incidence rates among the age groups 5e11 and 12e17 were observed to be similar
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Fig. 2. Vaccinations per inhabitants [%] and relative incidences by age group. The relative incidence represents the incidence in the respective age group divided
by the incidence across all age groups. Full vaccination: Individual received either one or two vaccinations depending on the respective vaccines‘ label. Booster
vaccination: Individual received at least one additional vaccination after being fully vaccinated.

Table 2
Model parameter estimates or parameters derived from literature for base model, NPIs, age groups, vaccine effects and VOCs.

Parameter Description Estimate (RSE) or literature value (source)

Initialization of the model
R(0) Population Rt value at study initialization (December 21, 2020) 1.41 (30.9%)
g Rate of exposed individual becoming a PCR-confirmed case [days�1] 1/7 (Dings et al., 2022)
C(0) Number of exposed individuals per 100.000 individuals at study initialization (December 21,

2020)
106 (60.1%)

Rt factor during school opening for each age group in comparison to reference group
fschool;0 Rt factor age 0e4 0.378 (8.4%)
fschool;5 Rt factor age 5e11 0.445 (9.5%)
fschool;12 Rt factor age 12e17 0.555 (8.6%)
fschool;18 Rt factor age 18e59 (reference group) 1.09 (1.9%)
fschool;60 Rt factor age >60 1.05 (3.4%)
Rt factor during school closure with remote learning for each age group in comparison to reference group
fdist;0 Relative Rt age 0e4 0.811 (5.8%)
fdist;5 Relative Rt age 5e11 1.13 (4.2%)
fdist;12 Relative Rt age 12e17 1.48 (2.4%)
fdist;18 Relative Rt age 18e59 (reference group) fschool;18
fdist;60 Relative Rt age >60 0.528 (3.1%)
Rt factor during school holiday for each age group in comparison to reference group
fholiday;0 Relative Rt age 0e4 0.511 (13.4%)
fholiday;5 Relative Rt age 5e11 0.963 (5%)
fholiday;12 Relative Rt age 12e17 1.48 (4.8%)
fholiday;18 Relative Rt age 18e59 (reference group) fschool;18
fholiday;60 Relative Rt age >60 0.524 (7.9%)
Rt changepoint and factor for nursery school children
CPNURS Approximated change date for nursery school attendance rules [days] 616 (1.3%) ¼ 2021/08/29
fnurs;0 Rt factor after CPNURS age 0e4 0.464 (3.6%)
fnurs;s0 Rt factor after CPNURS age s 0e4 1 (fixed)
Rt factor for infections with VOC BA4/5 in comparison to reference group
a BA5/5,0 Relative Rt change for infections with VOC BA4/5 age 0e4 0.306 (12.1%)
a BA5/5,5 Relative Rt change for infections with VOC BA4/5 age 5e11 0.232 (11.1%)
a BA5/5,12 Relative Rt change for infections with VOC BA4/5 age 12e17 0.518 (9.6%)
a BA5/5,18 Relative Rt change for infections with VOC BA4/5 age 18e59 (reference) 1(fixed)
a BA5/5,60 Relative Rt change for infections with VOC BA4/5 age > 60 1.27 (8.8%)
Vaccination effectiveness
fsWT=Alpha Fraction susceptible for WT or VOC Alpha after full vaccination 0.08 (Dagan et al., 2021)
fs0;Delta Fraction susceptible for VOC Delta age 0e17 after full vaccination 0.1 (Lopez Bernal et al., 2021; Sheikh et al.,

2021)
fs18;Delta Fraction susceptible for VOC Delta age �18 after full vaccination 0.2 (Lopez Bernal et al., 2021; Sheikh et al.,

2021)
fsbDelta Fraction susceptible for VOC Delta after booster vaccination 0.1 (Fabiani et al., 2022)
fs18;Delta Fraction susceptible for VOC Delta age �18 after full vaccination after change date CPVacc18 0.3 (Fabiani et al., 2022)
CPVacc18 Change point for vaccination effectiveness fi18;Delta [days] 636 (0.3%) ¼ 2021/08/18
fsOmicron Fraction susceptible for VOC Omicron after full vaccination 0.68 (10.6%)
fsbOmicron Fraction susceptible for VOC Omicron after booster vaccination 0.338 (10.1%)

* WT ¼ wild type, VOC ¼ variant of concern, RSE ¼ relative standard error.
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(Fig. 2). However, a distinct change occurred from October 2021 onwards. The age group of 12e17year-olds began to show a
decrease in infection rates, a trend attributed to the rising number of vaccinations within this demographic (Fig. 2).

At the outset of 2022, following the authorization of COVID-19 vaccinations for children aged 5e11 years, Germany
experienced its fifth wave of SARS-CoV-2 infections (week 52 2021 eweek 21 2022). This wave was notable for recording the
highest number of confirmed infections in the country to date. During this period, there were substantial differences in
vaccination coverage across different age groups. Our analysis, as illustrated in Fig. 3, revealed a strong inverse correlation
(Spearman's r ¼ �0.92 (95%CI -0.95 to �0.86) for full vaccinations and r ¼ �0.93, (95%CI -0.95 to �0.88) for booster vac-
cinations, with p < 0.001) between the proportion of the vaccinated population and the maximum incidence rate observed in
each age group and federal state, emphasizing the vaccination's effectiveness in preventing infections.

3.2. Mathematical modeling

We adapted an SIR model to represent three primary stages: Susceptible individuals, infected individuals capable of
transmitting the virus, and confirmed cases. The confirmed cases stage includes individuals who tested positive for SARS-
CoV-2 via PCR and were recorded in the RKI register. A key element of our model is its focus on the dynamics of VOC
transmission. It incorporates the critical understanding that individuals previously infected with the original strain or earlier
VOCs may retain susceptibility to emergent variants, exemplified by the Omicron variant. To illustrate the structure of our
model, Fig. 4 provides a schematic diagram that visually represents the progression of the population through these stages,
with each circle in the diagram corresponding to an ODE.

The foundational framework depicted in Fig. 4 was initially developed for the entire population. Here, it was adapted and
applied to each age group. This adaptation allowed a nuanced examination of virus transmission dynamics within distinct age
groups. A critical component of our analysis involved assessing the contribution of the infected population to the transmission
level of each age group. This assessment was conducted by aggregating the counts of infected individuals across age groups
and applying weights proportional to the population size of each age group. Such weighting was crucial to accurately reflect
the varying degrees of exposure and transmission risk across different age groups.

The effective reproductive number was determined for each age group and observed to undergo changes with the
emergence of the BA4.5 variant. Additionally, significant changes in Rt were identified for NPIs implemented by federal states,
comprising school holiday schedules, COVID-19 related school closures accompanied by remote learning as well as re-
strictions for nursing school attendance (all p < 0.001). The influence of these factors was assessed for each age group,
highlighting the impacts of public health measures on different segments of the population. A changepoint of the effective

Fig. 3. Maximum weekly incidence/100 000 inhabitants from September 1, 2021 to August 8, 2022 vs vaccination rates for full vaccinations (A; Spearman's
r ¼ �0.92 with p < 0.001) and booster vaccinations (B; Spearman's r ¼ �0.93 with p < 0.001) at the respective time point stratified by age group and federal
state.
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reproductive number was estimated for small children (age 0e4) on August 29, 2021, which coincided with altered atten-
dance rules for sick children in nursing schools.

All fixed effect parameter estimates and model parameters derived from the literature are presented in Table 2.
For model stability and as a reference point, an average deviation from the median Rt obtained from the previously

developed model (Dings et al., 2022) was estimated for the largest age group (ages 18e59 years, ε18 in Table 2) and not
corrected for implemented NPIs. For all other age groups, the deviations of Rt (εage in Table 2) were estimated and corrected
for effects of school-related NPIs (fNPI;age in Table 2). These parameter estimates express the relative difference of Rt between
different age groups. Fig. 5 visually contrasts the resulting Rt-ratios, calculated by dividing the Rt of each age group or setting
by that of the reference group, across the age groups under various settings. It reveals that during periods of school closure
with enforced remote learning, the number of SARS-CoV-2 infections among the younger age groups (0e4, 5e11, and 12e17
years) was markedly reduced compared to periods of in-person schooling. Interestingly, the reduction in transmission was
less pronounced during school holiday periods. Notably, among adolescents (12e17 years), the rate of infectionwas observed
to increase during school holidays compared to regular school attendance periods.

Furthermore, a drop in virus transmission among infants aged 0e4 was observed towards the end of summer school
holidays 2021 (estimated changepoint on August 29, 2021). This drop occurred at a time when many nursing schools
tightened attendance rules for sick childrenwith symptoms that can be related to SARS-CoV-2 infections. A significant change
(p < 0.001) in vaccine effectiveness of full vaccination against VOC Delta (10%) was estimated for individuals 18 years and
older on August 18, 2021 (CPVacc18) due to vaccine waning. At this time, the vast majority of vaccinees 18 years and older were
already vaccinated, as displayed in Fig. 2. For the newly emerging VOC Omicron, the effectiveness of the vaccination VEOmicron
was lower than the effectiveness of the booster vaccination (VBEOmicron). This is in line with the waning effect of the vacci-
nation against VOC Delta, as most vaccinees have been vaccinated for a long time at the emerge of VOC Omicron.

With the emergence of VOC BA4/5, a shift in transmissibility across age groups has been observed, as indicated by the
discrepancies between model predictions and the reported infection numbers in Germany. The absence of other plausible
explanations for this shift suggests a change in age-dependent susceptibility to VOC BA4/5 as the primary cause (Miyahara
et al., 2023; Wiedenmann et al., 2023). Accordingly, new transmissibility factors for each age group (a BA5/5,age) were esti-
mated to reflect this change.

We observed moderate variability in Rt across different states, with a coefficient of variation (CV) ranging from 4.4% to
50.3% (see Supplementary Materials Table 2 and Fig. 2). This variability highlighted the differences in transmission dynamics
between states. A comprehensive set of Goodness-of-Fit (GoF) plots for all German federal states, highlighting variations in
incidence trends across states and age groups, is detailed in Fig. 3 of the Supplementary Materials. Fig. 6, in the main text,
exemplifies the model's accurate representation of data for selected federal states. The data clearly demonstrate that the
temporal patterns of incidence vary not only among the federal states but also across different age groups.

Fig. 4. A: Schematic representation of the model. Each full circle represents one ODE. Each of the age groups is represented by one of such systems of ODEs. Full
arrows indicate the flow of individuals between compartments during the infection process. Dashed arrows indicate the influential processes. B: Effective
reproductive number (Rt) vs time for exemplary state North Rhine Westphalia and age group 12e17 years, including the gradual adding of the impact of defined
NPIs, VOCs and vaccinations on Rt. NPI: non-pharmaceutical intervention; VOC: variant of concern.
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Fig. 4 in the Supplementary Materials provides GOF plots that illustrate the model predictions of cumulative confirmed
cases and incidence rates, segmented by age groups. Additionally, the figure includes plots of conditional weighted residuals
for the predicted incidence rates.

Simulations were conducted to explore the potential impact of prioritizing vaccinations for the younger population (ages
5e17) on the spread of SARS-CoV-2. These simulations utilized vaccination rates for the adult and elderly populations (ages
18e59 and 60þ, respectively) based on data from the German Federal Ministry of Health as of January 2023
(Bundesministerium für Gesundheit, 2023): 66% of the 18e59 age group and 85% of the 60þ age group had received booster
vaccinations, while full vaccination rates stood at 17% and 5% for these groups, respectively. The vaccination scenarios for the
younger population were categorized into three groups: no vaccinations; actual vaccination rates as of January 2023; and a
high vaccination scenario, matching the booster rates of the 18e59 age group. The outcomes, illustrated in Fig. 7, indicate that
vaccinating younger populations not only curtails the spread of infections among them but also offers indirect protection to
the older age groups.

4. Discussion

This study utilized an adapted SIR model combined with NLMEmodeling techniques to analyze the spread of SARS-CoV-2
in Germany, stratified by age groups and federal states. Our findings reveal significant differences (p < 0.001) in the virus'
spread among pre-school children (age 0e4), children (age 5e11), adolescents (age 12e17), adults (age 18e59), and the
elderly (age 60þ). Notably, the differential impact of NPIs, emergence of VOCs, and vaccination rates across these age groups
provided insights into the dynamics of pandemic control and management.

In our analysis, the transition to remote learning has been instrumental in safeguarding children and adolescents from
SARS-CoV-2 infections. This measure effectively decreased exposure risks in these younger age groups. Nonetheless, this
protective strategy for the youth has coincided with an increased infection risk among the elderly, particularly those over 60
years of age, who are at the highest risk for severe outcomes from SARS-CoV-2 infections. This observation marks a deviation
from the patterns observed during school holidays and periods when schools were operational, where the elderly were less
frequently infected relative to the general population, benefiting from focused protective measures. The paradoxical increase
in the elderly's infection risk during remote schooling periods could be attributed to the shift in caregiving roles, with
grandparents more frequently stepping in to care for children while parents were occupied with work. This scenario likely
facilitated greater virus transmission to the elderly. Evidence of this effect can be found in several studies (Chung et al., 2023;
de Leeuw et al., 2023; Gilligan et al., 2020; Plagg et al., 2021; Stokes & Patterson, 2020).

To accurately assess the impact of school holidays on infection rates, analyzing data from the German federal states offered
a unique advantage due to the staggered timing of school holidays across different states (von Bismarck-Osten et al., 2022).
This variability allowed for a clearer distinction between the effects of school holidays and the overall trends in virus
transmission. Specifically, among adolescents (age 12e17), the risk of infection remained notably high during school holidays.
This sustained risk may be attributed to increased travel during these periods, as suggested by some studies (Plümper &

Fig. 5. Relative differences in Rt between age group under various NPIs in Germany. The reference category is the predominant age group (18e59 years). Data
points represent the estimated Rt ratios, calculated by dividing the Rt of each age group or setting by that of the reference group. Error bars indicate the standard
errors associated with these estimates.
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Neumayer, 2021). Supporting evidence from a study conducted in the summer of 2021 highlighted that for adolescents, the
opportunity to travel was among the least influential factors in their decision to get vaccinated (Rothoeft et al., 2023). This
suggests adolescents did not perceive their holiday activities to be notably constrained by the pandemic. Generally, the risk of
infection for adolescents when schools were operational were higher compared to younger children, likely due to factors such
as larger class sizes (Goldstein et al., 2021).

The existing literature on the effectiveness of school closures as NPI presents mixed results (Walsh et al., 2021). While
aligning with some studies (Mendez-Brito et al., 2021), the findings of the present simulations, showing that the shift to
remote learning proved to be a crucial step in notably lowering infection rates among children and adolescents, differ from
the results of a quasi-experimental study conducted in Germany that indicated that neither the summer nor the fall school
closures significantly contained the spread of the virus among children or older generations (von Bismarck-Osten et al., 2022).
Additionally, Bismarck-Osten and coworkers found no evidence that the return to full-capacity schooling after summer
holidays increased infections among children or adults and the number of infections among children was found to increase
during the last weeks of the summer holiday and decrease in the first weeks after schools reopened, attributed to travel
returnees. While the authors did not explore the effects of VOCs, our analysis expands on this by offering a more detailed
examination that includes the impacts of vaccinations and specific VOCs.

In particular, the model-based exploratory analysis comparing age-stratified incidence rates across German federal states
with the progression of the 2021 vaccination campaign revealed insightful trends. Following the spring 2021 prioritization of
vaccinations for the elderly (60þ), a notable decrease in infection rates was observed in this age group during the summer,
aligning with the vaccination strategy. In contrast, school-aged children and adolescents (5e11 and 12e17 years old)

Fig. 6. Observed and model predicted weekly incidence/100 000 inhabitants by age group for four exemplary states. Points represent observations. Lines
represent model predictions. Grey shaded areas indicate school closure with remote learning. Blue shaded areas indicate school holidays. While areas represent
open schools. The full panel presenting all German states is shown in Fig. 4 of the Supplementary Materials.

C. Dings, D. Selzer, N.L. Bragazzi et al. Infectious Disease Modelling 9 (2024) 1250e1264

1260

4 . Results

58



experienced the highest incidence rates during the summer of 2021. However, from October 2021, a reduction in infections
among adolescents (age 12e17) could be observed, correlating with the expansion of vaccination efforts to this age group.
This temporal association suggests a potential impact of vaccination efforts on reducing infection rates. The relationship
between vaccination campaigns and infection dynamics is further explored by analyzing the peak weekly infection numbers
in conjunction with vaccination rates across various age groups and federal states. In this context, a robust and statistically
significant correlation could be identified between the proportion of the population that received full vaccination, those
administered booster doses, and the observed peak incidence rates (both p < 0.001 and Spearman's r < �0.9).

Incorporation of vaccination effects into themodel allowed adjusting the infectivity for each age group in proportion to the
corresponding vaccination coverage within that group. Differing degrees of immunity conferred by full vaccination and
booster doses were modeled to reflect variations in protection levels across the population. The efficacy of vaccines against
infections caused by the SARS-CoV-2 WT, as well as the Alpha and Delta VOCs, was parameterized based on efficacy data
derived from the literature (Dagan et al., 2021; Lopez Bernal et al., 2021; Sheikh et al., 2021), which also accounted for the
waning of vaccine-induced immunity over time (Fabiani et al., 2022). For the Omicron VOC, in the absence of specific studies
addressing vaccine efficacy at the time ofmodel development, efficacy rates for full and booster vaccinationwere estimated at
32% and 66.2%, respectively. These estimates align with the observed reduced vaccine effectiveness against the Omicron
variant reported in subsequent research (Chenchula et al., 2022; Jacobsen et al., 2022; Khoury et al., 2021; Zou et al., 2022). In
Germany, vaccines were initially offered to the elderly and those in high-risk jobs. The outcomes of our simulations support
the effectiveness of this strategy and further reveal the added benefit of vaccinating younger groups, which indirectly
safeguards the broader community.

Our study adds to the existing body of scholarly literature on the effectiveness of school closure on the spread of SARS-
CoV-2. However, while most studies on this topic are susceptible to confounding due to the simultaneous implementation
of other NPIs, vaccinations and the emerge of VOCs (Walsh et al., 2021), our study integrated comprehensive age- and federal
state-stratified data coupled with an analysis approach exploiting fixed and random effects. Thereby, our study provides a
more contextual insight into the spread of SARS-CoV-2 across different age groups and federal states in Germany, highlighting
the interplay between NPIs, vaccinations, and VOCs.

On the other hand, this study encounters several limitations that must be acknowledged. A primary limitation arises from
the method of recording vaccination data, which is based on the site of vaccination rather than the individual's place of
residency. In contrast to this, confirmed cases were reported based on the individual's place of residency. This discrepancy
introduces a potential source of error in estimating the vaccinated population fraction, particularly in federal states with
smaller populations where cross-state vaccinations are more impactful. This discrepancy was notably observed in the city
states Bremen and Hamburg which reached vaccination coverages of 99.0% and 99.3%, respectively, in the age group of 60þ
when vaccination numbers are compared to the number of inhabitants. Additionally, the stratification of vaccination data into
specific age groups was constrained by data availability, leading to non-uniform age group distributions. This limitation
restricts the precision of our model, especially in accurately incorporating infection patterns across different age groups, as it
prevented the use of contact matrices to model the age-specific transmission of infections.

Fig. 7. Simulations comparing vaccination rates among younger populations (ages 5e11 and 12e17) under three distinct scenarios. Red lines depict the baseline
scenario where the younger cohorts are unvaccinated. Green lines represent the real-world scenario, reflecting the vaccination uptake among these age groups as
observed in January 2023. Blue lines illustrate a hypothetical scenario where young individuals are vaccinated at rates comparable to those seen in the 18e50 age
group as of January 2023. In all scenarios, vaccination rates among older groups (aged 18e59 and 60þ years) are held constant.
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A major limitation arises from the availability of data regarding the number of infections. Our analysis relies on confirmed
SARS-CoV-2 infection counts which necessitates the assumption of a consistent ratio of undisclosed or unconfirmed cases
across all age groups and over time. Various attempts have been made to estimate the number of undetected infections by
leveraging case-fatality ratios, test-positive rates or data from seroprevalence studies (Barbarossa et al., 2020; Rocchetti et al.,
2020; Schneble et al., 2021; Staerk et al., 2021). However, these attempts were mostly limited to describing the situation in
Germany in the year 2020. Since the beginning of 2021, seroprevalence studies contained less informative value, as sero-
positivity could be obtained via infection and vaccination. Additionally, a shift in the age-dependent case-fatality ratio was
already discussed to occur during the second wave of infections (Schneble et al., 2021) and even before the emergence of the
first VOC. Hence, leveraging case-fatality ratios for the estimation of undetected cases is an intractable challenge with the
emergence of VOCs and vaccinations. Moreover, due to the lack of individual-level vaccination data in Germany, it was not
possible to implement a time-dependent decline in vaccine efficacy. Instead, a reduced efficacy against the VOC Delta variant
was modeled using a change point as described in the Methods section. Lastly, one should account for variability in testing
strategies, which could affect the accuracy of estimated model parameters (Nunes et al., 2024). However, the test positivity
rate was not available stratified by age group, which rendered its informational content less valuable for our purpose. Amidst
the unknownproportion of undetected cases, the implementation of routine screening among children through Point-of-Care
antigen tests in schools, contrasted with the selective testing of adults, introduces a bias that may overestimate or under-
estimate the actual infection rates within these groups, respectively. Particularly, the shift to remote schooling and the
consequent reduction in routine testing among children could obscure the true rate of asymptomatic infections, potentially
overstating the impact of school closures on infection rates in this age group. The study acknowledges the challenge of
capturing the varied implementation of NPIs across federal states yet offers insights into their diverse impacts. Given the
complexity and varied nature of NPIs, coupled with the constraints in age stratification, our study focused selectively on key
NPIs that directly affected younger age groups, notably policies regarding the operation and closure of schools. This selective
consideration may not fully capture the comprehensive impact of NPIs on virus transmission dynamics across all de-
mographics and settings.

5. Conclusions

In this study, we employed mathematical modeling to dissect the interplay between NPIs, vaccination strategies, and the
dynamics of SARS-CoV-2 spread across different age groups within the German population. Our findings underscore the
differential impact of school closures and vaccination efforts on modulating infection rates among children, adolescents, and
the elderly. Key insights reveal that remote schooling effectively reduced viral spread among the youth, whereas vacation
periods saw elevated transmission rates among adolescents, suggesting a nuanced role of behavioral factors in infection
dynamics. Notably, the initial prioritization of vaccinations for the elderly and high-risk occupations, followed by extended
coverage to younger demographics, demonstrated a discernible reduction in infection rates across all age groups, corrobo-
rated by a significant correlation (p < 0.001) between vaccination rates and lowered incidence peaks.
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Abstract: The histamine-1 receptor antagonist azelastine was recently found to impact SARS-CoV-2
viral kinetics in a Phase 2 clinical trial (CARVIN). Thus, we investigated the relationship between
intranasal azelastine administrations and viral load, as well as symptom severity in COVID-19
patients and analyzed the impact of covariates using non-linear mixed-effects modeling. For this, we
developed a pharmacokinetic (PK) model for the oral and intranasal administration of azelastine. A
one-compartment model with parallel absorption after intranasal administration described the PK
best, covering both the intranasal and the gastro-intestinal absorption pathways. For virus kinetic
and symptoms modeling, viral load and symptom records were gathered from the CARVIN study
that included data of 82 COVID-19 patients receiving placebo or intranasal azelastine. The effect of
azelastine on viral load was described by a dose–effect model targeting the virus elimination rate.
An extension of the model revealed a relationship between COVID-19 symptoms severity and the
number of infected cells. The analysis revealed that the intranasal administration of azelastine led to
a faster decline in viral load and symptoms severity compared to placebo. Moreover, older patients
showed a slower decline in viral load compared to younger patients and male patients experienced
higher peak viral loads than females.

Keywords: COVID-19; SARS-CoV-2; azelastine; PK model; virus kinetic model

1. Introduction

Since the emergence of SARS-CoV-2 in December 2019, treatment options for coro-
navirus disease (COVID-19) have been scarce. Hence, many previously approved com-
pounds have been reassessed for drug repositioning regarding the treatment of acute
COVID-19. Several potential candidates could be found in a retrospective study that used
data mining of electronic health records and could associate the usage of several common
antihistamines with lower incidence of SARS-CoV-2 infections [1]. One of the identified
compounds was the histamine-1 receptor antagonist azelastine hydrochloride. Azelastine
has been approved for the treatment of seasonal or perennial allergic rhinitis for more than
30 years. An azelastine nasal spray formulation is currently available at a concentration
of 0.1% w/v that is known to be well-tolerated, with bitter taste and somnolence being
the most common side effects [2]. Patients older than 60 years with a history of previous
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azelastine use showed a significantly lower rate of SARS-CoV-2 infections compared to
patients without previous azelastine treatment (odds ratio 0.41, 95% CI 0.25–0.68) [1].

Independently, in vitro studies have shown that azelastine inhibits the interaction of
the SARS-CoV-2 spike protein with the ACE2-receptor (EC50 = 3.834 µM) in a pseudo-
virus infection assay [3]. Tested for its direct antiviral activity on the infection of Vero E6
cells with SARS-CoV-2 isolate USA-UF-1/2020, azelastine was effective with an EC50 of
2.24 µg/mL [1]. Furthermore, daily 20 min treatment with 0.02% azelastine solution in
assays with reconstituted human nasal tissue showed antiviral activity by reducing the
viral particle numbers by >99.9% 48 h post infection [4].

Recently, the CARVIN study was performed to evaluate the effect of azelastine nasal
spray on the SARS-CoV-2 viral load and infection-related symptoms in SARS-CoV-2 pos-
itive patients with mild symptoms who do not require inpatient treatment [5]. In this
double-blind study, patients received either placebo, 0.02 or 0.1% azelastine nasal spray
three times daily for 11 days of treatment. COVID-19 related symptoms were reported daily,
and SARS-CoV-2 viral load was assessed from nasal swabs on seven occasions throughout
the study. Here, after treatment, virus load was reduced in all groups (p < 0.0001) but was
greater in the 0.1% group compared to placebo (p = 0.007). In a subset of patients (initial
Ct < 25) viral load was strongly reduced on day 4 in the 0.1% group compared to placebo
(p = 0.005). Negative PCR results appeared earlier and more frequently in the azelastine
treated groups: being 18.5 and 21.4% in the 0.1 and 0.02% groups, respectively, compared
to 0% for placebo on day 8 [5].

However, analyses of the underlying mechanisms and dose-effect relationships consid-
ering individual infection characteristics were missing. Here, mathematical mixed-effects
modelling can be beneficial as variability between patients, such as different baseline viral
loads, can be considered. Furthermore, the relationship between the local drug concentra-
tion, drug effect, viral replication and the occurrence of virus-related symptoms is complex
and driven by non-linear time-dependent processes. Hence, mathematical modelling us-
ing non-linear mixed-effects techniques can provide meaningful insights regarding the
underlying mechanisms.

This work has aimed to use non-linear mixed-effects modelling for (i) developing
a pharmacokinetic (PK) model for azelastine, (ii) describing the effect of azelastine on
viral load and symptoms of SARS-CoV-2 positive patients from the CARVIN study and
(iii) exploring the impact of the covariates on viral load, infectivity, and symptoms.

2. Materials and Methods
2.1. Studies Included in the Analysis

A PK model for azelastine was developed based on digitized literature data from
5 studies including data after nasal and oral application of azelastine [6–10] since no azelas-
tine plasma concentrations were measured in the CARVIN study. The study was registered
in the German Clinical Trial Register (DRKS-ID: DRKS00024520; Date of Registration in
DRKS: 12/02/2021) and the EU Clinical Trials Register (EudraCT number: 2020-005544-34).
For data digitalization, GetData Graph Digitizer (http://getdata-graph-digitizer.com, ac-
cessed on 28 August 2020, version 2.26.0.20) was used according to best practices proposed
by Wojtyniak and coworkers [11].

To analyze the impact of azelastine on viral load and COVID-19 symptoms, clinical
data from the double-blind CARVIN study were used [5]. Here, 90 COVID-19 patients were
included that were recently tested positive for SARS-CoV-2 not requiring hospitalization
nor being at risk for severe disease. Patients were randomized into one of three treatment
groups: 1 mg/mL nasal spray (0.1% azelastine), 0.2 mg/mL nasal spray (0.02% azelastine)
or placebo nasal spray. Treatment was applied as one puff per nostril three times a day.

For the assessment of viral load, daily quantitative PCR (qPCR) was performed from
nasopharyngeal sampling swabs on days 1 to 5 and on days 8 and 11. For our analysis,
patients were excluded when SARS-CoV-2 qPCR test results were negative for ≥5 of
7 measurements (n = 8). Single viral load measurements were excluded if the gene copy
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numbers of the two measured genes (E and ORF1a/b gene) differed by more than two
orders of magnitude. Our modeling analysis was performed using the measurements of
the ORF1a/b gene.

During the study, patients had to document the severity of twenty COVID-19 related
symptoms (anosmia, ageusia, cough, sore throat, shortness of breath, coryza, general
weakness, headache, aching limb, loss of appetite, pneumonia, nausea, abdominal pain,
vomiting, diarrhea, conjunctivitis, rash, lymph node swelling, apathy, somnolence) daily
from day 1 to 11 on a scale from 1 (very weak) to 5 (very strong). For an individual score
of the disease severity, the sum of symptom scores was used as the outcome measure
(symptom sum score). Further details of the study are published elsewhere [5].

2.2. Data Analysis

Model development and simulations were performed using non-linear mixed-effects
modeling implemented in the software NONMEM (version 7.4.3, ICON Development
Solutions, Ellicott City, MD, USA). The objective function value (OFV; −2 log likelihood),
the precision of parameter estimates assessing the respective relative standard errors
(RSE) [12], as well as visual inspection of the goodness-of-fit plots and conditional weighted
residuals (CWRES) vs. time [12], were used as evaluation criteria for model selection. A
new model was accepted if the addition of one parameter led to a reduction of the OFV
by at least 3.841 (chi-square distribution with 1 degree of freedom, α-level 0.05). Dataset
generation and graphical visualization of NONMEM results were performed using R
(version 3.6.3, The R Foundation for Statistical Computing, Vienna, Austria).

2.3. Model Development

First, a PK model describing the plasma concentration-time profiles for azelastine after
intranasal and oral application was developed (PK model A) based on literature data from
5 clinical studies [6–10]. Here, one-, two-, and three-compartment models were tested. To
describe the absorption process, zero- and first-order processes as well as delayed and
parallel absorption were evaluated. For the elimination processes, first-order as well as
saturable processes were tested. Since it was anticipated that the local, intranasal azelastine
amount is of importance for the description of the effect on the viral load determined
by nasal swabs, a second PK model (PK model B) was established to simulate the local
intranasal azelastine amount based on prior knowledge about the kinetics of intranasally
applied drugs from the literature.

For the description of the change of individual SARS-CoV-2 viral load over time,
several known virus kinetic models were evaluated [13–16]. The influence of estimated
azelastine plasma concentrations (PK model A) and estimated intranasal azelastine (PK
model B) on different parameters of the virus replication model was evaluated using linear,
Emax and hill effect models.

For the description of the symptom sum score, linear and turnover models were
tested and linked to the PK-virus kinetic model. Since the symptom sum score comprises
20 symptoms and individual scores ranged between 1 (very weak) and 5 (very strong), a
symptom sum score of 20 was defined as the absence of any symptoms. Hence, the model
predicted symptom sum score was calculated with an offset of the minimal score of 20.

Covariate analyses were performed for the virus kinetic model and the symptom score
model. For this, age, weight, height, BMI, sex, baseline copy number, baseline outcome level
and date of initial positive SARS-CoV-2 test were evaluated as covariates. The covariate
analysis was performed using forward inclusion (p < 0.05) and backward elimination
(p < 0.001) with each covariate being evaluated univariately (one-by-one) [17].

2.4. Simulations

Using the final covariate model, simulations were performed to illustrate the effects
of different azelastine treatment schedules and the influence of the covariates age and sex.
Here, an average patient was assumed (male, 32 years, treatment with 3 × 0.1% azelastine)
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and one covariate was varied at a time. For age, simulations were performed for the median,
5th and 95th percentile of the study population (32, 19 and 57 years). Next to the study
treatments (placebo, 3 × 0.02% azelastine, and 3 × 0.1% azelastine) 5 × 0.1% azelastine
was simulated to explore the benefits of a more frequent application of azelastine.

Furthermore, the impact of preventive treatment with azelastine was explored by sim-
ulating the viral load with azelastine therapy starting before the time of infection using
3× and 5× daily application of 0.1% azelastine. With the equation proposed by Goyal et al. [18],
the transmission risk T was approximated as a function of the viral load V as

T = (Vα/(Vα + λα))2, (1)

with λ representing the viral load at which the transmission risk is 25% (λ = 107 cp/mL)
and α representing the slope (α = 0.8), as described by Goyal et al. [18]. To evaluate the
impact of the changed transmission risk by azelastine treatment, the difference of the area
under the curve (AUC) of T until the time of diagnosis (and presumably isolation of the
infected person) was calculated. This difference in the AUC of the transmission risk was
used to estimate the spread of SARS-CoV-2 infections based on one index case. For this,
the R(t) of a susceptible-infected-removed (SIR) infectious model was decreased by the
respective, estimated AUC decrease in the transmission risk. For treatment with placebo,
an R(t) of 1.2 was assumed, which represents the reported median R(t) value in Germany
for the first two years of the pandemic (2 March 2020–2 March 2022) whenever R(t) was >1
according to the RKI nowcasting [19].

3. Results
3.1. Pharmacokinetic Model

The digitized PK dataset included 8 mean plasma concentration-time profiles after
intranasal application of 0.28, 0.548, 0.55 and 0.822 mg azelastine [6–9] and 2 profiles after
oral application of 2 mg azelastine [10] from five different studies. A summary about
characteristics of the study populations is presented in Appendix A Table A1. In total, the
dataset contained 130 azelastine observations after 10 dosing events.

The azelastine plasma concentrations were described best by a one-compartment
model with parallel absorption via a fast and a slow absorption arm after nasal appli-
cation of high volumes of spray (i.e., two puffs per nostril, 140 µL/puff, PK model A,
Appendix A Figure A1). For small volumes (one puff per nostril, 140 µL/puff), the fraction
absorbed via the fast absorption arm was estimated to be approximately 100% and, thus,
was finally fixed to 100%. The absorption rate for the fast arm was estimated very high
and fixed to 100 h−1. The relative bioavailability of intranasal absorption was estimated to
be 36.8% compared to the oral bioavailability. Parameter estimates of the final PK model
A are listed in Appendix A Table A2. Model predictions versus time and goodness-of-
fit plots are presented in Appendix A Figures A2 and A3. Except for very low concentra-
tions, all data points were randomly spread around the line of identity indicating good
descriptive performance.

The second PK model (B) was established based on literature knowledge about the ki-
netics of intranasally applied drugs to simulate the local intranasal azelastine amount.
In this model, the amount of azelastine in the respective spraying formulations was
administered as a bolus amount and cleared with an elimination half-life of 20 min
(t1/2 = 0.0138 days corresponding to an elimination rate kel of 49.9 day−1, Figure 1) as
described by Schipper et al. [20].
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3.2. PK-Virus Kinetic Model

From the 90 patients included in the CARVIN study, 8 patients were excluded due to
negative SARS-CoV-2 PCRs on ≥5 of 7 measurements, resulting in the final virus kinetic
dataset of the CARVIN study containing 565 viral load qPCR measurements from 82 patients.
Subjects included in this analysis were on average 32 years old (range 19–60 years) and
weighed 72 kg (range 50–129 kg). Forty-two patients (51%) were female. One patient
reported fever at baseline, one patient has been previously infected with SARS-CoV-2 and
three patients had previously been vaccinated. The median delay between positive PCR
test result and study inclusion was 1.44 days. Table 1 shows that the treatment groups had
comparable demographic characteristics.

Table 1. Summary of the study population used for model development of the PK-virus kinetic and
symptom score models. Age and weight are summarized as medians and standard deviations (sd).
Patients’ sex is summarized as the percentage and number of male patients.

Group n Age [Years] (sd) Weight [kg] (sd) Sex [% male] (n)

Placebo 27 33 (13.6) 70 (16.3) 48.1 (13)
0.02% azelastine 28 28 (12.8) 70.5 (15.7) 53.6 (15)
0.1% azelastine 27 35 (13.1) 75 (15.7) 44.4 (12)

All 82 32 (13.1) 71.5 (15.8) 48.8 (40)

Regarding the azelastine nasal-spray application in the CARVIN study, no exact
dosing times were recorded. The study protocol suggested two puffs (one puff per nostril)
three times a day (after waking up in the morning, around lunchtime and in the evening),
preferentially every 6–8 h. Adherence concerning morning, midday and evening doses was
self-reported by the patients together with the symptom questionnaire. For our analysis,
the applications were assumed to be administered at 08:00 (morning), 14:00 (midday) and
20:00 (evening) if the patient self-reported the application of the respective dose.

The semi-mechanistic model by Goyal et al. [14] (Figure 1) described the viral load
data best in comparison to the tested approaches. Here, target cells (T) can become infected
by free virus turning them into infected cells (I). Infected cells produce virus (V) and be
eliminated by an immune response. The model includes a fast immune response with a
direct effect on the elimination of infected cells and a late T-cell immune response, depicted
via transit compartments that describe the delay between infection and T-cell immune
response (Figure 1, shown in purple).
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Most virus kinetic model parameters were fixed to values reported by Goyal et al. [14]
(see Table 2). Viral infectivity (β = 8.89 × 10−9 virion−1day−1), virus elimination rate
(γ = 1.92 day−1) and the time between infection and diagnosis (ALAG = 6.51 days) were
estimated for our study. A moderate IIV of 54 %CV was identified for the time between
infection and diagnosis ALAG. All model parameters are shown in Table 2.

Table 2. Model parameters of the final PK, PK-virus kinetic- and outcome model. No interindividual
and residual variability was estimated for the PK model due to lack of PK data.

Parameter Value
(RSE 1/Shrinkage) * Unit Source Parameter Description

PK model
kel 49.9 day−1 [20] Azelastine elimination rate
PK-virus kinetic model
ALAG 6.51 (3.2%) days estimated Time between infection and diagnosis
β 8.89 × 10−9 (1.2%) virion−1day−1 estimated Viral infectivity
γ 1.92 (6.7%) day−1 estimated Virus elimination rate
δ 3.1 day−1cellsk [14] Elimination rate of infected cells
ω 2.75 × 10−5 day−1cells−1 [14] Extend of T-cell response
π 398 day−1 [14] Virus production rate
k 0.08 - [14] Fast immune response
q 2.4 × 10−5 day−1 [14] Differentiation rate of T-cells
δE 1 day−1 [14] Elimination rate of T-cell response
m 3 day−1cells−1 [14] Maximum T-cell response
r 10 - [14] Hill coefficient of T-cell response
φ 100 cells [14] Half maximum effective effector cell level
I0 1 cells [14] Baseline number of infected cells
M0 1 cells [14] Baseline number of T-cells effect cells
T0 107 cells [14] Baseline number of target cells
EmaxA 0.37 (2.9%) - estimated Maximum azelastine effect
EC50A 0.0629 (5.1%) µg estimated Half maximum effective azelastine amount
Sex—ω 1.95 (9.8%) - estimated Covariate effect of sex onω
Age—ω −0.287 (2.9%) - estimated Covariate effect of age onω
IIV ALAG 58.0 (16.1%/9%) %CV estimated Interindividual variability on ALAG
AE 1.2 (0.8%) SD, log cp/mL estimated Additive residual error viral load
Symptom score model
Kout 0.37 (5.9%) day−1 estimated Output rate
EmaxI 15 (8.3%) - estimated Maximum input rate
EC50I 5.01 × 105 (9%) cells estimated Half maximal effective infected cells
hill 0.298 (5.9%) - estimated Hill coefficient
IIV Emax 78.7 (9%/3%) %CV estimated Interindividual variability on Emax
PE 10–9 (2.6%) %CV estimated Proportional residual error symptom sum score

1 RSE: Relative standard error, * applicable for model parameter estimates.

The two PK models (A and B) were tested for the impact of azelastine exposure on
the virus kinetics. Here, PK model A depicted the plasma concentration after oral and
intranasal dosing of azelastine. PK model B was developed to describe the intranasal
azelastine amount. Both models were linked with the virus kinetic model and described the
azelastine drug effect equally well using Emax effect models with a statistically significant
(p < 0.05) influence on the virus elimination. However, PK model B was favored due
to the principle of parsimony and the local mode of action for azelastine as well as the
higher precision of parameter estimates. At maximum effect, azelastine increased the virus
clearance by 32.2%.

Age and sex could be identified as covariates influencing the virus kinetics. Older
patients showed a reduced late T-cell response to SARS-CoV-2 infected cells with an
estimated exponent of −0.287. Female patients had a 95% increased late T-cell response
compared to male patients (see Table 2).

The goodness-of-fit plot for the final model (Figure 2, left) shows that the viral load was
well described throughout all treatment groups with observations vs. model predictions
randomly scattered around the line of identity. Furthermore, Figure 2 (right) shows the
good agreement between observed and model-predicted individual viral load-time profiles
for two exemplary patients from each treatment group.
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3.3. Symptom Score Model

The dataset for the symptom score model included 859 observations of the symptom
sum score for the 82 patients with viral load data described in Section 3.2. The median
symptom sum score at study inclusion was 35. After 11 days, symptoms were considerably
reduced with a median score of 23.

For the symptom score model, the parameters estimated for the PK-virus kinetic model
were fixed, including the individually estimated values for the lag time between infection
and diagnosis. The symptom sum score was described best by a turnover model (Figure 1,
red part). An increase in the symptom score was triggered by the number of infected cells
implemented by a hill effect model with an EC50 of 5.01 × 105 infected cells and a hill
coefficient of 0.298. The estimated elimination half-life of the infected cells was 1.87 days.
A high IIV (78.7 %CV) was identified on the maximal impact of the infected cells on the
outcomes (Emax). No significant impact of covariates on symptom sum score could be found.

The goodness-of-fit plot of the final symptom score model (Figure 3, left) shows that the
symptom sum score was well described for all treatment groups with all points randomly
scattered around the line of identity, even for extreme values with scores of >50. Furthermore,
Figure 3 (right) shows the good agreement between observed and model predicted individual
symptom sum scores for two exemplary patients from each treatment group.
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3.4. Simulations

To illustrate the effect of the covariates and different azelastine doses and treat-
ment schedules, simulations were performed with the final PK-viral load-symptom score
model. Scenarios for an average patient were tested (male, 32 years, treatment with
3 × 0.1% azelastine) and respective covariates were varied.

Results of the simulations are shown in Figure 4. Patients treated with azelastine
showed a faster decrease in the SARS-CoV-2 viral load and symptom sum score compared
to patients receiving placebo (Figure 4A): The time until the viral load drops below the
lower limit of quantification (LLOQ) was reduced in patients receiving azelastine. Here, the
effect size was dependent on dose and frequency of azelastine administration (10.6 days,
9.0 days, 8.7 days and 8.4 days after study inclusion with placebo, 3 × 0.02%, 3 × 0.1%
and 5 × 0.1% azelastine, respectively). The time until the symptom score drops below 25
(corresponding to 15 very weak and 5 weak symptoms) was longest for patients treated with
placebo (10.1 days) and drops with azelastine treatment to 9.6, 9.4 and 9.3 days for 3 × 0.02%,
3 × 0.1% and 5 × 0.1%, respectively. Figure 4B illustrates the slower decline in viral load and
symptom score in older patients: Patients aged 57 years did not reach a viral load below the
LLOQ after 11 days. Patients aged 19 and 32 years reach the LLOQ after 9.5 and 9.6 days,
respectively. The time until symptom score of 25 was much shorter for younger patients
(9 vs. 12 days for patients aged 19 and 32 vs. patients aged 65, Figure 4B). Male patients
experienced higher peak symptoms (maximum symptom sum score 38.4 vs. 37.8 for male
and female patients, Figure 4C). However, in the terminal phase of the disease after 7 days,
male patients showed a faster decline in viral load and symptoms.
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To explore the possible impact of preventive treatment with azelastine, scenario simu-
lations were performed assuming treatment with three- and five-times daily applications
versus placebo before the time of infection. Here, slower increase and lower peak viral
load upon azelastine treatment were predicted (Figure 5A). Next, the transmission risk
was calculated based on the viral load. For patients receiving three times and five times
daily azelastine, the AUC of transmission risk until the time of diagnosis was reduced by
11% and 15%, respectively, in comparison to patients receiving placebo (Figure 5B). For a
subsequent scenario, this decrease in transmission risk was used to estimate the spread
of SARS-CoV-2 infections based on one index case. Here, with a baseline R(t) of 1.2 for
patients treated with placebo, one index case leads to 28 infections after 60 days (Figure 5C).
For treatment with azelastine, 11 (R(t) = 1.07) and 7 (R(t) = 1.02) cases could be estimated
for treatment with three and five times daily azelastine, respectively.
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infections (C) after placebo (green) vs. preventive administration of 3 × 0.1% azelastine (red), 5 × 0.1%
azelastine (blue). Simulated preventive treatment started 11 days before infection and was continued
until the end of simulations. (A) Viral load after infection with SARS-CoV-2. (B) Transmission risk
associated with the respective viral load. (C) Number of infections resulting from the detection of
one index case assuming modest contact restriction measures (baseline placebo R(t) = 1.2).

4. Discussion

In this work, pharmacometric modeling was applied to (i) describe the PK of azelastine
after intranasal and oral dosing, (ii) adopt a virus kinetic model describing the SARS-CoV-2
viral load and (iii) develop a model describing the symptom severity of COVID-19 patients
treated with placebo or azelastine nasal spray.

A one-compartment model with parallel absorption for the intranasal application
described the PK of azelastine in plasma best (PK model A). Parallel absorption models have
been previously suggested for other drugs after intranasal application [21,22], assuming
that part of the dose is swallowed and absorbed via the gastrointestinal tract. In our
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analysis, the effect of parallel absorption was only observed for the application of two
sprays per nostril. With one spray per nostril, the fraction absorbed via the fast and
presumably intranasal absorption pathway was estimated to be 100%. This effect might be
due to the difference in the total volume of applied spray, where parts of the larger volume
of two puffs are swallowed. Overall, PK model A described the data very well with the
tendency of slightly underpredicting low concentrations in the final elimination phase.
However, as the data were obtained by digitalization of published concentration-time
curves, data points might be subject to inaccuracies due to known digitalization limitations
in linear scale plots [11]. Nonetheless, the estimated azelastine bioavailability of 36.8% of
the nasal spray application and an elimination half-life of 18.6 h are in line with previous
non-compartmental analyses reporting 40% bioavailability and a half-life of 22 h [2].

A second PK model was developed describing the intranasal amount of azelastine
(PK model B) in comparison to the plasma concentrations of PK model A. In PK model
B, the elimination rate was set to correspond to the nasal mucociliary clearance of 20 min
as reported by Schipper et al. [20]. The bioavailability was assumed to be 100% following
the modeling results from PK model A for which no swallowing of the dose was assumed
applying of one spray per nostril. For the description of the effect of azelastine on the viral
load, measured by nasal swabbing, PK model B was favored as the descriptive performance
of both models was comparable, but model B had a simpler structure with a more plausible
local mode of action.

For the description of the virus kinetics in the CARVIN study, a previously published
virus replication model was utilized. Here, only two population parameters had to be
adapted and estimated for an accurate description of the data. For this, the viral infectivity
(β) and virus clearance (γ) parameters were estimated about 85% lower compared to
Goyal et al. [14]. This renders the within-host infectivity, which is correlated to the fraction
β/γ [23], 18% higher in comparison to Goyal et al. [14]. Furthermore, this change leads to
a longer disease duration and a higher peak viral load. Both effects might be attributed
to the difference in infectivity and severity between SARS-CoV-2 variants (VOCs) since
the model developed by Goyal et al. was based on only data with wild-type SARS-
CoV-2. In the CARVIN study, information regarding VOC infections was available for
59 patients (66%) with 92% of these carrying the VOC alpha (B.1.1.7). At the time of data
collection (3 March–28 April 2021), VOC Alpha increased from 54.6% (4 March 2021) to
93.9% (29 April 2021) in Germany [24]. Hence, it is reasonable to assume that most study
patients (including those with missing VOC infection status) were infected with VOC Alpha
and differences in model parameters are due to substantial differences in virus replication
kinetics between wild-type and VOC Alpha. Importantly, azelastine’s anti-viral effect was
found to be comparable against the D614G variant (one amino acid exchange in the Spike
protein relative to the wild-type virus) and Alpha variant in in vitro infection models [4].

The intranasal amount of azelastine had a significant impact on the virus elimination
rate with a maximum acceleration by 37% (p = 0.0044), as simulated by PK model B. The
estimated EC50 of 0.848 µg azelastine corresponds to 0.28 mL of a 7.24 µM formulation.
In previous in vitro studies, azelastine inhibited the virus entry into the cell by blocking
the binding site of the SARS-CoV-2 spike protein with an EC50 of 3.834 µM [3] and EC50
of 2.2 to 3.7 µM in pre-infection and 4 to 6.5 µM in post-infection treatment settings in
infection assays with different variants [4], which is in line with our findings.

The model was used to simulate the study treatment (placebo, 3 × 0.02% azelastine
and 3 × 0.1% azelastine) as well as treatment with 5 × 0.1% azelastine. Analysis of the
simulation results revealed a beneficial effect of all applied doses vs. the application of
placebo with the largest effect being observed at 5× daily application of 0.1% azelastine.

As the analysis of PK model A revealed a higher systemic bioavailability after oral
compared to intranasal applications, a dedicated investigation of potential (systemic) treat-
ment benefits of oral administrations in COVID-19 patients could be reasonable. However,
this analysis was only based on data after intranasal application and viral load measure-
ment from nasal swabs. Hence, it was not possible to differentiate between local effects
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and potential systemic effects. Furthermore, it might be unreasonable to assume that oral
administration of azelastine, concentrations in the target sites of SARS-CoV-2 would be
large enough to observe a treatment effect.

Age and sex could be identified as covariates on the extent of the late T-cell immune
response of the virus kinetic model, which leads to male and older patients experiencing
higher maximum viral loads and symptoms. This is in line with previous findings where
female patients and younger patients showed a more robust T-cell immune response to the
infection with SARS-CoV-2 [25]. Furthermore, older patients showed a slower decline in
the viral load, which can be explained by the ageing of the immune system resulting in
diminished antibody maturation and more hyperinflammatory and pathological innate
responses to SARS-CoV-2 [26,27].

The symptom sum score was described best by a turnover model induced via hill effect
to the number of infected cells estimated by the virus kinetic model. The combination of hill
effect and turnover model causes the time of the maximum symptom score to be delayed
by 1.7 days in comparison to the maximum viral load and by 2.2 days in comparison to
the maximum number of infected cells. The IIV of symptoms between patients was very
high (58 %CV) and could not be explained by any of the tested covariates. Effects of age,
sex and applied azelastine dose on the symptom score were driven by the difference in
infected cells estimated by the virus kinetic model. As expected by the mode of action, no
additional effect of azelastine on the symptom score could be observed.

Azelastine nasal spray 0.1% has been approved for the treatment of seasonal allergic
rhinitis and nonallergic vasomotor rhinitis for more than 30 years. Moreover, since then, its
safety and tolerability have been proven in various clinical studies [2]. The most common
reported adverse effect of the nasal spray formulation is bitter taste, which can be reduced
by improving the dosing technique [8]. Further reported adverse effects were transient and
of mild-to-moderate severity including somnolence, nasal burning, and headache [2]. Due
to the favorable safety profile and the positive results from retrospective studies on the
mined electronic health records [1], an investigation of the use of azelastine nasal spray for
the prevention of infection with SARS-CoV-2 is reasonable. Hence, the developed virus
kinetic model was applied to simulate the impact of azelastine intranasal application at the
time of infection on the spread of the virus. Here, azelastine lowered the peak viral load
from 7.08 × 107 (placebo) to 5.37 × 107 and 5.13 × 107 cp/mL for applications of 3 × 0.1%
and 5 × 0.1% azelastine, respectively. Assuming the timepoint of diagnosis remained
unchanged despite the lower viral load, the transmission risk until diagnosis was mitigated
by preventive administration of azelastine, which substantially lowered the number of
infected subjects by more than 50% in our scenario (28 vs. 11 vs. 7 after 60 days without,
with 3 × 0.1% and 5 × 0.1% preventive azelastine applications, respectively). However,
these calculations are based on some strong assumptions. For one, the simulation of the
preventive effect of azelastine is based on model extrapolations outside of the data domain.
Furthermore, it is unclear whether the time of diagnosis might be altered with lower viral
loads. Additionally, the only preventive effect included in the simulation was the lower
transmission risk from the infected person to a susceptible individual. However, previous
studies also found a lower risk of infection for susceptible individuals taking azelastine [1].
Hence, further clinical studies would be needed to evaluate the preventive potential of
azelastine nasal spray. For the treatment of acute disease, a higher frequency of application
(5 × 0.1% vs. 3 × 0.1% azelastine) shortened both the time until symptoms resolved
(symptom sum score) as well as the time until viral load dropped below the LLOQ. In the
preventive treatment scenario, model simulations of both dosage regimens also favored a
higher azelastine dosage frequency to minimize transmission risk.

5. Conclusions

Mathematical models were developed to describe the PK of azelastine and the effect
of azelastine vs. placebo nasal spray on SARS-CoV-2 viral load as well as COVID-19
symptoms. The PK of azelastine after an intranasal application was best described using a
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parallel absorption model if two sprays per nostril were applied, implying that parts of the
larger applied volume of the formulation (2 puffs) are swallowed. Furthermore, modeling
revealed that the intranasal azelastine amount has a significant impact on the viral load
measured by nasal swabbing in patients with mild disease. In our analysis, the number of
infected cells triggered the disease symptoms with the peak of symptoms being delayed by
1.7 days in comparison to the peak viral load. The impact of azelastine on the viral load
also translated to a significantly lower symptom score in patients treated with azelastine in
comparison to patients receiving placebo nasal spray. Furthermore, the age and sex of the
patients had a significant impact on the viral load with older patients showing a slower
decrease in viral load in comparison to younger individuals and male patients experiencing
higher peak viral loads compared to females.
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Appendix A

Table A1. Summary of the studies used for model development of the PK models. Age and BMI are
summarized as medians and range if available. Patients’ sex is summarized as the percentage and
number of male patients.

Study Administration Doses [mg] n Age [Years]
(Range) BMI [kg/m2]

Sex
[% Male] (n)

Du 2014 [6] Intranasal 0.280 22 37.4 (21–55) 24.57 54.5 (12)
Berger 2009 [7] Intranasal 0.548 36 (18–50) na 100 (36)
Bernstein 2007 [8] Intranasal 0.550 na na na 100
ClinPharmReview [9] Intranasal 0.548, 0.822 18 (18–50) na 100 (18)
Park 2010 [10] po 2 23 23.0 (19–27) na 100 (23)

na = not available.
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Table A2. Parameter estimates of the azelastine PK model A. No inter-individual variability (IIV)
was estimated, as the mean curves of azelastine plasma concentrations could be described accurately
without additional IIV.

Parameter Parameter Description Unit Estimate RSE 1

Fixed effects
V1/F Volume of distribution L 1960 3.6%
CL/F Clearance rate L/h 72.9 3.3%
Kapo po absorption rate 1/h 0.55 8.7%
Fintranasal Intranasal relative bioavailability - 0.368 4.3%
Kain1 Intranasal fast absorption rate 1/h 100 FIX
Kain2 Intranasal slow absorption rate 1/h 1.75 20.9%
Fin (1 spray) Intranasal fraction absorbed fast (1 spray) - 1 FIX
Fin (2 sprays) Intranasal fraction absorbed fast (2 sprays) - 0.492 6.8%
Residual error
Prop. error Proportional error %CV 15.0 16.6
Add. error Additive error SD; pg/mL 11.0 59.8

1 RSE: Relative standard error.
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DISCUSSION 5
5.1 General Remarks

This work presents a comprehensive overview of the possibilities NLME modelling pro-
vides in infectious disease and pharmacometric modelling: The epidemiologic models
developed in Projects I and II focused on the identification of risk factors for the spread-
ing of the virus and the occurrence of severe disease centred around the incidence of
infections in Germany. The viral load model developed in Project III investigates indi-
vidual disease courses and the influence of treatment and demographic variables. Still,
both approaches were applied successfully with the same aim: to gain insights into
preventive measures.

Compartmental models have been used for the description of epidemics for more than
a century91. In these models, populations transfer through different disease-relevant
stages. The definition of these stages depends on the disease as well as on the research
question. Projects I and II show different examples for extensions of the basic SIR model
to facilitate the investigation of various pandemic parameters.

Project I aimed at describing and predicting the number of cases, hospitalizations,
patients requiring ICU treatment and the consequential fatalities due to COVID-19.
The disease stages were extended accordingly and the influence of age, sex and VOCs
of the patients was implemented as covariate effects. The model was used to estimate
the impact of the testing strategy, which impacted the hospitalisation and case-fatality
rate (CFR). This was expected and is in line with previous findings, as a more thor-
ough screening for COVID-19 results in the increased detection of asymptomatic cases,
which do not require hospitalization92. Furthermore, the modelling analysis facilitated
a thorough analysis of the CFR. Previous studies identified shifts of the CFR over time
in Germany, some of which explained these with shifts within the demographics of cases
or different treatment strategies between federal states93,94. Our approach combined all
knowledge, distinctly describing the number of fatalities in relation to the age and sex
distribution of cases, the testing strategy and VOC in each federal state. Thereby, our
analysis confirmed the findings of Morwinsky et al.94, who identified a decrease in the
CFR between spring and autumn 2020 related to the younger age of confirmed infec-
tions. Wjst et al.93 identified differences in the CFR between ICU patients in Munich
and Hamburg and could show that these differences arose from different management of
hypoxaemia. Similarly, a difference between federal states was identified in our analysis,
where the fraction of patients requiring ICU treatment differed between several federal
states. However, of all identified influences, our analysis revealed age as the strongest
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predictor for severe disease and fatality. This underlines that the older population should
be subject to protective measures, which was the research focus of Project II.

Finally, while the impact of NPIs was not implemented as a covariate effect, the
model still provided valuable insight into the effect of changing governmental regulations
within its framework of stepwise Rt-changes. While the estimation of Rt within fixed
time frames (i.e. daily or weekly) is most commonly used for these purposes83,95, the
estimation of stepwise Rt-changes has been successfully applied in our Projects I and II
as well as by other researchers96. It provides the opportunity to compare the timing and
extent of Rt-changes with NPI-changes.

In contrast to Project I, which focused on quantifying the impact variables on hospi-
talization and fatality rates, Project II focused on the spreading of SARS-CoV-2 with
the aim to differentiate the impact of NPIs between age groups, concentrating on NPIs
that concern mostly children and adolescents, such as school closures. Here, the stag-
gered timing of school holidays and the varying vaccination levels between federal states
and age groups provided the possibility to precisely determine the impact of both on the
spreading of infections. Via the combined approach of describing the overall Rt changes
within each federal state while estimating the relative impact of the NPIs on each age
group, shifts in infection rates due to school closures and holidays could be determined
independently of the overall trend in infections caused by other measures or, for example,
increases due to increased travel during school holiday periods, which other researches
could not distinguish between97,98.

Thereby, Projects I and II emphasise the broad applicability of compartmental mod-
els and their flexibility to be adjusted according to the questions they should answer.
Both projects highlight the benefits of approaching epidemiologic modelling using NLME
techniques, which has only recently gained popularity64.

Project III integrated different models that were developed independently of each
other to obtain the desired information: A PK model for azelastine was developed using
concentration-time profiles and physiological information gathered from literature after
nasal and intravenous application. The resulting PK model was linked to PD and out-
come models developed using data from the CARVIN study45. To evaluate the potential
effect of azelastine on the prevention of the spreading of infections, a transmission model
developed by Goyal et al.59 was used, where the transmission risk is calculated based on
the viral load. Finally, the model was used to perform simulations of various infectious-
ness scenarios to answer the question if prophylactic treatment with azelastine cannot
only lessen COVID-19 symptoms but can also prevent secondary infections, which is a
concept currently evaluated in a dedicated study.

Therefore, Project III illustrates how the integration of several models that are de-
veloped using different approaches can answer specific research questions, which is a
concept that has been used in drug development for many years95.
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5.2 Data Availability

Models are by definition only a simplified representation of the underlying system99,
which is of biological nature in the case of Project III or of epidemiological nature in
case of Projects I and II. Simplifications are needed for the sake of computational time
and are necessitated by limited input knowledge. Time and background knowledge were
particularly restricted in the early stages of the pandemic100, during which the model
presented in Project I was developed. This model was continuously updated as the
pandemic progressed and hence, at each point in time only represented the state of the
current knowledge.

During the COVID-19 pandemic, the availability as well as the format and informa-
tional content of data posed limitations100. In Germany, the number of cases, hospital-
ized patients and ICU patients was not reported from the same source, leading to effortful
collection of the data from multiple sources. Additionally, data was not recorded on an
individual level, i.e. it was not registered whether a confirmed case required inpatient
treatment, neither was all data reported stratified by age. However, for such inconsistent
reporting, mathematical modelling provides a powerful tool as it facilitates the combi-
nation of knowledge gained from various sources. In Project I, both individual-level
data and data available on population level were utilized. In addition to the number of
age- and sex-stratified confirmed cases on a population level, a database was available
from the hospital financial information system MetaKIS including individual informa-
tion for 30,723 hospitalized COVID-19 patients, which covered approximately 10% of
hospitalized COVID-19 patients in Germany at that time. This database provided the
possibility to determine the fraction of patients requiring treatment at general ward,
ICU or mechanical ventilation, and to stratify this information by age group and sex.
Furthermore, for each stratification group, fatality rates could be derived for each hos-
pital ward. This knowledge was used as prior information during model development,
which lowered the number of parameters that needed to be estimated and accelerated
model development in the early phases of the pandemic.

As previously discussed, simplifications lie in the nature of model development. How-
ever, simplifications need to be weighed against the intended use and/or interpretation
of the model. Here, the model needs to be fit for the intended purpose of the model
rather than always displaying the closest possible representation of the underlying "true"
system53. In Project I, for example, when simulating the number of ICU patients in Ger-
man districts, a discrepancy between model predictions and observations was observed.
Nonetheless, the model can still be considered valid, as the differences between model
predictions and observations likely arise from discrepancies in the data records: The
number of cases in each district was recorded based on the place of residency of the
patient101, while the number of ICU patients was recorded based on the location of the
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hospital102. Here, the model did not adjust its predictions for patients crossing district
borders to reach a hospital with ICU capacities. This theory was confirmed by compar-
ing model predictions of districts comprising big cities (and therefore hospitals with ICU
capacities) to smaller districts without appropriate ICU units.

The simplifications made in Project I were appropriate for the description of the first
two years of the pandemic in Germany, when the model was updated on a biweekly basis.
However, at the end of the year 2022, the updating of the model was terminated due
to rising issues of data availability and accuracy of the simplifications. Caused by the
increased usage of quick tests, PCR testing for SARS-CoV-2 decreased103. However, in
Germany, only cases confirmed by PCR test enter official statistics104. Thereby, the dark
figure rose, which could be observed exemplarily by the discrepancy between recorded
cases and the measured viral load in wastewater in Berlin, which had previously been
shown to be a good surrogate for the incidence of the virus105. Additionally, a decrease
in vaccination effectiveness over time has been observed in dedicated studies37. However,
the increasing spread of sublineages of the VOC Omicron and the stratification criteria
of vaccination records being inconclusive impeded the precise implementation of the
vaccination effect with the progression of the pandemic.

In Project II, limitations arose from the number of undetected infections. Various
studies evaluated the fraction of infections that are not part of the registered confirmed
cases by leveraging seropositivity tests106,107,108,109. Here, time-dependent changes, as
well as an age-dependency of the undetected infections could be observed106. However,
these studies are limited to the time before the emergence of vaccinations, as seropos-
itivity can also be ascribed to vaccinations110. For the interpretation of the results of
Project II, this limitation entails that the observed differences between settings and age
groups need to be interpreted with caution. For example, the reduction of confirmed
cases among school children during remote teaching could be attributed to both the
reduced infection risk due to a limited number of daily contacts as well as to the ceasing
in-school routine testing of the children.

Overall, Projects I and II show how the uncoordinated collection and reporting of data
vital to determining pandemic characteristics can hinder the fast and sufficient imple-
mentation of precise models for the prediction of trajectories. Here, the concertation of
data reporting could even be improved further if performed on a multinational level, e.g.
as dictated by European health agencies100. A European database might streamline the
generation of knowledge especially regarding the impact of NPIs, as national regulations
differed vastly. Additionally, some of the data regarding hospitalized patients was only
shown in pdf-reports or in varying formats on online websites and therefore needed to
be entered manually into the data set. Especially in the setting at hand, where data
was updated on a daily basis, the provision of data in a format that can be processed in
automated procedures could substantially reduce processing times and the errors caused
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by typos.
In Project III, a previously published SARS-CoV-2 viral replication model by Goyal

et al.87 was adapted to describe the viral load measured in the CARVIN study, which
investigated the impact of azelastine and placebo nasal spray on the viral load and
symptoms of COVID-19 patients45. Virus replication follows highly complex non-linear
time-dependent processes and NLME modelling techniques provide the opportunity to
analyse such systems. Correspondingly, virus replication models of varying complexity
have been developed used to estimate the impact of various potential antiviral drugs
and the timing of their administration111,112,113,114. These models all include the effect
of the immune responses to various degrees, depending on the time of their development
and the available data.

In Project III, the availability of more precise information could have lessened the ne-
cessity of simplifications and could have increased the identifiability of model parameters.
Instead, most parameters were fixed to values identified by Goyal et al. and only slight
adjustments were made to account for the lower disease severity of the mild COVID-19
patients in the CARVIN study compared to the hospitalized patients investigated by
Goyal et al.87. Information regarding, for example, the time of infection or symptom
onset was not available but would have provided valuable insights regarding the time
scale of the infection.

Additionally, the precise time points of nasal spray application were not recorded.
Here, the rinse effect of the placebo or azelastine nasal spray might have an influence
on the measured viral load115 and thereby be responsible for the high intra-individual
fluctuations in viral load. As an online system for the recording of symptoms was already
available during the study, the addition of a system that reminds the study participant
to apply the study medication and that records the actual time of administration could
have been an easy extension, especially as such reminder applications are already widely
available116.

5.3 Simulation and Forecasting

Especially in the beginning of the pandemic, before vaccinations and adequate treatment
options were available, it was of vital importance to control the spreading of SARS-CoV-2
in order to limit the number of ICU patients. Therefore, it was of high interest to predict
the trajectories of cases and ICU patients in order to manage health care resources and
justify appropriate NPIs. The model presented in Project I describes the number of cases,
patients, and fatalities and was developed in parallel with the progressing pandemic.
Interestingly, for the description of short-term trajectories, a model exploiting stepwise
changes of Rt instead of estimating a daily Rt based on the day-to-day fluctuations of the
number of cases proved to be sufficient for the prediction of short-term trajectories. With
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a mean period of 15.5 days between changes in the Rt, it was shown that the observed
number of cases and patients could be accurately described without the need for a daily
adaptation of the infection dynamics. The timing of Rt change points often correlated
with rule changes regarding contact restrictions by the federal or state government.
Consequently, it could be observed that the average variability of Rt between federal
states decreased from 23.2 %CV to 11.2 %CV when the "Bundesnotbremse" came into
force, meaning that the German government enacted contact restriction measures instead
of federal state government implementing their own rules. This finding underlines that
varying NPIs between federal states show varying effectiveness.

Interestingly, changes in the Rt often already occurred on the day that governmental
rule changes were decided upon but not yet in effect. This suggests that the awareness
for the pandemic in the population was influenced by governmental decisions and has
an impact on the risk perception of the population regarding infections. Unfortunately,
at the same time, this renders the forecast of the pandemic trajectory much harder, as
human behaviour is hard to predict, especially during times of quickly spreading fake
news over social media.

Conclusively, while it is possible to adjust predictions for increasing vaccination rates
and the spreading of VOCs, predicting changes in risk perception proves difficult. There-
fore, predictions should only be performed keeping in mind various possible scenarios
and the unpredictability of human behaviour. Nonetheless, despite the aforementioned
uncertainties around some model inputs and assumptions, modelling and simulation
tools can be used to explore these uncertainties and predict plausible ranges for the
pandemic’s short-term trajectories20,19.

Despite these challenges, publicly available simulation tools provide the possibility to
visualize the pandemic’s trajectories and can thereby help both authorities and the gen-
eral public to understand the impact of NPIs19. The model developed in Project I was
translated to an interactive online simulation tool accessible to the public via web browser
(www.covid-simulator.com). Here, the impact of different Rt trajectories could be sim-
ulated with respect to their impact on the number of hospitalized patients, ICU patients
and fatalities. Additional configuration options depended on the current major impact
factors or uncertainties, such as the change of Rt due to currently emerging VOCs or
vaccination willingness of the population. Next to the parameters included in the model
for data description, the simulation tool included the impact of a seasonal amplitude
based on observations from Gavenciak et al117 who analysed data from 143 European
regions. The Bayesian model identified a seasonal variation of viral transmission with a
median reduction of 42.1% from the peak in winter (January 1st) to the nadir in sum-
mer (July 1st). This feature was included in order to provide more accurate long-term
trajectories.

In contrast to webpages that visualize the trajectories of the pandemic based on a sin-
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gle estimate and its confidence interval, public simulation tools are of the advantage that
users can explore the impact of various measures on their own. For example, the simula-
tion tools could provide trajectories for requested decreases or increases in the effective
reproductive number. During the COVID-19 pandemic, they were frequently used by the
press, politicians and private users in order to simulate the pandemic trajectories118,119.

Finally, the availability of simulation tools to the public might improve adherence to
the measures resolved by the government: Many studies identified autonomous motiva-
tion to be the strongest predictor for adhering to COVID-19 measures120,121, while other
studies showed that simulation tools can be of great use to increase this motivation122.
Furthermore, compliance with preventive measures was linked to an individual’s trust
in science as well as to the individual´s risk perception123. Here, forecasting various
scenarios might provide valuable insights and improve the user’s understanding of their
personal and the population’s risk.
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The presented work shows that mathematical modelling can widely support the under-
standing of the spread of viral infections, both within as well as between individuals.

Pharmacometric modelling of viral load-time profiles and disease severity can be used
to describe impact of treatment and for the identification of individual risk factors.
In this work, the combination of the azelastine-viral load PK/PD model and a viral
load-infectivity model enabled to simulate the impact of azelastine on the infectivity of
individuals infected with SARS-CoV-2.

Epidemiological models proved to be helpful for the understanding and prediction of
pandemic trajectories. In this work, it was highlighted how the application of NLME
modelling techniques for the analysis of the COVID-19 pandemic in the 16 German
federal states supported the quantification of the impact of NPIs, vaccinations and test-
ing strategies on the COVID-19 pandemic in Germany. Thereby, the effects of improved
treatment options and vaccinations could be identified on the trajectory of ICU patients.
Furthermore, the impact of school holidays and remote schooling could be quantified
stratified by age group. Finally, simulation tools such as www.covid-simulator.com

provided visualisations of future trends and made the pandemic situation more accessi-
ble for the general public.

However, in all three modelling analyses, access to data of high quality was the limiting
factor: In the viral load modelling analysis, missing information necessitated that some
model parameters had to be informed from literature. In the epidemiological modelling
analyses, the access to data varied between federal states and the age-stratification
of case notifications and vaccinations did not coincide. These limitations resulted in
simplifications of the models which in return can lead to reduced model robustness with
respect to predictions.
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Attached as PDF: Figure S1.pdf 

Figure S1. Descriptive performance plots for Germany and all federal states. Points: observations, lines: 
model simulations. Information about the number of inpatients was not available for Germany and 
several federal states. 

 

Attached as PDF: Figure S2.pdf 

Figure S2. Descriptive performance plots for German districts (NUTS-3). Points: observations, lines: 
model simulations. Information about the number of ICU and ventilated patients was not available for 
4 districts. 

 

Attached as .mod-file: ModelFile S1.mod 

Model File S1. NONMEM model file of the infectiousness model 

 

Attached as .mod-file: ModelFile S2. mod 

Model File S2. NONMEM model file of the full model 

 

Supplementary Table S1. Data Sources 

Area Data Source 
Germany and 
federal states 

Cases, recoveries, fatalities Berliner Morgenpost [18] 

Germany and 
federal states 

ICU with and without ventilation DIVI Intensivregister [33] 

Germany and 
federal states 

Number of tests and positive rates RKI [19]  

German districts Cases with age groups and sex 
distribution 

RKI [19]  

German districts ICU with and without ventilation RKI documentation of DIVI data 
[34] 

Bavaria Occupied hospital beds Bavarian government [20] 
Berlin Occupied hospital beds and daily 

hospitalizations 
Berlin government [21] 

Brandenburg Occupied hospital beds Brandenburg government [25] 
Bremen Occupied hospital beds Bremen government [26] 

Hamburg Occupied hospital beds Hamburg government [27] 
Hesse Occupied hospital beds and daily 

hospitalizations 
Hesse government, via email 

Lower Saxony Occupied hospital beds Lower Saxony government [28]  
Mecklenburg-
Vorpommern 

Occupied hospital beds and daily 
hospitalizations 

Mecklenburg-Vorpommern 
government [29]  

North Rhine-
Westphalia 

Occupied hospital beds and daily 
hospitalizations 

North Rhine-Westphalia 
government [30]  
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Rhineland-
Palatinate 

Occupied hospital beds and daily 
hospitalizations 

Rhineland-Palatinate government, 
via email 

Rhineland-
Palatinate 

Daily hospitalizations Rhineland-Palatinate government 
[31] 

Saarland Occupied hospital beds Saarland government, via email 
Saxony Occupied hospital beds Saxony government [32]  

Saxony-Anhalt Daily hospitalizations Saxony-Anhalt government [22] 
Schleswig-Holstein Occupied hospital beds and daily 

hospitalizations 
Christian-Albrechts-Universität zu 

Kiel [23]  
Thuringia Daily hospitalizations Thuringia government [24] 

 

 

Table S2. Summary of the clinical database. Age is summarized as median and interquartile range. 
 Total 

inpatients 
General ward 
patients 

ICU patients ICU patients 
not ventilated 

ICU patients 
ventilated 

N 28847 23612 5235 1727 3508 
Age [years] 73 (57-83) 73 (56-83) 72 (61-80) 71 (57-81) 73 (63-80) 
Sex Male 15300 (53%) 11869 (50%) 3431 (66%) 1078 (62%) 2353 (67%) 

Female 13547 (47%) 11743 (50%) 1804 (34%) 649 (38%) 1155 (33%) 
Fatalities 6913 (24%) 4204 (18%) 2709 (52%) 412 (24%) 2297 (65%) 

 
 

Table S3. Changes in infectiousness (Rt) according to NPIs and model estimated changepoints (CP). 

Date of 
CP 

NPI/Explanation for change in 
infectiousness 

Model 
estimated 

CP 

Rt Germany 
(lowest – 

highest in 
federal 
states) 

Relative 
Change 

Inter-state 
variability 

[%CV] 

Initial R No NPIs in action - 2.78 - - 
16-19 Mar 

2020 
School closure (differs between 

federal states) No 1.92  
(1.37-2.79) -31% 18.7% 

21-23 Mar 
2020 

Curfew or restraining order 
(differs between federal states) No 1.1  

(0.70-1.83) -43% 24.1% 

1 Apr 
2020 

No distinguishable NPIs, might 
be accountable to a raised 
awareness in population 

Yes 0.64  
(0.41-1.13) 

-42% 25.5% 

26 Apr 
2020 

Mandatory face masks in public 
buildings and public transport 
becoming effective between 22 
and 29 April (differs between 

federal states); the average Rt in 
Germany is stable, however, 
there are significant changes 
between the federal state Rts 

Yes 0.64 
(0.29-1.05) 

0% 36.7% 

7 May 
2020 

Lifting of some restrictions on 6 
May  

Yes 0.72 
(0.50-1.07) 

+13% 21.7% 
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6 Jun 2020 

Local hotspots with many 
infected individuals while the 

total number of weekly cases is 
low leading to local short term 

changes of Rt 

Yes 
1.08  

(0.55-2.01) +51% 40.6% 

18 Jun 
2020 

Local hotspots with many 
infected individuals while the 

total number of weekly cases is 
low leading to local short term 

changes of Rt 

Yes 0.86  
(0.58-1.35) 

-21% 27.2% 

12 Jul 
2020 

Many infections among 
travelers returning to Germany Yes 

1.33  
(1.19-1.58) +55% 6.9% 

10 Aug 
2020 

Obligatory PCR test for travelers 
since 8 August Yes 

1.05  
(0.57-1.70) -21% 34.1% 

20 Aug 
2020 

Various local increases or 
liftings of restrictions over the 
course of August -September 

Yes 0.95  
(0.68-1.33) 

-10% 31.6% 

7 Sep 
2020 

Various local increases or 
liftings of restrictions over the 
course of August -September 

Yes 1.25  
(0.99-1.50) +32% 10.2% 

4 Oct 2020 - Yes 
1.51  

(1.07-2.18) +21% 18.3% 

12 Oct 
2020 

14 October new local resolution 
for counties with high incidence Yes 

1.55  
(1.34-1.81) +3% 6.3% 

28 Oct 
2020 Resolution of “Lockdown light” Yes 

1.12  
(0.92-1.44) -28% 11.3% 

6 Nov 
2020 

Resolutions of “Lockdown 
light” effective on 2 November Yes 

1.00  
(0.75-1.31) -11% 12.6% 

19 Nov 
2020 

New infection protection law 
resoluted on 18 November Yes 

0.98  
(0.75-1.36) -2% 15.1% 

30 Nov 
2020 - Yes 

1.2  
(1.1-1.36) +25% 6.2% 

18 Dec 
2020 

Further lockdown restrictions in 
force at 16 December Yes 

0.67  
(0.53-0.89) -45% 14.6% 

28 Dec 
2020 

Increase of personal contacts 
and delay in reporting during 

the Christmas holidays 
Yes 1.22  

(1.08-1.45) 
83% 6.3% 

8 Jan 2021 
Further lockdown restrictions in 

force an 11 January Yes 
0.80  

(0.64-0.95) -35% 9.3% 

22 Jan 
2021 

Differing reopening of schools 
between federal states, 19 

January: expansion of federal 
lockdown until 14 February 

Yes 
0.82  

(0.48-1.42) +4% 29% 

29 Jan 
2021 

Travel restrictions from 
countries with high incidence of 

VOC B.1.1.7 at 30 January 
Yes 

0.76  
(0.67-0.87) -8% 8.6% 

11 Feb 
2021 

Federal government expands 
lockdown until 7 March; only 

some restrictions are lifted 
Yes 

0.93  
(0.82-0.99) +23% 6.1% 

8 Mar 
2021 

Lifting of several restrictions by 
the German federal government 

No 0.99  
(0.94-1.04) 

+6% 3.9% 
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Table S4. Fractions of confirmed cases hospitalized, treated at ICU, ventilated and death rates as 
functions of age (a) and sex (s) as extracted from the clinical database. 

 Model function Age group 
[years] 

Female (F) [%] Male (M) [%] 

Fraction hospitalized fh(a, s) 

0 to 4 3.02 3.70 
5 to 14 0.90 0.90 

15 to 35 2.38 1.54 
35 to 59 4.45 7.45 
60 to 79 20.6 29.1 

80+ 29.6 50.3 

Fraction treated at ICU of 
inpatients 

fi(a, s) 
 

0 to 4 6.05 23.7 
5 to 14 5.87 19.6 

15 to 35 9.64 22.2 
35 to 59 21.4 35.7 
60 to 79 35.3 54.1 

80+ 21.4 35.1 

Fraction ventilated of ICU 
patients 

fv(a, s) 
 

0 to 4 30.8 30.8 
5 to 14 44.4 44.4 

15 to 35 46.3 46.3 
35 to 59 60.0 60.0 
60 to 79 71.9 71.9 

80+ 66.6 66.6 

Fraction death  
(general ward) 

fdh(a, s) 
 

0 to 34 0 0 
35 to 59 1.25 1.25 
60 to 79 10.1 14.7 

80+ 33.4 41.4 

Fraction death  
(ICU not ventilated) 

fdi(a, s) 
 

0 to 34 0 0 
35 to 59 4.53 4.53 
60 to 79 19.4 19.4 

80+ 33.4 33.4 

Fraction death  
(ICU ventilated) 

fdv(a, s) 
 

0 to 4 0 0 
5 to 14 25.0 25.0 

15 to 35 18.0 18.0 
35 to 59 37.2 37.2 
60 to 79 65.3 65.3 

80+ 84.1 84.1 

Fraction death 
(outpatients) 

fda(a, s) 
 

0 to 59 0 0 
60 to 79 1.72 2.73 

80+ 18.3 22.6 
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A1.4 Supplementary Model File S1

;Model file S1: NONMEM model file of the infectiousness model

$SIZES NO=5000 PD=-100 LVR=50

$PROBLEM COVID-19 cases

$INPUT ID TIME STATE=DROP TIME2 DROP DV LNDV LNDVCR OBS CMT AMT EVID MDV NUMBER CASE0 ICUDATASET DIVIFLAG SCHOOLS STORECLOSURE
CURFEW RESTRAININGORDER CARNIVAL FLAGZEROOBS FLAGRKI FLAGMP DOSING2 MAXIMUMICU FLAG20200714 MDV20200714 FLAG20200804
RKIDEATHS MPCASES MPCASESRECOVRKIDEATH Zweitimpfungen secondDosesCumulative tglImpfungen Datenende LastTimeImpfungen
CumTglImpfungen fixRt_0 fixRt_1 fixRt_2 fixRt_3 fixRt_4 fixRt_5 fixRt_6 fixRt_7 fixRt_8 fixRt_9 fixRt_10 fixRt_11 fixRt_12
fixRt_13 fixRt_14 fixRt_15 fixRt_16 fixRt_17 fixRt_18 fixRt_19 fixRt_20 fixRt_21 fixRt_22 fixRt_23 fixRt_24 fixRt_25
fixRt_26 fixRt_27 fixCP_4 fixCP_5 fixCP_6 fixCP_7 fixCP_8 fixCP_9 fixCP_10 fixCP_11 fixCP_12 fixCP_13 fixCP_14 fixCP_15
fixCP_16 fixCP_17 fixCP_18 fixCP_19 fixCP_20 fixCP_21 fixCP_22 fixCP_23 fixCP_24 fixCP_25 fixCP_26 fixCP_27 fixF2 PREDIC
MDVLAST

$DATA DATASET.csv IGNORE=@ IGNORE(DOSING2.EQ.1) IGNORE(CMT.GT.3) IGNORE(FLAGZEROOBS.EQ.1) IGNORE(ID.EQ.17) IGNORE(FLAGRKI.EQ.1)
IGNORE(TIME.GE.466)

$SUBROUTINES ADVAN13 TOL=5
$MODEL NCOMPS=3

$PK
;Changepoints (COVi) and Rt-values (Ei) fixed to previously estimated values until the most recent ones (COV22, E22 and following)

to save computational time
Q_0 = 0
RtSTART = fixRt_0
COV1 = SCHOOLS ;Time of school closing, covariate in dataset
E1 = fixRt_1
COV2 = CARNIVAL ;Time of German carnival, covariate in dataset
E2 = fixRt_2
COV3 = MAX(CURFEW,RESTRAININGORDER) ;Time of restraining order, covariate in dataset
E3 = fixRt_3
MTDIFF = 1
MTIME(1) = fixCP_4
COV4 = MPAST(1)
E4 = fixRt_4
MTIME(2) = fixCP_5
COV5 = MPAST(2)
E5 = fixRt_5
MTIME(3) = fixCP_6
COV6 = MPAST(3)
E6 = fixRt_6
MTIME(4) = fixCP_7
COV7 = MPAST(4)
E7 = fixRt_7
MTIME(5) = fixCP_8
COV8 = MPAST(5)
E8 = fixRt_8
MTIME(7) = fixCP_9
COV9 = MPAST(7)
E9 = fixRt_9
MTIME(8) = fixCP_10
COV10 = MPAST(8)
E10 = fixRt_10
MTIME(9) = fixCP_11
COV11 = MPAST(9)
E11 = fixRt_11
MTIME(10) =fixCP_12
COV12 = MPAST(10)
E12 = fixRt_12
MTIME(11) = fixCP_13
COV13 = MPAST(11)
E13 = fixRt_13
MTIME(12) = fixCP_14
COV14 = MPAST(12)
E14 = fixRt_14
MTIME(13) = fixCP_15
COV15 = MPAST(13)
E15 = fixRt_15
MTIME(14) =fixCP_16
COV16 = MPAST(14)
E16 = fixRt_16
MTIME(15) = fixCP_17
COV17 = MPAST(15)
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E17 = fixRt_17
MTIME(16) = fixCP_18
COV18 = MPAST(16)
E18 = fixRt_18
MTIME(17) = fixCP_19
COV19 = MPAST(17)
E19 = fixRt_19
MTIME(18) = fixCP_20
COV20 = MPAST(18)
E20 = fixRt_20
MTIME(19) = fixCP_21
COV21 = MPAST(19)
E21 = fixRt_21
;Estimated most recent changepoints and Rt-values
MTIME(20) = MTIME(19)+THETA(41)
COV22 = MPAST(20)
E22 = THETA(42)*EXP(ETA(24))
MTIME(21) = MTIME(20)+THETA(43)
COV23 = MPAST(21)
E23 = THETA(44)*EXP(ETA(25))
MTIME(22) = MTIME(21)+THETA(45)
COV24 = MPAST(22)
E24 = THETA(46)*EXP(ETA(26))
MTIME(23) = THETA(47)
COV25 = MPAST(23)
E25 = THETA(48)*EXP(ETA(27))

k=0.072
initVOC=0.002

RtFREE_OLD = RtSTART*(1-COV1)+E2*COV2+E1*(COV1-COV3)+E3*(COV3-COV4)+E4*(COV4-COV5)+E5*(COV5-COV6)+E6*(COV6-COV7)+E7*(COV7-COV8)+E8
*(COV8-COV9)+E9*(COV9-COV10)+E10*(COV10-COV11)+E11*(COV11-COV12)+E12*(COV12-COV13)+E13*(COV13-COV14)+E14*(COV14-COV15)+E15*(
COV15-COV16)+E16*(COV16-COV17)+E17*(COV17-COV18)+E18*(COV18-COV19)+E19*(COV19-COV20)+E20*(COV20-COV21)+E21*(COV21-COV22)+E22
*(COV22-COV23)+E23*(COV23-COV24)+E24*(COV24-COV25)+E25*COV25

RtBASE = RtSTART
Rt_0 = RtSTART
Rt_1 = E1
Rt_2 = E2
Rt_3 = E3
Rt_4 = E4
CP_4 = MTIME(1)
Rt_5 = E5
CP_5 = MTIME(2)
Rt_6 = E6
CP_6 = MTIME(3)
Rt_7 = E7
CP_7 = MTIME(4)
Rt_8 = E8
CP_8 = MTIME(5)
Rt_9 = E9
CP_9 = MTIME(7)
Rt_10 = E10
CP_10 = MTIME(8)
Rt_11 = E11
CP_11 = MTIME(9)
Rt_12 = E12
CP_12 = MTIME(10)
Rt_13 = E13
CP_13 = MTIME(11)
Rt_14 = E14
CP_14 = MTIME(12)
Rt_15 = E15
CP_15 = MTIME(13)
Rt_16 = E16
CP_16 = MTIME(14)
Rt_17 = E17
CP_17 = MTIME(15)
Rt_18 = E18
CP_18 = MTIME(16)
Rt_19 = E19
CP_19 = MTIME(17)
Rt_20 = E20
CP_20 = MTIME(18)
Rt_21 = E21
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CP_21 = MTIME(19)
Rt_22 = E22
CP_22 = MTIME(20)
Rt_23 = E23
CP_23 = MTIME(21)
Rt_24 = E24
CP_24 = MTIME(22)
Rt_25 = E25
CP_25 = MTIME(23)

F2 = fixF2
ALAG2 = 9

isolation = 100
infectious = 7

gamma = 1/(infectious)

A_0(1) = NUMBER

InitDay = 347
FractionInfectious = 0.08
FractionUninfetious = 1-FractionInfectious

$DES
DaysSinceVOC = T-InitDay
IF(T.LT.InitDay) DaysSinceVOC = 0
VOC = 1/(1+((1-initVOC)/initVOC)*EXP(-k*DaysSinceVOC))
IF(T.LT.InitDay) VOC = 0
RtFREE = RtFREE_OLD*(1-VOC)+RtFREE_OLD*1.35*VOC
beta = RtFREE*gamma

DADT(1) = -beta*A(1)/NUMBER*A(2) ;S
DADT(2) = beta*A(1)/NUMBER*A(2) - gamma*A(2) ;I
DADT(3) = gamma*A(2) ;C

$ERROR
DaysSinceVOC_Err = TIME-InitDay
IF(TIME.LT.InitDay) DaysSinceVOC_Err = 0
VOC_Err = 1/(1+((1-initVOC)/initVOC)*EXP(-k*DaysSinceVOC_Err))
IF(TIME.LT.InitDay) VOC_Err = 0
Rt = RtFREE_OLD*(1-VOC_Err)+RtFREE_OLD*1.35*VOC_Err
SUSCEPTIBLES = A(1)
Rt = Rt*SUSCEPTIBLES/NUMBER
CASES = A(3)+Q_0

IPRED = CASES
W = IPRED
DEL = 0
IF(IPRED.EQ.0) DEL = 0.001
IRES = DV - IPRED
IWRES = IRES/(W+DEL)
Y = IPRED *EXP(EPS(1)) + EPS(2)

$THETA
(0, 2.78,15) FIX ;1 RtFREE
(0.1, 1.92,5) FIX ;2 SCHOOLS
(0) FIX ;3 CARNIVAL
(0.1, 1.1,5) FIX ;4 RESTRAIN
(0.1, 0.636,5) FIX ;5 EFFECT4
(0, 0.636,5) FIX ;6 EFFECT5
(0, 0.716) FIX ;7 EFFECT6
(90, 101) FIX ;8 MTIME4
(0, 24.9) FIX ;9 +MTIME5
(1, 10.6) FIX ;10 +MTIME6
(0, 30) FIX ;11 +MTIME7
(0, 1.08,5) FIX ;12 EFFECT7
(0, 11.6) FIX ;13 +MTIME8
(0, 0.857,5) FIX ;14 EFFECT8
(0, 24.9) FIX ;15 +MTIME9
(0, 1.33,5) FIX ;16 EFFECT9
(0, 28.6,40) FIX ;17 +MTIME10
(0, 1.05,5) FIX ;18 EFFECT10
(0, 9.92,30) FIX ;19 +MTIME11
(0, 0.946,5) FIX ;20 EFFECT11
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(0, 18.4,40) FIX ;21 +MTIME12
(0, 1.25,5) FIX ;22 EFFECT12
(0, 26.1,40) FIX ;23 +MTIME13
(0, 1.51,5) FIX ;24 EFFECT13
(0, 8.7,40) FIX ;25 +MTIME14
(0, 1.55,5) FIX ;26 EFFECT14
(5, 15.8,40) FIX ;27 +MTIME15
(0, 1.12,5) FIX ;28 EFFECT15
(5, 9.08,40) FIX ;29 +MTIME16
(0, 0.998,5) FIX ;30 EFFECT16
(5, 13.3,40) FIX ;31 +MTIME17
(0, 0.978,5) FIX ;32 EFFECT17
(5, 10.9,40) FIX ;33 +MTIME18
(0, 1.22,5) FIX ;34 EFFECT18
(7, 18.4,40) FIX ;35 MTIME19
(0, 0.667,5) FIX ;36 EFFECT19
(7, 9.89,40) FIX ;37 +MTIME20
(0, 1.22,5) FIX ;38 EFFECT20
(7, 10.4,20) FIX;39 +MTIME21
(0, 0.796,5) FIX;40 EFFECT21
(7, 14,20) ;41 +MTIME22
(0, 0.8,5) ;42 EFFECT22
(5, 6,20) ;43 +MTIME23
(0, 0.7,5) ;44 EFFECT23
(7, 11,20) ;45 +MTIME24
(0, 0.9,1.5) ;46 EFFECT24
(442) FIX ;47 MTIME25
(0, 1,1.5) ;48 EFFECT25

$OMEGA
0 FIX ;1 RtFREE
0 FIX ;2 SCHOOLS
0 FIX ;3 CARNIVAL
0 FIX ;4 RESTRAIN
0 FIX ;5 EFFECT4
0 FIX ;6 EFFECT5
0 FIX ;7 EFFECT6
0 FIX ;8 F2
0 FIX ;9 EFFECT7
0 FIX ;10 EFFECT8
0 FIX ;11 EFFECT9
0 FIX ;12 EFFECT10
0 FIX ;13 EFFECT11
0 FIX ;14 EFFECT12
0 FIX ;15 EFFECT13
0 FIX ;16 EFFECT14
0 FIX ;17 EFFECT15
0 FIX ;18 EFFECT16
0 FIX ;19 EFFECT17
0 FIX ;20 EFFECT18
0 FIX ;21 EFFECT19
0 FIX ;22 EFFECT20
0 FIX ;23 EFFECT21
0.01 ;24 EFFECT22
0.01 ;25 EFFECT23
0.01 ;26 EFFECT24
0.01 ;27 EFFECT25

$SIGMA
0.00003 ;prop c
1100 ;add c

$EST METHOD=1 INTER MAXEVAL=9999 NOABORT NSIG=3 SIGL=6 PRINT=1 POSTHOC

$COV UNCONDITIONAL

$TABLE ID TIME TIME2 DV OBS CMT EVID MDV IPRED Rt Rt_0 Rt_1 Rt_2 Rt_3 Rt_4 Rt_5 Rt_6 Rt_7 Rt_8 Rt_9 Rt_10 Rt_11 Rt_12 Rt_13 Rt_14
Rt_15 Rt_16 Rt_17 Rt_18 Rt_19 Rt_20 Rt_21 Rt_22 Rt_23 Rt_24 Rt_25 CP_4 CP_5 CP_6 CP_7 CP_8 CP_9 CP_10 CP_11 CP_12 CP_13
CP_14 CP_15 CP_16 CP_17 CP_18 CP_19 CP_20 CP_21 CP_22 CP_23 CP_24 CP_25 F2 RtFREE RtFREE_OLD ONEHEADER NOPRINT FILE=
sdtab2001
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A1.5 Supplementary Model File S2

;Model file S2: NONMEM model file of the full model

$SIZES NO=-10000 PD=-5000 LVR=50 PC=35

$PROBLEM COVID-19 full model

$INPUT ID Week Year STATE=DROP TIME TIME2 DROP DV LNDV LNDVCR OBS CMT AMT EVID MDV NUMBER CASE0 ICUDATASET DIVIFLAG SCHOOLS
STORECLOSURE CURFEW RESTRAININGORDER CARNIVAL FLAGZEROOBS FLAGRKI FLAGMP DOSING2 MAXIMUMICU FLAG20200714 MDV20200714
FLAG20200804 RKIDEATHS MPCASES MPCASESRECOVRKIDEATH Zweitimpfungen secondDosesCumulative tglImpfungen Datenende
LastTimeImpfungen CumTglImpfungen A00toA04_M A00toA04_W A05toA14_M A05toA14_W A15toA34_M A15toA34_W A35toA59_M A35toA59_W
A60toA79_M A60toA79_W A80_M A80_W PositiveRate numberTests PREDIC fixRt_0 fixRt_1 fixRt_2 fixRt_3 fixRt_4 fixRt_5 fixRt_6
fixRt_7 fixRt_8 fixRt_9 fixRt_10 fixRt_11 fixRt_12 fixRt_13 fixRt_14 fixRt_15 fixRt_16 fixRt_17 fixRt_18 fixRt_19 fixRt_20
fixRt_21 fixRt_22 fixRt_23 fixRt_24 fixRt_25 fixCP_4 fixCP_5 fixCP_6 fixCP_7 fixCP_8 fixCP_9 fixCP_10 fixCP_11 fixCP_12
fixCP_13 fixCP_14 fixCP_15 fixCP_16 fixCP_17 fixCP_18 fixCP_19 fixCP_20 fixCP_21 fixCP_22 fixCP_23 fixCP_24 fixCP_25 fixF2
MDVLAST

$DATA DATASET.csv IGNORE=@ IGNORE(CMT.EQ.4) IGNORE(DOSING2.EQ.1) IGNORE(DIVIFLAG.EQ.2) IGNORE(CMT.EQ.8) IGNORE(CMT.EQ.11) IGNORE(
CMT.EQ.12) IGNORE(CMT.EQ.9) IGNORE(FLAGZEROOBS.EQ.1) IGNORE(ID.EQ.17) IGNORE(FLAGRKI.EQ.1) IGNORE(PREDIC.EQ.1) IGNORE(TIME.
GT.466)

$SUBROUTINES ADVAN6 TOL=6
$MODEL NCOMPS=30

$PK
;Parameters for infectious model
Q_0 = 0
A_0(1) = NUMBER
RtSTART = fixRt_0
COV1 = SCHOOLS
E1 = fixRt_1
COV2 = CARNIVAL
E2 = fixRt_2
COV3 = MAX(CURFEW,RESTRAININGORDER)
E3 = fixRt_3
MTDIFF = 1
MTIME(1) = fixCP_4
COV4 = MPAST(1)
E4 = fixRt_4
MTIME(2) = fixCP_5
COV5 = MPAST(2)
E5 = fixRt_5
MTIME(3) = fixCP_6
COV6 = MPAST(3)
E6 = fixRt_6
MTIME(4) = fixCP_7
COV7 = MPAST(4)
E7 = fixRt_7
MTIME(7) = fixCP_8
COV8 = MPAST(7)
E8 = fixRt_8
MTIME(8) = fixCP_9
COV9 = MPAST(8)
E9 = fixRt_9
MTIME(9) = fixCP_10
COV10 = MPAST(9)
E10 = fixRt_10
MTIME(11) = fixCP_11
COV11 = MPAST(11)
E11 =fixRt_11
MTIME(12) = fixCP_12
COV12 = MPAST(12)
E12 = fixRt_12
MTIME(13) = fixCP_13
COV13 = MPAST(13)
E13 = fixRt_13
MTIME(14) = fixCP_14
COV14 = MPAST(14)
E14 = fixRt_14
MTIME(16) = fixCP_15
COV15 = MPAST(16)
E15= fixRt_15
MTIME(17) = fixCP_16
COV16= MPAST(17)
E16= fixRt_16
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MTIME(18) = fixCP_17
COV17= MPAST(18)
E17= fixRt_17
MTIME(19) = fixCP_18
COV18= MPAST(19)
E18= fixRt_18
MTIME(20) = fixCP_19
COV19= MPAST(20)
E19= fixRt_19
MTIME(21) = fixCP_20
COV20 = MPAST(21)
E20= fixRt_20
MTIME(22) = fixCP_21
COV21 = MPAST(22)
E21 = fixRt_21
MTIME(23) = fixCP_22
COV22 = MPAST(23)
E22 = fixRt_22
MTIME(24) = fixCP_23
COV23 = MPAST(24)
E23 = fixRt_23
MTIME(25) = fixCP_24
COV24 = MPAST(25)
E24 = fixRt_24
MTIME(26) = fixCP_25
COV25 = MPAST(26)
E25= fixRt_25
MTIME(26) = fixCP_25
COV25 = MPAST(26)
E25= fixRt_25

RtFREE_OLD = RtSTART*(1-COV1)+E2*COV2+E1*(COV1-COV3)+E3*(COV3-COV4)+E4*(COV4-COV5)+E5*(COV5-COV6)+E6*(COV6-COV7)+E7*(COV7-COV8)+E8
*(COV8-COV9)+E9*(COV9-COV10)+E10*(COV10-COV11)+E11*(COV11-COV12)+E12*(COV12-COV13)+E13*(COV13-COV14)+E14*(COV14-COV15)+E15*(
COV15-COV16)+E16*(COV16-COV17)+E17*(COV17-COV18)+E18*(COV18-COV19)+E19*(COV19-COV20)+E20*(COV20-COV21)+E21*(COV21-COV22)+E22
*(COV22-COV23)+E23*(COV23-COV24)+E24*(COV24-COV25)+E25*COV25

F2 = fixF2
ALAG2 = 9

isolation = 100
infectious = 7

gamma = 1/(infectious)

PR= PositiveRate
IF(PositiveRate.LT.0.1) PR=0.1

;VOC Alpha model parameters
InitDay = 347
k=0.072
initVOC=0.002
DSM = TIME-InitDay
IF(TIME.LT.InitDay) DSM = 0
FractionVOC = 1/(1+((1-initVOC)/initVOC)*EXP(-k*DSM))

;time until discharge, proportion of time on ICU and on a mechanical ventilator as extracted of clinical database
IIV1 = EXP(ETA(1))
hill1 = THETA(14)
F_LD_VENT_L = THETA(2)-(THETA(2)*THETA(3))*TIME**hill1/(TIME**hill1+THETA(15)**hill1)
LD_VENT_D = 15.5 ;Duration until discharge ICU with ventilation death
LD_VENT_L = 28.6*F_LD_VENT_L ;Duration until discharge ICU with ventilation recovery
LD_ICU_D = 20 ;Duration until discharge ICU without ventilation death
LD_ICU_L = 20.4 ;Duration until discharge ICU without ventilation recovery
LD_HOSP_D = 10.6 ;Duration until discharge general ward only death
LD_HOSP_L = 11.5 ;Duration until discharge general ward only recovery
P_VENT_STAY_D = 0.63 ;Proportion of time ventilated of ICU with ventilation death
P_VENT_STAY_L = 0.28 ;Proportion of time ventilated of ICU with ventilation recovery
P_VENT_on_ICU_STAY_D = 0.68 ;Proportion of time on ICU of ICU with ventilation death
P_VENT_on_ICU_STAY_L = 0.43 ;Proportion of time on ICU of ICU with ventilation recovery
P_ICU_STAY_D = 0.44 ;Proportion of time on ICU of ICU without ventilation death
P_ICU_STAY_L = 0.29 ;Proportion of time on ICU of ICU without ventilation recovery

;Correction factors for federal states with different reporting
fBER = 1
IF(ID.EQ.3) fBER = THETA(8)
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fHE = 1
IF(ID.EQ.7) fHE = 1.15
fBR = 1
IF(ID.EQ.5) fBR = 1.3
fHH = 1
IF(ID.EQ.6) fHH = 1.2

;Hospitalized fractions by age group, corrected by factor
Hosp80= THETA(1)
Hosp60= 0.578*THETA(1)
Hosp0 = 0.0735*THETA(1)
Hosp5 = 0.0178*THETA(1)
Hosp15= 0.0305*THETA(1)
Hosp35= 0.148*THETA(1)

;Hospitalized fractions by age, sex and time
H0 = Hosp0*(A00toA04_M+A00toA04_W*0.817)
H5 = Hosp5*(A05toA14_M+A05toA14_W)
H15 = Hosp15*(A15toA34_M+A15toA34_W*1.55)
H35 = Hosp35*(A35toA59_M+A35toA59_W*0.597)
H60 = Hosp60*(A60toA79_M+A60toA79_W*0.708)
H80 = Hosp80*(A80_M+A80_W*0.588)

;Covariate impact and changes of hospitalization rate
MTIME(15) = THETA(10)
FHOSP = THETA(5)
hill2 = THETA(22)
FHOSPnTEST = THETA(11)

hosptrans = THETA(10)
hosp_TV = H0+H5+H15+H35+H60+H80
hospfactor = (1-FHOSP*TIME**hill2/(THETA(4)**hill2+TIME**hill2))*EXP(-FHOSPnTEST*numberTests/1000000)*(1+FractionVOC*THETA(20))
hosp = hosp_TV*hospfactor
isolated = (1-hosp)*isolation
hospitalized = hosp*isolation

;Fraction treated at ICU
POP1 = 0
POP2 = 0
IF(ID.EQ.2) POP1 = 1
IF(ID.EQ.3) POP1 = 1
IF(ID.EQ.5) POP1 = 1
IF(ID.EQ.6) POP1 = 1
IF(ID.EQ.7) POP1 = 1
IF(ID.EQ.10) POP1 = 1
IF(ID.EQ.12) POP1 = 1
IF(ID.EQ.17) POP2 = 1
FICU= (THETA(6)+(POP1*THETA(13)+(1-POP1)*THETA(24)+POP2*THETA(25))*TIME**hill2/(THETA(4)**hill2+TIME**hill2))*(1+FractionVOC*THETA

(21))

ICU0 = Hosp0*(A00toA04_M+A00toA04_W*0.817*0.255)*0.439*FICU/hosp_TV
ICU5 = Hosp5*(A05toA14_M+A05toA14_W*0.299)*0.363*FICU/hosp_TV
ICU15 = Hosp15*(A15toA34_M+A15toA34_W*1.55*0.435)*0.41*FICU/hosp_TV
ICU35 = Hosp35*(A35toA59_M+A35toA59_W*0.597*0.600)*0.66*FICU/hosp_TV
ICU60 = Hosp60*(A60toA79_M+A60toA79_W*0.708*0.652)*FICU/hosp_TV
ICU80 = Hosp80*(A80_M+A80_W*0.588*0.608)*0.65*FICU/hosp_TV

revFRACTHOSP =(ICU0+ICU5+ICU15+ICU35+ICU60+ICU80)
FRACTHOSP = 1-revFRACTHOSP
toHOSP = hosptrans*FRACTHOSP

;Fraction ICU (ventilated)
B0 = ICU0/revFRACTHOSP*0.308
B5 = ICU5/revFRACTHOSP*0.444
B15 = ICU15/revFRACTHOSP*0.463
B35 = ICU35/revFRACTHOSP*0.600
B60 = ICU60/revFRACTHOSP*0.719
B80 = ICU80/revFRACTHOSP*0.666
FRACTVENT = (B0+B5+B15+B35+B60+B80)
FRACTICU = 1-FRACTVENT
toICU = hosptrans*(1-FRACTHOSP)*FRACTICU
toVENT = hosptrans*(1-FRACTHOSP)*(1-FRACTICU)

;Proportion of patients at respective wards and of respective age and sex calculated for death
HOSPu60_M = (1-0.66*FICU)*(Hosp35*A35toA59_M)/hosp_TV/FRACTHOSP
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HOSPo60_M = (1-FICU)*(Hosp60*A60toA79_M)/hosp_TV/FRACTHOSP
HOSPo80_M = (1-0.65*FICU)*(Hosp80*A80_M)/hosp_TV/FRACTHOSP
HOSPu60_W = (1-0.600*0.66*FICU)*(Hosp35*A35toA59_W*0.597)/hosp_TV/FRACTHOSP
HOSPo60_W = (1-0.652*FICU)*(Hosp60*A60toA79_W*0.708)/hosp_TV/FRACTHOSP
HOSPo80_W = (1-0.608*0.65*FICU)*(Hosp80*A80_W*0.588)/hosp_TV/FRACTHOSP
ICUo35 = ICU35*(1-0.6)/revFRACTHOSP/FRACTICU
ICUo60 = ICU60*(1-0.719)/revFRACTHOSP/FRACTICU
ICUo80 = ICU80*(1-0.666)/revFRACTHOSP/FRACTICU
Bo05 = (B5)/(FRACTVENT+0.001)
Bo15 = (B15)/(FRACTVENT+0.001)
Bo35 = (B35)/(FRACTVENT+0.001)
Bo60 = (B60)/(FRACTVENT+0.001)
Bo80 = (B80)/(FRACTVENT+0.001)

;Death rates inpatients
PRdeath = (THETA(7)-THETA(7)*THETA(12)*EXP(-PR*THETA(9)))
PRdeathICU = (THETA(7)-THETA(7)*THETA(12)*EXP(-3.12*THETA(9)))
HOSPd = (0.0125*HOSPu60_M+0.0125*HOSPu60_W+0.147*HOSPo60_M+0.101*HOSPo60_W+0.414*HOSPo80_M+0.334*HOSPo80_W)*(1+FractionVOC*THETA

(19))*PRdeath
ICUd = (0.0453*ICUo35+0.193*ICUo60+0.477*ICUo80) *(1+FractionVOC*THETA(19))*PRdeathICU
VENTd = (0.25*Bo05+0.18*Bo15+0.372*Bo35+0.653*Bo60+0.841*Bo80) *(1+FractionVOC*THETA(19))*PRdeathICU

;Death rates outpatient
MTIME(10) = THETA(18)
hill3 = THETA(23)
FDOUT = THETA(17)*TIME**hill3/(TIME**hill3+THETA(18)**hill3)
FDOUT2 = THETA(26)*THETA(17)*TIME**hill3/(TIME**hill3+THETA(27)**hill3)
RR_Death = 0.16
out80M = A80_M*(1-Hosp80*hospfactor)
out80W = A80_W*(1-Hosp80*0.588*hospfactor)
out60M = A60toA79_M*(1-Hosp60*hospfactor)
out60W = A60toA79_W*(1-Hosp60*0.708*hospfactor)
OUTd = (THETA(16)+FDOUT-FDOUT2)*PRdeath*(1+FractionVOC*THETA(19))
death = (out80M+out80W*0.334/0.414+(out60M+out60W*0.101/0.147)*1.22/10.1)/(1-hosp)*OUTd

;transit rates for different wards and outcomes
deathHOSP = 2/(LD_HOSP_D)
deathICU = 2/(LD_ICU_D)
deathVENT = 2/(LD_VENT_D)
recovery_rateHOSP = 2/(LD_HOSP_L)
recovery_rateICU = 2/(LD_ICU_L)
recovery_rateVENT = 2/(LD_VENT_L)

MTIME(5) = 70
REC_TIME = MPAST(5)
recovery = 14
recovery_rate = 2/recovery
recovery_hosp = 14
recovery_ratehosp = 2/recovery_hosp
death_rate = 2/LD_HOSP_D

HOSPl = 1-HOSPd
ICUl = 1-ICUd
VENTl = 1-VENTd

$DES
DaysSinceVOC = T-InitDay
IF(T.LT.InitDay) DaysSinceVOC = 0
VOC = 1/(1+((1-initVOC)/initVOC)*EXP(-k*DaysSinceVOC))
IF(T.LT.InitDay) VOC = 0
RtFREE = RtFREE_OLD*(1-VOC)+RtFREE_OLD*1.35*VOC
beta = RtFREE*gamma
DADT(1) = -beta*A(1)/NUMBER*A(2) ;S
DADT(2) = beta*A(1)/NUMBER*A(2) - gamma*A(2) ;I
DADT(3) = gamma*A(2) - isolated*A(3) - hospitalized*A(3) ;A
DADT(4) = isolated*A(3)*(1-death) - recovery_rate*A(4) ;QR1
DADT(5) = HOSPl*toHOSP*A(26) - recovery_rateHOSP*A(5) ;Halive1
DADT(6) = recovery_rateHOSP*A(5) - recovery_rateHOSP*A(6) ;Halive2
DADT(7) = HOSPd*toHOSP*A(26)- deathHOSP*A(7) ;Hdeath1
DADT(8) = deathHOSP*A(7) - deathHOSP*A(8) ;Hdeath2
DADT(9) = ICUl*toICU*A(26) - recovery_rateICU*A(9) ;ICUalive1
DADT(10) = recovery_rateICU*A(9) - recovery_rateICU*A(10) ;ICUalive2
DADT(11) = ICUd*toICU*A(26)- deathICU*A(11) ;ICUdeath1
DADT(12) = deathICU*A(11)- deathICU*A(12) ;ICUdeath2
DADT(13) = VENTl*toVENT*A(26) - recovery_rateVENT*A(13) ;Valive1
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DADT(14) = recovery_rateVENT*A(13) - recovery_rateVENT*A(14) ;Valive2
DADT(15) = VENTd*toVENT*A(26) - deathVENT*A(15) ;Vdeath1
DADT(16) = deathVENT*A(15)- deathVENT*A(16) ;Vdeath2
DADT(17) = recovery_rate*A(20) + recovery_ratehosp*A(24) ;R
DADT(18) = death_rate*A(29) +deathHOSP*A(8) + deathICU*A(12) + deathVENT*A(16);D daily
DADT(19) = gamma*A(2) ;total cases
DADT(20) = recovery_rate*A(4) - recovery_rate*A(20) ;QR2
DADT(21) = (toICU + toVENT + toHOSP)*A(26) ;daily hospitalizations
DADT(22) = (toICU + toVENT)*A(26) ;daily ICU patients
DADT(23) = recovery_rateHOSP*A(6) + recovery_rateICU*A(10) + recovery_rateVENT*A(14) - recovery_ratehosp*A(23) ;R1hospital
DADT(24) = recovery_ratehosp*A(23) - recovery_ratehosp*A(24) ;R2hospital
DADT(25) = hospitalized*A(3) - hosptrans*A(25) ;T1hosp
DADT(26) = hosptrans*A(25) - hosptrans*A(26) ;T2hosp
DADT(27) = death_rate*A(29) +deathHOSP*A(8) + deathICU*A(12) + deathVENT*A(16);D
DADT(28) = isolated*A(3)*death - death_rate*A(28) ;QD1
DADT(29) = death_rate*A(28) - death_rate*A(29) ;QD2

$ERROR
DaysSinceVOC_Err = TIME-InitDay
IF(TIME.LT.InitDay) DaysSinceVOC_Err = 0
VOC_Err = 1/(1+((1-initVOC)/initVOC)*EXP(-k*DaysSinceVOC_Err))
IF(TIME.LT.InitDay) VOC_Err = 0
RtFREE_Err = RtFREE_OLD*(1-VOC_Err)+RtFREE_OLD*1.35*VOC_Err
Rt = RtFREE_Err*A(1)/NUMBER
CASES = A(19)+Q_0
VENTILATED = P_VENT_STAY_L*(A(13)+A(14))+P_VENT_STAY_D*(A(15)+A(16))
VENTILATED_ABS = VENTILATED
VENTILATED_ICU = P_VENT_on_ICU_STAY_L*(A(13)+A(14))+P_VENT_on_ICU_STAY_D*(A(15)+A(16))
ICUtotal = P_ICU_STAY_L*(A(9)+A(10))+ P_ICU_STAY_D*(A(11)+A(12))+VENTILATED_ICU
ICU_ABS = ICUtotal
HOSPtotal = A(5)+A(6)+A(7)+A(8)+A(9)+A(10)+A(11)+A(12)+A(13)+A(14)+A(15)+A(16)
DAILY_DEAD = A(18)
DAILY_HOSP = A(21)
DEAD = A(27)
RECOVERED = CASE0+Q_0+A(17)*REC_TIME

IPRED = CASES
IF(CMT.EQ.4) IPRED = RECOVERED
IF(CMT.EQ.5) IPRED = ICU_ABS*fBER*fBR*fHH
IF(CMT.EQ.6) IPRED = DEAD
IF(CMT.EQ.7) IPRED = HOSPtotal*fBER*fHE
IF(CMT.EQ.10) IPRED = VENTILATED_ABS*fBER*fBR*fHH
IF(CMT.EQ.18) IPRED = DAILY_DEAD
IF(CMT.EQ.21) IPRED = DAILY_HOSP
W = IPRED
DEL = 0
IF(IPRED.EQ.0) DEL = 0.001
IRES = DV - IPRED
IWRES = IRES/(W+DEL)
Y = IPRED *EXP(EPS(1)) + EPS(2) ;cases
IF(CMT.EQ.5) Y = IPRED + W*EPS(3) + EPS(4) ;ICU
IF(CMT.EQ.6) Y = IPRED + W*EPS(5) + EPS(6) ;death
IF(CMT.EQ.7) Y = IPRED + W*EPS(7) + EPS(8) ;hospital
IF(CMT.EQ.10) Y = IPRED + W*EPS(9) + EPS(10) ;ventilated
IF(CMT.EQ.18) Y = IPRED + W*EPS(11) + EPS(12) ;daily deaths
IF(CMT.EQ.21) Y = IPRED + W*EPS(13) + EPS(14) ;daily hospitalizations

$THETA
(0.8, 0.999,1) FIX ;1 hosp80
(1, 1.69,2) ;2 ftoVENT1
(0, 0.648,1) ;3 factor ftoVENT2
(50, 281,400) ;4 MTHOSP
(0.1, 0.496,1) ;5 fHOSP
(0, 0.476,1) ;6 toICU
(0.5, 1.05,1.7) ;7 fdeath
(0.3, 1.52,2) FIX ;8 fBER
(0, 0.129) ;9 PR death
(100) FIX ; 10 hosptrans
(0, 0.334) ;11 FHOSPnTEST
(0, 0.48,1) ;12 fmin PR Death
(0, 0.29,1) ;13 +toICU POP1
(100) FIX ;14 hill1 vent
(50, 228,350) ;15 MTICU
0 FIX ;16 dout
(0, 0.226,1) ;17 dout2
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(0, 348,450) ;18 MTIME FDOUT
0 FIX ;19 factor D VOC
(0, 0.395,1) ;20 factor H VOC
(0, 0.162,1) ;21 factor ICU VOC
(100) FIX ;22 hill2 hosp+ICU
(0, 29.57,100) ;23 hill3 dout
(-0.2, 0.0904,1) ;24 +toICU 1-POP1
(-0.2, 0.136,1) FIX;25 +toICU Germany
1 FIX; 26 Fraction -FDOUT
(360,446, 500);27 MTIME FDOUT2

$OMEGA
0 FIX ;1 dummy IIV

$SIGMA
0.000032 ;prop ccases
1060 ;add cases
0.0544 ;prop icu
20.8 ;add icu
0.00957 ;prop death
140 ;add death
0.124 ;prop hospital
175 ;add hospital
0.0884 ;prop ventilated
2.19 ;add ventilated
0.647 ;prop daily death
0.13 ;add daily death
6.82 ;prop daily hospitalizations
2.12 ;add dkdaily hospitalizations

$EST METHOD=1 INTER MAXEVAL=9999 NOABORT NSIG=3 SIGL=6 PRINT=1 POSTHOC
$COV UNCOND MATRIX=R

$TABLE ID TIME DV OBS CMT EVID MDV IPRED DIVIFLAG Rt RtFREE RtFREE_OLD hosp FRACTHOSP FRACTICU HOSPd ICUd VENTd OUTd death
ONEHEADER NOPRINT FILE=sdtab2101i
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Supplementary Table 1: Growth function estimates for each VOC. Here, tinit is the time point at which 0.2% of all 

confirmed cases were infected with a specific VOC, k is the growth rate and Fmax is the maximum distribution. T50 

represents the date at which the respective VOC constitutes 50% of the infections for the first time according to 

the growth function. The transmissibility factor 𝜀 describes the relative increase in transmissibility of an VOC in 

comparison to wildtype. 

VOC tinit k [days-1] Fmax Transmissibility factor 𝜺 t50 

Alpha 2020-12-03 0.072 0.92 1.35 [1, 2] 2021-03-02 

Delta 2021-05-06 0.13 0.99 1.97 [3] 2021-06-23 

Omicron BA.1 2021-12-01 0.21 0.99 3.19 a 2021-12-31 

Omicron BA.2 2021-12-01 0.0689 0.99 4.79 [4] 2022-03-01 

Omicron BA.4/BA.5 2022-04-17 0.122 0.99 8.47 b 2022-06-07 

afraction 𝜀Delta*kBA.1/kDelta, bfraction 𝜀BA.2*kBA.4/5/kBA.2 

 

Supplementary Table 2: Changes in the effective reproduction number (Rt) due to NPIs and changepoints 

estimated by previously developed model (Dings et al. 2022). The median Rt provides an estimate for the 

population virus transmission rate in Germany averaged for all federal states. 

Date of CP NPI/Explanation for change in Rt 
Median 

Rt 

Inter-state 
variability 

[%CV] 

28 Dec 2020  1.14 15.2 

7 Jan 2021 Lockdown intensifications in force on 11 January 0.77 13.8 

22 Jan 2021 
Reopening of schools, 19 January: expansion of federal lockdown 

until 14 February 
0.85 - 

28 Jan 2021 
Travel restrictions from countries with high incidence of VOC Alpha at 

30 January 
0.69 35.4 

09 Feb 2021 
11 Feb: Federal government expands lockdown until 7 March; only 

some restrictions are lifted 
1.01 4.4 

08 Mar 2021 Lifting of several restrictions by the German federal government 1.10 5.8 

28 Mar 2021 
Easter: decrease of detected cases due to reduced testing during the 

holidays 
0.55 - 

04 Apr 2021 Easter Sunday: Increase of cases after easter holidays 1.26 - 

11 Apr 2021  0.801 12.6 

28 Apr 2021 
“Bundesnotbremse” beginning 23 Apr: contact restrictions in areas 

with weekly incidence rates >100/100.000 inhabitants 
0.602 12.7 

16 May 2021 
09 May: Vaccinated and recovered individuals have less restriction 

than others 
0.469 23.9 

30 Jun 2021 End of “Bundesnotbremse” 1.24 6.8 

10 Aug 2021 Changes of infection protection measures decided by federal states 1.45 - 

18 Aug 2021 
23 Aug: nationwide application of 3G rule (for access to public 

spaces, individuals need to be either vaccinated, recovered or tested) 
1.43 39.7 

1 Sep 2021  1.1 11.5 

4 Oct 2021  1.5 8.8 

25 Oct 2021 11 October: end of free of charge SARS-CoV-2 tests 1.65 16.2 

18 Nov 2021 Changes in infection protection law decided 1.34 20.3 

29 Nov 2021 Changes in infection protection law come into force on 24 Nov 1.05 24.0 
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16 Dec 2021 
Number of performed PCR tests dropped considerably during the 

Christmas holidays 
0.753 50.3 

30 Dec 2021 Increase of cases after Christmas holidays 1.39 - 

04 Jan 2022 
7 Jan: Individuals need to be vaccinated or recovered to visit 
restaurants; quarantine is shortened for infected individuals 

0.76 27.5 

24 Jan 2022  0.613 21.6 

07 Feb 2022  0.476 24.5 

27 Feb 2022  0.594 19.1 

13 Mar 2022  0.527 15.7 

23 Mar 2022 19 Mar: End of emergency infection protection law 0.361 22.5 

16 Apr 2022 Easter Sunday on 17 Apr: Increase of cases during easter holidays 0.612 22.2 

21 Apr 2022  0.365 18.6 

26 May 2022  0.462 30.6 

21 Jun 2022  0.322 18.1 

19 Jul 2022  0.209 49.1 

 

 

Supplementary Figure 1: Spreading of variants of concern (VOCs) in Germany. Points represent the observed 

fraction of new cases with the respective VOC. Lines represent the fraction predicted using the growth function. 
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Supplementary Figure 2: Residual changes estimated for reproductive number between changepoints including 

inter-state variability without the impact of vaccinations, NPIs and VOCs.  

 

 

Supplementary Figure 3: Goodness-of-fit plots stratified by age group. Each color represents one German federal 

state. 
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Supplementary Figure 4: Weekly incidence per 100,000 inhabitants stratified by federal state and age group. 

Points represent observations. Lines represent model predictions. Grey shaded areas indicate school closure with 

remote learning. Blue shaded areas indicate school holidays. While areas represent open schools. 
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