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Introduction

Policies shape our lives from the cradle to the grave. It starts with the prenatal care
we get and the parental leave our parents are granted. From there it continues with
the education we receive, the taxes we pay and the health care we have access to –
all the way to the types of burials we can choose from.

Just like the circumstances we are born into, many policies shape our lives in pro-
found ways. However, in contrast to these circumstances, policies are directly under
a society’s control. This makes them powerful tools for reaching societal goals, such
as equality of opportunity or overcoming challenges that require coordination.

At the same time, choosing a policy to reach a particular goal is a difficult task. Many
policies can be used to move towards a single goal but their effects can be difficult to
predict and can have widely varying costs. Thus, it is no wonder that the evaluation
of public policies and predicting the effects of alternative policies is an important
focus of economics (Heckman and Vytlacil, 2005).

This dissertation contributes to two fields where policies play an important role:
Chapter 1 adds to the literature on equality of opportunity. It reveals that the cur-
rent playing field is far from level when it comes to attaining happiness for children
from different socio-economic backgrounds. Using an experiment, it also shows that
policies that improve the social environment of disadvantaged children can correct
this inequality. Chapters 2 and 3 contribute to the evaluation of epidemic contain-
ment policies. Chapter 2 proposes a model that is designed to evaluate a variety of
typical policies to contain CoViD-19 and Chapter 3 applies the model to evaluate
the role that vaccinations and rapid tests played in Germany’s CoViD-19 pandemic
in the spring of 2021.

The first chapter, “Inequality and the Pursuit of Happiness: How Poor Children
Grow Unhappy and What We Can Do About It”, studies the formation of life sat-
isfaction. Life satisfaction has become an accepted measure of individual well-being
that has been shown to have a sizable, stable, trait-like component in adulthood
(Diener, 2009, pp. 75-102). However, there are important gaps in our knowledge
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on how life satisfaction develops during childhood when the trait-like component
is likely to emerge. We draw on a unique household panel to report several key
features of life satisfaction during childhood and adolescence:

We find that life satisfaction becomes increasingly stable and reaches the stability
usually reported for adults by age 15. Children from disadvantaged families experi-
ence a much steeper decline than their more advantaged peers leading to a sizable
gap. This divide seems to persist over the entire life course when looking at current
adult surveys. Using a randomized mentoring intervention we show that this gap is
preventable. Treated children suffer a much smaller decline than their peers from
the control group. Instead, their trajectories are more similar to those of the advan-
taged children. This evidence shows that the socio-economic gap in life satisfaction
is likely preventable and that interventions in childhood can have persistent effects
on life satisfaction.

The second chapter, “People Meet People – An Epidemiological Model for Eval-
uating Non-Pharmaceutical Interventions” presents an agent-based epidemiolog-
ical model that is designed to evaluate and predict the effect of non-pharmaceutical
interventions (NPIs). Most epidemiological models lack the detailed representation
of human meeting patterns to credibly predict the effects of the diverse and nu-
anced policy measures that governments worldwide have been adopting to contain
the spread of CoViD-19. We build on state-of-the-art agent-based simulation models,
increasing detail and realism in key areas to make the model (1) suitable to predict
the effect of a variety of policies, (2) able to use a range of data sources to calibrate
most of the model’s parameters and (3) capable to fit long running time series.

For this our model has three important features:
Firstly, our population of agents shares many features with human populations. In-
dividuals are part of households and work teams, have differing degrees to which
they can work from home, can react to events (such as a symptomatic household
member) and their age and job influences when they are vaccinated. These features
allow us to calibrate many population parameters from surveys and other empirical
data.
Secondly, we model contacts in great detail. This means that many implemented
policies can be translated directly into our model from decrees, laws and empirical
data. It also enables us to add policies of interest directly into the model to predict
their effects.
Thirdly, our model includes a detailed representation of the case detection process:
agents can seek rapid and PCR tests in response to information and, as a result, the
share of cases that is detected varies between age groups and over time. This is es-
sential to fit empirical time series that include periods where testing capacities were
rationed and phases where rapid testing became available.
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Thanks to the many parameters that can be calibrated and a computationally
tractable two stage matching algorithm, it is computationally feasible to estimate
the parameters that cannot be calibrated. That our model has been estimated on
nine months of data and is able to achieve an excellent fit on the whole time period
with a plateau and two waves for an entire country is what sets it most apart from
similar models that usually focus on only showcasing mechanisms such as Aleta et al.
(2020) or are at most calibrated to much smaller populations and much shorter time
frames (Abueg et al., 2021).

The third chapter, “How To Beat SARS-CoV-2? The Role of Rapid Tests, Vaccina-
tions, and NPIs to Contain CoViD-19” uses the model from Chapter 2 to shed light
on the role that vaccinations, rapid tests and seasonality played in the decline in
CoViD-19 cases in Germany in the spring of 2021. Especially the role of rapid tests
is an important subject of scientific inquiry as the role they could play to manage the
pandemic was contended. Furthermore, emerging infectious diseases are becoming
more common and are expected to increase (Jones et al., 2008; Dobson et al., 2020).
Thus, an evaluation of the German rapid test strategy is important to inform the re-
sponse to possible future pandemics – including possible immune escape variants of
SARS-CoV-2 – whose pathogens are likely to share characteristics with SARS-CoV-2.

We calibrate and fit the model detailed in Chapter 2 to German data from August
2020 to June 2021. This very long time frame with two waves allows us to fit the
infection probabilities of different contact types and the stringency of some policies.
The remaining parameters, such as the home office share over time and the number
of pre-pandemic contacts of each contact type, are calibrated from other sources.

We find that during a period in which vaccination rates rose from 5% to 40%, sea-
sonality and rapid testing had the largest effect on reducing infection numbers. Vac-
cinations contribute only 16% to the difference caused by vaccinations, rapid tests
and seasonality jointly. Seasonality contributes 43% of the cumulative difference.
A similar-sized effect, 42%, is attributed to rapid testing. This is especially impres-
sive as tests were never mandatory for employees; even in late April only 30% of
individuals reported to test themselves at least once per week.

Lastly, we show that stringent testing can be a cheaper alternative to the two most
contentious NPIs: work from home mandates and schooling restrictions. The effect
of having 10% more workers stay home is small, changing the number of total infec-
tions by less than 5%, while mandatory testing at the workplace would have reduced
infections by over 20%. Similarly, opening schools at full capacities with two tests
per week would have only led to 6% more cases.

The chapters of this thesis illustrate the efficiency improvements that are possible
whenwe rigorously evaluate policies and choose them based on their scientific merit.
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This is especially important as inefficient policy responses can be very costly. The
CoViD-19 pandemic is a prime example of this: Racine et al. (2021) conclude that
anxiety and depression among children and adolescents increased by over 20% dur-
ing the pandemic. School closures are likely a major contributor to this that could
have been avoided had the effects of workplace testing and tests at schools been
known.
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Chapter 1

Inequality and the Pursuit of
Happiness: How Poor Children Grow
Unhappy and What We Can Do About It
Joint with Armin Falk, Fabian Kosse and Pia Pinger

1.1 Introduction

Life satisfaction is an important measure of individual well-being. Not only is it a
nearly universal parenting goal, it also predicts several important later outcomes
and behaviors, such as physical aggression and resilience in adolescents (Suldo and
Huebner, 2004; Proctor, Linley, andMaltby, 2008; Proctor, Linley, andMaltby, 2018)
and longevity in adults (Diener, Inglehart, and Tay, 2013).

In addition, youths’ life satisfaction deserves special attention. Firstly, because they
are a particularly vulnerable group – their lives are still largely determined by oth-
ers and adolescence is considered a particularly challenging phase of life (Shek and
Liu, 2014; Proctor, Linley, and Maltby, 2018). Secondly, life satisfaction has a sig-
nificant trait-like component, making it quite stable during adulthood (Fujita and
Diener (2005), Lucas and Donnellan (2007) and Headey and Muffels (2018)). It
seems likely that this trait-like component emerges during childhood and adoles-
cence. Consequently, policies during childhood and adolescence might be a particu-
lar effective way to increase a population’s life satisfaction in the long term if they
can influence the development of that trait-like component.

Yet, longitudinal and causal evidence on the formation of life satisfaction during
childhood and adolescence is scarce (Proctor, Linley, and Maltby, 2008; Shek and
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Liu, 2014; Casas and González-Carrasco, 2018; Proctor, Linley, and Maltby, 2018).1
Therefore no studies on the emergence of that trait-like component exist to our
knowledge. And most long-run evaluations of childhood interventions focus on later
earnings and educational outcomes rather than the participants’ life satisfaction
(Garces, Thomas, and Currie, 2002; Belfield et al., 2006).

Following nearly 500 children over seven years, this chapter shows how life satisfac-
tion stabilizes during adolescence and that a mentoring intervention in mid child-
hood can prevent the socio-economic gap that emerges during adolescence. This lon-
gitudinal design shows that life satisfaction is still rather volatile before puberty but
reaches the stability found in adulthood by age 15. It also confirms the marked de-
cline with age commonly found in cross-sectional studies (Jewell and Kambhampati,
2014; Shek and Liu, 2014; Casas and González-Carrasco, 2018). The longitudinal
nature of our data reveals that this decline is neither driven by the happiest children
nor by children who already report low happiness at baseline. Furthermore, this
chapter contributes to the discussion on the inconsistent correlations between socio-
economic factors and life satisfaction (Frijters, Johnston, and Shields, 2014; Shek
and Liu, 2014; Schnitzlein and Wunder, 2016; Proctor, Linley, and Maltby, 2018).
Following children from families of different socio-economic status (SES), it appears
that life satisfaction is unaffected by socio-economic background when children are
eight. However, a sizable SES gap of over 0.4 points on a zero to ten scale emerges as
children grow older. Lastly, exploiting a randomized control trial in the data shows
that long-run life satisfaction can be affected through the social environment during
childhood and the SES gap can be prevented to a large extent. Treated children in
our data follow a different trajectory than their untreated disadvantaged peers and
report higher life satisfaction years after the intervention ended.

This chapter proceeds as follows: Section 1.2 provides an overview over what is
known about children’s life satisfaction. Section 1.3 presents our data set and its rel-
evant variables. The following section presents the results: It starts by documenting
an increasing stability of children’s life satisfaction and confirming the decline as
children age (Section 1.4.1). Next, Section 1.4.2 shows that a large socio-economic
gradient emerges during adolescence. Lastly, the chapter investigates whether the
mentoring intervention that a subset of the low SES children were randomized to
can improve children’s long-run life satisfaction in Section 1.4.3. Section 1.5 con-
cludes.

1. Jewell and Kambhampati (2014), Shek and Liu (2014), and Jung and Choi (2017) are notable
exceptions but in comparison to us, observe less points in time.
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1.2 Literature Review

Over the past decades life satisfaction has become a well-accepted measure of in-
dividual well-being (Diener, Inglehart, and Tay, 2013). This is not just the case for
adults but also for adolescents (Jovanović, 2016) and children (Gilman and Hueb-
ner, 2003; Gadermann, Guhn, and Zumbo, 2010). In most cases a single item scale
has shown similar desirable psychometric properties to multi item scales (Cheung
and Lucas, 2014; Jovanović, 2016; Mazur et al., 2018).

Life satisfaction can be seen as an important outcome in itself. Moreover, it is an
antecedent of many other desirable outcomes in both adults and adolescents. For
example, higher life satisfaction predicts better physical health in adults, includ-
ing increased longevity and a lower risk of disability, chronic disease and dementia
(Koivumaa-Honkanen et al., 2004; Lyyra et al., 2006; Chida and Steptoe, 2008; Siah-
push, Spittal, and Singh, 2008; Feller et al., 2013; Rauma et al., 2014; Peitsch et al.,
2016).2 In adolescents, life satisfaction is associated with a reduced risk of later
violent and delinquent behavior (Jung and Choi, 2017; Hanniball et al., 2018), ex-
ternalizing and internalizing behaviors and peer victimization (Suldo and Huebner,
2004; Haranin, Huebner, and Suldo, 2007; Martin, Huebner, and Valois, 2008).

Regarding its malleability, research of the last decades has shown that life satis-
faction has a considerable constant component: 30-45% of adult life satisfaction
appears to be fixed (Lucas and Donnellan, 2007; Frijters, Johnston, and Shields,
2014) and twin studies suggest a sizable genetic component (Neve et al., 2012).
Nevertheless, important life events can have mid to long-term effects on life satis-
faction (Lucas, 2007) and there is a bi-directional longitudinal association between
personality and life satisfaction (e.g. Boyce, Wood, and Powdthavee (2012), Specht,
Egloff, and Schmukle (2012), and Hounkpatin et al. (2018)).

This suggests that childhood could be a sensitive period for life satisfaction. Firstly,
because it seems likely that the non-genetic part of the trait-like component observed
in adulthood emerges during childhood. Secondly, because personality is more mal-
leable during childhood before it becomes stabler during adolescence and young
adulthood (Caspi, Roberts, and Shiner, 2005; Klimstra et al., 2009; Costa, McCrae,
and Löckenhoff, 2019).

Additionally, life satisfaction during adolescence deserves special attention because
it is well established that life satisfaction falls during this time (e.g. Jewell and Kamb-
hampati (2014), Shek and Liu (2014), and Casas and González-Carrasco (2018)).

2. For a paper on potential causal channels, see Smyth et al. (2016).



8 | 1 The Preventable Inequality in Children’s Life Satisfaction

Despite its widespread occurrence, many questions, such as whether the decline is
driven by a catch-up of more “naïve” children, remain unanswered.

Awareness for the fragility of adolescents and the potential to foster their well-being
through interventions during childhood and adolescence has been recognized by
the literature (Seligman et al., 2009; Proctor and Linley, 2014; Shek and Liu, 2014;
Proctor, Linley, and Maltby, 2018) and some evaluations of interventions such as
Ruini et al. (2009) and Proctor, Tsukayama, et al. (2011) do exist. However, long-
term evaluations of interventions on life satisfaction are extremely rare, both for
adults (Weiss, Westerhof, and Bohlmeijer, 2016) and youths. The most long-term
evaluation of an intervention for youths that we are aware of is Gillham, Hamilton,
et al. (2006) with a two year follow-up. Thus, the time frames of interventions have
been insufficient to detect long-term changes in life satisfaction.

Regarding potential ways to intervene against the decline, two correlates of youths’
life satisfaction stand out: relationship quality and personality. Firstly, supportive
relationships are strongly correlated with children’s and adolescents’ well-being –
whether it be measured in the form of family time, an authoritative parenting style,
supportive parent-child relationships, or other adult support (Paxton et al., 2006;
Proctor and Linley, 2014; Shek and Liu, 2014). Furthermore, the perceived quality
of family relationships decreases during adolescence (Goede, Branje, and Meeus,
2008). Secondly, several personality factors and character strengths are strongly as-
sociated with life satisfaction, in both youths (Gillham, Adams-Deutsch, et al., 2011;
Proctor and Linley, 2014; Suldo, Minch, and Hearon, 2014; Weber and Huebner,
2015; Blanca et al., 2017) and adults (Lounsbury et al., 2004; Peterson et al., 2007;
Proyer et al., 2011; Boyce, Wood, and Powdthavee, 2012).

Lastly, it is important to note that the role of socio-economic background on chil-
dren’s life satisfaction is a contentious question in the literature on children’s life
satisfaction (Cho, 2018; Proctor, Linley, and Maltby, 2018). For example, Jewell
and Kambhampati (2014) found no significant effect of household income on life
satisfaction and Layard et al. (2014) found that family income accounts only for a
very small fraction of the variance in life satisfaction. On the other hand, Frijters,
Johnston, and Shields (2014) showed that having a father in the lowest social class
substantively lowered life satisfaction and Shek and Liu (2014) also found that eco-
nomic disadvantage lowered life satisfaction.

1.3 Data and Measures

This chapter draws on the briq family panel, which has been following over 500 chil-
dren – some of which were randomized to a mentoring program – for over seven
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years. The dataset is unique in several ways: Firstly, the panel has seven waves, i.e.
participating families were interviewed at up to seven points in time, with approxi-
mately one year between interviews. Thus, we observe each child’s life satisfaction
up to seven times from mid childhood to mid adolescence. Secondly, the detailed
yearly interviews with both children and caregivers yield a rich description of the
children’s developing personality and the environment they grow up in. Thirdly, the
study design includes a subset of low SES children that were randomized to partici-
pate in a mentoring intervention which provides us with exogenous variation in the
social environment in the low SES group. For a detailed description of the dataset
and intervention, see Kosse et al. (2020, Section 2).

Throughout our analysis, children’s self-reported life satisfaction is used as outcome
variable which was surveyed using age-appropriate questionnaire items. In the first
two waves (child ages 7-10), children answered an age-adjusted life satisfaction
question using a smiley scale. Starting from wave three (child ages 11-15), children
were asked the standard overall life satisfaction question that is also contained, in
the World Value Survey and the German socio-economic panel (SOEP) (Bjørnskov,
2010; Pagán-Rodríguez, 2010).3,⁴,⁵

There are two issues that arise from the subjectivity and ordinality of life satisfaction.
Firstly, there are likely individual differences in the interpretation of the scale as life
satisfaction is subjective. The long-running nature of our panel allows us to control
for the individual location of the scale of each individual (and constant factors in
their environment) by controlling for baseline life satisfaction.

Secondly, life satisfaction is ordinal which implies that any encoding that preserves
the order of the variable is a valid representation. The variable is encoded using the
same numeric values zero to ten with which it was presented to the respondents
in the later waves of the survey. Other encodings were only used to verify a basic
robustness of our main results.⁶ As Bond and Lang (2019) have shown the sign of dif-
ferences between group means are only robust to any valid numeric encoding if the
distribution of one group first order statistically dominates the other. Appendix 1.E
shows the distributions of our main groups of interest and argues that only very
particular encodings would lead to a reversal of our reported effects.

Families were categorized to have high or low socio-economic status (SES) based
on their income, education and single parent status. Our definition is child centric

3. Single-item life satisfaction measures are very valid as shown by Cheung and Lucas (2014).
4. For a discussion on how these two measures are made comparable over time, see Ap-

pendix 1.A.
5. For evidence that children as young as eight understand and can provide thoughtful answers

on their life satisfaction, see Gadermann, Guhn, and Zumbo (2010).
6. Results available upon request.
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and aims to capture differences in resources available to the child from the family
level. A family is considered to be low SES if it fulfills any of the following criteria
at baseline: One, the family’s income lies below the 30th percentile of the German
household income distribution. Two, neither of the parents have obtained a high
school degree that qualifies for university studies. Three, the child lives with a single
parent. Households that did not fulfill any of these criteria at baseline were classified
as high SES.

The briq family panel includes a subset of low SES children that were randomized to
participate in the well-established non-profit mentoring program called “Balu und
Du”. In this program, children meet weekly with a mentor for the duration of one
year. Mentors are mostly university students who usually report high life satisfaction.
All mentors are volunteers, motivated to enrich the life of a disadvantaged child.⁷
Conceptually, the idea of the program is twofold. Firstly, the program aims to en-
courage informal learning through joint activities. Secondly, children experience an
additional adult, who is well-adjusted and treats the child in a responsive, attuned
and encouraging way. As a result the mentor serves as friend and role model. In-
terviews and the mentoring intervention were scheduled such that the first wave is
the pre-treatment interview, the second interview is the post-treatment interview,
followed by a series of yearly interviews. This chapter includes six post-treatment
interviews.

Thus, there are three main groups: a High SES Control group, a Low SES Control
group and a Low SES Treatment group. All three comparisons are highly interesting.
The two control groups show the role socio-economic background plays in children’s
and adolescents’ life satisfaction. Comparing the treatment group to the Low SES
Control group yields the treatment effect of our intervention and the comparison
of the Treatment to the high SES Control group gives a sense to which degree the
intervention is able to level the playing field.

1.4 Results

This section presents our main results. It first provides evidence for the emergence of
a trait-like component by showing that life satisfaction becomes increasingly stable
during adolescence. While life satisfaction becomes more stable over time, the re-
ported level of life satisfaction declines as children age. This trend affects all children
irrespective of the happiness they reported when young and thus does not appear to
be the result of some form of catch-up of more “naïve” children with more “mature”

7. “Balu and Du” translates to Baloo and You. Baloo refers to Baloo the bear from The Jungle
Book. Prior evidence shows that participation enhances children’s prosociality (Kosse et al. (2020)).
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peers. Next, we show that the age decline is much more pronounced for disadvan-
taged children. We provide suggestive evidence that the inequality that emerges is
rarely overcome in adulthood and can be expected to be somewhat permanent by
showing that a similar sized parental SES gap is also present in the adult German
population over the entire life span. Having shown that the SES gap is problematic
from an equality of opportunity perspective, the section continues with the evalua-
tion of the randomized intervention in the briq family panel and finds that it affected
the life satisfaction trajectory of the treated children. This effect is so pronounced
that the treated low SES children and their high SES peers are statistically indistin-
guishable. Lastly, the section investigates possible treatment effect heterogeneities.
The results on treatment heterogeneity are mixed and do not provide conclusive
evidence.

Due to superior properties in finite samples, standard errors are bootstrapped unless
stated otherwise. To account for different interpretations of the life satisfaction scale
regressions usually control for baseline life satisfaction. Using the balanced sample
or unbalanced sample⁸ hardly changes the results. This is unsurprising as there is
little evidence for selective attrition (see Appendix 1.B).

1.4.1 Life Satisfaction Becomes More Stable and Declines During Childhood
and Adolescence

In line with the emergence of a trait-like component, life satisfaction becomes in-
creasingly stable during adolescence. Figure 1.4.1 shows the correlations of life sat-
isfaction across waves and compares them to the correlation of life satisfaction be-
tween adjacent waves of adults in the German Socio-Economic Panel (SOEP, Goebel
et al. (2018) and Liebig et al. (2019)). Life satisfaction starts out quite volatile, with
a correlation of less than 0.25 between the first and the second wave and increases
to the level of 0.5 found in adults by the age of 14.⁹

8. The balanced sample only includes children that provided all required variables in all waves.
The unbalanced sample also includes children that dropped out of the study at some point or did not
always provide all variables.

9. The 2nd and 3rd wave were further apart than the other waves. Thus, it seems likely that life
satisfaction was becoming more stable and the lack of an increase in the second column is due to the
longer interval between interviews.
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Figure 1.4.1. Development of the Correlation Of Life Satisfaction Between Waves Over Time

Note: The figure shows the correlation of children’s life satisfaction between waves over time. The red bar
on the right shows the same correlation found in German adults (data from the German Socio-Economic
Panel, Goebel et al. (2018) and Liebig et al. (2019)). Whiskers represent 95% confidence intervals.

While life satisfaction becomes more stable, the reported levels decrease markedly in
our sample (Figure 1.4.2). This is in line with earlier studies that also reported such
declines (Jewell and Kambhampati, 2014; Shek and Liu, 2014; Casas and González-
Carrasco, 2018). Our longitudinal dataset is able to show that this decline is not
the result of a catching-up process but affects children irrespective of their baseline
happiness.

All children start with high levels of life satisfaction. In the first wave, 73% in the Low
SES Control Group and 65% in the High SES Control Group report the highest or
second highest value. For comparison, less than one in four German adults reported
life satisfaction this high in 2016 (Goebel et al. (2018) and Liebig et al. (2019)).

Life satisfaction falls from this extraordinarily high level by on average 1.2 points
until age 14. This is more than one standard deviation in terms of the initial life
satisfaction distribution. Relating it to event studies in adults, this drop is larger than
the life satisfaction drop associated with disability and similar to the drop associated
with the death of a spouse (Lucas, 2007).
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Figure 1.4.2. Development of Life Satisfaction Over Time

Note: Points show mean life satisfaction for each wave with the mean age during the wave’s interview on
the x axis. Whiskers show 95% confidence intervals.

The panel structure allows to investigate how this decline is distributed. Is it that
“naïve” children catch up with more “mature” peers? Do struggling children turn
into desolate adolescents when the challenges of puberty arise? Figure 1.4.3 and
Table 1.4.1 show that neither is the case. Instead, children who reported the highest,
second highest or a lower level of life satisfaction at baseline all show very similar
trends over the years. The three groups’ age trends are estimated to be -0.16, -0.21
and -0.19 points per year, respectively. These are roughly similar in absolute terms
and also statistically indistinguishable (p=0.40, N=3015, F-Test). Thus, the decline
appears to be a universal phenomenon and not driven by children who displayed
low or high levels of life satisfaction when young.
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Figure 1.4.3. Development of Life Satisfaction by Baseline Life Satisfaction During Adolescence

Note: The figure shows mean life satisfaction from the second wave onwards for children who reported the
highest, second highest or a lower value in the first wave. Points show mean life satisfaction of each group
in each wave. Whiskers show 95% confidence intervals. There are between 336 and 426 observations per
wave. Life satisfaction is measured on a 0 to 10 point scale.

Table 1.4.1. Age Trends in Life Satisfaction by Reported Baseline Life Satisfaction

(1)

Life Satisfaction

Low Baseline Life Satisfaction -0.28***

2nd Highest Baseline Life Satisfaction -0.27***

Age -0.16***

Low Baseline Life Satisfaction x Age -0.03***

2nd Highest Baseline Life Satisfaction x Age -0.05***

Resident in Cologne -0.04***

Constant -10.53***

Observations -3015***

* p < 0.1, ** p < 0.05, *** p < 0.01

Note: Coe�cients from an unbalanced random e�ects regression model controlling for place of residence
(Cologne or Bonn). Intercepts and age trends are estimated for children that reported the highest, sec-
ond highest or a lower life satisfaction at baseline, respectively. All three groups have very similar trends
(p=0.40). Statistical significance is denoted by: *: p<0.1, **: p<0.05, ***: p<0.01.
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1.4.2 The Emergence of a Socio-Economic Gradient in Life Satisfaction

We now show that a sizable SES gap emerges during our study period and that this
gap is comparable to the gap present in the German adult population.

(a) Children’s Life Satisfaction by SES Over Time
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(b) Life Satisfaction During Adulthood by Parental SES

Figure 1.4.4. Evidence for the Emergence of a Life Long SES Gap in Life Satisfaction

Note: The upper figure shows mean reported life satisfaction in the Low and High SES Control group in
each wave during childhood and adolescence in the briq family panel. The lower figure shows the same
life satisfaction variable but among adults that grew up in the top and bottom quartiles of the parental
SES distribution in a cross-section of the German socio-economic panel (data source: Wagner et al. (2011),
N=6255). In both cases, life satisfaction is measured on a 0 to 10 point scale. Whiskers show 95% con-
fidence intervals. Mean di�erences between high and low SES groups are displayed above each age bin.
Stars represent statistical significance of two-sided t-tests: *: p<0.1, **: p<0.05, ***: p<0.01.
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As can be seen in Figure 1.4.4a the two groups start out very similar but disadvan-
taged children suffer a much steeper decline than their more privileged peers. At age
eight, the Low SES Control and High SES Control groups display similar levels of life
satisfaction with the High SES Control children even reporting slightly lower levels
of life satisfaction.1⁰ However, they follow very different trajectories. For children in
the High SES Control group life satisfaction declines at a rate of 0.13 points per year.
For children in the Low SES Control group that rate is 0.21 (p=0.01, N=3698). By
age 15, the more privileged children report 0.44 points higher life satisfaction than
their disadvantaged peers (p=0.03, two-sided t-test). To draw again a comparison
to event studies in adults: High and Low SES adolescents in our sample differ as
much in their life satisfaction as adults four years before their divorce compared to
freshly divorced adults (Lucas, 2007).

The clear difference in trends and the gradual emergence of a SES gap could be one
factor in explaining the contended role of socio-economic status in the literature on
children’s life satisfaction (Frijters, Johnston, and Shields, 2014; Jewell and Kamb-
hampati, 2014; Layard et al., 2014; Shek and Liu, 2014; Cho, 2018; Proctor, Linley,
and Maltby, 2018). Since our measure of socio-economic status is an aggregate of
three different dimensions, Appendix 1.C.1 shows the degree to which the reported
SES gap is robust to different SES classifications.

An important question is whether this gap can be expected to close in early adult-
hood. This could happen because of two reasons: Firstly, as adolescents become
increasingly self-reliant and make their own choices the disadvantaged youths may
be able to catch up with their more privileged peers. Secondly, there may be habitu-
ation, i.e. adolescents may become accustomed and grow content with their social
status leading to a leveling of life satisfaction.

To investigate this we compare our results with a cross-section of the adults in the
German socio-economic panel (SOEP), also splitting them by their parents’ SES.11
Figure 1.4.4b strongly indicates that the gap in life satisfaction, that opens up during

10. The means are 9.0 (Low SES Control), 8.8 (High SES Control). The difference is 0.19
(p=0.07, two-sided t-test).

11. The SOEPmeasure of adults’ parental SES is different from the one for children in the briq fam-
ily panel. Instead of education, income and single-parent status (which have all changed substantially
over the last 60 years), the adults’ parental SES in the SOEP uses the “International Socio-Economic
Index of Occupational Status (ISEI)” developed by Ganzeboom, De Graaf, and Treiman (1992). The
ISEI is based on a categorization of the International Standard Classification of Occupations (ISCO)
codes, which are available for the parents of most SOEP participants. In order to obtain a binary SES
classification comparable to the one in our study, we first aggregate maternal and paternal ISEI to a
single parental ISEI. SOEP participants whose parents are in the bottom quartile are classified as "Low
Parental SES". SOEP participants whose parents are in the top quartile are classified as "High Parental
SES". Only the bottom and top quartile are displayed in the figure. The inner quartiles lie between
the bottom and the top quartile.
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adolescence, can be expected to persist well into adulthood and beyond. Over the
entire life course, life satisfaction is consistently lower among adults who grew up in
households in the bottom relative to the top quartile of the parental SES distribution
(average difference: 0.42 points, p=0.00, two-sided t-test). In addition, this gap
between top and bottom quartile is of similar size as that in the briq family panel.12

The substantial and suggestively long-lasting life satisfaction gap between individu-
als from different socio-economic backgrounds raises important questions about our
ability to provide equal opportunities to all children to lead fulfilling lives. While
the consequences of socio-economic background on education and health are well
documented and whole literatures exist on how different policies affect these socio-
economic gaps,13 there is hardly any awareness for the huge divisions in the less
visible dimension of life satisfaction. The size of these gaps show that there could
be a lot of room for public policy to increase equality of opportunity in its arguably
most fundamental dimension.

1.4.3 Interventions in Childhood Can A�ect Long-Run Life Satisfaction and
Prevent the SES Gap

This section shows that the mentoring intervention which some of the disadvan-
taged children in the briq family panel participated in, is able to prevent the socio-
economic gap in life satisfaction. For this the Low SES Treatment group is compared
to the Low and High SES Control groups. Exploiting the full panel structure allows
to estimate separate intercepts and age trends for each of the three groups (see Ta-
ble 1.4.2). This corroborates the SES gap from the previous section and provides
clear evidence for a strong treatment effect: The Low SES Control group loses on
average 1/5 of a point per year, while the Low SES Treatment group loses on average
only ≈ 1/8 of a point per year (p=0.00 , N=3698), a 40% reduction. Given this im-
provement, the High SES Control and Low SES Treatment group have very similar
age trends and no gap emerges between them.

Because the SES gap in life satisfaction emerges as children grow older, the treat-
ment effect only becomes apparent during adolescence. In Table 1.C.2 we show that
both the SES gap and the treatment effect are also present in cross-sectional regres-
sions. We show that the treatment effect is robust to using life satisfaction of one
or both of the last two waves. In addition, we show that the treatment effect is still

12. Brüderl, Kratz, and Bauer (2019) do a similar analysis and also find a strong SES gap in the
SOEP and conclude that the gap even increases from adulthood to old age.

13. For example Adler et al. (1993), Mackenbach et al. (2008), and Cesare et al. (2013) on health
inequalities andWaltenberg and Vandenberghe (2007), Schütz, Ursprung, andWößmann (2008), and
Doorn, Pop, and Wolbers (2011) for education.
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visible when measuring life satisfaction with the Students’ Life Satisfaction Score
(SLSS, Weber, Ruch, and Huebner (2013)) instead of our single-item question.

Table 1.4.2. Age Trends in Life Satisfaction by SES and Treatment Status

(1) (2) (3)

Age Trend of the Low SES Control Group -0.21*** -0.20*** -0.22***

Di�. in Trends High to Low SES -0.08*** -0.07*** -0.10***

Di�. in Trends Treatment to Low SES Control -0.08*** -0.07*** -0.08***

Sample Unbalanced Unbalanced Balanced

Control for Baseline Life Sat. No Yes Yes

Observations 3703 3698 2950

* p < 0.1, ** p < 0.05, *** p < 0.01

Note: The table shows the age trends from a random e�ects regression model for each of the three treat-
ment categories: Low SES Control, High SES Control and (Low SES) Treatment. The second and third column
also control for baseline life satisfaction. The third column only uses the balanced panel. For details on the
control variables and the size of the other coe�cients, see Table 1.C.1.

Given these impressive long-term effects, we investigated possible channels by look-
ing for treatment heterogeneity in different dimensions – with inconclusive results.
The detailed results are shown in Appendix 1.D.

Recall that the mentoring program provides two types of resources that are pre-
sumably often lacking in low SES families: Firstly, the child has an additional adult
as friend and role model. Mentors are usually highly satisfied with their life, well-
adjusted and interact with the children in an attuned, responsive and encouraging
manner. Secondly, the child gets to experience many enriching activities. This gives
us three suggestive channels:

Firstly, the effect of the program could be due to having a role model of high life
satisfaction. Children of caregivers who are less satisfied with their lives might learn
behaviors and skills relevant for their later life satisfaction from their mentor that
are not shown to them by their caregivers and thus benefit from the intervention
especially. Appendix 1.D.1 provides some supportive evidence that children with less
satisfied caregivers benefit more from the intervention but the difference between
treatment effects is not consistently statistically significant. These are nevertheless
encouraging results that life satisfaction is not an inherited trait but can be changed
through investments during childhood.

Secondly, experiencing joint activities with a supportive adult may be the channel
through which children learn skills or develop character strengths. These are im-
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portant for their later life satisfaction (Proctor, Tsukayama, et al., 2011; Jewell and
Kambhampati, 2014). In that case, children that have few opportunities for such
joint activities with their caregiver would be expected to benefit from the interven-
tion especially. However, the data reveals no such pattern. The differences in the
treatment effect between children with many or few activities at baseline vary in
size, change sign and are never statistically significant and in general much smaller
than the treatment effect heterogeneity found by parental life satisfaction. This is
robust to two different measures of joint activities (Appendix 1.D.2).

Thirdly, other aspects of having the mentor may foster children’s socio-emotional de-
velopment, allowing them to learn skills that prevent behavioral problems which are
associated with lower life satisfaction (Frijters, Johnston, and Shields, 2014; Layard
et al., 2014; Shek and Liu, 2014). Children from low SES backgrounds tend to per-
form worse on the “Strengths and Difficulties Questionnaire” (SDQ, Giannakopoulos
et al. (2009)), an established measure of children’s socio-emotional development
(Goodman, 1997) which is included in the briq family panel. In addition, there is
some evidence that a mentor may help children improve in these problem areas
(Erdem et al., 2016). This, in turn, could lead to higher life satisfaction as children
grow older and work towards more long-term goals and confront the emotional and
peer challenges associated with puberty.

Layard et al. (2014) found emotional health and conduct to be the most powerful
childhood predictors of later life satisfaction. This made the aggregate SDQ score
as overall measure of a child’s emotional health and the conduct problem score the
most promising candidates for treatment heterogeneities. However, the differences
in treatment effects across both dimensions are statistically insignificant and vary
in both sign and size (see Appendix 1.D.3).

1.5 Conclusion

This chapter has presented some important characteristics of the development of
life satisfaction during childhood and adolescence using a panel covering over seven
years. Firstly, life satisfaction becomes increasingly stable reaching the stability of
adults by age 15 which supports the formation of a trait-like component of life satis-
faction. Secondly, an important gap emerges between children from different socio-
economic backgrounds during adolescence. Looking at a large sample of German
adults it seems likely that this gap will persist to at least some extent well into old
age. Thirdly, enriching the social environment of children can have lasting effects on
life satisfaction and compensate for other disadvantages: An intense one year men-
toring intervention duringmid childhood is able to effectively prevent the emergence
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of the socio-economic gradient in life satisfaction between the treatment group and
their high SES peers.

Our evidence aligns with a large literature documenting important socio-economic
gradients emerging during childhood in many important dimensions of well-being
(Barnett, 1995; Reynolds et al., 2001; Campbell et al., 2014; Gertler et al., 2014).
These gaps pose important challenges to providing equality of opportunity to all
children. This chapter shows that even in an elusive dimension such as life satisfac-
tion, early and high quality investments in disadvantaged children have large and
long-lasting effects.
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Appendix 1.A Change in Answer Format

In the first two waves (when children were 7-9 and 8.5-10.5 years old), children
were not asked the abstract standard question used in the SOEP and many other
surveys. Instead, a more age appropriate question and scale was used. The scale can
be seen in Figure 1.A.1. The question was “How satisfied are you most of the time?”
(Wie zufrieden bist du die meiste Zeit?).

Figure 1.A.1. Life Satisfaction Scale of the First Two Waves

Note: The scale goes from "totally unsatisfied" on the left to "totally satisfied" on the right. Starting in the
third wave children answered on an abstract 0 to 10 scale without stylized faces.

Starting in the third wave, all children were asked the standard question on a zero
to ten scale. Thus, the question became “All things considered, how satisfied are you
with your life as a whole these days?” (in German: Wie zufrieden bist Du gegenwär-
tig, alles in allem, mit Deinem Leben?).

This raises the question whether the change in wording or the change in the scale
leads children to answer differently and how their answers can be made comparable.

The question asked on the smiley scale was coded numerically as going from zero to
six. For the later waves we use the zero to ten coding as it was shown to respondents.
Simply adding four points to the early variable (such that it goes from four to ten)
leads to a very smooth age trend in life satisfaction as can be seen in Figure 1.A.2.

In addition, Figure 1.4.1 shows that despite the larger time lapse between waves 2
and 3 (19 months versus 12 in all later waves) and the change in the question and
answer format, the correlation between waves does not decline. For comparison
the correlation between answers falls by more than 0.1 for parents. As the parents’
question and scale remained the same over all waves, this fall can be exclusively
attributed to the increase in time between interviews.



Appendix 1.A Change in Answer Format | 27

(a) (Adjusted) Life Satisfaction

(b) Unadjusted Life Satisfaction

Figure 1.A.2. Life Satisfaction Responses Across the Question Change

Note: The raw zero to six and zero to ten score (Bottom) and transformed (Top) as reported by children
across waves by age. Each wave is represented in a di�erent color. The simple addition of four points leads
to no visible di�erence across the change in response possibilities. The number of observations is 702 in
the first and 485 in the last wave.
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Appendix 1.B Evidence Against Selective Attrition

The briq family panel has very low levels of attrition and there is very little evidence
for selective attrition. Over two thirds of children still participate in the 7th wave,
the last one used in this study (see Table 1.B.1). In addition, there is little evidence
for selective attrition since treatment status, baseline happiness and their interaction
explain only 1% of the variance in who decides to drop out. This is very much in line
with the fact that our main results are not affected by whether we use the balanced
or unbalanced panel (see Table 1.4.2, columns (2) and (3)).

Table 1.B.1. Do Treatment Status and Life Satisfaction at Baseline Predict Dropping out of the
Study?

Wave 2 Wave 3 Wave 4 Wave 5 Wave 6 Wave 7

Intercept -0.18*** -0.08*** -0.05*** -0.03*** -0.18*** -0.16***

Low SES Treatment -0.44*** -0.62*** -0.62*** -0.82*** -0.38*** -0.46***

Baseline Life Satisfaction -0.04*** -0.03*** -0.03*** -0.03*** -0.02*** -0.02***

Treatment x Baseline Life
Satisfaction

-0.05*** -0.07*** -0.07*** -0.09*** -0.04*** -0.05***

R-squared 0.008 0.006 0.006 0.011 0.002 0.004

Number of Children Lost 110 229 217 241 242 247

Note: Each column shows the OLS regression coe�cients predicting which individuals have dropped out in
the respective wave for treatment status, baseline life satisfaction and their interaction.

Appendix 1.C Robustness Checks

In this section we provide evidence on the robustness of all of our main results.

1.C.1 Robustness of the SES Gap with Respect to the SES Classification

We categorized families as low SES if they meet at least one of the following criteria:

•Low income: Equivalence income of the household is lower than 1065 Euro, i.e. the
30% percentile of the German income distribution.

•Low education: Both parents are not qualified for university studies.
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•Single parent status: The child lives in a single-parent household.

Here we check if the SES gap is robust to using each dimension on its own to classify
children as high or low SES.

The results are similar to our joint measure of socio-economic status, especially for
parental income and single parenthood but in general less statistically significant.
The SES gap is smaller and statistically insignificant if only parental education is
used to classify families as low or high SES. Part of this might be driven by Germany’s
strong apprenticeship system that allows Germans to command higher wages and
attain higher social status without the need to receive a university entrance diploma.

Children of more educated and less educated parents start out very similar to chil-
dren of less educated parents reporting a slightly higher life satisfaction. This does
not appear to change over time. By the time they are 15 no gap has emerged.

Figure 1.C.1. Life Satisfaction Over Time By Parental Education

Note: Points show mean life satisfaction of all children that answered the life satisfaction question in that
wave, where the violet ("high") line shows the means of children of highly educated parents and the yellow
("low") line refers to children of parents where neither parent holds a university entrance diploma. Whiskers
indicate 95% confidence intervals. The mean di�erence is shown above the first and last wave with stars
indicating the statistical significance between the two groups. (* p < 0.1, ** p < 0.05, *** p < 0.01)

As with the other dimensions of socio-economic status, children from higher earning
and lower earning households start out very similarly with all children reporting sim-
ilarly high life satisfaction. However, by the time they are 15 a weakly significant gap
of 0.43 has opened between the two groups with richer children reporting higher
life satisfaction during adolescence.
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Figure 1.C.2. Life Satisfaction Over Time By Parental Income

Note: Points show mean life satisfaction of all children that answered the life satisfaction question in that
wave. The violet (1) line shows the means of the children of poorer parents and the yellow (0) line shows
the means of children of richer parents. Whiskers indicate 95% confidence intervals. The mean di�erence
is shown above the first and last wave with stars indicating the statistical significance between the two
groups. (* p < 0.1, ** p < 0.05, *** p < 0.01)

Despite the negative effects that would be expected from children growing up in
single-parent households, our data show only very small differences in the life sat-
isfaction between children who live with one or more parents at baseline. However,
as children grow older, children that lived in single parent homes report a 1/3 point,
albeit statistically insignificant, lower life satisfaction than their peers that live with
more than one parent. This effect is smaller than that found in other studies where
growing up in intact families was correlated with higher life satisfaction, e.g. Shek
and Liu (2014). However, single parent status is likely to have changed for a signif-
icant fraction of the children who lived in single parent households at baseline.
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Figure 1.C.3. Life Satisfaction Over Time By Single Parent Status

Note: Points show mean life satisfaction of all children that answered the life satisfaction question in the re-
spective wave. The violet (1) line shows the means of children who lived in single-parent homes at baseline.
The yellow line (0) shows children growing up with more than one parent. Whiskers indicate 95% confidence
intervals. The mean di�erence is shown above each wave with stars indicating the statistical significance
between the two groups. (* p < 0.1, ** p < 0.05, *** p < 0.01)

1.C.2 Robustness of the SES Gap and Treatment E�ect

Next, we complement our analysis on the SES gap (Figure 1.4.4a) and the treatment
effect (Table 1.4.2) with a more detailed regression analysis which is shown in Ta-
ble 1.C.1. The age trends of the High SES Control group and the Low SES Treatment
group are both substantively different from the Low SES Control group and highly
statistically significant. This holds irrespective of whether we control for baseline
life satisfaction (column 1 versus column 2) and whether we only include children
that participated in all waves (column 3).
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Table 1.C.1. SES Gap in Age Trends in Life Satisfaction

(1) (2) (3)

Life Satisfaction Life Satisfaction Life Satisfaction

Age -0.21*** -0.20*** -0.22***

High SES Control x Age -0.08*** -0.07*** -0.10***

Low SES Treatment x Age -0.08*** -0.07*** -0.08***

Resident in Cologne -0.13*** -0.11*** -0.07***

Baseline Life Satisfaction -0.40*** -0.33***

Constant -10.56*** -6.94*** -7.71***

High SES Control -0.67*** -0.52*** -0.79***

Low SES Treatment -0.75*** -0.64*** -0.70***

Observations -3703*** -3698*** -2950***

* p < 0.1, ** p < 0.05, *** p < 0.01

Note: The table shows coe�cients from an unbalanced random e�ects regression model controlling for
place of residence (Cologne or Bonn). Intercepts and age trends are separately estimated for children of
the Low SES Control group, High SES Control and Treatment group. The second and third column also control
for baseline life satisfaction. The third column only uses the balanced panel.
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The treatment effect is not only visible when looking at trends but also when we look
at the later waves separately. However, looking at the raw means (Figure 1.C.4) it
is clear that given our sample size, the confidence intervals of the groups in each
wave do overlap to some degree.

Figure 1.C.4. Life Satisfaction by Treatment Arm in Every Wave

Note: Points show group mean life satisfaction of all individuals that answered the life satisfaction question
in the respective wave. The red line shows the Low SES Control group, the blue line the High SES Control
group and the Treatment group’s mean response is shown in green. Whiskers indicate 95% confidence
intervals. The mean age in each wave is plotted on the x axis.

We find consistently large gaps between high and low SES children in the last two
waves after controlling for baseline life satisfaction and age at the interview (see
Table 1.C.2). In addition, for all specifications the treatment effect stays at least
close to statistically significant. To show the robustness of our results to the exact
framing of the question table 1.C.2 includes the Students’ Life Satisfaction Score
(SLSS) (Weber, Ruch, and Huebner (2013)) – which was only collected in the 7th
wave – in column two. That column shows that both the treatment effect and the
SES gap are still sizable if we use a multi item scale of life satisfaction. However,
with the SLSS scale there does remain a gap between the High SES Control group
and our treatment group.
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Table 1.C.2. Di�erences in Life Satisfaction by SES and Treatment Status

(1) (2) (3) (4)
Mean Life

Satisfaction
in Waves
6 and 7

SLSS in
Wave 7

Life Satisfaction
in Wave 6

Life Satisfaction
in Wave 7

High SES Control -0.56*** -0.44*** -0.46*** -0.65***

Low SES Treatment -0.48*** -0.19*** -0.59*** -0.38***

Age at Interview -0.19*** -0.00*** -0.30*** -0.09***

Baseline Life Satisfaction -0.22*** -0.16*** -0.19*** -0.25***

Resident in Cologne -0.06*** -0.00*** -0.09*** -0.03***

Constant -8.39*** -1.57*** -10.27*** -6.50***

Observations -415*** -408*** -415*** -415***

* p < 0.1, ** p < 0.05, *** p < 0.01

Note: The table shows the coe�cients from a linear regression model of di�erent measures of life satisfac-
tion in the last waves. The coe�cients were estimated using Ordinary Least Squares. We control for (mean)
age at the time(s) of the interview(s), baseline life satisfaction to account for reporting behavior and city of
residence. Low SES Control is the omitted category. The High SES Control group always reports statistically
significantly higher life satisfaction. This holds irrespective of the variable we use to measure life satisfac-
tion. The Treatment group also reports higher life satisfaction. Comparing Treatment and Low SES Control
group yields p values of the two being equal of 0.01 , 0.11 , 0.00 , and 0.09 respectively. E�ect sizes are in
life satisfaction points on a zero to ten scale except for the Students’ Life Satisfaction Score (SLSS) where
e�ect sizes are in standard deviations.
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Appendix 1.D Evidence on Treatment E�ect Heterogeneity

This section provides the statistical analyses for the discussion of treatment effect
heterogeneity and potential channels.

1.D.1 Treatment E�ect Heterogeneity With Respect to Parental Life
Satisfaction

First, we investigate whether children who are lacking a role model displaying high
life satisfaction in their primary caregiver benefit especially from the intervention.
Given that children often learn by imitation one possible driver of our treatment ef-
fect could be that children whose caregivers are less satisfied with their lives learn
relevant skills and behaviors for later life satisfaction through imitation from their
highly satisfied mentor and thus benefit especially from the intervention. On the
other hand, life satisfaction has a strong genetic component (Bartels, 2015) and
parental life satisfaction also reflects shared circumstances. We use parental life sat-
isfaction at baseline to classify children to exclude possible treatment effects of the
mentoring intervention on the primary caregiver and changes in the environment
shared by main caregiver and child. Children who lack a role model of high life
satisfaction in their primary caregiver appear to benefit more from the intervention,
however the difference between treatment effects is not always statistically signifi-
cant.
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Table 1.D.1. Age Trends in Child Life Satisfaction on Treatment Status by Life Satisfaction of the
Caregiver at Baseline

(1)

Life Satisfaction

Low SES Treatment -0.05***

Age -0.14***

Low SES Treatment x Age -0.01***

Unhappy Caregiver -0.67***

Low SES Treatment x Unhappy Caregiver -0.89***

Unhappy Caregiver x Age -0.09***

Low SES Treatment x Unhappy Caregiver x Age -0.10***

Baseline Life Satisfaction -0.43***

Resident in Cologne -0.06***

Constant -6.24***

Observations -2881***

* p < 0.1, ** p < 0.05, *** p < 0.01

Note: The table shows coe�cients from an unbalanced random e�ects regression model controlling for
baseline life satisfaction and place of residence. Intercepts and age trends are estimated separately by
treatment group and whether reported parental life satisfaction was below or above the median at baseline.
For short we refer to the indicator of primary caregivers who reported below median life satisfaction as
"unhappy".
The di�erence in age trends between Treatment and Low SES Control group in the group above the median
is -0.01 (p=0.91 ) and 0.09 (p=0.00 ) below the median. The di�erence is 0.10 points per year (p=0.09 ).
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Table 1.D.2. Cross Section Regression of Child Life Satisfaction on Treatment Status by Life Sat-
isfaction of the Caregiver at Baseline

(1)
Mean Life

Satisfaction
in Waves
6 and 7

Low SES Treatment -0.24***

Below -0.51***

Low SES Treatment x Below -0.30***

Age at Interview -0.15***

Baseline Life Satisfaction -0.31***

Resident in Cologne -0.06***

Constant -7.35***

Observations -323***

* p < 0.1, ** p < 0.05, *** p < 0.01

Note: The table shows coe�cients from a linear regression model of life satisfaction. The coe�cients were
estimated using Ordinary Least Squares. We control for baseline life satisfaction and place of residence. To
reduce measurement error we use the mean of children’s life satisfaction reports in the last two waves.
The treatment e�ect in the group above the median is 0.24 (p=0.53 ) and 0.54 (p=0.01 ) points below. The
di�erence is 0.30 points (p=0.47 ).
Life satisfaction is measured as the average of answers at ages 14 and 15 on a zero to ten scale.
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Figure 1.D.1. Treatment E�ect by Baseline Life Satisfaction of the Caregiver

Note: Children whose caregiver reported a life satisfaction below the median at baseline benefit more from
the intervention than children of caregivers who are more satisfied with their lives. There appears to be no
treatment e�ect on life satisfaction in the later group. To reduce measurement error and control for the
individual scaling we use the mean life satisfaction di�erence to baseline in the last two waves. Each bar
shows the mean of the Low SES Control or Treatment group. The absolute treatment e�ect and its statistical
significance level are included in each plot (* p < 0.1, ** p < 0.05, *** p < 0.01).

1.D.2 Treatment E�ect Heterogeneity With Respect to Number of Joint
Activities

Secondly, we look at treatment effect heterogeneity with respect to the number of
activities children are reported to do with their caregiver at baseline. As one main
focus of the Baloo and You intervention is to expand the child’s horizon through
joint activities, children who are reported to have few joint engaging activities with
their caregiver could be expected to benefit especially from the intervention if it is
the experience of these activities that drive our treatment effect. We do not find such
a pattern. The null results are robust to which activities we include in our measure
of joint engaging activities.
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Table 1.D.3. Age Trends in Life Satisfaction by Treatment Status and Joint Activities

(1)

Life Satisfaction

Low SES Treatment -0.76***

Age -0.23***

Low SES Treatment x Age -0.09***

Below -0.35***

Low SES Treatment x Below -0.30***

Below x Age -0.04***

Low SES Treatment x Below x Age -0.04***

Baseline Life Satisfaction -0.42***

Resident in Cologne -0.06***

Constant -6.93***

Observations -2956***

* p < 0.1, ** p < 0.05, *** p < 0.01

Note: The table shows coe�cients from an unbalanced random e�ects regression model controlling for
baseline life satisfaction and place of residence. Intercepts and age trends are estimated separately by
treatment group and whether reported joint activities were below or above the median at baseline (above
is the omitted category).
The di�erence in age trends between Treatment and Low SES Control group in the group above the median
is 0.09 (p=0.02 ) and 0.05 (p=0.19 ) below the median. The di�erence is -0.04 points per year (p=0.40 ).
Variables that went into the joint activity variable: conversations, eating meals together, outdoor activities,
games (excluding computer games), reading stories in German and music making.



40 | The Preventable Inequality in Children’s Life Satisfaction

Table 1.D.4. Age Trends in Life Satisfaction by Treatment Status by an Alternative Measure of
Engaging Activities

(1)

Life Satisfaction

Low SES Treatment -0.61***

Age -0.23***

Low SES Treatment x Age -0.06***

Below -0.58***

Low SES Treatment x Below -0.02***

Below x Age -0.06***

Low SES Treatment x Below x Age -0.01***

Baseline Life Satisfaction -0.43***

Resident in Cologne -0.05***

Constant -7.04***

Observations -2956***

* p < 0.1, ** p < 0.05, *** p < 0.01

Note: The table shows coe�cients from an unbalanced random e�ects regression model controlling for
baseline life satisfaction and place of residence. Intercepts and age trends are estimated separately by
treatment group and whether reported joint activities were below or above the median at baseline.
The di�erence in age trends between Treatment and Low SES Control group in the group above the median
is 0.06 (p=0.09 ) and 0.07 (p=0.04 ) below the median. The di�erence is 0.01 points per year (p=0.87 ).
Variables that went into this broader activity variable: conversations, eating main meals together, outdoor
activities, games (excluding computer games), reading stories in German and music making as well as play
dates, doing crafts together, excursions and doing sports together.
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Table 1.D.5. Cross Section Regression of Life Satisfaction on Treatment Status by Joint Activities

(1)
Mean Life

Satisfaction
in Waves
6 and 7

Low SES Treatment -0.66***

Below -0.16***

Low SES Treatment x Below -0.34***

Age at Interview -0.15***

Baseline Life Satisfaction -0.30***

Resident in Cologne -0.05***

Constant -6.98***

Observations -330***

* p < 0.1, ** p < 0.05, *** p < 0.01

Note: The table shows coe�cients from a linear regression model of life satisfaction. To reduce measure-
ment error we use the mean of children’s life satisfaction reports in the two latest waves. The coe�cients
were estimated using Ordinary Least Squares controlling for baseline life satisfaction and place of resi-
dence.
The treatment e�ect in the group above the median is 0.66 (p=0.01 ) and 0.32 (p=0.23 ) points below. The
di�erence is -0.34 points (p=0.35 ).
Life satisfaction is measured as the average of answers at ages 14 and 15 on a zero to ten scale. Variables
that went into the joint activity variable: conversations, eating meals together, outdoor activities, games
(excluding computer games), reading stories in German and music making.
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Table 1.D.6. Cross Section Regression of Life Satisfaction on Treatment Status by an Alternative
Measure of Engaging Activities

(1)
Mean Life

Satisfaction
in Waves
6 and 7

Low SES Treatment -0.48***

Below -0.22***

Low SES Treatment x Below -0.01***

Age at Interview -0.12***

Baseline Life Satisfaction -0.30***

Resident in Cologne -0.04***

Constant -6.51***

Observations -330***

* p < 0.1, ** p < 0.05, *** p < 0.01

Note: The table shows coe�cients from a linear regression model of life satisfaction. To reduce measure-
ment error we use the mean of children’s life satisfaction reports in the two latest waves. The coe�cients
were estimated using Ordinary Least Squares controlling for baseline life satisfaction and place of resi-
dence.
The treatment e�ect in the group above the median is 0.48 (p=0.08 ) and 0.47 (p=0.05 ) points below. The
di�erence is -0.01 points (p=0.97 ).
Life satisfaction is measured as the average of answers at ages 14 and 15 on a zero to ten scale.
Variables that went into this broader activity variable: conversations, eating main meals together, outdoor
activities, games (excluding computer games), reading stories in German and music making as well as play
dates, doing crafts together, excursions and doing sports together.
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Figure 1.D.2. Treatment E�ect Heterogeneity With Respect to Engaging Activities

Note: The figure shows the treatment e�ects of children who are reported to spend above median or below
median shares of their time in joint activities with their main caregiver. To reduce measurement error and
control for the individual scaling we use the mean life satisfaction di�erence to baseline in the last two
waves. Each bar shows the mean of the Low SES Control or Treatment group. The absolute treatment e�ect
and its statistical significance level are included in each plot (* p < 0.1, ** p < 0.05, *** p < 0.01).

1.D.3 Treatment E�ect Heterogeneity With Respect to Socio-Emotional
Development

Another possible channel we explore is that of socio-emotional development (Frijters,
Johnston, and Shields, 2014; Layard et al., 2014; Shek and Liu, 2014), measured
by the “Strengths and Difficulties Questionnaire” (SDQ, Goodman (1997)). We use
both the aggregate SDQ score and the conduct problems sub scale since behavioral
problems in particular (Frijters, Johnston, and Shields, 2014) were associated with
low life satisfaction. Looking at treatment effect heterogeneity both with respect to
the aggregate SDQ score as well as the score for conduct problems in particular, we
find very mixed results (Figure 1.D.3 and Tables 1.D.7, 1.D.8, 1.D.9 and 1.D.10). The
differences in treatment effects across both dimensions are statistically insignificant
and vary in sign and size.
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Figure 1.D.3. Treatment E�ect Heterogeneity With Respect to Socio-Emotional Development

Note: The figure shows the treatment e�ects of children who are reported to have scores above or below
the median on the aggregate scale (upper figure) or conduct problems scale (lower figure) of the Strengths

and Di�culties Questionnaire (SDQ, Goodman (1997)). To reduce measurement error and control for the
individual scaling we use the mean life satisfaction di�erence to baseline in the last two waves. Each bar
shows the mean of the Low SES Control or Treatment group. The absolute treatment e�ect and its statistical
significance level are included in each plot (* p < 0.1, ** p < 0.05, *** p < 0.01).
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Table 1.D.7. Panel Regression of Life Satisfaction on Treatment Status by Aggregate SDQ Score

(1)

Life Satisfaction

Low SES Treatment -1.00***

Age -0.24***

Low SES Treatment x Age -0.11***

Below -0.63***

Low SES Treatment x Below -0.71***

Below x Age -0.07***

Low SES Treatment x Below x Age -0.08***

Baseline Life Satisfaction -0.42***

Resident in Cologne -0.06***

Constant -7.14***

Observations -2964***

* p < 0.1, ** p < 0.05, *** p < 0.01

Note: The table shows coe�cients from an unbalanced random e�ects regression model controlling for
baseline life satisfaction and place of residence. Intercepts and age trends are estimated separately by
treatment group and whether children scored a below or above median aggregate SDQ score at baseline.
The di�erence in age trends between Treatment and Low SES Control group in the group above the median
is 0.11 (p=0.00 ) and 0.03 (p=0.33 ) below the median. The di�erence is -0.08 points per year (p=0.14 ).
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Table 1.D.8. Cross Section Regression of Life Satisfaction on Treatment Status by Aggregate SDQ
Scores

(1)
Mean Life

Satisfaction
in Waves
6 and 7

Low SES Treatment -0.52***

Below -0.29***

Low SES Treatment x Below -0.05***

Age at Interview -0.14***

Baseline Life Satisfaction -0.29***

Resident in Cologne -0.05***

Constant -6.75***

Observations -332***

* p < 0.1, ** p < 0.05, *** p < 0.01

Note: The table shows coe�cients from a linear regression model of life satisfaction. Coe�cients were
estimated using Ordinary Least Squares controlling for baseline life satisfaction and place of residence.
The treatment e�ect in the group above the median is 0.52 (p=0.04 ) and 0.46 (p=0.09 ) points below. The
di�erence is -0.05 points (p=0.88 ).
Life satisfaction is measured as the average of answers at ages 14 and 15 on a zero to ten scale.
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Table 1.D.9. Panel Regression of Life Satisfaction on Treatment Status by SDQ Conduct Problems

(1)

Life Satisfaction

Low SES Treatment -0.52***

Age -0.23***

Low SES Treatment x Age -0.06***

Below -0.26***

Low SES Treatment x Below -0.21***

Below x Age -0.04***

Low SES Treatment x Below x Age -0.02***

Baseline Life Satisfaction -0.42***

Resident in Cologne -0.07***

Constant -6.99***

Observations -2964***

* p < 0.1, ** p < 0.05, *** p < 0.01

Note: The table shows coe�cients from an unbalanced random e�ects regression model controlling for
baseline life satisfaction and place of residence. Intercepts and age trends are estimated separately by
treatment group and whether reported score of SDQ conduct problems was below or above the median at
baseline.
The di�erence in age trends between Treatment and Low SES Control group in the group above the median
is 0.06 (p=0.17 ) and 0.08 (p=0.01 ) below the median. The di�erence is 0.02 points per year (p=0.66 ).
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Table 1.D.10. Cross Section Regression of Life Satisfaction on Treatment Status by SDQ Conduct
Problems

(1)
Mean Life

Satisfaction
in Waves
6 and 7

Low SES Treatment -0.27***

Below -0.19***

Low SES Treatment x Below -0.39***

Age at Interview -0.13***

Baseline Life Satisfaction -0.29***

Resident in Cologne -0.09***

Constant -6.71***

Observations -332***

* p < 0.1, ** p < 0.05, *** p < 0.01

Note: The table shows coe�cients from a linear regression model of mean life satisfaction of the last two
waves. Coe�cients were estimated using Ordinary Least Squares controlling for baseline life satisfaction
and place of residence. The treatment e�ect in the group above the median is 0.27 (p=0.34 ) and 0.66
(p=0.01 ) points below.
The di�erence is 0.39 points (p=0.32 ). Life satisfaction is measured as the average of answers at ages 14
and 15 on a zero to ten scale.
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Appendix 1.E Evidence Regarding First Order Stochastic
Dominance

We now show that the distribution of the Low SES Control group is mostly domi-
nated by that of the High SES Control group and that of the Treatment group. As
our variable is ordinal, the choice to label the values zero to ten is arbitrary. While we
have simply maintained the numerical values that were shown to the survey partic-
ipants in our panel, any choice of numerical values that preserves the order would
be a valid representation. This means that differences in means could be entirely
driven by the scale choice. To be certain that the ordering of means holds irrespec-
tive of the scale, we would have to show that the distribution of one group first order
stochastically dominates the later (Bond and Lang, 2019).

Figure 1.E.1 plots the distribution of life satisfaction in the latest wave between
the Low SES Control group and the High SES Control group. The Low SES Control
Group has more mass to the left of the distribution but there are small exceptions
at the edges. On average, however, the Low SES Control group has four percentage
points probability mass to the left of the High SES Control group. Thus, only very
particular distortions to the scale would be able to reverse the sign of the SES gap
we find.

The case is similar for the comparison between the Low SES Control group and the
Treatment group in Figure 1.E.2. The Low SES Control Group has again more mass
to the left of the distribution but there are fewer crossings. The plot of the differ-
ence between the two empirical distributions shows that the empirical distributions
cross once at nine. Overall, the Low SES Control group has two percentage points
probability mass to the left of the Treatment group. As with the SES Gap, only very
particular distortions of the scale would be able to reverse the sign of our treatment
effect.
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(a) Empirical Distribution of the Low and High SES Control Group
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(b) Di�erence Between the Empirical Distributions of the Low and High SES Control Group

Figure 1.E.1. Comparison of the Empirical Distribution of Life Satisfaction in Wave 7 Between the
Low and High SES Control Group

Note: The upper figure shows the cumulative empirical distributions of life satisfaction of the Low and High
SES Control groups in wave 7. The figure below shows the di�erence between the cumulative distribution
functions.
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(a) Empirical Distribution of the Low SES Control and Treatment Group
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(b) Di�erence Between the Empirical Distributions of the Low SES Control and Treatment Group

Figure 1.E.2. Comparison of the Empirical Distribution of Life Satisfaction in Wave 7 Between the
Low SES Control and Treatment Group

Note: The upper figure shows the cumulative empirical distributions of life satisfaction of the Low SES
Control and Treatment groups in wave 7. The lower figure shows the di�erence between the cumulative
distribution functions.
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Chapter 2

People Meet People – An
Epidemiological Model for Evaluating
Non-Pharmaceutical Interventions
Joint with Janoś Gabler, Tobias Raabe and Hans-Martin von

Gaudecker

2.1 Introduction

Since early 2020, the CoViD-19 pandemic has presented an enormous challenge
to humanity in many dimensions. The most frequent initial response were differ-
ent combinations of non-pharmaceutical interventions (NPIs) to reduce contacts be-
tween individuals. While this has allowed some countries to sustain equilibria with
very low infection numbers,1most have seen large fluctuations of infection rates over
time. In addition, containment measures have become increasingly diverse and now
include rapid testing, more nuanced NPIs and contact tracing.

Epidemiological models have not been designed to evaluate or predict the effects of
such fine-grained policies. In particular, they usually lack detailed contact networks
and a case detection model that takes test demand and test availability into account.

? The authors are grateful for support by the Deutsche Forschungsgemeinschaft (DFG, German Re-
search Foundation) under Germany´s Excellence Strategy – EXC 2126/1– 390838866 – and through
CRC-TR 224 (Projects A02 and C01), by the IZA Institute of Labor Economics and by the Google Cloud
CoViD-19 research credits program.

1. See Contreras et al. (2021) for a theoretical equilibrium at low case numbers which is sus-
tained with test-trace-and-isolate policies.
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We develop a quantitative model incorporating these factors simultaneously. The
framework allows to combine a wide variety of data and mechanisms in a timely
fashion, making it useful to predict the effects of various interventions. In particular,
our model is unique to include the following features: Firstly, we have a fine-grained
representation of contact networks, distinguishing different contact types (such as
school, work etc.) and recurrent and non-recurrent contacts, with a special focus
on the education sector. We include vacations, teacher and student interactions and
emergency care for students of parents working in systemically relevant sectors. Sec-
ondly, we have a sophisticated model of case detection: The number of available tests
varies over time to fit the estimated share of known cases and tests can be triggered
by both symptoms and positive rapid tests. Thirdly, we model the time-varying sen-
sitivity of rapid tests in great detail. Behavioral reactions to symptoms or positive
tests are explicitly taken into account.

This chapter proceeds as follows: We start with a literature review in Section 2.2, fol-
lowed by an overview over the model (Section 2.3). After the overview, we describe
each model aspect in turn. Firstly, we go into detail on how the number of contacts
of each individual is determined (Section 2.4) and how they can be reduced by
non-pharmaceutical interventions and endogenous contact reductions in Section 2.5.
We then explain how we match individuals to get from the policy-adjusted number
of contacts to actual contacts with potential infections in Section 2.6, followed by
an explanation how seasonality modulates the infection probability (Section 2.7).
Next, we show how the disease progresses for infected individuals in Section 2.8.
Section 2.9 then describes how infected individuals can learn about their infection
through PCR and rapid tests. Lastly, we explain how we solve the initial conditions
problem (Section 2.10). Section 2.11 concludes.

2.2 Literature Review

A commonly used model class in epidemiology are agent-based simulation models.
In a prototypical agent-based simulation model, individuals are simulated as mov-
ing particles. Infections take place when two particles come closer than a certain
contact radius (e.g. Silva et al. (2020) and Cuevas (2020)). While the simulation
approach makes it easy to incorporate heterogeneity in disease progression, it is
hard to incorporate heterogeneity in meeting patterns. Moreover, policies are mod-
eled as changes in the contact radius or momentum equation of the particles. The
translation from real policies to corresponding model parameters is a hard task.

These shortcomings have motivated variations of agent-based simulation models
where moving particles have been replaced by contact networks for households,
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work and random contacts. The OpenABM-Covid-19 model by Hinch et al. (2021)
and the model by Aleta et al. (2020) are the closest in spirit to ours.

The OpenABM-Covid-19 model by Hinch et al. (2021) also uses detailed contact
networks for workplaces, schools and households and can evaluate the effect of
several NPIs. The main focus of their application are contact tracing policies (Abueg
et al., 2021). Recently they have also added support for multiple virus strains and
vaccinations.

Aleta et al. (2020) develop an agent-based simulation model with a very high geo-
graphical resolution by estimating contact networks from fine-grained mobility data
for the Boston metropolitan area. They use this model to show how NPIs, contact
tracing and PCR testing can influence the infection dynamics. However, they do not
calibrate their model to match actual infection numbers which makes it more suit-
able to explore the general mechanics of different disease mitigation measures than
for their quantitative evaluation.

Bicher et al. (2021) simulate the entire Austrian population. They use data from the
first wave (February 21 to April 9, 2020) to calibrate their model and predict the
effect of different NPIs and contact tracing policies until November 2020. They use
the same data provided by Mossong et al. (2008) as we do to calibrate contact net-
works for households, workplaces and schools. The model focuses on analyzing the
effect of different contact tracing strategies and not on modeling enacted Austrian
policies over a long period of time.

Moreover, there are several working papers that develop agent-based simulation
models with contact networks in conjunction with economic models. Examples are
Basurto et al. (2020), Delli Gatti and Reissl (2020) and Mellacher (2020).

Our model combines elements from the above models and adds several others. To
the best of our knowledge, our model is the only one with the following features:

1. The free model parameters have been estimated with the method of simulated
moments (McFadden, 1989, see Chapter 3). Despite having few free parameters our
model does an excellent job in explaining observed case numbers and the spread of
the Alpha variant over more than nine months of data.

2. We have a fine-grained mechanistic representation of schools and preschools. We
can thus easily model all schooling policies that have been implemented in Germany
between March 2020 and November 2021. This includes complete school closures,
phases where only those students whose parents could not find any private childcare
arrangement could attend, split class approaches for some or all age groups and
combinations thereof. Moreover, we can account for additional hygiene measures
whose effect is estimated inside the model.
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3. We model the evolution of the pandemic and all enacted policies since the start
of the second wave. Since the vast majority of cases has occurred in that period of
time and we also model unobserved infections, our simulations take into account
that many people are already immune because they have recovered from an infec-
tion. Simulating most of the pandemic is important because immunity is not spread
randomly across the population.

4. We have an extremely detailed model of PCR and rapid tests with a share of
detected cases that varies over time and across age groups.

5. Our model is designed to combine information from many different data sources.
Examples are surveys on rapid test demand (Betsch et al., 2021), reaction to test
results (Betsch et al., 2021), contact diaries (Mossong et al., 2008), share of detected
cases (Paul et al., 2020) and many more.

2.3 Model Overview

At the core of our agent-based model are physical contacts between heterogeneous
agents (Figure 2.3.1). Each contact between an infectious individual and somebody
susceptible to the disease bears the risk of transmitting the virus. Contacts can hap-
pen regularly (e.g. work colleagues) or occur at random. Empirical applications can
take the population and household structure from census data and the network-
specific frequencies of contacts from diary data measuring contacts before the pan-
demic (e.g. Mossong et al., 2008; Hoang et al., 2019). Within each network, meeting
frequencies depend on age and geographical location (see Section 3.2.4). In our em-
pirical application we distinguish four types of contacts: Within the household, at
work, at school or in other settings (leisure activities, grocery shopping, medical
appointments, etc.) but other contact networks are also possible.

The four contact networks are chosen so that common NPIs can be modeled in detail.
NPIs affect the number of contacts or the risk of transmitting the disease upon hav-
ing physical contact. The effect of different NPIs will generally vary across contact
types. For example, a mandate to work from home will reduce the number of work
contacts to zero for a fraction of the working population. Schools and daycare can
be closed entirely, operate at reduced capacity (including an alternating schedule)
or implement mitigation measures like face mask requirements or air filters (Lessler
et al., 2021). Curfews may reduce the number of contacts in settings outside of work
and school. In any setting, measures like face mask requirements would reduce the
probability of infection associated with a contact (Cheng et al., 2021). The model
is implemented in such a general way that it allows fine-grained and sophisticated
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Contact Networks

Recurrent Work
Contacts

Non-Recurrent Work
ContactsHouseholds

Recurrent Other
Contacts

Non-Recurrent Other
Contacts

NurseriesSchool Pre-School

Contacts of
Different Types

Rapid tests

Infected Non-Infected

NPIsSymptoms PCR Tests

Figure 2.3.1. Model of Contacts and Infections

Note: The number of contacts an agent has depends on various variables, including the agent’s characteris-
tics. Demographic characteristics set the baseline number of contacts in di�erent networks (η). The agents
may reduce the number of contacts due to NPIs, showing symptoms or testing positively for SARS-CoV-2
(τ). Infections can occur when a susceptible and an infectious agent meet.
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policies that condition the number of contacts on observable characteristics, risk
contacts or health states.

The number of contacts is translated into infections by a matching algorithm. There
are different matching algorithms for recurrent contacts (e.g. classmates, family
members) and non-recurrent contacts (e.g. clients, contacts in supermarkets). All
types of contacts can be assortative with respect to geographic and demographic
characteristics.

When a contact involves an infectious agent, the other person can become infected.
The infection probability varies with contact type, age of the susceptible person, the
virus strain of the infected person and follows a seasonal pattern. The strength of the
seasonality effect is higher for contacts that are easily moved to an outside location
in summer (such as leisure contacts) and smaller for contacts that take place inside
even in summer (e.g. work contacts).

Infections progress as shown in Figure 2.3.2. We differentiate between an initial
period of infection without being infectious or showing symptoms, being infectious
(presymptomatic or asymptomatic), showing symptoms, requiring intensive care,
and recovery or death (similar to Aleta et al., 2020). The probabilities of transition-
ing between these states depend on age; their duration is random and calibrated to
medical literature (for a detailed description, see Section 3.2.1). Conditional on the
type of contact, infectiousness is independent of age (Jones et al., 2021).

We include two types of tests. Polymerase chain reaction (PCR) tests accurately
reveal whether an individual is infected or not; there is no uncertainty to the result.
PCR tests require at least one day to be processed and there are aggregate capacity
constraints. In contrast, rapid antigen tests yield immediate results. Specificity and
sensitivity of these tests is set according to data analyzed in Toptan et al. (2020),
Brümmer et al. (2021), and Smith et al. (2021); sensitivity depends on the timing
of the test relative to the onset of infectiousness.

In general, all information on all individuals – including their health states, time
since last rapid and PCR test – can be used to specify which individuals demand a
rapid test in each period. Figure 2.9.2 shows our specification for rapid test demand.
Schools will require staff and students to be tested regularly. Rapid tests may be
offered by employers to on-site workers. Individuals can demand tests for private
reasons, which include having plans to meet other people, showing symptoms of
CoViD-19, and a household member having tested positively for the virus. We endow
each agent with an individual compliance parameter. This parameter determines
when she takes up rapid tests. Positive rapid tests, just like symptoms, cause many
individuals to reduce their number of contacts and demand a confirmatory PCR test.
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Infectious (3-11 days)

4-10 days
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Symptomatic
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Needs Intensive Care
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Figure 2.3.2. Disease Progression

Note: All infected individuals become infected within a few days of the transmission contact. Depending
on their age, individuals face di�erent probabilities to become symptomatic, require intensive care and die.
Numbers of days at arrows give the possible durations to transition from one stage to the next. For example,
symptomatic individuals that won’t need intensive care show symptoms for 15-27 days before they recover.
Probabilities are denoted by p.



60 | 2 People Meet People – An Epidemiological Model for NPIs

Modeling PCR test demand is very important as only positive PCR tests are counted
as official case numbers. Thus, it is very important for estimating the model parame-
ters (see Section 3.3.1). Furthermore the share of cases that are recorded as official
cases can be expected to vary over time and between age groups given CoViD-19’s
different rate of causing symptoms across age groups and a limited capacity for PCR
tests. Our model supports modeling of PCR tests through demand, allocation and
processing. However, given data limitations, we model recorded cases with a sim-
pler model, which is depicted in Figure 2.9.1. We take mortality-based aggregate
estimates of the share of detected cases and use data on the share of PCR tests ad-
ministered because of CoViD-19 symptoms. As the share of asymptomatic individuals
varies by age group, this gives us age-specific detection rates (the resulting shares
of detected infections in our empirical application are shown in Figure 3.G.1). Once
rapid tests become available demand for PCR tests can also stem from individuals
wanting to confirm a positive rapid test.

The model includes several additional features, which are crucial to describe the
evolution of the pandemic in 2020-2021. New virus strains with different infectious-
ness profiles may appear. Vaccines may become available. During the vaccination
roll-out, priority may depend on age and occupation; vaccine hesitancy is modeled
by some individuals refusing vaccination offers. With some probability, vaccinated
agents become immune and do not transmit the virus (Hunter and Brainard, 2021;
Levine-Tiefenbrun et al., 2021; Petter et al., 2021; Pritchard et al., 2021).

Modeling a population of agents according to actual demographic characteristics
means that we can use a wide array of data to calibrate themodel’s many parameters
(for an overview over the model parameters, see Appendix 2.A). The remaining
parameters can be estimated by choosing them to match features of the data (see
McFadden, 1989, for the general method). Both the calibration and estimation is
discussed in detail in the next Chapter which presents the empirical application of
the model.

The model has a modular structure and can easily be extended to distinguish more
contact types, add more stages to the disease progression, implement new policies
or test demand models. The main bottleneck is not complexity or computational
cost but the availability of data to calibrate additional model features.

2.4 Numbers of Contacts

Consider a hypothetical population of 1,000 individuals in which 50 were infected
with a novel infectious disease. From this alone, it is impossible to say whether: (1)
Only those 50 people had contact with an infectious person and the disease has
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an infection probability per contact (β) of one or (2) Everyone met one infectious
person but the disease has an infection probability of only five percent per contact.
SEIR models do not distinguish between the number of contacts (η) and the infec-
tiousness of each contact (β). Instead, they combine the two into one parameter
that is not invariant to social distancing policies.

To model social distancing policies, we need to disentangle the effects of the num-
ber of contacts of each individual and the effect of mostly policy-invariant infection
probabilities specific to each contact type. The number of types of contacts in our
model can be easily extended. Each type of contacts is described by a function that
maps individual characteristics, health states and the date into a number of planned
contacts for each individual. This allows to model a wide range of contact types.

In our empirical application we distinguish the following contact types that are de-
picted in Figure 2.3.1 and can be further grouped into the categories household,
work, education and others:

•Households: Each household member meets all other household members every
day.

•Recurrent work contacts: These capture contacts with coworkers, repeating clients
and superiors. Some of these recurrent contacts take place on every workday, others
just once per week. The contacts are assortative in geographical location and age.

•Non recurrent work contacts: Working adults have contacts with randomly drawn
other people, which are assortative in geographical location and age.

•Schools: Students meet all of their classmates every day. Class sizes are calibrated
to be representative for Germany and students have the same age and mostly live
in the same county. Schools are closed on weekends and during vacations, which
vary by federal state. School classes also meet six teachers every day and some of
the teachers meet each other.

•Preschools: Children who are between three and six years old attend preschool.
Each group consists of nine children of mixed ages and two adults who live mostly
in the same county. They all meet each other every work day when there are no
vacations.

•Nurseries: Children younger than three years may attend a nursery and interact
with one adult and other children there. The age of the children varies within groups
but all live in the same county. They all meet each other every work day when there
are no vacations.

•Non recurrent other contacts: Contacts with randomly drawn other people, which
are assortative with respect to geographic location and and age group. This contact
type reflects contacts during leisure activities, grocery shopping, medical appoint-
ments, etc.
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•Recurrent other contacts representing contacts with friends, neighbours or family
members who do not live in the same household. Some of these contacts happen
daily, others only once per week. They are assortative in geographic location and
age.

2.5 Non-Pharmaceutical Interventions (NPIs)

Our model makes it easy to model a wide range of NPIs, either in isolation or simul-
taneously. This is important for two reasons: Firstly, it allows to predict and quantify
the effect of novel NPIs. Secondly, it allows to model the actually implemented pol-
icy environment in great detail, which is necessary to use the full time series of
infections and fatality rates to estimate the model parameters.2

Instead of thinking of policies as completely replacing how many contacts people
have, it is more helpful to think of them as measures that adjust the pre-pandemic
number of contacts. Therefore, we implement policies as a step that happens af-
ter the pre-pandemic number of contacts is calculated but before individuals are
matched.

On an abstract level, a policy is a function that modifies the number of contacts
of one contact type.3 This function can be random or deterministic. For example,
school closures simply set all school contacts to zero. A work from home mandate
leads to a share of workers staying home every day whereas those who cannot work
from home are unaffected. Hygiene measures at work randomly reduce the number
of infectious contacts for all workers who still go to work.

Policies can also interact. For example, school vacations are temporally reducing
school contacts to zero while at the same time increasing other contacts to account
for increased leisure activities and family visits during this time. This is important to
reproduce the finding that school vacations do not reduce infection numbers even
though schools lead to infections when open (Isphording, Lipfert, and Pestel, 2021).

The most complex policies are typically found in the education sector. Since spring
2020 schools have switched back and fourth between full closures, split class ap-
proaches with alternating schedules for some or all age groups and reopening while
maintaining hygiene measures in Germany. On top of that there were different poli-
cies for allowing young students whose parents work full time to attend school even

2. See Avery et al. (2020) for an explanation why it can be harmful to use too long time series
to estimate simple SEIR type models.

3. NPIs that reduce the infection risk such as face mask requirements are equivalent to reducing
the number of contacts with risk of transmission.
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on days where they normally would not. The detailed calibration is shown in Ap-
pendix 3.B.

Importantly, policies can depend on the health states of participating individuals.
For example children rarely go to school when they have symptoms. It would even
be possible to quarantine entire school classes if one student tested positive and to
do many other forms of contact tracing. For an application of our model showcasing
private contact tracing in the context of the Christmas holidays, see Gabler et al.
(2020).

Not everything that reduces contacts compared to the pre-pandemic level is driven
by NPIs. Therefore, we also model endogenous contact reductions that depend on
the health state of individuals. Many other possible factors, such as the local inci-
dence, are also possible. The extent to which contacts are reduced can be calibrated
from surveys.

2.6 Matching Individuals

In the previous sections we only explained how we model the number of contacts
each person has. In order to simulate transmissions of CoViD-19, the numbers of
contacts have to be translated into actual meetings between people. This is achieved
by a matching algorithm:

As described in section 2.4, some contact types are recurrent (i.e. the same people
meet regularly), others are non-recurrent (i.e. it would only be by accident that
two people meet twice). The matching process is different for recurrent and non
recurrent contact models.

Recurrent contacts are described by two components: 1) A set of time invariant
groups, such as school classes or groups of co-workers. Those groups are generated
once at the beginning of the simulation. The groups can be sampled from empiri-
cal data or created by randomly matching simulated individuals into groups. 2) A
deterministic or random function that takes the values 0 (non-participating) and 1
(participating) and can depend on the weekday, date and health states of the entire
population. These can be used to account for things like vacations, weekends or
symptomatic people who stay home.

Given these two components, the disease transmission for recurrent contacts is ex-
tremely simple: On each simulated day, every person who does not stay home meets
all other group members who do not stay home. If there is a contact between indi-
vidual i who is infected with virus variant v and infectious and individual j who is in
age group a and susceptible, then j becomes infected with the following probability
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P(infection) = βc · sc,t · σv · ζa (2.6.1)

where βc denotes the base infection probability of contact type c, sc,t is a seasonality
factor between zero and one that depends on the contact type c and time t (see
Equation 2.7.1), σv is the infectiousness factor of virus variant v and ζa is an age
dependent susceptibility factor.

The assumption that all group members have contacts with all other group members
is not fully realistic, but a good approximation to reality, especially in light of the role
of aerosol transmission for CoViD-19 (Anderson et al., 2020; Morawska et al., 2020).
Alternatively, the infection probability of recurrent contact types can be interpreted
as being the product of a true infection probability and the probability that an actual
contact takes place.

The matching of non-recurrent contact types is more difficult because the contact
network is resampled every day. Moreover, it needs to allow for assortative matching.
In our application, all random contacts are assortative with respect to age group a
(it is usually more likely to meet people from the same age group) and county (it is
more likely to meet people from the same county) but in principle any set of discrete
variables can be used. This set of variables that influence matching probabilities
induces a discrete partition of the population into groups.

Below, we first describe one iteration of a simplified matching algorithm that illus-
trates what we want to achieve. In practice, we approximate the result of this match-
ing algorithm by a two stage sampling procedure that is computationally more ef-
ficient. The matching is done for each non-recurrent contact type c. The following
step is repeated until no individual has unmatched contacts left. Let z be an iteration
counter for the matching algorithm and i denote the individual whose unmatched
contacts we are trying to match.

Let Kz,i,c denote the number of unmatched contacts of individual i of contact type
c before iteration z is completed. Note that Kz,i,c ≤ nic which is the total number of
contacts individual i has of type c.

Let ai denote i’s age group and countyi her county of residence.

We first draw individual j from the distribution defined by probability mass func-
tion Fz over individuals j 6= i in the synthetic population where the probability fzj is
calculated as follows:



2.6 Matching Individuals | 65

fzj = αc,ai,aj,countyi,countyj

︸ ︷︷ ︸

Group Probability

·
Kz,j,c

∑N
l=1 Kz,l,c · Icountyl=countyj∧al=aj
︸ ︷︷ ︸

Individual Probability

(2.6.2)

We then draw an individual j. If one of the two participants is susceptible and the
other one is infectious, we sample whether an infection takes place. The success
probability for this event is calculated as in Equation 2.6.1. Finally we update the
remaining numbers of unmatched contacts by setting:

Kz+1,i,c = Kz,i,c − 1 (2.6.3)
Kz+1,j,c = Kz,j,c − 1 (2.6.4)

The runtime of this algorithm scales roughly cubic in the number N of simulated
individuals. This is because the number of iterations is proportional to N, in each
iteration we have to evaluate Equation 2.6.2 N times and each evaluation of that
equation entails a sum over N individuals.

This makes it prohibitively expensive. We therefore replace the above algorithm by
a two stage sampling procedure, where we first sample the group from which indi-
vidual j will be drawn according to the group probabilities defined in Equation 2.6.2.
Next we sample an individual from this group with the individual probabilities de-
fined in Equation 2.6.2.

Thus, while the calculation of any given second stage probability entails exactly the
same number of calculations as before we do not have to calculate a second stage
probability for all simulated individuals but only for those who are members of the
group that was sampled in the first stage.

It is easy to see that ex-ante the probability of being sampled are identical between
the two stage sampling and the one stage sampling. The only drawback is that to-
wards the end of the matching process it becomes possible to sample a group in
which no unmatched contacts are left. In our empirical application this happens
extremely rarely. This is so for two reasons: Firstly, the first stage sampling proba-
bilities have been estimated from the same dataset as the numbers of contacts so
there cannot be any mismatches such as for example a group that has a low proba-
bility of being sampled in the first stage but where all members have many contacts.
Secondly, the group sizes are relatively large and we go over individuals in random
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order. Therefore, groups where no unmatched contacts remain only occur very late
in the matching process.⁴

2.7 Seasonality

It is widely acknowledged that the transmission of SARS-CoV-2 is subject to seasonal
influences. Infectiousness is increased in winter when most contacts take place in-
side and the immune system is weakened by low levels of vitamin D, dry air and large
temperature swings. For a detailed overview of possible drivers see Kronfeld-Schor
et al. (2021).

We follow Kühn et al. (2021) and Gavenčiak et al. (2021) in modeling seasonality in
the transmission of SARS-CoV-2 as a multiplicative factor on the infection probability.
The factor follows a sine curve that reaches its maximum at January 1st and its
minimum on June 30.

For simplicity we normalize the factor to reach one at its maximum. Thus, the for-
mula of the seasonality factor is given by:

sc,t = 1 + 0.5κcsin
�

π

�

1
2
+

t
182.5

��

− 0.5κc (2.7.1)

Where κc is difference in the seasonality factor between peak infectiousness and
lowest infectiousness.

The subscript c is needed because the strength of the seasonality effect differs across
contact types: Work, household and school contacts are likely to take place inside
even in summer. Thus, they are only subject to seasonality due to factors that influ-
ence the immune system. Other contacts (for example meeting friends and while
doing leisure activities) are mostly happening outside in the summer. Therefore,
transmission via those contacts should have a stronger seasonal pattern.

2.8 Course of Disease

The disease progression in the model is fairly standard. It is depicted in Figure 2.3.2.

4. If unmatched contacts were a concern one could simply use the fast two stage sampling
process for a first pass over contacts and then match all remaining contacts with the slow algorithm.
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First, infected individuals will become infectious after one to five days. Overall,
about one third of people remain asymptomatic. The rest develop symptoms about
one to two days after they become infectious. Modeling asymptomatic and pre-
symptomatic cases is important because those people do not reduce their contacts
nor do they have an elevated probability to demand a test – unless a test alerts them
to their infection status. Thus, they can potentially infect many other people (Don-
simoni et al., 2020). The probability to develop symptoms with CoViD-19 is highly
age dependent with 75% of children not developing clinical symptoms (Davies et al.,
2020).

A small share of symptomatic people will develop strong symptoms that require
intensive care. The probability to require intensive care is age-dependent. An age-
dependent share of intensive care unit (ICU) patients will die after spending up to
32 days in intensive care. Moreover, if the ICU capacity was reached, all patients
who require intensive care but do not receive it die.

It would be easy to make the course of disease even more fine-grained. For example,
we could model people who require hospitalization but not intensive care. We opted
against this for two reasons: Firstly, only the intensive care capacities were feared to
become a bottleneck in Germany. Secondly, there is little expected effect of such a
more fine-grained disease progression on infections as we model that symptomatic
individuals reduce their contacts and infectiousness usually lasts less than ten days.

We allow the progression of the disease to be stochastic in two ways: Firstly, state
changes only occur with a certain probability (e.g. only a fraction of infected individ-
uals develops symptoms). Secondly, the number of periods for which an individual
remains in a state is drawn randomly. The parameters that govern these processes
are taken from the literature and detailed in Section 3.2.1. For an overview of our
disease progression parameters see Table 2.A.3.

2.9 Testing

Having a realistic model of PCR and rapid tests is crucial for two reasons: Firstly, only
via a testing model can the simulated infections from themodel be made comparable
to official case numbers. Secondly, individuals with undetected or not yet detected
infections are an important driver of the pandemic.

In principle, our modeling approach is flexible enough to incorporate mechanistic
test demand, allocation and processing models. However, there is not enough data
available to calibrate such a mechanistic model. Therefore, we build a simpler model
of PCR and rapid tests. This model can be calibrated with available data on test
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demand and availability and – nevertheless – produce a share of detected cases that
varies over time and across age groups. The simplified model also agrees with other
estimates over the time periods where they are available. An overview of our testing
model is shown in Figure 2.9.1.

Aggregate share of recorded cases
(in absence of rapid tests)

Number of positive
PCR tests 

performed in model
(in absence of rapid

tests)

Empirical share of positive PCR tests performed because of
symptoms

Positive rapid tests

Work School Private

Recorded Infections

Due to symptoms

Due to chance

Due to confirmation
by rapid test

All Infections

Figure 2.9.1. Translating Infections Into O�cial Cases

Note: The model relies on the endogenous total number of infections, the share of detected cases and
positive rapid tests to translate all infections in the simulated data to age-specific detected infections. The
model uses data on the aggregate share of detected cases (ψ), the share of positive PCR tests triggered by
symptoms (χ

symptom
), and the false positive rate of rapid tests (ppositive|infected, i, t). The lower part of the graph

is relevant only for periods where rapid tests are available.

PCR tests are modeled since the beginning of the simulation and determine whether
an infection is officially recorded. Rapid tests are only added at the beginning of
2021. Positive rapid tests do not enter official case numbers directly but most people
with a positive rapid test demand a confirmatory PCR test. However, positive rapid
tests can have a strong effect on the infection dynamic because they trigger contact
reductions and additional rapid tests.

During 2020 people can demand PCR tests either because they have symptoms or
randomly. The probability that a PCR test is performed in each of the two situations
depends on the number of new infections and the number of available tests. Thus,
it varies strongly over time and is unknown.

To distribute the correct number of PCR tests among symptomatic and asymptomatic
infections without knowing explicit test demand probabilities, we use the following
approach: First, we calculate the total number of positive PCR tests by multiplying
the number of newly infected individuals with an estimate of the share of detected
cases from the Dunkelzifferradar project (Paul et al., 2020). Next, we determine
how many of these tests should go to symptomatic and asymptomatic individuals
from data by the RKI (Robert Koch-Institut, 2020). Then, we sample the individu-
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als to which those tests are allocated from the pools of symptomatic and not (yet)
symptomatic and untested infected individuals.

Sampling uniformly from the pool of symptomatic individuals ensures that age
groups who are more likely to develop symptoms are also more likely to receive
tests. Thus, the share of detected cases is much higher for the elderly than for chil-
dren during times where many tests are done because of symptoms (see Figure 3.G.1
for the age specific shares of detected cases that arise endogenously in our empirical
application).

At the beginning of 2021, two challenges arise: Firstly, the externally estimated share
of detected cases from the Dunkelzifferradar project (Paul et al., 2020) can no longer
be used because it is based on the case fatality rate which changes drastically once
the elderly become increasingly vaccinated. Secondly, rapid tests become available
at a large scale.

We solve the first challenge by assuming that the share of detected cases would have
remained at the level it reached before Christmas if rapid tests had not become
available. While this is only an approximation to reality, changes in the share of
detected cases that would have happened without rapid tests are very likely to be
small compared to the changes caused by rapid tests. In addition, the number of
PCR tests per 1000 remains in the same 1.5 to 2.5 window without a visible trend
over our estimation period (Roser et al., 2021) which is in line with less than 0.08%
of the population receiving a positive rapid test on any given day in our model.

The second challenge is solved by mechanistic rapid test demand models for the
workplace, schools and by private individuals. An overview of our rapid test de-
mand model is given in Figure 2.9.2. The calibration of these models is described in
Section 3.2.6.

In contrast to PCR tests, rapid tests are not perfect and can be falsely positive and
falsely negative. While the specificity of rapid tests is calibrated at 99.4% (Brüm-
mer et al., 2021), their sensitivity strongly depends on the timing of the rapid test
relative to the start of infectiousness (Smith et al., 2021). Before the onset of infec-
tiousness the sensitivity is low (35%). On the first day of infectiousness it is much
higher (88%) but still lower than during the remaining infectious period (92%). Af-
ter infectiousness stops, the sensitivity drops to 50%. Modeling the diagnostic gap
before and at the beginning of infectiousness is very important to address concerns
that rapid tests are too unreliable to serve as screening devices.

We do not distinguish between self administered rapid tests and those that are ad-
ministered by medical personnel. While there were concerns that self administered
tests are less reliable, Lindner et al. (2020) find no basis for this concern.
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Individual
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Private Reasons
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Positively Tested
Houseold Members

Planned Contacts

Symptoms

True-Positive

School
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Figure 2.9.2. Model of Rapid Tests

Note: Individuals may perform rapid tests either in preparation to planned leisure contacts, in response to a
household member that has tested positive, to own symptoms without access to a PCR test or because the
individual plans to go to work or attend school. All reasons trigger a test only for a fraction of individuals
depending on an individual compliance parameter; the thresholds for triggering test demand di�er across
reasons and they may depend on calendar time (πc, t and τc, t). The i, t subscript of the probabilities denote
that the sensitivity of the rapid tests depends on the timing relative to the start of infectiousness.
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While rapid tests do not directly enter official case numbers, 82% (χconfirmation) of
positively tested individuals seek a PCR test (Betsch et al., 2021). Importantly, those
PCR tests are made in addition to the tests that would have been done otherwise.
Appendix 3.G discusses the effect of rapid tests on the share of detected cases.

2.10 Initial Conditions

Consider a situation where one wants to simulate a period set amidst the pandemic.
It means that several thousands of individuals should already have recovered from
the disease, be infectious, symptomatic or in intensive care at the start of the simu-
lation. Additionally, the sample of infectious people who will determine the course
of the pandemic in the following periods is likely not representative of the whole
population because of differences in behavior (number of contacts, assortativity),
past policies (such as school closures), etc. The distribution of health states in the
population at the beginning of the simulation is called initial conditions.

To come up with realistic initial conditions, we match reported infections from of-
ficial data to simulated individuals by age group and county. We use one month of
data to generate initial conditions with all possible health states. Meanwhile, health
states evolve until the beginning of the simulation period without simulating infec-
tions by contacts. We also correct reported infections for a reporting lag and scale
them up by the share of detected cases to arrive at the true number of infections.

Once vaccinations are being rolled out, these are also already distributed during the
month before the actual simulation start to match the share of vaccinated individuals
at the start of the simulation.

2.11 Conclusion

This chapter has presented an agent-based simulation model that is designed to
predict and evaluate the effect of a variety of policies to contain the CoViD-19 pan-
demic, including school policies, work policies, vaccination campaigns and rapid
test policies.

At the core of the model are physical contacts between heterogeneous agents who
can vary in their age, the systemic relevance of their work, number of co-workers and
weekly leisure contacts, degree of their compliance with rapid testing policies and
many more. Contacts occur in different networks, such as school or work, and can
be random or recurrent. The realistic implementation of different contact types al-
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lows an easy implementation of non-pharmaceutical interventions. Once rapid tests
become available they can be used as entry tests for school, work and some other
contacts. They can also serve as diagnostic tests in addition to the usual but slower
PCR tests. Individuals can react to rapid tests – as to symptoms and PCR tests – with
self-isolation and seek rapid tests in response to events such as a household member
being tested positive.

Our model is unique in the sophisticated way in which it models case detection. This
allows us to have different detection rates across age groups and over time. Despite
its large number of parameters, the model is designed in such a way that most pa-
rameters can be calibrated from different literatures and surveys and some even
directly from decrees and laws. Due to the ability to include different and changing
non-pharmaceutical interventions and the detailed translation of total infections into
observed cases the few remaining parameters can be estimated using long-running
time series data of the number of infections. A smart matching algorithm makes
such an estimation computationally feasible.

In the following chapter this model is applied to the situation in Germany from
September 2020 until June 2021. It shows that the model can be estimated with
empirical data and can closely recreate the evolution of the pandemic over a long
period of time, including the emergence of a new variant, the introduction and ex-
pansion of rapid test policies and a vaccination campaign. We show the role the
later two – as well as seasonality – played during the stark decrease in cases which
Germany experienced in the spring of 2021.
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Appendix 2.A Overview Model Parameters

Table 2.A.1. Contacts, Matching and Policies

name notation time active source description

n_contacts ηc, n always
Mossong et al.
(2008)

probability to have n contacts in contact type c. The number of non
recurrent contacts is drawn for each individual every day. For recur-
rent contacts individuals are assigned to daily and weekly groups. See
Section 3.2.3.

degree_of_assortativity αc, ai , aj , countyi , countyj
always

Mossong et al.
(2008)

probability in contact type c that an individual of age group ai

and county countyi meets an individual of age group aj and county
countyj. Contacts can be assortative by age group, state and county.
See Section 3.2.4 for details.

work_attend_multiplier ρw, attend, t always
Google, LLC
(2021)

share of workers that continue to have work contacts on date t. We
use the reduction in work mobility reported by Google, LLC (2021) as a
proxy for the share of workers that work from home. See Section 3.2.5
for details.

hygiene_multiplier ρhygiene since Nov 2020 estimated
reduction in transmission during work and educational contacts due
to stricter hygiene measures such as wearing face masks. See Sec-
tion 3.3.1.

other_multiplier ρother, t always estimated

reduction in the transmission during other contacts. This incorpo-
rates both hygiene measures as well as the reduction of physical
meetings. There are nine breakpoints for the whole estimation pe-
riod. See Section 3.3.1 for details.
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Table 2.A.2. Infection Probabilities and Virus Variants

name notation time active source description

infection_prob βc always estimated

Base infection probability of contact type c. For
each contact, this base probability is further ad-
justed by the seasonality, susceptibility of the con-
tact and the virus strain. See Section 3.3.1 for de-
tails.

susceptibility ζa always
Davies, Klepac, et al.
(2020)

Susceptibility to CoViD-19 depends on a person’s
age group. The higher the age the more easily peo-
ple become infected. The susceptibility of the old-
est age group is normalized to one.

seasonality κc always
Gavenčiak et al.
(2021)

The probability to contract CoViD-19 when exposed
depends on the seasonality. Since di�erent contact
types are more or less subject to seasonal varia-
tion (e.g. by moving contacts outdoors) the season-
ality also depends on the contact type. Refer to Sec-
tion 2.7 for an explanation.

variant_infectiousness σv always
Davies, Abbott, et al.
(2021)

Variant v’s infectiousness relative to the wild type.

variant_introduction ωv,t time dependent estimated
Number of infections per 100,000 individuals of
variant v to be introduced on day t. See Sec-
tion 3.3.1 for details.
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Table 2.A.3. Disease and Vaccination Model

name notation time active source description

p_duration_immune γimmune, d always see Section 3.2.1
probability to stay immune for d days after having
contracted CoViD-19

p_duration_until_infectious γinfectious, d always see Section 3.2.1
probability to become infectious d days after infec-
tion

p_duration_of_infectiousness γstop infectious, d always see Section 3.2.1 probability that infectiousness lasts d days

p_duration_until_symptoms γsymptoms, a, d always see Section 3.2.1
probability for individuals of age group a to de-
velop symptoms d days (possibly infinite) after be-
coming infectious

p_duration_of_symptoms γstop symptoms, d always see Section 3.2.1
probability for individuals of age group a that
symptoms last d days

p_duration_until_icu γicu, a, d always see Section 3.2.1
probability for symptomatic individuals of age
group a to require intensive care d days (possibly
infinite) after symptom onset

p_duration_of_icu γstop icu, a, d always see Section 3.2.1
probability to recover after d days from requiring
intensive care

p_duration_until_death γdead, a, d always see Section 3.2.1
probability for individuals of age group a in inten-
sive care to die after d days (possibly infinite)

p_until_immune_by_vaccine γvacc, d 2021 see Section 3.2.1
probability to develop immunity d days (possibly
infinite) after being vaccinated

share_vaccine_refusers ξ 2021 Frisch (2021)
share of individuals refusing to be vaccinated. See
Section 3.2.2
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Table 2.A.4. Rapid Testing

name notation time active source description

rapid_test_specificity pnegative|not infected 2021 Brümmer et al. (2021)
the probability of an uninfected person to receive
a negative rapid test result. See Section 2.9.

rapid_test_sensitivity ppositive|infected, i, t 2021 Smith et al. (2021)

the probability of an infected person to receive a
positive rapid test result. This depends on the tim-
ing of the test relative to the individual’s onset of
infectiousness. See Section 2.9.

share_accepting_work_rapid_test_
o�er

πw, d 2021 Betsch et al. (2021)

share of workers that regularly pick up rapid test
o�ers by their employers when they do not work
from home. In our baseline specification this is
time constant. See Section 3.2.6.

share_workers_receiving_rapid_
test_o�er

πw, s, t 2021 see 3.2.6
share of workers that get a regular rapid test of-
fer by their employer when they do not work from
home on date t.

share_educ_workers_with_rapid_
test

πteacher, t 2021 see 3.2.6
share of educational workers who test themselves
as part of their work on date t

share_students_with_rapid_test πstudents, t 2021 see 3.2.6
share of school pupils that do rapid tests at school
on date t.

share_private_rapid_test_demand πprivate, t 2021 see 3.2.6
share of individuals that do a rapid test when any
of the private reason events such as a household
member testing positive occur on date t.

rapid_test_educ_freq θt, educ 2021 see 3.2.6
Frequency with which individuals test themselves
in educational settings at time t. See Section 3.2.6.

rapid_test_work_freq θt, work 2021 see 3.2.6
Frequency with which complying workers test
themselves at time t. See Section 3.2.6.
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Table 2.A.5. PCR Testing, Case Detection and Behavioral Response

name notation time active source description

p_duration_until_test_result γPCR, d always
Robert Koch-Institut
(2020)

probability that it takes d days between the perfor-
mance of a PCR test and receiving the result. See
Section 3.2.7.

share_of_tests_for_symptomatics χsymptom, t always calibrated from RKI
share of positive PCR tests that are performed on
individuals because of CoViD-19 symptoms. See
Section 3.2.7.

share_w_positive_rapid_test_reques
ting_pcr

χconfirmation 2021 Betsch et al. (2021)
share of individuals with positive rapid test that
seek a PCR test. See Section 3.2.7.

share_known_cases_without_
rapid_tests

ψt always Paul et al. (2020)
share of cases that would be detected in the ab-
sence of rapid tests (see Section 2.9)

symptomatic_multiplier τsymptoms, c always see 3.2.8
share of symptomatic individuals that still have
contacts of type c.

positive_pcr_multiplier τpositive PCR, c always see 3.2.8
share of individuals with a positive PCR test that
still have contacts of type c.

positive_rapid_test_multiplier τpositive rapid test, c 2021 Betsch et al. (2021)
share of individuals with a recent positive rapid
test that still have contacts of type c. See Sec-
tion 3.2.8
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Appendix 2.B Reproducibility

The source code used for this paper is open source and available under the MIT
License. It is split into two parts

•The source code for themodel can be found at https://github.com/covid-19-impact-
lab/sid/ and its documentation at https://sid-dev.readthedocs.io.

•The source code for the application to Germany can be found at
https://github.com/covid-19-impact-lab/sid-germany/ with a shorter docu-
mentation at https://sid-germany.readthedocs.io.

We are grateful to the authors and contributors of the following software packages
upon which our software is built: conda (Anaconda, 2016), conda-forge (conda-
forge community, 2015) dask (Rocklin, 2015), estimagic (Gabler, 2020), holoviews
(Stevens, Rudiger, and Bednar, 2015), matplotlib (Hunter, 2007), numba (Lam,
Pitrou, and Seibert, 2015), numpy (Harris et al., 2020), pandas (McKinney, 2010;
The pandas development team, 2020), pytask (Raabe, 2020), Python (Van Rossum
and Drake Jr, 1995), scipy (Virtanen et al., 2020), and seaborn (Waskom, 2021).

https://github.com/covid-19-impact-lab/sid/
https://github.com/covid-19-impact-lab/sid/
https://sid-dev.readthedocs.io
https://github.com/covid-19-impact-lab/sid-germany/
https://sid-germany.readthedocs.io
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Chapter 3

How To Beat SARS-CoV-2? The Role of
Rapid Tests, Vaccinations, and NPIs to
Contain CoViD-19
Joint with Janoś Gabler, Tobias Raabe and Hans-Martin von

Gaudecker

3.1 Introduction

Since early 2020, the CoViD-19 pandemic has presented an enormous challenge to
humanity. To contain the spread of the disease and avoid an overburdening of the
health care system, most countries implemented non-pharmaceutical interventions
(NPIs) aimed at reducing contacts between individuals. These have been updated
over time and new ones – such as rapid testing requirements – were introduced as
they became available. Neither the effects of these policies nor the effect of seasonal
patterns are well understood in quantitative terms.

Given the high speed with which NPIs were implemented and the often joint adjust-
ments of NPIs, empirical evaluations of NPIs are rare.1 Thus, many debates about

? The authors are grateful for support by the Deutsche Forschungsgemeinschaft (DFG, German Re-
search Foundation) under Germany´s Excellence Strategy – EXC 2126/1– 390838866 – and through
CRC-TR 224 (Projects A02 and C01), by the IZA Institute of Labor Economics, and by the Google
Cloud CoViD-19 research credits program.

1. See Isphording, Lipfert, and Pestel (2021) and Vlachos, Hertegård, and B. Svaleryd (2021)
for exceptions in the school context and Berger, Fritz, and Kauermann (2021) and Pavelka et al. (2021)
for rapid tests.
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policies – such as the degree to which rapid testing can help to stop infections and
may even be able to substitute other, more costly, NPIs – had to take place with very
little empirical evidence.

In this chapter we evaluate the role of Germany’s vaccination campaign and rapid
test policies during spring 2021. We do this accounting for and comparing their
effects to the effect seasonality played during that time. To do so, we use the agent-
based simulation model presented in Chapter 2.

Modeling a population of agents according to actual demographic characteristics
means that we can use many different data sources to identify and calibrate the
model’s many parameters. For example: Contact diaries yield pre-pandemic distri-
butions of contacts for different contact types and their assortativity by age group.
Mobility data is used to model the evolution of work contacts. School and daycare
policies can be incorporated directly from official directives. Administrative records
on the number of tests, vaccinations by age and region and the prevalence of virus
strains are generally available. Surveys may ask about test offers, propensities to take
them up and past tests. The estimates of other studies concerning the seasonality of
infections can be incorporated directly.

The remaining parameters – most notably these include infection probabilities by
contact type and the effects of some NPIs – will be chosen numerically so that the
model matches features of the data (see McFadden, 1989, for the general method).
In our application, we keep the number of free parameters low in order to avoid
overfitting. The data features to be matched include official case numbers for each
age group and region, deaths and the share of the Alpha variant. We fit the second
and third wave of the CoViD-19 pandemic in Germany, covering the period mid-
September 2020 to the end of May 2021.

We find that the German vaccination campaign, which prioritized the elderly, only
had a small effect on the incidence. Only 16% of the joint decrease caused by rapid
tests, seasonality and vaccinations are attributed to vaccinations. Instead our analy-
sis shows that, aside from seasonality, frequent and large-scale rapid testing caused
the bulk of the decrease in the spring of 2021. According to our simulations over
40% of the joint effect are due to rapid tests.

Even though we model the imperfections of rapid tests, they are very cost effec-
tive. Unless incidences are very low, there are only few false positives per detected
case. Because of their effectiveness, we are able to show that stringent rapid testing
can serve as substitute for more costly NPIs such as schooling restrictions and work
from home mandates. Given the German rapid testing policy of April 2021, opening
schools completely would have had only a small effect on case numbers. The same
applies to relaxing work from home mandates. However, requiring stringent rapid
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testing at work – as in schools – could have saved Germany up to 50 cases per million
per day.

We now first describe howwe calibrate most of the parameters and howwe construct
our synthetic population in Section 3.2. Section 3.3 then explains which parameters
we estimate and how we estimate them and presents the model fit. Section 3.4
presents our main results: the role rapid tests, vaccinations and seasonality have
played in the decline of Germany’s CoViD-19 cases in the spring of 2021. It then
investigates the usefulness of rapid tests as a screening device and lastly whether
rapid tests can substitute some more costly NPIs. Section 3.5 concludes.

3.2 Data And Calibrated Parameters

This section discusses all the parameters that we calibrate through surveys and other
data sources outside our model. See Appendix 2.A for an overview over all model
parameters.

3.2.1 Course of Disease

We start with the calibration of the parameters governing the infection probability
and the course of disease. See Figure 2.3.2 for a summary of our disease progression
model.2

The first stage of any disease is the infection. As detailed in Equation 2.6.1 the
infection probability depends on the contact type, the calendar date to determine
the seasonality, the age group of the susceptible person and the variant the infectious
person is carrying. The base infection probabilities (βc) are estimated inside our
model (Section 3.3.1). We calibrate the strong and weak seasonality parameters as
follows: κstrong is set to 0.42 and κweak to 0.21. This is in line with Gavenčiak et al.
(2021) and Kühn et al. (2021). The two resulting seasonality curves are shown in
Figure 3.2.1.

For the susceptibility of each age group (ζa) we take the estimates of Davies, Klepac,
et al. (2020, Extended Data Fig. 4) and for the infectiousness factor of the Alpha
variant relative to the wild type (σAlpha) the estimated 1.67 of Davies, Abbott, et al.
(2021).

2. An even more detailed description of our disease progression parameters can be found in our
online documentation

https://sid-dev.readthedocs.io/en/latest/reference_guides/epi_params.html


88 | 3 The Role of Rapid Tests, Vaccinations and NPIs on CoViD-19

Oct
2020

Nov
2020

Dec
2020

Jan
2021

Feb
2021

Mar
2021

Apr
2021

May
2021

Jun
2021

0.60
0.65
0.70
0.75
0.80
0.85
0.90
0.95
1.00

de
gr

ee
 o

f i
nf

ec
tio

us
ne

ss
 d

ue
 to

 se
as

on
al

ity

seasonality of household, work and school contacts
seasonality of other (including leisure) contacts

Figure 3.2.1. Seasonality by Type of Contact

Note: We model seasonality as a factor that reduces the probability of infection of all encounters. The factor
depends on the day and is calculated from a sinus shaped function with its maximum on January 1st. Since
seasonality can a�ect the transmission both through physical conditions such as temperature and humidity
as well as through the numbers of contacts that take place outside we assume two seasonality factors. One
for other contacts which we expect to be strongly a�ected by fairer weather with a maximum reduction of
42% in the infection probability. The other seasonality only makes contacts up to 21% less infectious and
is applied to household, work and school contacts.

Some time after infection a person becomes infectious. This time span is called the
latent period, which we denote by γinfectious. Zhao et al. (2021) estimate the latent
period to last 3.3 days (95% CI: 0.2, 7.9) on average. In line with this estimate our
latent period lasts one to five days.

Once individuals become infectious, a share of them goes on to develop symptoms
while others remain asymptomatic. We rely on data by Davies, Klepac, et al. (2020)
for the age-dependent probability to develop symptoms. It varies from 25% for chil-
dren and young adults to nearly 70% for the elderly. Similar to Peak et al. (2020)
and in line with He et al. (2020) we set the length of the presymptomatic stage after
the onset of infectiousness (γsymptoms, a) to be one or two days for all age groups. The
probability to become symptomatic for every age group a is split equally between
one and two days. This combined with our latency period leads to an incubation
period that is in line with the meta analysis by McAloon et al. (2020).

We assume that the duration of infectiousness (γstop infectious) is the same for both
symptomatic and asymptomatic individuals as evidence suggests little differences
in the transmission rates between symptomatic and asymptomatic patients (Yin and
Jin, 2020) and that the viral load between symptomatic and asymptomatic individ-
uals are similar (Byrne et al., 2020; Singanayagam et al., 2020; Zou et al., 2020).
Our distribution of the duration of infectiousness is based on Byrne et al. (2020):
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For symptomatic cases they arrive at zero to five days before symptom onset (see
their figure 2) and three to eight days of infectiousness afterwards.3 Excluding the
most extreme combinations, we arrive at three to eleven days as the duration of
infectiousness.

We use the duration to recovery of mild and moderate cases reported by Bi et al.
(2020, Figure S3, Panel 2) for the duration of symptoms for non-ICU requiring symp-
tomatic cases (γstop symptoms). We only disaggregate by age how likely individuals are
to require intensive care.

For the time from symptom onset until need for intensive care (γicu, a) we rely on
data by Stokes et al. (2020)) and Hinch et al. (2021). For those who will require
intensive care we follow Chen et al. (2020) who estimate the time from symptom
onset to ICU admission to be 8.5± 4 days. This aligns well with numbers reported
for the time from first symptoms to hospitalization: Gaythorpe et al. (2020) report
a mean of 5.76 days with a standard deviation of four days. We assume that the
time between symptom onset and ICU takes four, six, eight or ten days with equal
probabilities.

We take the survival probabilities and time to death and time until recovery (γstop icu a

and γdead, a) from intensive care from Hinch et al. (2021). They report time until
death to have a mean of 11.74 days and a standard deviation of 8.79 days. To match
this we discretize that 41% of individuals who will die from CoViD-19 do so after
one day in intensive care, 22% die after twelve days, 29% after 20 days and 7%
after 32 days. Again, we rescale this for every age group among those that will not
survive. For survivors Hinch et al. (2021) reports a mean duration of 18.8 days until
recovery and a standard deviation of 12.21 days. We discretize this such that 22%
of survivors recover after one day, 30% after 15 days, 28% after 25 days and 18%
after 45 days.

Individuals can become immune either through infection (γimmune) or vaccination
(γvacc, d). As reinfections are very rare (Abu-Raddad et al., 2020), we set the immu-
nity period to one year with probability one, i.e. everyone that has been infected
enjoys immunity for the rest of the simulation period.

The second route to immunity is through vaccination. Germany has mostly relied on
the Pfizer-BioNTech BNT162b2 and Oxford-AstraZeneca ChAdOx1-S vaccines with
smaller shares of the Moderna and Johnson&Johnson vaccines (impfdashboard.de,
2021). As Pritchard et al. (2021) and Harris et al. (2021) find no difference in

3. Viral loads may be detected much later but eight days seems to be the time after which most
people are culture negative, as also reported by Singanayagam et al. (2020).
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the effectiveness between the two most common vaccines, we do not distinguish
between vaccines.

Immunity is binary in our model, i.e. individuals achieve either sterile immunity
or remain susceptible. Thus, we cannot simply use the reported effectiveness but
must also include the risk of asymptomatic and sub-clinical reinfection among the
vaccinated in our probability to become immune upon vaccination. This is important
as there is ample evidence by now that vaccinated individuals can still get infected
with SARS-CoV-2 and transmit the disease (Harris et al., 2021; Levine-Tiefenbrun
et al., 2021; Petter et al., 2021).

The reported effectiveness for BNT162b2 is estimated to be 90% 21 days after
the first shot (Hunter and Brainard, 2021). The effectiveness does not increase
much through the booster shot as Thompson et al. (2021) report 90% (95% CI
= 68%–97%) effectiveness against PCR-confirmed infections after two doses for
mRNA vaccines in general. We therefore do not distinguish between the first and
the booster shot.

On the other hand, Lipsitch and Kahn (2021) report a lower bound on transmission
for the very similar Moderna vaccine of 61%. To strike a middle ground we assume
that 75% of individuals achieve sterile immunity after vaccination. This is split into
35% reaching immunity after 14 days after the first shot and 40% reaching immunity
after 21 days. This is also supported by more recent evidence by Bernal et al. (2021).
They report vaccine effectiveness of approx. 50% against Alpha after the first and
88% after the second dose. Given large numbers of both individuals with one or two
vaccines in our study period, our assumption of 75% seems a realistic approximation
even though this latest evidence does show important differences in the effectiveness
of first and second dose for the Alpha and Delta variant.⁴

3.2.2 The Synthetic Population

We build a synthetic population based on the German microcensus (Forschungs-
datenzentren Der Statistischen Ämter Des Bundes Und Der Länder, 2018). We only
use private households, i.e. exclude living arrangements such as nursing homes as
non-private households vary widely in size and it is very difficult to know which
contacts take place in such living arrangements.

We sample households to build our synthetic population of over one million house-
holds keeping for each of the 2.3 million individuals their age, gender, occupation

4. Note that Delta is not part of our simulations as it only started to appear in Germany at the
end of our simulation period.
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and whether they work on Saturdays and Sundays. For each household we draw its
county and set the corresponding federal state.

We randomly assign 35% of children below three to attend a nursery (Destatis,
2020). For children between three and six years old, we assume all go to preschool.⁵
Children that attend a nursery meet in groups of four (Bertelsmann Stiftung, 2019)
plus one adult care taker every weekday when there are no school vacations.
Preschool children meet in groups of nine (Bertelsmann Stiftung, 2019) with two
adult care takers. These groups are mixed with respect to age but all belong to the
same state and most to the same county.

Every child that goes to school is part of a school class. Each school class meets three
times per weekday, each time with a different set of two teachers, unless there are
vacations or policies that suspend schools.⁶ Each class consists of approximately 23
students (OECD, 2013). All students in a class are of the same age and live in the
same state and mostly also in the same county. In addition, each child gets assigned
a value that captures his or her need to attend nursery, preschool or school. This
allows us to capture various degrees of emergency care that can be granted while
educational facilities are closed or are on some kind of rotating schedule.

Workers are assigned to a work group that meets daily. The group sizes vary to
match the number of daily repeating work contacts reported by working individu-
als in Mossong et al. (2008). These groups only consist of workers that work in the
same county. For a distribution of the number of daily recurring work contacts see
Figure 3.2.3b. To match the number of reported weekly work contacts shown in Fig-
ure 3.2.3d we pair each worker with up to 14 other workers. Each pair is assigned a
weekday on which they meet potentially. 80% of these contacts are individuals from
the same county. In the same way children have an educational priority determining
if they are entitled to emergency care, workers are assigned a work contact priority
that captures how necessary their work is and to which degree they can work from
home. This means that it is always the same individuals that continue to have work
contacts when work from home mandates of a certain strictness are in place.

In addition to creating groups for educational facilities and work we also have other
recurring contacts to represent things like groups of friends or sports teams which
meet regularly. Both daily and weekly groups are created analogously to the work
groups but matching the numbers in Figure 3.2.3a and Figure 3.2.3c. In addition,
since leisure contacts are highly assortative by age all individuals that have a daily
leisure contact are matched with a person not only from the same county but also
from the same age group.

5. According to Destatis (2020) the share is 92.5%.
6. We implement vacations on the federal state level.
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The individuals in our population can react to events such as developing symptoms
that are typical of CoViD-19, a positive PCR test or a positive rapid test by reducing
their contacts. To determine who would reduce their contacts in such a situation or
demand a rapid test we introduce a quarantine compliance parameter. Similarly, we
introduce a rapid test compliance parameter that determines in which order indi-
viduals start demanding rapid tests when rapid tests become increasingly available.
This makes sure that when for example only 10% of workers get tested, it is the
same workers that have access to tests every week.

Lastly, for the distribution of vaccinations every individual is assigned a vaccina-
tion group and a vaccination rank from that group that creates a complete vaccina-
tion queue over the population including a share that refuses to be vaccinated (ξ)
which we calibrate to 15% (Robert Koch-Institut, 2021b). The vaccination groups
are created tomatch the recommendations by the Ständige Impfkommission (Vygen-
Bonnet et al., 2020).⁷ An individual’s vaccination priority depends on her work con-
tact priority, her age group and a random component to capture preconditions like
diabetes. To cover that the Pfizer-BioNTech vaccine was later approved for younger
age groups we put adolescents and children into two groups that follow after the
adult population. These groups do not become eligible within our simulation frame
until June.

The resulting vaccination shares by age group over time are shown in Figure 3.2.2.
One can see that the first vaccinations go to some workers with very high work con-
tact priority and to the 80 to 100 year olds followed by the 60 to 79 year olds. Both
groups are saturated with vaccinations by mid March and start of May, respectively.
By June a third of the younger adults have received the vaccination but these groups
still remain far from herd immunity thresholds.

7. We cover that teachers were prioritized more than recommended by the commission.
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Figure 3.2.2. Vaccination Rates by Age Group

Note: Each figure shows the share of individuals who are vaccinated in the respective age group from January
2021, when vaccinations started in Germany to June 2021 where our simulations end. The flattening for the
oldest age groups shows that these groups are saturated and only vaccination refusers remain.

3.2.3 Number of Contacts

We calibrate the parameters for the predicted numbers of contacts from contact di-
aries of over 2000 individuals from Germany, Belgium, the Netherlands and Luxem-
bourg (Mossong et al., 2008). Each contact diary contains all contacts an individual
had throughout one day, including information on the other person (such as age and
gender) and information on the contact. Importantly, for each contact individuals
entered of which type the contact (school, leisure, work etc.) was and how frequent
the contact with the other person is. Binning the number of contacts for very high
numbers, we arrive at the distributions of the numbers of contacts by type of contact
(ηc) as shown in Figure 3.2.3.
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Figure 3.2.3. Number of Contacts of the Di�erent Contact Types

Note: This figure shows the pre-pandemic number of contacts individuals report of di�erent contact types
(η

c
). In the model it is sampled every day which of the numbers of non recurrent contacts a person is

planned to have. Note that the contact diaries include such high values that super spreading events are well
possible in our model through non recurrent models. For recurrent contacts individuals are put into groups
that meet either every day or on a particular week day every day. The pre-pandemic number of contacts
with transmission potential is reduced by policies (ρ), seasonality (κ) and individual responses (τ) to events
such as receiving a positive rapid test to the number of actual contacts with transmission potential. The left
column shows the distribution of the number of other contacts individuals report (η

other
). Other contacts

include all contacts that are not household members, school contacts or work contacts, for example leisure
contacts. We assume that individuals in households with children or teachers or retired individuals have
additional non recurrent other contacts during school vacations to cover things like family visits or travel
during vacations. The right column shows the distribution of the di�erent types of work contacts (η

work
).

Work contacts only take place between working individuals.
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An exception where we do not rely on the data by Mossong et al. (2008) are
household contacts. Since households are included in the the German microcen-
sus (Forschungsdatenzentren Der Statistischen Ämter Des Bundes Und Der Länder,
2018) on which we build our synthetic population we simply assume for the house-
hold contacts that individuals meet all other household members every day. The
distribution of household contacts is shown in Figure 3.2.4.

0 1 2 3 4 5 6 70.0

0.1

0.2

0.3

0.4

Figure 3.2.4. Number of Household Contacts

Note: Every individual meets all other household members every day. The German microcensus sampled
full households such that our synthetic population automatically fits population characteristics such as
size and age distribution.

3.2.4 Assortativity

As explained in section 2.6, the probability that two individuals are matched can
depend on background characteristics. In particular, we allow this probability to
depend on age and county of residence (α). While we do not have good data on
geographical assortativity and set it such that 80% of contacts are within the same
county, we can calibrate the assortativity by age from Mossong et al. (2008).

Figure 3.2.5 shows that assortativity of the other non-recurrent contacts by age is es-
pecially strong for children and adolescents. For older people, the pattern becomes
more dispersed around their own age group, but within-age-group contacts are still
the most common contacts. Figure 3.2.6 shows that assortativity by age is also im-
portant among non-recurrent work contacts. These probabilities over age groups are
used in the matching algorithm when it is drawn which individuals meet.

For recurrent contacts, we construct groups to have the following features: Recurrent
work contacts are not assortative by age. Daily work groups are always of the same
county and weekly work contacts are to 80% with workers from the same county.
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Figure 3.2.5. Distribution of Non-Recurrent Other Contacts by Age Group

Note: The figure shows the distribution of non recurrent contacts by age group for other contacts. A row
shows the share of contacts a certain age group has with all other age groups. Higher values are colored in
darker red tones. The diagonal represents the share of contacts with individuals from the same age group.
The 80-100 age group for other contacts was so small that we assumed for them to have the same contact
distribution as the 70-79 year olds.

Other recurrent contacts are constructed the same way but we impose for daily con-
tacts that they are always with individuals from the same age group. School classes
are groups where the same children of the mostly same age and county meet with
teachers every day. Nurseries and preschools mix children by age but match them
to come mostly from the same county. Household age composition follows directly
from the German microcensus data we use to construct our synthetic population
(see Section 3.2.2 for details).
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Figure 3.2.6. Distribution of Non Recurrent Work Contacts by Age Group

Note: The figure shows the distribution of work contacts. A row shows the share of contacts a certain age
group has with all other age groups. Higher values are colored in darker red tones. The diagonal represents
the share of contacts with individuals from the same age group. We only show age groups that have a
significant fraction of working individuals.

3.2.5 NPIs

For each of the three contact types education, work and other, we have NPIs in
place that reduce the number of contacts with transmission potential that people
have for most or the entire simulation period, each with several changes over time.
Germany had no policies limiting contacts within households so there are no policies
on them.⁸

For nurseries, preschools and schools we implement vacations as announced by the
German federal states as well as school closures, emergency care and rotating sched-
ules where only one half of students attends every other week or day. An approxima-
tion of the share of contacts still taking place with the different school regulations
can be found in Figure 3.2.7. Schooling policies differed between states and usually
involved rules based on local incidences. We simplify these rules to one federal policy
based on the federal incidence and the policies of the three most populous federal

8. Household contacts can, however, be reduced when individuals quarantine themselves after
developing symptoms, for example. This happens to a lesser degree than other contacts to capture
difficulties in isolation within the home.
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states (North Rhine-Westphalia, Bavaria and Baden-Württemberg). For a detailed
description of the education policies we refer the reader to Appendix 3.B.
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Figure 3.2.7. The Contact Reduction E�ects of School Attendance Policies

Note: The figure shows the approximate share of school contacts taking place with and without vacations
factored in. In contrast to other policies, school policies are not implemented via multipliers but as mecha-
nistic models (e.g. split classes with emergency care). For the above plot we assigned approximate multipli-
ers to those policies. Thus, the figure is only an illustration that shows the approximate share of contacts
taking place compared to the pre-pandemic level with and without vacations.

Our main work policy is home office usage. We use the reductions in work mobility
reported by the Google Mobility Data (Google, LLC, 2021) as a proxy for the share
of individuals in home office, ρw, attend, t. The resulting reductions in work contacts
are not random but governed through a work contact priority which goes from zero
to one and is fixed over time for each individual. For example, if the Google Mobility
Data indicate that work mobility was reduced by 30% in February 2021, workers
whose work contact priority is below 0.30 do not have work contacts. Thus, the
Google Mobility data gives us for each day and federal state the threshold for the
work contact priority below which workers stay home. Figure 3.2.8 shows the share
of workers that go to work over time at the German level. Using the data on the state
level allows us to account for local holidays and differences in state regulations.

In addition, for both work and school contacts we assume that hygiene measures
(such as masks, ventilation and hand washing) became more strict and more consci-
entiously observed in November 2020, leading to an estimated reduction of 33% in
the number of contacts with the potential to transmit CoViD-19 (ρhygiene). Lastly, for
the other contacts category (ρother, t) we could also not calibrate the policies from
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Figure 3.2.8. The Contact Reduction E�ects of Work Attendance Policies

Note: The figure shows the work mobility as reported by the Google Mobility Data (Google, LLC, 2021). We
take this as a proxy of the share of workers who still have physical work contacts (ρ

w, attend, t
). The figure

interpolates over weekends as we handle weekend e�ects through information on work on weekends in
the German census data. The figure shows the share for Germany as a whole. To capture the e�ect that local
policies, local holidays, etc. have on work contacts we use the data on the state level to determine which
workers go to work depending on the state they live in.

data but had to estimate the policy effects. The estimation and values are detailed
in Section 3.3.1 and Figure 3.3.2.
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3.2.6 Rapid Test Demand

In our model, there are five potential reasons why rapid tests are done:

1.the individual plans to have work contacts
2.the individual plans to attend school or to work in an education facility
3.the individual has a householdmember who has tested positive or developed symp-
toms
4.the individual has developed symptoms but has not received a PCR test
5.the individual plans to participate in weekly meeting of the other contact type
(such as a choir rehearsal)

For work contacts, we know from the COSMO study (Betsch, Korn, Felgendreff, Eitze,
Schmid, Sprengholz, Wieler, Schmich, Stollorz, Ramharter, Bosnjak, Omer, Thaiss,
De Bock, and Von Rüden, 2021) that 60% of workers who receive a test offer by
their employer regularly use it (πw, d). We assume this share to be time constant.
In addition, there are some surveys that allow us to trace the expansion of employ-
ers who offer tests to their employees (πw, s, t), see Appendix 3.C.1 for details. We
interpolate between these points linearly, arriving at the offer shares shown in Fig-
ure 3.2.9. In addition, we increase the frequency of testing (θt, work) from weekly to
twice weekly during April.
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Figure 3.2.9. Share of Individuals Being O�ered a Rapid Test at Work

Note: Employees were never subject to mandatory tests. According to surveys only 60% of workers regu-
larly used rapid test o�ers by their employers (Betsch, Korn, Felgendre�, Eitze, Schmid, Sprengholz, Wieler,
Schmich, Stollorz, Ramharter, Bosnjak, Omer, Thaiss, De Bock, and Von Rüden, 2021).

For educators and school students we rely on decrees and data provided by the ed-
ucation ministries of the federal states. Again, we focus on the three most populous
states to create one educational rapid testing policy that is applied nationwide. The
shares are shown in Figure 3.2.10. The purple line shows the share for educators
and the red line school students. Educators have access to tests earlier than school
students. By mid April, both school students and educators are tested nearly univer-
sally twice per week. There are no tests in preschools and nurseries. For the detailed
construction of our shares see Appendix 3.C.2.

There is hardly any data on private rapid test demand, which covers the last three
reasons above. To limit our degrees of freedom, we only have one parameter that
governs how many individuals do a rapid test because of any of these private de-
mand reasons (πprivate, t). We assume that there is no private rapid test demand
until March when both the free citizens’ tests and rapid tests for lay people started
to become available (Bundesanzeiger, 2021a; Presse- und Informationsamt der Bun-
desregierung, 2021) and other access to rapid tests was very limited.

According to the COSMO study (Betsch, Korn, Felgendreff, Eitze, Schmid,
Sprengholz, Wieler, Schmich, Stollorz, Ramharter, Bosnjak, Omer, Thaiss, De Bock,
and Rüden, 2021) 63% would have been willing to take a test in the round of 23rd
of February 2021 when an acquaintance would have tested positive. Since this is
only asking for willingness not actual behavior, we take this as the upper bound of
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Figure 3.2.10. Share of Individuals Doing a Rapid Test

Note: Rapid test demand can be triggered by individuals planning to have education contacts (πeducator, t

or πstudents, t), work contacts (πw, d and πw, s, t), developing symptoms without access to a PCR test, having a
household member with a positive test or symptoms or planning to attend a weekly other meeting (πprivate, t).
In each case whether a rapid test is done depends on how long it has been since the individual’s last rapid
test and her individual compliance parameter. As an example, take an educator in early February. At that
time 20% of educators have access to rapid tests at their educational facility. Thus, all educators whose
(time-constant) compliance parameter belongs to the upper 20% of the population test themselves if it
has been more than seven days since their last rapid test.

private rapid test demand which we estimate in our model to be reached in the be-
ginning of May. To cover that many people are likely to have sought and done their
first rapid test before the Easter holidays, we add another point that we estimate for
the rapid test demand around Easter. Similarly, we estimate one point in mid March
when tests started to become available in grocery stores and pharmacies. The result-
ing share of private rapid test demand is shown as the green line in Figure 3.2.10.
See Section 3.3.1 for details on the estimation.

3.2.7 PCR Testing

This section describes the parameters needed to specify our model of PCR tests,
namely the share of detected cases, the share of tests that go to symptomatic indi-
viduals, the time it takes to process a PCR test and the share of individuals with a
positive rapid test that request a PCR test. Refer to Section 2.9 for a description of
the full testing model.
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At the core of our case detection model is the estimate for the share of cases that is
detected in the absence of rapid tests (ψt). For this, we rely on the Dunkelzifferradar
Project (Paul et al., 2020) which uses estimates of the case fatality rate to estimate
the number of total cases given the number of CoViD-19 deaths which are assumed
to be perfectly observable. For 2020, we follow their reported share of detected cases
quite closely. One exception is the phase of November 2020 where we interpolate
to maintain monotonicity during the fall as there was no reason why the share of
detected cases should have risen in that time.⁹

Since vaccinations started after Christmas 2020 and these were predominantly given
to the elderly in the beginning and other vulnerable groups in spring, we expect the
relationship between deaths and the number of total infections to change rapidly in
2021. This is whywe stop using the share of detected cases estimated by the Dunkelz-
ifferradar after Christmas. Instead, we assume that the share of detected cases would
have stayed the same in the absence of rapid tests. Thus, we achieve an increase in
the share of detected cases that is driven from inside our model through increased
rapid testing which leads follow-up PCR tests when individuals test positive. In Ap-
pendix 3.G we show the resulting share of detected cases in our simulations by age
group over time.

Furthermore, we model reductions in the share of detected cases due to the two ma-
jor holidays in our simulation period, Christmas and Easter. During both holidays
many laboratories did not process tests and most physicians’ offices were closed,
leading to less PCR tests and short and large drops in the share of detected cases.
The resulting share of detected cases in the absence of rapid tests is shown in Fig-
ure 3.2.11.

9. The testing policy changed in November (Robert Koch Institute, 2020). However, this only
moved the rare PCR tests more towards vulnerable groups.
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Figure 3.2.11. Share of Detected Cases in the Absence of Rapid Tests

Note: The figure shows the share of cases that is reported as an o�cial case via PCR confirmation. We use the
overall share of detected cases that was estimated through the case fatality ratio by the Dunkelzi�erradar
Project (Paul et al., 2020) for all of 2020 and then assume it to be constant as vaccinations of the elderly
strongly a�ect the case fatality rate which the project does not account for. Starting in 2021 in addition to
the overall numbers of detected cases through symptoms and a random component, cases are additionally
detected through confirmation of positive rapid tests which happens endogenously inside the model. For
the public holidays of Christmas and Easter we lower the share of detected cases as fewer PCR tests are
available during public holidays. See Figure 3.G.1 for how the share of detected cases develops in our model
for each age group.

From the share of detected cases (in the absence of rapid tests) and the number of in-
fections we arrive at the number of positive PCR tests in our model (excluding those
triggered by rapid tests). A share of these positive tests goes to symptomatic individ-
uals (χsymptom, t). This share is calibrated from German data on case characteristics
(Robert Koch Instititue, 2021) and shown in Figure 3.2.12. We keep χsymptom, t con-
stant after Christmas because the RKI data does not include if a PCR test was done
to confirm a positive rapid test and this share is used for PCR test demand without
prior rapid test indication.

PCR tests take one to four days until their result is revealed to the individual (γPCR, d).
Relying on the ARS data (Robert Koch-Institut, 2020) we calculate that 33% of
individuals receive the test result after one day, 50% after two days, 10% after three
days and 7% after four days.

To model the demand for PCR tests through rapid tests, we only need the share of
individuals that seek a PCR test to confirm a positive rapid test result (χconfirmation).
We calibrate this from the COSMO study (Betsch, Korn, Felgendreff, Eitze, Schmid,
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Figure 3.2.12. Share of Positive PCR Tests Administered to Symptomatic Individuals

Note: The share of positive PCR tests that are administered to symptomatic individuals (χ
symptom, t

). Since it
was not recorded for every case if the person was symptomatic or not we take the midpoint between the
upper and lower bound. We keep the share constant after Christmas because the RKI data does not include
if a PCR test was done to confirm a positive rapid test and this share is used for PCR test demand without
prior rapid test indication.

Sprengholz, Wieler, Schmich, Stollorz, Ramharter, Bosnjak, Omer, Thaiss, De Bock,
and Von Rüden, 2021) who asked this as a hypothetical question in March of 2021.
There 82% of Germans reported that they would follow up on a positive rapid test
with a PCR test.

3.2.8 Behavioral Response

Lastly, we need to set the parameters that decide how individuals reduce their con-
tacts after certain events, τ. We distinguish between the reduction in household
contacts (which are harder to avoid) and non household contacts. There are three
events which trigger potential contact reductions: showing symptoms of CoViD-19,
having received a positive rapid test and having received a positive PCR test. The only
survey data we are aware of on this is again the COSMO survey (Betsch, Korn, Fel-
gendreff, Eitze, Schmid, Sprengholz, Wieler, Schmich, Stollorz, Ramharter, Bosnjak,
Omer, Thaiss, De Bock, and Von Rüden, 2021) where 85% of individuals claimed
they would isolate and restrict their contacts after a positive rapid test. We assume
this reduction for non household contacts. As household contacts are much more dif-
ficult to avoid, we assume that they are only reduced by 30%. We assume the same
behavior for individuals that develop symptoms. Lastly, we assume the response to



106 | 3 The Role of Rapid Tests, Vaccinations and NPIs on CoViD-19

a positive PCR test to be stronger than in the other two cases and set the reduction
of non household contacts to 95% and the reduction of household contacts to 50%.
These endogenous contact reductions are also implemented using a compliance pa-
rameter.

3.3 Estimation and Fit

3.3.1 Estimated Parameters

We estimate parameters that cannot be calibrated outside of the model with the
method of simulated moments (McFadden, 1989) by minimizing the distance be-
tween simulated and observed infection rates (aggregated and disaggregated by
federal state and age groups), fatality rates and virus variant shares. Using a sam-
ple of over 2.3 million agents from the population structure in September 2020 we
simulate recorded infection rates until the end of May 2021 with different param-
eter values. Since our model includes a lot of randomness, we average simulated
infection rates over several model runs for evaluating the model fit. All estimated
parameters are described in Table 3.3.1.
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Table 3.3.1. Estimated Parameters

notation estimate note

Infection Probabilities

βhousehold 0.1 base probability of getting infected by an infectious household member

βschool 0.012 base probability of getting infected by an infectious classmate or teacher

βyoung educ 0.005 base probability of getting infected by an infectious classmate or teacher

βwork 0.1475 base infection probability for work contacts

βother 0.15875 base infection probability for other contacts

Policy Parameters

ρhygiene 0.66 reduces infectiousness of work and education contacts from November to end of simulation

ρother, before Oct 1 0.75 before October

ρother, Oct 1 to Oct 20 1.00 high activity due to reopenings and fall vacations

ρother, Oct 21 to Nov 1 0.75 anticipation of a lockdown and precaution due to high incidenes

ρother, Nov 2 to Dec 1 0.52 “lockdown light”

ρother, Dec 2 to Dec 23 0.57 “lockdown light” with lockdown fatigue and holiday shopping

ρother, Dec 24 to Dec 26 0.65 Christmas holidays

ρother, Dec 27 to Feb 10 0.35 hard lockdown after Christmas

ρother, Feb 11 to Feb 28 0.50 lower precaution due to low incidences and lockdown fatigue

ρother, after Feb 28 0.515 many contact reducing policies are lifted

Introduction of the Alpha Strain

ωAlpha, Jan 31 0.986 number of Alpha cases per 100 000 individuals to import on January 31st. Imported Alpha cases rise
from January 1st where 0 cases are imported. No cases are imported in other months.

Rapid Test Introduction

πprivate,t Figure
3.2.10

the private rapid tests levels in mid March and at Easter as well as the date at which full availability of
private rapid tests is reached are fit to the data. Values between those levels are interpolated linearly.
The remaining rapid tests demands are calibrated from surveys. See Section 3.2.6
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We fit our model to data for Germany from mid September 2020 until June 2021.
We do not use earlier periods for three reasons. Firstly, in the beginning PCR tests
were very scarce and the reported case numbers unreliable. Secondly, during the
summer the case numbers were very low. This could lead to the epidemic going
extinct in our simulation. Thirdly, over the summer, imported cases from touristic
travel were likely important for the infection dynamic but there is not enough data
to include them into our model.

To avoid over-fitting and simplify the numerical optimization problem, we only allow
for five different infection probabilities: 1) for contacts in schools 2) for contacts
in preschools and nurseries. 3) for work contacts. 4) for households. 5) for other
contacts.

Since the infectiousness of a contact between an infectious and a susceptible per-
son depends on many things, the numerical values of the infection probabilities in
Table 3.3.1 only reflect a base probability. This base probability is modified by a sea-
sonality factor, an age specific susceptiblity factor and an infectiousness factor that
depends on the virus variant of the infected person. The base infection probability is
only equal to the actual infection probability when all of those factors are one. This
would be the case for a contact between an 80+ year old susceptible person with a
person who is infected with the Alpha variant of the virus on January 1st.

It is not possible to rank different types of contacts according to their infectiousness
just from the numerical values of the infection probabilities. There are two reasons
for this: Firstly, for computational reasons the seasonality factor is normalized such
that it reaches one at its peak. It has thus a lower average for contact types with
strong seasonality (e.g. other contacts) than for contact types with weak seasonality
(e.g. work contacts). Secondly, for household and school contacts we do not have
data on whether people meet physically. Thus, the infection probabilities for those
contact types are the product of the probability to have physical contact on a given
day and the infection probability of that contact.

In order to get a feeling for the infectiousness of each contact type it is more infor-
mative to look at how many infections were caused by each contact type. This is de-
picted in Figure 3.3.1. We can see that work and other contacts are the main drivers
of the pandemic, followed by infections in households. Schools and preschools con-
tribute fewer infections which is to be expected given that there are much fewer stu-
dents than working adults in the German population. Nevertheless, Figure 3.4.10
shows that schools do have a notable effect on the infection dynamic in the long
run.

We also estimate a parameter that reflects the effect of hygiene measures at work
and in educational facilities. This parameter becomes active in November 2020when
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Figure 3.3.1. Daily share of infections by contact type

Note: Daily share of infections that were contributed by each contact type. Darker colors mean that a larger
share of infections were contributed by that contact type. The majority of infections take place in the work-
place, in households and via other contacts. Schools and preschools contribute less infections, especially
after hygiene measures have been introduced.
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stricter mask mandates and distancing rules were introduced. It is estimated to re-
duce infectiousness of contacts by one third.

Moreover, we estimate nine different multipliers that reflect how strongly other con-
tacts are reduced over time. The dates at which we switch between the multipli-
ers usually coincide with policy changes and is not determined from the case num-
bers. The only exception to this are slight adjustments to parameters to incorporate
lockdown fatigue (towards the end of a lockdown period) or precautionary contact
reductions (in times of high incidences right before a lockdown is enacted). The
estimated other multipliers are depicted in Figure 3.3.2.
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Figure 3.3.2. Share of Pre-Pandemic Other Contacts Taking Place with Infection Potential

Note: Values of the other multiplier. All values are estimated via the method of simulated moments. The
rationale behind each switching point is described in Table 3.3.1

While we estimate nine different values for the other contact multiplier, they are not
estimated completely freely. In particular, we ensure that the ordering of the param-
eter values is consistent with the stringency of policies. For example, the strongest
contact reduction was estimated for January 2021 during which very strict measures
and curfews were in place, whereas the weakest contact reduction was in October
2020 where policies were very lenient.

Since we do not have good data on the reduction of other contacts, it is not possible
to separately estimate parameters for contact reduction and the effect of hygiene
measures. The reported other multipliers in Figure 3.3.2 are thus a combination of
contact reductions and hygiene measures.
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Finally, we estimate one parameter that governs the introduction of the Alpha vari-
ant in January 2021. This parameter implies that at the end of January roughly one
case per 100 000 individuals per day is imported. After January we do not model
imported cases of Alpha anymore because they are negligible compared to the en-
dogenous growth of that virus variant.

While a formal identification argument is beyond the scope of this paper, we give a
rough intuition which features of the data help us to estimate each parameter below.

The different infection probabilities can be separately identified because the degree
to which each contact type is active varies over time (e.g. school closures, vacations
and different work from home policies)1⁰ and they affect different subgroups of the
population differently (e.g. βschool most strongly affects kids whereas βwork has the
strongest effect on adults in working age and βother affects all age groups equally).
The hygiene and other multipliers can be identified because they are only active in
certain time periods. However, it is necessary to normalize one other multiplier to 1
because there is no period without any contact reduction in our data. The introduc-
tion parameter for the Alpha mutation can be identified from the share of that virus
variant in the population. The rapid test demand parameters are identified because
rapid tests first lead to a very steep increase in observed cases and then to a sudden
decrease – in a time where almost all other things in the model would not cause a
change in trend.

3.3.2 Model Fit

This section compares simulated data from our model with empirical data from
Germany. We look at observed infections (overall as well as by age group and fed-
eral state), the effective replication number, the spread of Alpha and vaccinations.
Overall, our model achieves an excellent fit of the two waves of infections with few
free parameters (Figure 3.3.3a). As a result the effective replication number Rt also
closely follows that reported by the RKI (see Figure 3.3.3b). We also achieve an ex-
cellent fit for most age groups in Germany. The fit is also good for many German
federal states. Despite the fact that the number of performed rapid tests and their
distribution in the population are determined endogenously in our model, we fit the
share of the population with at least a weekly rapid test very well. For the share of
individuals who have ever done a rapid test we err on the side of too few tests.

Our fit of the infection rates in Germany between October 2020 and June 2021 is
excellent. The incidence in our model matches both the levels and the shape of the

10. see Appendix 3.A for a history of Germany’s response to the CoViD-19 pandemic and the
resulting variation in policies.
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reported incidence almost perfectly. When the prevalence of the virus is high and es-
pecially after explosive growth phases, the effect of random events on the incidence
is large. Therefore, all reported simulations average over at least 30 simulation runs
which is enough to reduce the sampling uncertainty to a negligible level.

Our fit of the effective replication number Rt closely follows the values reported by
the RKI (see Figure 3.3.3b) even though we calculate Rt on all infected individuals
not just the detected cases. This explains why the Rt in our simulations is higher
during phases where the share of detected cases (ψt) falls. This is the case in the
fall of 2020 (see Figure 3.2.11) where the RKI underestimated the effective repli-
cation number due to observing a falling share of cases. Analogously, the Rt in our
simulations is lower than the Rt reported by the RKI in spring where the share of
known cases increased due to increased rapid testing.
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(a) Observed Incidence in the Model and as Reported by the RKI
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(b) E�ective Replication Number Rt in the Model and as Reported by the RKI

Figure 3.3.3. Model Fit of the Reported Cases and the E�ective Replication Number

Note: Both figures show averages and single runs. The average is the thick line. Single runs are shown
as lighter and thinner lines. We averaged and show 30 simulation runs. The upper figure shows the daily
incidence rate per million for the simulated reported infection rates. The o�cial case numbers as reported
by the RKI are plotted in black. The fit is overall very good. The lower figure shows the e�ective replication
number (Rt) as reported by the RKI and as calculated in our model. The Rt gives the average number of new
infections caused by one infected individual. The Rt in our model broadly follows the Rt reported by the RKI.
Two di�erences stand out. Firstly, the RKI’s Rt drops faster in November. This is likely due to a decline in the
estimated overall share of detected cases (ψ

t
) when the second wave hit Germany. The second di�erence

is from mid February to mid March where the RKI’s reported Rt increased more rapidly than that in our
model. Here the opposite e�ect can be expected. During this time rapid tests increased strongly leading to
more cases being detected. In the short term this leads an Rt estimation that is based on detected cases
to overestimate the replication number. For legibility reasons, all lines are rolling 7-day averages.
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Zooming into the different age groups in Figure 3.3.4, we can see that our model
is also able to reproduce the infection rates on this level. The only major deviation
from this pattern is that our model predicts too few infections for the 80 to 100 year
olds. This was to be expected because our synthetic population does not include
inhabitants of nursing homes. Outbreaks in nursing homes led to a large number of
infections among the oldest during the second wave of the pandemic in Germany.
Moreover, the model predicts too few observed infections for the 15 to 34 years old
at the end of 2020 and the 5 to 14 year olds in April and May 2021. The former
is likely due to the fact that this age group has a very active social life which is
not fully captured by our contact networks. The latter probably comes from a too
conservative model of school reopenings.

it is important to note that this fit is only possible due to our age specific and time
variant shares of detected cases. As can be seen in Appendix 3.G, these shares vary
strongly over time and between age groups and especially once rapid tests enter
the picture the differences between detection rates change quite substantively, with
strong effects on how infections in our model are translated into observed infections.
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Figure 3.3.4. Simulated and Empirical Infections by Age Group

Note: The figure shows the number of reported versus simulated cases per one million people per day for di�erent age groups. The age group of individuals above 80 needs to
be interpreted with caution because our synthetic population only includes private households, i.e. nursing homes are not represented in our model. They accounted for many
cases and deaths in the winter of 2020 and many 80 to 100 year olds live in these facilities. We average over 30 simulation runs. For legibility reasons, all lines are rolling 7-day
averages.



116 | 3 The Role of Rapid Tests, Vaccinations and NPIs on CoViD-19

Our model fit is also very good for the different German federal states (see Fig-
ures 3.3.5 and 3.3.6). This holds not only for the large states such as North Rhine-
Westphalia or Bavaria but also for many smaller states such as Hessen or Rhineland-
Palatinate. This shows that using school vacations dates and work mobility reduc-
tions by Google, LLC (2021) at the state level combined with county and age group
specific initial conditions (see Section 2.10) and county level assortativity of contacts
is sufficient to represent many local differences. The fit is especially good given that
our model does not aim to have a high local resolution. For example we abstract
from population density and cross-border travel. It is, thus, unsurprising that there
are states that we do not match well, such as very thinly populated Mecklenburg-
Vorpommern and Schleswig-Holstein or Saxony with its large border to the Czech
Republic that had a much higher incidence than Germany at times.
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Figure 3.3.5. Simulated and Empirical Infections by Federal State (1)

Note: The figure shows the number of reported versus simulated cases per one million people per day for
di�erent federal states. We averaged over 30 simulation runs. For legibility reasons, all lines are rolling
7-day averages.
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Figure 3.3.6. Simulated and Empirical Infections by Federal State (2)

Note: The figure shows the number of reported versus simulated cases per one million people per day for
di�erent federal states. We averaged over 30 simulation runs. For legibility reasons, all lines are rolling
7-day averages.
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We fit the proliferation of the Alpha variant quite exactly despite only introducing a
few cases in January (ωAlpha,t) as can be seen in Figure 3.3.7. Since we only model
Alpha and do not include other variants, Alpha reaches a share of nearly 100% by
May while the true rate plateaued at 90%. By the end of May Delta gained traction in
Germany. However, given that it made up less than 5% at the end of our simulation
period, we did not include it in our model.
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Figure 3.3.7. Share of the Alpha Variant (B.1.1.7) in the Model and as Reported by the RKI

Note: The figure shows the share of Alpha as reported by the RKI and as it arises in our simulations. We
only introduce a few cases over the course of January. From then Alpha takes over endogenously through
its increased infectiousness (σAlpha).

The fit of the share of vaccinated individuals can be seen in Figure 3.3.8. In Germany,
vaccines were rolled out according to four priority groups. The first vaccines were
mostly reserved for nursing homes and some selected professions such as first re-
sponders. Since we do not have nursing home inhabitants in our model, we subtract
the first percent of vaccinations which is equivalent to the share of Germans living
in nursing homes. Afterwards, the share of vaccinated individuals in the population
follows the German increase exactly. We took great care to model the prioritization
of older individuals and professions that cannot reduce physical contact easily such
as teachers or medical staff (see Section 3.2.2 and Figure 3.2.2 for the vaccination
rates in our model by age group).
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Figure 3.3.8. Share of Vaccinated Individuals in the Model and the German Population

Note: The figure shows the rate of individuals that are vaccinated in our synthetic population versus in the
general German population.

The most difficult moment to match in our model is the rapid test demand. This is
because we have five different channels through which individuals demand rapid
tests and many of the demand curves are at least partially calibrated through survey
data. It is therefore very reassuring that we fit the share of individuals that do weekly
rapid tests almost perfectly (Figure 3.3.9).

For the share of individuals that have ever done a rapid test (Figure 3.3.10) our
model is conservative. There are two reasons for this: Firstly, we do not model people
who have done rapid tests out of curiosity once they became available. Secondly, in
the model, the decision to take a rapid test is based on a time invariant individual
specific compliance factor without any additional random components. While this
captures important features of rapid test demand it abstracts from people who turn
down rapid tests most of the time but accept them sometimes.

Appendix 3.E shows that our results are quite robust to some variation in the param-
eters which are not known ex ante, like the work mobility multiplier. This provides
evidence that the model is robust enough to be suitable for predictions.
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Figure 3.3.9. Share of the Population That Did a Rapid Test in the Last Week

Note: compares the share of individuals who have done a rapid test within the last seven days in our sim-
ulation compared to the share reporting to have done at least weekly rapid tests in the last four weeks in
the COSMO survey (Betsch, Wieler, et al., 2021). For legibility reasons, all simulated lines are rolling 7-day
averages.
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Figure 3.3.10. Share of the Population That Has Ever Done a Rapid Test

Note: This figure compares the empirical and simulated share of individuals that have ever done a rapid
test. The empirical data comes from Betsch, Wieler, et al. (2021). For legibility reasons, all simulated lines
are rolling 7-day averages.
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3.4 Results

3.4.1 The Role of Rapid Tests, Vaccinations and Seasonality

In order to better understand the contributions of rapid tests, vaccinations, and
seasonality on the evolution of infections in 2021, we consider various scenarios.
Figure 3.4.1 shows our baseline (the blue line, same as in Figure 3.3.3a), a sce-
nario without any of the three factors (red line), and three scenarios turning each
of these factors on individually. NPIs are always held constant at their values in the
baseline scenario. Figure 3.4.2 does the same for total infections in the model. Fig-
ure 3.4.3 employs Shapley values (Shapley, 2016) to decompose the difference in
total infections between the scenario without any of the three factors and our main
specification.11
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Figure 3.4.1. Recorded Cases: 2021 Scenarios

Note: The blue line shows the number of detected cases in our baseline scenario. The red line refers to a
situation where NPIs evolve as in the baseline scenario and the Alpha variant is introduced in the same way
but vaccinations, rapid tests, and seasonality remain at their January levels. The other scenarios turn each
of these three factors on individually. For legibility reasons, all lines are rolling 7-day averages.

Until mid-March, there is no visible difference between the different scenarios. Sea-
sonality hardly changes, and only few vaccinations and rapid tests were adminis-
tered. Even thereafter, the effect of the vaccination campaign is surprisingly small
at first sight. Whether considering recorded or total infections with only one chan-
nel active, the final level is always the highest in case of the vaccination campaign

11. An explanation of Shapley values can be found in Appendix 3.D.
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Figure 3.4.2. Total Cases: 2021 Scenarios

Note: The blue line shows the number of total infections in our baseline scenario. The red line refers to a
situation where NPIs evolve as in the baseline scenario and the Alpha variant is introduced in the same way
but vaccinations, rapid tests, and seasonality remain at their January levels. The other scenarios turn each
of these three factors on individually. For legibility reasons, all lines are rolling 7-day averages.
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Figure 3.4.3. Decomposition of the Di�erence in Total Cases Between the Scenario Without Any
of the Three Factors and the Baseline Scenario

Note: Each area shows the contribution – measured as the Shapley value – of each factor to avoided infec-
tions relative to a scenario without seasonality, vaccinations and rapid tests. The avoided infections are the
di�erence between the red and the blue line in Figure 3.4.2. Shapley values are explained in Appendix 3.D.
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(orange lines). The Shapley value decomposition shows that vaccinations contribute
16% to the cumulative difference between scenarios. Reasons for the low share are
the slow start – it took until March 24th until 10% of the population had received
their first vaccination, the 20% mark was reached on April 19th – and the focus
on older individuals. These groups contribute less to the spread of the disease than
others due to a lower number of contacts. By the end of our study period, when
first-dose vaccination rates reached 43% of the population, the number of new cases
would have started to decline. It is important to note that the initial focus of the cam-
paign was to prevent deaths and severe disease. Indeed, the case fatality rate was
considerably lower during the third wave when compared to the second – 4.4% be-
tween October and February and 1.4% between March and the end of May, (Robert
Koch-Institut, 2021c).

Seasonality has a large effect in slowing the spread of SARS-CoV-2. By May 31, both
observed and total cases are only a fourth of those in the scenario with seasonality
compared to the scenario without vaccinations, rapid tests and seasonality. How-
ever, in this period, cases would have kept on rising throughout, just at a slower
pace (this is in line with results in Gavenčiak et al., 2021, which our seasonality
measure is based on). Nevertheless, we estimate seasonality to be a quantitatively
important factor determining the evolution of the pandemic, explaining most of the
early changes and 43% of the cumulative difference by the end of May.

A similar-sized effect – 42% in the decomposition – comes from rapid testing.12 Here,
it is crucial to differentiate between recorded cases and actual cases. Additional
testing means that otherwise undetected infections are additionally recorded.13 Fig-
ure 3.4.1 shows that this effect is large and may persist for some time. Until late
April, recorded cases are higher in the scenario with rapid testing alone when com-
pared to the setting where none of the three mechanisms are turned on. The effect
on total cases, however, is visible immediately in Figure 3.4.2. Despite the fact that
only 10% of the population performed weekly rapid tests in March on average, new
infections in early April would have been reduced by a half relative to the scenario
without vaccinations, rapid tests, or seasonality.

So why is rapid testing so effective? In order to shed more light on this question,
Figure 3.4.4 decomposes the difference in the scenario without rapid tests and the
main specification into the three demand channels for rapid tests. Tests at schools
have the smallest effect, which is largely explained by schools not operating at full

12. For a comparison of our effect size to other studies see Appendix 3.F.
13. See Appendix 3.G for how the share of detected cases develops over time for different age

groups.
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capacity during our period of study and the relatively small number of students.1⁴
Almost 40% come from tests at the workplace. Despite the fact that rapid tests for
private reasons are phased in only in mid-March, they make up for more than half
of the total effect. The reason lies in the fact that a substantial share of these tests is
driven by an elevated probability to carry the virus, i.e., showing symptoms of CoViD-
19 or following up on a positive test of a household member. The latter is essentially
a form of contact tracing, which has been shown to be very effective (Kretzschmar
et al., 2020; Contreras et al., 2021; Fetzer and Graeber, 2021). Indeed, a deeper
analysis in Appendix 3.H shows that the same amount of rapid tests administered
randomly in the population would not have been nearly as effective.
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Figure 3.4.4. Decomposition of the Di�erence in Total Cases Between the Scenario Without Rapid
Tests and the Baseline Scenario

Note: Each area shows the contribution – measured as the Shapley value – of each rapid test chanel
to avoided infections relative to a scenario without any rapid tests. Shapley values are explained in Ap-
pendix 3.D.

3.4.2 The Suitability of Rapid Tests as a Screening Device

In this section, we show how the usage of rapid tests expands in our simulations
over time. To make the most out of little available data, we model actual rapid test
usage as the result of an interplay between time and policy invariant demand pref-
erences with a changing epidemiological environment as well as a changing supply

14. 18% of our population are in the education sector (pupils, teachers, etc.); 46% are workers
outside the education sector.
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curve. As a result, the number of performed rapid tests is only indirectly determined
through our calibrated parameters and the simulated number of rapid tests becomes
an interesting result of the model.

The share of the population doing a rapid test and receiving a positive rapid test over
time by the channel through which the test was demanded is shown in Figures 3.4.5.
Overall, the share of the population getting a rapid test on a given day increases
from 2% in mid March to over 10% by May. The rapid tests at the workplace are
a little ragged because of public holidays. For rapid tests in the education sector
both vacations (first half of April) as well as the opening of schools in May are very
visible in the rapid test demand. Overall, work tests make up the largest fraction of
rapid tests. The share of private rapid tests roughly aligns with numbers reported by
Germany’s federal states on the demand for the free citizens’ tests (Land Nordrhein-
Westfalen, 2021).1⁵
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Figure 3.4.5. Share of the Population Doing a Rapid Test on a Given Day by Channel

Note: Each line shows the share of the population doing a rapid test on a given day through one of the
three channels (education in yellow, work in green and private in blue) as well as the aggregate (black)
share. Rapid tests in the education sector are demanded by teachers (nursery, preschool and school) as
well as pupils. After Easter the required frequency of tests is increased from once per week to twice per week.
Rapid tests at the workplace are demanded by individuals that still have work contacts, i.e. do not work from
home. The share of employers o�ering rapid tests increases over time and the frequency of testing is also
increased. Private rapid tests are demanded by individuals for three potential reasons: having developed
symptoms without access to a PCR test, having a household member that has tested positive or developed
symptoms or planing to participate in a weekly other contact type meeting (such as weekly soccer training).

15. Note that our private test demand includes self-administered tests which are not included in
the statistics on the free citizens’ tests.
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A frequently raised concern about rapid tests is that they are likely to miss latent
infections and sometimes sound false alarms. Both factors raised doubts how effec-
tively they can curb infections (The Brussels Times, 2020; Rehrmann, 2021). Since
we model these imperfections very carefully, we can now evaluate how well rapid
tests work as a screening device. To do so we show the number of tests split by
whether they are true positive, false positive, true negative or false negative (see
Figure 3.4.6) in numbers per million individuals to make the metric comparable to
incidences.

The number of true positives (Figure 3.4.6a) rapidly increases and peaks at the end
of April with over 200 cases per million detected through rapid tests per day. This
means that – according to our model – Germany was able to detect up to 16,600
cases per day that would have likely gone undetected otherwise. The most powerful
tool for detecting cases are the private rapid tests. This is because a large share of
them are targeted, i.e. triggered by events in the household. However, this does not
mean that rapid tests in the workplace or at school are less important. It is rather
the combination of large scale screening at work and in schools and very efficient
follow up tests whenever those screening tests uncover a case. The Shapley values
(Figure 3.4.4) take this into account and assign about 50% of the overall reduction
of case numbers via rapid tests to private rapid tests with work and school rapid
tests accounting for 40% and 7%, respectively.
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(a) Number of Discovered Cases Due to Rapid Tests by Channel
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(b) Number of False Positive Rapid Tests by Channel
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(c) Number of True Negative Rapid Tests by Channel
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(d) Number of False Negative Rapid Tests by Channel

Figure 3.4.6. Rapid Test Statistics

Note: Each panel shows the number of rapid tests per million inhabitants that fall into the respective category. Private rapid tests are especially good at detecting cases but
since they are often triggered by rapid tests from other channels, the other groups of tests, especially rapid tests at the workplace, also play an important role for containing
the pandemic. All results are averaged over 30 simulation runs. For legibility reasons, all lines are rolling 7-day averages.
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Such a large effect of rapid tests seems to be at odds with the general perception that
they are not very reliable. However, one has to differentiate between the reliability
of one test in isolation and the effect imperfect tests can have when employed at
a large scale. On average our tests have a sensitivity of slightly more than 70%.
This means they miss almost 30% of infections among the tested. Of course perfect
tests would have an even larger effect. Then up to an additional 80 cases per million
would have been detected per day as the incidence of false negatives (Figure 3.4.6d)
shows. However, the relevant number to compare is that up to 200 cases per million
are detected by rapid tests every day which would have otherwise gone undetected.

Another common argument against rapid tests as a screening device are the costs
that false positive rapid tests cause. Falsely positive individuals – hopefully – self-
isolate until a PCR test refutes their rapid test result. So howmany individuals would
have had to self-isolate and wait for a PCR test despite not being infected for each
detected case in our model? This is shown in Figure 3.4.7. Until May the number
is always below five. When the incidence is very high as in January, only up to 2.5
individuals erroneously receive a positive rapid test result for each detected case.
When the incidence falls that number strongly increases. By end of May, for each
detected case there are 20 false positive tests.
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Figure 3.4.7. Number of False Positives per Detected Case

Note: The line shows how many individuals receive an erroneously positive rapid test per detected case
over time. Rapid tests are imperfectly specific and their sensitivity varies over the course of the infection.
All results are averaged over 30 simulation runs. For legibility reasons, all lines are rolling 7-day averages.

Another way to present the costs of false positive tests is the false positive rate, i.e.
the share of positive tests that go to people who are not infected. Figure 3.4.8 shows
that the false positive rate is very high. On average 60% to 93% of positive tests are
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received by individuals that are not infected which is broadly in line with rates later
reported in the German media (Süddeutsche Zeitung, 2021). The false positive rate
increases over time. This is due to the falling prevalence of infections in the popu-
lation. Again, private rapid tests are an exception with a much lower false positive
rate because those tests are primarily demanded when there is a high likelihood of
being infected. The false negative rate of 0.2% looks very low. As discussed above
this is deceiving and just a mechanical consequence of a very low prevalence of the
disease and the many rapid tests done by non-infected people.
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Figure 3.4.8. Rate of False Positive Rapid Tests by Channel

Note: The false positive rate is the share of positive tests that are given to people who are not infected.
This share is large as can be expected with a very low baseline rate of positive individuals. As the incidence
in the population drops, the false positive rate increases. An exception are the private rapid tests because
they are – especially when the incidence is high – often triggered by events that make it likely that the
test taker is infected and therefore their false positive rate is much lower. All results are averaged over 30
simulation runs. For legibility reasons, all lines are rolling 7-day averages.

These numbers show that the large effect of rapid tests on the infection dynamic
is not driven by unrealistic assumptions about their sensitivity and specificity but
rather by the fact that there was a very large number of infected individuals who
did not (yet) know they were infected when the rapid test informed them. Detecting
and isolating some of them is enough to slow down the overall infection dynamic
and very cost effective when incidences are high.
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3.4.3 Can Rapid Tests Substitute for NPIs?

Lastly, we complement our analysis on the effectiveness of rapid tests by showing the
effects of rapid test policies vis-à-vis two of the most contentious NPIs: work from
home mandates and school closures. All scenarios start after Easter (April 6). Our
analyses show that socially costly NPIs can be avoided through strong rapid testing
policies.

Figure 3.4.9 shows the effects of different work policies on the infections in the
general population. We compare four scenarios with our baseline scenario: Keeping
the share of workers having physical work contacts the same as in our baseline
scenario, the orange line shows what would have happened with rapid testing in
firms at the level of mid March (orange line) where only 14% of workers regularly
did rapid tests. We also include a scenario what would have happened if rapid tests
had become truly mandatory after Easter,1⁶ assuming a 95% compliance rate on
both the employer and the employee side. On the work from home dimension we
compare our baseline scenario with 10% more or less work from home compared
to the baseline scenario.

Figure 3.4.9 shows that with a large fraction of workers receiving tests, testing at
the workplace has larger effects than mandating employees to work from home.
Whether the share of workers working at the usual workplace is reduced or increased
by ten percent changes infection rates by 2.5% or less in either direction. Making
testing mandatory twice a week – assuming independent compliance by employers
and workers of 95% each – on the other hand would have reduced infections by 23%.
Reducing rapid tests offers by employers to the level of March would have increased
infections by 13%.

16. Starting on April 19th employers were required by law to provide twoweekly tests to their em-
ployees (Bundesanzeiger, 2021b). However, voluntarily only 60% of workers regularly test themselves
when offered tests (Betsch, Korn, Felgendreff, Eitze, Schmid, Sprengholz, Wieler, Schmich, Stollorz,
Ramharter, Bosnjak, Omer, Thaiss, De Bock, and Von Rüden, 2021).
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Figure 3.4.9. The E�ect of Di�erent Work Scenarios on Reported and Total Cases

Note: The figure shows the development of cases after di�erent hypothetical work policy changes take
place at Easter until the end of our simulation period. We vary the share of workers that have physical
work contacts (10% more or less compared to the share in the baseline scenario, 85% or 70% of workers,
respectively) and how many tests are performed at work relative to our baseline scenario. As an ambitious
scenario we implement mandatory tests for all employees that do not work from home, assuming 95%
compliance on both the employer and the employee side. On the other hand, we show what would have
happened if the test o�ers had fallen back to the level of mid March (only 14% of workers are tested
regularly). The observed cases can be misleading because more testing leads to more detected cases.
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The second commonly employed and also very contentious NPI we study are school
closures. In Germany, as in many countries, schools switched to remote instruction
to reduce infections. In April 2021 German schooling mostly consisted of generous
emergency care with rotating on-site schooling for graduating classes due to the
high incidence. In May where cases fell and schools gradually opened, we model the
policy as rotating on-site schooling for most students (except for children eligible for
emergency care and graduating classes who attend in full).We compare this baseline
scenario to simply keeping schools completely closed (the brown line) and opening
schools normally with and without tests (but maintaining our hygiene multiplier to
account for mask wearing, ventilation etc.), the red and violet line, respectively.

As can be seen in Figure 3.4.10 we estimate the realized scenario to have essentially
the same effect as a situation with closed schools. Under fully opened schools with
mandatory tests, total infections would have been 6% higher; this number rises
to 20% without tests. These effect sizes are broadly in line with empirical studies
(Berger, Fritz, and Kauermann, 2021; Vlachos, Hertegård, and B. Svaleryd, 2021).
In light of the large negative effects school closures have on children and parents
(Luijten et al., 2021; Melegari et al., 2021) – and in particular on those with low
socio-economic status – these results in conjunction with hindsight bias suggest that
opening schools combined with a testing strategy would have been beneficial. Tests,
however, are crucial here. Had schools opened completely without any testing of
students and staff this would have added up to 50 incidence points.

Our analysis has shown that during the transition to high levels of vaccination and
possibly thereafter, large-scale rapid testing can substitute for some NPIs. This comes
at a fraction of the cost. Aweek of the fairly strict lockdown in early 2021 is estimated
to have cost around 20-30 Euros per capita (Wollmershäuser, 2021); retail prices
for rapid tests were below one Euro in early June 2021 and below five Euros for
firms. While we do not distinguish between self-administered rapid tests and point
of care rapid tests, the former are likely to play a larger role for indication-driven
testing. Widespread availability at low prices seems important. However, they rely
on purely voluntary participation in a non-public setting. The benefit of point-of-care
rapid tests as a precondition to participate in leisure activities as well as mandatory
tests at the workplace or at school come from screening the entire population.

This is important because disadvantaged groups are less likely to be reached by test-
ing campaigns relying on voluntary participation (e.g. Stillman and Tonin, 2021); at
the same time, these groups have a higher risk to contract CoViD-19 (Robert Koch-
Institut, 2021a). Mandatory tests at school and at the workplace will extend more
into these groups. The same goes for individuals who exhibit a low level of com-
pliance with CoViD-19-related regulations. Compared to vaccinations, rapid testing
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Figure 3.4.10. The E�ect of Di�erent School Scenarios on Reported and Total Cases

Note: The figure shows the development of cases after di�erent hypothetical school policy changes take
place at Easter until the end of our simulation period. Apart from the enacted school policies as our base-
line we simulate how cases would have developed if schools had been closed completely as the strictest
possible counterfactual scenario and two opening models: One where schools open normally (with hygiene
measures) without any testing in the education sector and one where schools open normally but testing
develops as in the baseline scenario.

programmes allow a much quicker roll-out, making it arguably the most effective
tool to contain a pandemic in the short run.
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3.5 Conclusion

This chapter has used the agent-based model from Chapter 2 to identify the role
various policies have played in Germany’s infection dynamics in spring 2021.

We show that most of the model parameters can be calibrated in a real world setting.
Furthermore, the small set of remaining parameters can be estimated from empir-
ically observed cases due to our unique model of case detection. The fitted model
is able to reproduce two waves, the proliferation of a more infectious variant and
match different infection patterns in different age groups.

Given our mostly policy-invariant parameters we have run counterfactual simula-
tions to evaluate the role different policies played during the third wave in Germany.
We decompose the influence of seasonality, vaccinations and rapid tests during that
time. Contrary to popular opinion, vaccinations played a minor role in the decrease
in cases, with over 40% of the joint effect being due to seasonality and rapid tests
each.

Our detailed model of rapid test demand allows us to show that both screening
rapid tests and contact tracing rapid tests are important factors behind this large
effect. About half of the effect of rapid tests is due to the screening done by rapid
tests at work and in schools. The other half is attributed to private rapid tests which
are mostly triggered by symptomatic individuals and individuals with sick or positive
householdmembers. We further show that – even given their partially very imperfect
testing performance – rapid tests are highly cost effective. This is especially true
when incidences are high.

Going beyond the evaluation of the implemented policies, we show that stringent
rapid testing can substitute for much more socially costly NPIs, such as work from
home mandates and virtual schooling. According to our simulations Germany could
have saved up to 50 cases per million inhabitants per day if twice weekly rapid
testing had been mandatory for all employees who do not work from home. Even
with the very imperfect rapid test coverage at German workplaces, whether 10%
more or less individuals attended work would have had a negligible effect on the
incidence. Similarly, given the thorough testing done in schools, had schools opened
directly after Easter this would have only increased the national incidence by 9 cases
per million per day.

Our results have important implications for countries that are still rolling out vac-
cines as well as for future epidemics whose pathogens share characteristics with
SARS-CoV-2, such as aerosol transmission, presymptomatic infectiousness and a sig-
nificant share of asymptomatic but infectious carriers – or the emergence of an im-
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mune escape variant of SARS-CoV-2. Firstly, vaccination campaigns aimed at protect-
ing the elderly only have a limited effect on infections – even though they are able
to prevent deaths – as other age groups have much more contacts and are therefore
stronger drivers of the epidemic. Secondly, rapid tests – even when they are only
sensitive once an individual is infectious – are a very cost-effective instrument to
stop infection chains. This is especially true when infection rates are high. There-
fore it is important that they are used to both screen high contact groups and to
quickly reveal the infection state of individuals with an elevated probability to carry
the virus. Thus, availability and incentives are key for such a policy to work. Thirdly,
when rapid tests are done with a high enough frequency, they can substitute for
more costly NPIs such as work from home mandates or school closures.
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Appendix 3.A Germany’s Policy Response to CoViD-19

Germany responded quite quickly to the first wave of CoViD-19 cases in March 2020
with a first lockdown that started around March 20th. It very effectively reduced
case numbers and first measures were lifted at the end of April. The summer was
characterized by very low numbers and these only started to increase again with the
end of the summer vacations in August and September.

This did not lead to stricter rules which resulted in the second wave. In the seven
weeks between mid September and early November, cases increased by a factor of
ten. Restrictions were somewhat tightened inmid-October and again in early Novem-
ber (a so called “lockdown light”). New infections remained constant throughout
November before rising again in December and Germany remained at incidences at
or above 200 from November until January. The stark increase to nearly 300 cases
per million inhabitants per day in December prompted the most stringent lockdown
to this date. Schools and daycare centers were closed, so were customer-facing busi-
nesses except for grocery and drug stores. From the peak of the second wave just
before Christmas until the trough in mid-February, newly detected cases decreased
by almost three quarters. Around the turn of the year, the first people were vacci-
nated with a focus on older age groups and medical staff (Figures 3.3.8 and 3.2.2).

Despite warnings of the new Alpha variant, some NPIs were relaxed in early March.
For example hairdressers and home improvement stores were allowed to open again
to the public. The third wave from March to June 2021 is associated with the Alpha
variant, which became dominant in March (Figure 3.3.7). There were many changes
to details of regulations afterwards but they did not change the overall stringency
index, as can be seen in Figure 3.A.1. Instead, Germany’s epidemic management
focused on two new containment strategies: rapid tests and vaccinations.

Until the end of May, Germany achieved that 43% of adults had received at least one
dose of a vaccine. For individuals, who were not yet eligible to be vaccinated, wide-
spread rapid testing was pursued to avoid stricter lockdown measures. While rapid
tests had already replaced regular PCR tests for staff in many medical and nursing
facilities in late 2020, those tests had to be administered by medical doctors or in
pharmacies and were not widely available. In the beginning of March one test per
person and week was made available free of charge (Bundesanzeiger, 2021a) and
rapid test centers opened in many places, esp. in urban areas. This resulted in a
massive rollout of rapid tests (Land Nordrhein-Westfalen, 2021a). In several states,
customers were only allowed to enter certain stores with a recent negative rapid
test result. At-home tests approved by authorities became available in mid-March. In
mid April, rapid tests became mandatory in schools and employers were required to
provide two rapid tests per week to their employees (Bundesanzeiger, 2021b). The
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Figure 3.A.1. Stringency of NPIs and Infectious Contacts

Note: For legibility reasons, all lines are rolling 7-day averages. The Oxford Response Stringency Index
(Hale et al., 2020) is scaled as 2 · (1 − x/100), so that a value of one refers to the situation at the start
of our sample period and zero means that all NPIs included in the index are turned on. The other lines
show the product of the e�ect of contact reductions, increased hygiene regulations, and seasonality. The
e�ects of various mechanisms can be disentangled due to the distinct temporal variation in the drivers of
the pandemic. Next to the stringency index, the three lines summarize how contact reductions, increased
hygiene regulations, and seasonality evolved since early September for each of the three broad contact
networks. For example, a value of 0.75 for the work multiplier means that if the environment was the same
as in September (levels of infection rates, no rapid tests or vaccinations, only the wildtype virus present),
infections at the workplace would be reduced by 25%. See Section 3.2.5 for details.
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combination of continued NPIs, massive rapid testing, increasing vaccination rates
and favorable seasonality led cases to plummet starting at the end of April. Within
a month the incidence fell from 250 to 50 cases per million inhabitants per day.

The Delta variant was first detected in Germany in April; at the end of our simulation
period (end of May 2021) it accounted for less than 5% of cases still.

These developments are characteristic of many countries: The initial focus on NPIs
to slow the spread of the disease has been accompanied by vaccines and a growing
acceptance and use of rapid tests. At broadly similar points in time, novel strains of
the virus have started to pose additional challenges.

Thus, Germany had very different combinations of NPIs and a lot of variation in
its infection dynamic throughout our study period which is very helpful to identify
both the infection probabilities of different contact types as well as the few policy
parameters which we are unable to calibrate from surveys or other sources.

For a visualization of the policy stringency in our different contact networks, see Fig-
ure 3.A.1. The black line shows the Oxford Response Stringency Index (Hale et al.,
2020), which tracks the tightness of non-pharmaceutical interventions. The index is
shown for illustration of the NPIs, we never use it directly.1⁷ Next to the stringency
index, the three lines summarize how contact reductions, increased hygiene regu-
lations, and seasonality evolved since early September for each of the three broad
contact networks.

Two aspects are particularly interesting: First, despite quite a bit of variation and
even contrary movements, all lines broadly follow the stringency index and they
would do so even more if we left out seasonality and school vacations (roughly
the last two weeks of October, two weeks each around Christmas and Easter, and
some days in late May). Second, the most stringent regulations coincide with the
period of decreasing infection rates between late December 2020 and mid-February
2021. The subsequent reversal of the trend is associated with the spread of the
Alpha variant. During the steep drop in recorded cases during May 2021, for 42%
of the population took at least one rapid tests per week (Figure 3.3.9), the first-dose
vaccination rate rose from 28% to 43% (Figure 3.3.8), and seasonality lowered the
relative infectiousness of contacts (Figure 3.2.1).

1⁷For legibility reasons, we transform the index so that lower values represent higher levels of re-
strictions. A value of zero means all measures incorporated in the index are turned on. The value one
represents the situation in mid-September, with restrictions on gatherings and public events, face mask
requirements, but open schools and workplaces.
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Appendix 3.B Education Policies

3.B.1 School Policies

Until November schools were open normally. Starting in November, we assume that
increased hygiene measures were taken. Schools stayed open until mid December.
From mid December until January 10th schools closed and only offered so called
“emergency care” for young children whose parents could credibly demonstrate that
both had to work and had no other child care arrangement. Approximately 25% of
primary school children and 5% of secondary students attended school as a result
(Redaktionsnetzwerk Deutschland, 2021).

After January 10th when parents had returned to work the rules for emergency
care were relaxed and approximately a third of primary school children and 10% of
secondary students attended school as a result (Redaktionsnetzwerk Deutschland,
2021). In addition, graduating classes (most adolescents between 16 and 18) were
allowed to return to school (Lehnardt, 2021; Stuttgarter Nachrichten, 2021) in a
rotating scheme where each class was split in two groups. Relying on anecdotal
evidence we assume that the groups rotate on a daily basis.

Starting on February 22nd primary school children were also allowed to return to
school on a rotating basis until mid March. We summarize the school policy from
mid March until Easter as all students being on a rotating school schedule. In addi-
tion, children that qualify for emergency care also attend on days where their group
is scheduled to not attend school physically.

After the Easter break schools were mostly closed again. Part of this was a federal
law, the so called “Bundesnotbremse” (Bundesgesetzblatt, 2021) that set rules for
schools based on local incidences that were binding at the time. As a result, most
states adjusted their schooling policies and during April most schools were closed
with emergency care arrangements as in the time from January 10th to February
21st. As cases fell schools were allowed to gradually open. We summarize this as
students being on the same rotating schedule as from mid March to Easter start-
ing on May 1st (Bayerisches Staatsministerium für Unterricht und Kultus, 2021a,b;
Landesregierung von Baden-Württemberg, 2021a,b,c; Ministerium für Schule und
Bildung des Landes Nordrhein-Westfalen, 2021a,b,c,d).

3.B.2 Preschool and Nursery Policies

The policies for preschools and nurseries are similar to the school policies but sim-
pler. Until November children attended completely normally, starting in November
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with increased hygiene measures. Nurseries and preschools stayed open until mid
December. From mid December until January 10th, nurseries and preschools were
nearly completely closed. If parents could credibly demonstrate that both parents
work in systemically relevant professions and no other child care arrangement was
possible, nurseries and preschools offered so called “emergency care”. We assume
10% of children qualified and used emergency care during this time.

After January 10th when parents had returned to work the rules for emergency care
were relaxed and we assume a third of children attended nursery and preschool.
This policy stayed in place until February 20th. Afterwards, preschools and nurs-
eries were open normally (maintaining increased hygiene measures) until mid
March. Then during the third wave the restrictions of February were put back into
place until end of April when nurseries and preschools opened again and stayed
open for the rest of our simulation period – maintaining increased hygiene mea-
sures. (Bayerisches Staatsiministerium für Familie, Arbeit und Soziales, 2021a; Lan-
desregierung von Baden-Württemberg, 2021a,d,e; Ministerium für Kinder, Fami-
lie, Flüchtlinge und Integration des Landes Nordrhein-Westfalen, 2021; Bayerisches
Staatsiministerium für Familie, Arbeit und Soziales, 2021b).

Appendix 3.C Rapid Test Demand

3.C.1 Work Rapid Test O�ers

Mid march, 20% of employers offered tests to their employees (Deutscher Industrie-
und Handelskammertag, 2021). In the second half of March, 23% of employees re-
ported being offered weekly rapid tests by their employer (Ahlers, Lübker, and Jung,
2021).1⁸ This share increased to 61% until the first days of April (Bonin, Krause-
Pilatus, and Rinne, 2021a,d). Until mid April 72% of workers were expected to
receive a weekly test offer (Bonin, Krause-Pilatus, and Rinne, 2021a,d). However,
according to surveys conducted in mid April (Betsch et al., 2021), less than two
thirds of individuals with work contacts did.1⁹ Starting on April 19th employers were
required by law to provide two weekly tests to their employees (Bundesanzeiger,
2021b). However, compliance was very incomplete and only reached 80% (Ahlers
and Lübker, 2021; Bellmann et al., 2021).

1⁸Bonin, Krause-Pilatus, and Rinne (2021c) reports a somewhat higher share of 35% around March
20.
1⁹Bonin, Krause-Pilatus, and Rinne (2021b) report 80% in mid April which is about 12% points less

than what we arrive at.
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3.C.2 Education Rapid Tests

We assume that employees in educational facilities start getting tested in 2021 and
that by March 1st 30% of them (πeducator, t) are tested weekly (θbefore Easter, educ = 7)
(Land Baden-Württemberg, 2021; Land Bayern, 2021; Land Nordrhein-Westfalen,
2021b; Süddeutsche Zeitung, 2021; Zeit, 2021). The share increases to 90% for
the week before Easter. At that time both Bavaria (Bayerisches Staatsministerium
für Gesundheit und Pflege, 2021) and Baden-Württemberg (Ministerium für Kul-
tus, Jugend und Sport Baden Württemberg, 2021) were offering tests to educa-
tors and North-Rhine Westphalia (Ministerium für Schule und Bildung des Lan-
des Nordrhein-Westfalen, 2021f) and Lower Saxony (Niedersächsisches Kultusmin-
isterium, 2021) were already testing school students and tests for school students
and educators were already mandatory in Saxony (Sächsisches Staatsministerium
für Kultus, 2021). After Easter we assume that 95% of educators get tested twice
per week (θafter Easter, educ = 3).

Tests for school students started later (Ministerium für Kultus, Jugend und Sport
Baden Württemberg, 2021; Ministerium für Schule und Bildung des Landes
Nordrhein-Westfalen, 2021f) so we assume that they only start in February and
only 10% of school students get tested by March 1st (πstudents, t). Relying on the
same sources as above we approximate that by the week before Easter this share
had increased to 40% (Ministerium für Schule und Bildung des Landes Nordrhein-
Westfalen, 2021f). After Easter the share of school students receiving twice weekly
tests is set to 75%. This is based on tests becomingmandatory in Bavaria (Bayerische
Staatskanzlei, 2021) and North Rhine-Westphalia (Ministerium für Schule und Bil-
dung des Landes Nordrhein-Westfalen, 2021e) after their Easter breaks and on
April 19 in Baden-Württemberg (Ministerium für Kultus, Jugend und Sport Baden-
Württemberg, 2021), after which we assume twice weekly rapid tests to be manda-
tory for all school students in Germany. Again, we interpolate linearly between these
points and arrive at the purple line for educators and the red line for school students
in Figure 3.2.10.

Appendix 3.D Shapley Values

We decompose the effects of different NPIs and seasonality on the infection rates
with Shapley values. Shapley values (Shapley, 2016) are a concept in game theory
to divide payoffs between a coalition of players. It allows to assign a single value
to the contribution of an NPI or seasonality which takes into account substitutional
and complementary effects with other factors.
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More formally, define a coalitional game with N players and a super-additive func-
tion ν which maps subsets of N to the real numbers. The function ν is also called the
characteristic function and assigns a value to a coalition. Then, the Shapley value φ
for player i is

φi(ν) =
1
|N|!

∑

S⊆N\{i}

|S|!(|N| − |S| − 1)!(ν(S ∪ {i}) − ν(S))

The last term (ν(S∪ {i})− ν(S)) is the marginal contribution of player i minus the
coalition without player i. Then, compute the sum of marginal contributions over all
subsets S of N which do not include player i. Each marginal contribution has to be
multiplied by all combinations of other players in S which precede i and all possible
combinations of remaining players which follow player i in the coalition. To arrive at
the Shapley value for player i, divide the sum by the total number of combinations.

The Shapley value has some properties.

Efficiency The sum of Shapley values is equal to the value of a coalition formed by
all players.
Symmetry The Shapley does not depend on the label of a player but only on its
position in the characteristic function.
Linearity The Shapley value depends linearly on the values from the characteristic
function ν.
Dummy Axiom The Shapley value of a player who contributes nothing to any coali-
tion is 0.

To produce Figure 3.4.3 and Figure 3.4.4, we calculate the Shapley values of each
factor in the comparison on the cumulative number of saved infections between the
main scenario and the scenario without any of the factors for every day. Then, we
divide up the saved infections on a particular day according to the Shapley values
for the same day which yields the daily saved infections for each factor.

Appendix 3.E Model Robustness

Achieving a good in-sample fit does not necessarily guarantee that our model will
also be able to make out of sample predictions. For example, it could be that the
results are very sensitive to the exact number of vaccinations, the work mobility
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multiplier (ρw, attend, t) or the number of performed rapid tests (governed by the π
parameters) – all of which are things that cannot be known exactly ex-ante.

In this section we compare simulated infections that use all available data with out
of sample predictions that only use data that was available at March 1 2021.

For the out of sample predictions we predict the number of vaccinations between
March and June with a simple linear regression model that was fitted on vaccine
data from February. This prediction model is pessimistic compared to the actual
number of vaccinations. The work mobility multiplier (ρw, attend, t) is predicted to be
constant at a value of 0.75, which is an approximate average of the second half of
February. This turned out to be optimistic.

The area that is fraught with the most uncertainty is the introduction of rapid tests,
because it comprises both supply and demand factors. Moreover, accurately predict-
ing the number of rapid tests is expected to be important because rapid tests play a
large role for the transmission dynamic.

We therefore make a scenario analysis with different assumptions on the availability
of rapid tests. The number of rapid tests performed in each scenario can be seen in
Figure 3.E.1. All scenarios are the same until March 1 and have the same level of
rapid tests when all supply constraints are resolved. They differ in the date at which
the full number of tests is reached. For students (πstudents, t) and teachers (πteacher, t)
the full number of rapid tests is reached after the Easter holidays in all scenarios. For
rapid tests in the workplace (πw, s, t) and private rapid tests (πprivate, t) it is reached
between May 1 and June 10, depending on the scenario.

Moreover, the out of sample predictions assume that the share of detected cases
(ψt) that would have been obtained without rapid tests is not affected by the Easter
holidays because the extent to which this was the case was estimated from case
numbers in April.

The results of the out of sample prediction are displayed in Figure 3.E.2. While
all scenarios considerably deviate from the ex-post scenario, they all reproduce the
steep increase of cases until the end of April, followed by a decline until June. We
can therefore conclude that our main results are not sensitive to measurement errors
in the number of rapid tests, vaccinations or mobility data.

Appendix 3.F Comparison to Other Studies on Rapid Tests

Another form of validating our model is to see how well our main results align with
other studies that evaluate the effect of large scale rapid testing. Of course, this has
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to be taken with a grain of salt as the effect of any rapid testing policy depends
on the incidence of the disease in the population, how well other testing policies
such as PCR tests are working, the effect of seasonality and NPIs that are in place.
Nevertheless, it is reassuring that other studies find effect sizes in the same order of
magnitude.

Pavelka et al. (2021) estimate that a mass testing campaign in Slovakia in October
and November 2020 where approximately 65 % of the population took a rapid test
within a two week period lead to a reduction in case numbers of 70 % three weeks
after the start of the intervention. Moreover, they find that this strong reduction in
cases cannot be explained by isolation of people who tested positive alone but only
when they took into account that household members of people who tested positive
reduced their contacts.

While we do not model the exact scenario of Pavelka et al. (2021), we can roughly
compare their estimates with our predictions for the difference between the baseline
scenario and and a scenario without rapid tests. In May about 45% of people do at
least one rapid test in every week. Taking into account that there are many repeated
testers the number of people who do a test within a two week period is probably
slightly less than the 65% from the intervention in Slovakia. On the other hand, we
have many people who do more than one rapid test in that time which also leads
to the detection of cases. Our model predicts that the observed incidence with tests
is approximately 65% lower than without tests after three weeks. Thus we have an
effect size in the same order of magnitude but are slightly less optimistic regarding
the efficiency of rapid tests.

Berger, Fritz, and Kauermann (2021) analyse the effect of twice weekly rapid testing
in schools. They have two main findings: Firstly, rapid tests reduced the share of
undetected cases among students by a factor between two and four. Secondly, open
schools with mandatory testing might lead to the same or even lower numbers of
infections than closed schools. The estimates are based on infection numbers after
the Easter holiday.

Again, we do not directly simulate their scenarios but can roughly compare our re-
sults to theirs. We estimate a share of undetected cases of approximately 75% among
school age children (five to 14 years) at the beginning of April, see Figure 3.G.1. This
drops to slightly less than 40% at the end of our simulation period. Thus in the long
run, mandatory tests at schools led to a reduction of the share of undetected cases
by a factor of more than 1.8 which is just slightly below the factor of two to four
predicted by Berger, Fritz, and Kauermann (2021).

Similarly we are slightly less optimistic for the effect of opening schools with testing
compared to closing schools. While they predict that opening schools could even be
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beneficial we estimate that it would lead to a slight increase in case numbers see
Figure 3.4.10).
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(a) Rapid Test Parameters: Early Scenario
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(b) Rapid Test Parameters: Medium Scenario
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(c) Rapid Test Parameters: Late Scenario

Figure 3.E.1. Rapid Test Introduction in the Three Scenarios

Note: Number of rapid tests performed in the di�erent prediction scenarios. All scenarios are the same until
March 1 and have the same level of rapid tests when all supply constraints are resolved. They di�er in the
date at which the full number of tests is reached. For students (πstudents, t) and teachers (πteacher, t) the full
number of rapid tests is reached after the Easter holidays in all scenarios. For rapid tests in the workplace
(πw, s, t) and private rapid tests (πprivate, t) it is reached between May 1 and June 10, depending on the scenario.
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(a) Reported Cases
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Figure 3.E.2. Out of Sample Prediction for Reported and Total Cases from March to June 2021

Note: The ex-post scenario is an in-sample prediction that uses all available information and is very close
to actual case numbers. For the other scenarios data on vaccinations, work mobility and rapid tests that
became available after March 1 have been replaced by prediction models that are calibrated with data
from February. Moreover, they do not model a lower number of detected cases over the Easter holidays. The
di�erent scenarios make di�erent assumptions on the date at which full availability of rapid tests is reached.
While the out of sample predictions di�er substantially for the exact case numbers at the beginning of June
(between 20 and 70 cases per million), they can all reproduce the decline in case numbers that is jointly
driven by seasonality, large scale rapid tests and vaccinations. For legibility reasons, all lines are rolling
7-day averages. Each line is the average over 30 simulation runs.
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Appendix 3.G Share of Detected Cases

This section shows the share of detected cases for different age groups that endoge-
nously result in our simulations. See Section 2.9 for an explanation of howwemodel
the detection of cases and Section 3.2.7 for the calibration of the relevant parame-
ters.

The share of detected cases falls by 15 percentage points for most age groups from
October until Christmas when the number of CoViD-19 infections increased tenfold
and PCR tests were a limited resource (Robert Koch Institute, 2020). As rapid tests
become available in 2021 and more and more individuals receive positive rapid tests
and seek PCR tests, the share of detected cases starts to increase. While first rapid
tests become available in January of 2021 the effect only becomes substantial after
March when access to rapid tests was greatly expanded.
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Figure 3.G.1. Share of Detected Cases by Age Group

Note: The figure shows the share of cases that is reported as an o�cial case for each age group in our base-
line simulations. For legibility reasons, all lines are rolling 7-day averages of the average of 30 simulation
runs.

Overall, the share of detected cases is higher in older age groups (Figure 3.G.1). Our
estimates suggest that – in the absence of rapid testing – the detection rate is 80%
higher on average for individuals above age 80 compared to school age children. This
is because the likelihood to develop symptoms increases with age and symptomatic
cases are more likely to be detected. However, the role of rapid tests is here also
very visible. The difference between age groups declines as rapid tests become more
widely available – and are mostly taken up by age groups that still go to school or
work. An especially strong case of this are school age children (5-14, green line),
which overtake the next age group in May 2021. This comes from a particularly
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strong increase in their share of detected cases after Easter, when weekly rapid tests
become mandatory in schools.

Appendix 3.H The Importance of the Rapid Test Policy

Here we shed some light on the role our rapid test demand channels play for the
effect of rapid tests on case numbers. To do so we ran two scenarios where we
allocated rapid tests either completely randomly in the entire population or among
70% of the population to account for the fact that a share of the population might
refuse or be very hard to reach with rapid tests.2⁰

Figure 3.H.1 shows how the incidence of detected and total cases develops in the
two random scenarios (red and purple line) relative to our baseline scenario (blue
line). The differences between the two random scenarios are small. This is likely
due to only a small fraction of the population being tested on any given day. Apart
from this, two things stand out: Firstly, the total number of cases falls much faster in
our baseline scenario compared to the two random scenarios. Secondly, this is not
because the share of detected cases is higher in the baseline scenario; in fact, it is
even slightly lower until end of April.

There are two mechanisms behind this: Firstly, tests at the workplace and schools
predominantly target groups with many contacts. Thus, catching infections in these
groups prevents more infections than in the general population. Secondly, rapid tests
that are done because of private contact tracing are more effective at interrupting
infection chains because they catch many infections in an early stage. Isolating in-
fected individuals early on means that there are fewer days on which they can infect
others.

2⁰We calculate the number of rapid tests as in our baseline model. This leads to similar numbers
of rapid tests. However given the higher incidence in our random scenarios these scenarios have a
slightly higher number of rapid tests.
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Figure 3.H.1. The Role of Targeted and Compliance Driven Rapid Test Demand

Note: The figure shows the development of cases in two scenarios where rapid tests are distributed ran-
domly in the population compared to our baseline scenario after Easter. In the baseline scenario rapid
tests are targeted to workers, students, teachers and individuals at high risk of being infected including a
weekly or twice weekly spacing between rapid tests. In the scenario with 30% refusers tests are randomly
distributed among 70% of the population who are identified as compliers.
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Appendix 3.I Reproducibility

The source code used for this paper is open source and available under the MIT
License. It is split into two parts

•The source code for themodel can be found at https://github.com/covid-19-impact-
lab/sid/ and its documentation at https://sid-dev.readthedocs.io.

•The source code for the application to Germany can be found at
https://github.com/covid-19-impact-lab/sid-germany/ with a shorter docu-
mentation at https://sid-germany.readthedocs.io.

We are grateful to the authors and contributors of the following software packages
upon which our software is built: conda (Anaconda, 2016), conda-forge (conda-
forge community, 2015) dask (Rocklin, 2015), estimagic (Gabler, 2020), holoviews
(Stevens, Rudiger, and Bednar, 2015), matplotlib (Hunter, 2007), numba (Lam,
Pitrou, and Seibert, 2015), numpy (Harris et al., 2020), pandas (McKinney, 2010;
The pandas development team, 2020), pytask (Raabe, 2020), Python (Van Rossum
and Drake Jr, 1995), scipy (Virtanen et al., 2020), and seaborn (Waskom, 2021).

https://github.com/covid-19-impact-lab/sid/
https://github.com/covid-19-impact-lab/sid/
https://sid-dev.readthedocs.io
https://github.com/covid-19-impact-lab/sid-germany/
https://sid-germany.readthedocs.io
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