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Chapter 1

Introduction

1.1 Context and Scope

This dissertation consists of four individual contributions to the health economics and
economics of education literature. Each of them is self-contained and can therefore stand
well on its own. Nevertheless, they are linked by common features. The greatest com-
monality is of methodological nature. The research question is addressed empirically,
using large microdata and modern microeconometric methods in all four contributions
to this dissertation. Moreover, two of the four independent contributions are also
closely related thematically. They examine the role of important life events, namely
job loss and serious illness, on later mental and physical well-being. In doing so, they
contribute to our understanding of determinants of human capital depreciation, a topic
that - compared to human capital accumulation - has received rather little attention
in the economic literature. The two remaining contributions study consequences of
more global determinants, namely institutional regulations, for individuals’ health and
labor market outcomes. They focus on unintended side-effects of policies affecting a
large number of individuals. By doing so, they contribute to a more comprehensive
understanding of the economic effects of such regulations.

The first of these studies, presented in Chapter 2 ("Quantile Treatment Effects of Job Loss
on Health"), deals with a question that has a long-standing tradition in social science
research (see e.g. Ezzy, 1993): Does job loss affect health? It builds on previous results
indicating that the effect of job loss depends on individual and contextual characteristics
(e.g. Kuhn et al., 2009; Green, 2011; Gathergood, 2013) and asks whether job loss impacts
differently along the health distribution. Because people who have all of their physical
and mental capacities at the time of job loss may be more able to find new employment
or alternative sources of income, meaningful and rewarding tasks and activities, they
might be less affected by job loss. Individuals with already compromised health, on the
other hand, might be especially vulnerable and might suffer large from job loss with
respect to their health. Consequently, looking only at average effects, which is common
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in the related literature, could lead to a substantial underestimation of the individual as
well as the social costs of job loss. To overcome this problem, the consequences of job
loss throughout the entire health distribution are examined in this study.

The second contribution to this dissertation, presented in Chapter 3 ("Understanding
Cognitive Decline in Older Ages: The Role of Health Shocks"), centers on health, too.
Here, health is considered not only as an outcome or output of individual behavior and
social, economic, and other conditions, but also as an important resource or input that
determines agency later in life. In this chapter, we examine how a sudden deterioration
in physical health affects another important aspect of human capital, namely cognitive
abilities. Cognitive abilities are crucial factors for rational decision-making, social
participation and - above all - autonomy. Dementia, as a (drastic) form of cognitive
decline, is the main cause of need for long-term care in old age (Pick et al., 2004). With
increasing population aging, the absolute numbers of individuals in need of care will
continue to rise (see e.g. Patterson, 2018) and with them the strain on professional and
informal caregivers and social security systems. However, we still know rather little
about the determinants and potential moderators of age-related cognitive decline and
thus about the reasons why healthy people become care-dependent ones. This is where
Chapter 3 aims to contribute.

While the first two chapters focus on the consequences of individual experiences and
events for health, the following two chapters examine effects of institutional settings or
regulations that are beyond the responsibility and control of the individual. Chapter 4
("Labor Market Spillover Effects of a Compulsory Schooling Reform in Germany") deals
with the consequences of a large-scale educational reform for labor market outcomes
of individuals who were not targeted by this reform. This reform increased length of
compulsory schooling in Germany and has often been used in the empirical economics
of education literature to estimate returns to education (e.g. Pischke and von Wachter,
2008; Cygan-Rehm, 2021). These studies typically rely on the assumption that such
reforms do not exhibit externalities on individuals who are not targeted by the reform.
Yet, given that these reforms affect a large share of the population, they might have
spillover or general equilibrium effects and thus might impact individuals who are
assumed not to be affected by the reform, too. Indeed, the data shows that the com-
pulsory schooling reform in Germany led to a shock to the number of graduates in the
reform year. I study whether this labor supply shock affected later life labor market
outcomes of individuals who graduated in close distance to the reform year. This not
only contributes to our understanding of externalities of education policies and the
role of labor market conditions at the time of school completion for subsequent labor
market outcomes, but has also implications for the interpretation of earlier findings in
the literature on returns to education.
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Chapter 5 ("Spring Forward, Don’t Fall Back: The Effect of Daylight Saving Time
on Road Safety"), the final contribution to this dissertation, deals with unintended
consequences of a policy regulation, too. This regulation has been the subject of public
attention and debate around the world twice a year since the beginning of time. It is the
question of the sense or nonsense of setting the clocks forward one hour in spring and
back one hour in fall that keeps stirring people’s minds. In recent years, it has become
increasingly evident that the time change fails to achieve its intended effect of saving
energy (Havranek et al., 2018) and, even worse, that the practice of time change has
harmful side effects, especially on health (e.g. Toro et al., 2015). As a result, the issue has
recently made its way back into cabinets and plenary halls. The European Parliament
voted to abolish the biannual time change from 2021 (European Parliament, 2019), but
member states still cannot agree on which time regime (permanent summer or winter
time) should govern in the future.1 From an economist’s point of view, the decision
for one and against the other regime should take into account the permanent costs and
benefits of the time regimes. While the costs of the time change under the current time
regime are well documented, very little is known about the potential permanent costs
of the alternative time regimes. One area where shifting daylight permanently from the
morning to the afternoon/evening hours or vice versa could make a big difference is
road safety, since traffic density and composition and thus accident risk differs by time
of day. In this study, we investigate the influence of light conditions on the frequency
of road accidents and, based on this, estimate how the introduction of different time
regimes affects the frequency of accidents and the associated societal costs.

1.2 Data and Methods

Despite different thematic foci, all four studies follow a common principle: They address
the respective research question with the help of data and modern microeconometric
methods. The data used for this purpose come from different sources, can be assigned
to different data types and are structured differently. They include information collected
in surveys or obtained administratively. In some of the datasets, the units of observation
are observed at one (cross-sectional data) or more (panel data) predefined points in time;
in others, the units of observation are tracked continuously over time, by recording start
and end times for each state (spell data) or enter the dataset only when a specific event
occurs (event data). In all cases, however, the data represent individual (rather than
aggregate) measurements that can be analyzed using microeconometric methods. The
underlying statistical methods range from standard linear regression to modern semi-
/non-parametric methods. They are all applied in a particular setting, e.g. institutional

1A similar legislative initiative, the Sunshine Protection Act, has been introduced (several times) in the
U.S. Congress (United States Congress, 2019) and has now been referred to the relevant committee there.
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or environmental, which, in combination with certain characteristics of the data, helps
to solve the fundamental problem of causal inference: For each unit of observation, we
can observe the outcome in only one (potential) state, the realized state. Alternative
states, the counterfactual states, can never be observed for that unit of observation at
the same time. Consequently, and by definition, neither individual treatment effects
– the difference in (potential) outcomes between two or more alternative states – can
be observed, but must be inferred based on reasonable assumptions (Holland, 1986).
Suppose, for example, we are interested in the effects of unemployment on health.
In this case, the two mutually exclusive states are being unemployed and not being
unemployed, respectively. Obviously, we can observe only one of these states and
thus only one of the possible outcomes for each individual at a time. To estimate the
impact of unemployment on health, we need thus need to impute the outcome in
the counterfactual state based on well-reasoned assumptions. In this section, I will
briefly describe the data sources and methods used in this dissertation to overcome the
fundamental problem of causal inference. In doing so, I will highlight certain features
of the data that make them particularly attractive in the context of the research question
at hand, and describe how these features and the chosen microeconometric approach
are interrelated.

Chapter 2 ("Quantile Treatment Effects of Job Loss on Health") is based on an analysis
of representative data from the German Socio-Economic Panel (”Sozio-oekonomisches
Panel”, SOEP). The SOEP is a well-known multidisciplinary household survey that has
been conducted annually since 1984, has covered about 30,000 individuals in 15,000
German households in recent years, and provides information on a wide range of topics.
The following features of the SOEP make it particularly valuable for this study. First,
the SOEP combines detailed information on labor market participation with detailed
information on health. Specifically, it includes background information on job loss that
makes it possible to identify individuals who lost their jobs for reasons that are arguably
unrelated to individual characteristics and thus independent of their health. This feature
of the data is important for identification of the effects of job loss. Furthermore, the
SOEP comes with continuous measures of physical and mental health making it possible
to employ quantile regressions and thus to estimate heterogeneous effects along the
range of possible health states. Second, because it is a panel study, individuals can be
tracked over time. This is an asset especially when looking at the effects on physical
health, since it presumably takes a while for changes in behavior or mental constitution
due to job loss to manifest in physical health.

The following Chapter 3 ("Understanding Cognitive Decline in Older Ages: The Role
of Health Shocks") deals with another determinant of human capital depreciation and
is based on survey data, too. This study combines data from three sister surveys all
targeting at individuals aged 50 and older: The Health and Retirement Study (HRS),
the English Longitudinal Study of Ageing (ELSA) and the Survey of Health, Ageing
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and Retirement in Europe (SHARE). These surveys cover a broad range of topics
but provide especially valuable information on health. Particularly important for
this study is experimentally collected information on grip strength and on cognitive
abilities. These pieces of information heal common disadvantages of most survey
data: that the information comes from self-assessments and is often subjective. Using
this information, it is possible to assess respondents’ physical and mental constitution
objectively. Another important characteristic of the data, especially for identification
and estimation, is the panel structure. As all three surveys follow respondents over
time, it is possible to employ an event study approach. This approach is closely related
to a classical difference-in-differences design, but offers some advantages over the latter.
In this very application it utilizes differences in the timing of health shocks to estimate
its effect on cognition. Thereby it also reveals potential dynamics of the effects, which is
an important feature in the context of research on determinants of the gradual process
of age-related cognitive decline. At the same time it also allows to directly assess the
credibility of its main identifying assumption, i.e. that the timing of (but not necessarily
the probability of experiencing) a health shock is as good as random. Plausibly, it is this
transparency which has led to a boom of studies employing event study methods in
the field of applied microeconometrics in recent years. The analysis, however, does not
stop with the estimation of the effects of health shocks on cognition, but contributes
also by shedding light on the role of two potentially important moderators of the
effect. To do so, the analysis takes advantage of another feature of the data: it covers
individuals from 20 different countries with quite different institutional settings. These
differences in institutions are used to define instrumental variables that are then used in
the moderation analysis to identify whether retirement and more education can dampen
or amplify the consequences of a health shock for cognition.

Chapter 4 ("Labor Market Spillover Effects of a Compulsory Schooling Reform in
Germany") investigates in potential spillover effects of a large compulsory schooling
reform on wages and employment of individuals who were not directly subject to the
reform. In this chapter, I make use of large-scale administrative data from the Sample
of Integrated Labor Market Biographies (SIAB) and data from the Qualification and
Course of Employment (QaC) surveys. The SIAB is particularly suitable in the context
of the research question because of its size: it covers 2% of German employees subject to
social security contributions on a daily basis and thus also makes it possible to estimate
effects that may seem small at the individual level with high precision. Since it is based
on employers’ (mandatory) social security declarations, the information on wages and
employment can be considered highly reliable and largely free of measurement errors.
A disadvantage of this data set is, however, its rather broad measure of education. I
therefore complement the SIAB data with the QaC data, which is way smaller than the
SIAB but entails more detailed information on education and thus allows for a more
precise assignment of treatment status. Both data sources come with information on the
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home state of individuals. This allows to make use of the staggered introduction of the
compulsory schooling reform in a difference-in-differences approach to separate the
spillover effects from other spatial and temporal shocks on wages and employment.

Chapter 5 ("Spring Forward, Don’t Fall Back: The Effect of Daylight Saving Time
on Road Safety") studies how time regime choice affects road accident counts and
severity using large administrative data from the Stats19 data base. Three noteworthy
characteristics of the data make it especially valuable for this study. First, it provides
very detailed information on date and time of each accident. Second, it also entails
information on the exact geographical position of accidents. Third, it is exceptionally
large: the data covers almost every road accident on public roads in England, Scotland
or Wales between 1996 and 2016. The first characteristic allows to aggregate accidents
by date and thus, as it is common in the related literature, to employ a regression
discontinuity design in order to identify the (short-run) effects of the biannual time
change. The second characteristic allows in combination with the third to add the
geographic position as another dimension when aggregating the data. This unique
combination makes it possible to go a step beyond existing research on effects of the
current time regime and to look also on the long-run consequences of time regime choice.
It allows to study whether it is better for road safety to have more light during evening
hours and less during morning hours than vice versa, i.e. it allows to compare road
safety under a year-round summer time regime with road safety under a year-round
winter time regime. This is done in a simulation based on estimates for the effect of
darkness derived from fixed-effects regressions. The underlying approach exploits
deterministic variation in darkness for identification: day-by-day variation in darkness
for a given region and hour; east-west variation for a given day of the year and hour;
and north-south variation for a given day of the year and hour.

1.3 Summary of the Studies

This final section provides a brief overview of each of the four contributions to this
dissertation. To this end, I briefly describe the respective research question and the
methods and data used, I state the main findings, while also discussing the contribution
to the literature and possible policy implications. This is done in the order in which the
studies appear in the main part of the dissertation.

Chapter 2: Quantile Treatment Effects of Job Loss on Health

The first study in this thesis examines the consequences of job loss on mental and
physical health, thereby focusing on possible heterogeneity of effects with respect to
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the health status itself. The analysis builds on representative survey data and methods
for the estimation of quantile treatment effects. To address endogeneity concerns, we
follow the related literature and focus on job loss due to plant/establishment closure
as an arguably exogenous reason for job loss. The results show that job loss impacts
differently along the mental and physical health distribution. We find rather large and
(partly) significant effects of job loss at the bottom parts of the health distributions,
while both the effects at the upper parts of the health distributions but also the average
effects are always small and never statistically significant.

These results can be interpreted such that the negative consequences of job loss for
mental and physical health are concentrated among those who are most at risk: Indi-
viduals whose health is already compromised prior to job loss. This finding, which is
overlooked when only the average impact is considered, has implications for the inter-
pretation of previous research findings. It shows that considering only average impacts,
which is common in the relevant literature, can lead to a substantial underestimation
of both the individual and social costs of job loss. Moreover, it provides indications as
to which group of people should be given preferential support by policy makers, e.g.
with regard to a possibly necessary reintegration into the labor market or preventive
measures or for the restoration of physical and mental health.

Chapter 3: Understanding Cognitive Decline in Older Ages: The Role

of Health Shocks

In this chapter, we study how physical health shocks affect cognitive decline and ask
whether more education or later retirement, both factors that can be influenced by policy
and that are known to increase health capital and the cognitive reserve, can dampen
adverse consequences of health shocks and slow down cognitive decline. To do so, we
combine large panel data from continental Europe, the UK and the US, i.e. regions with
different institutional settings including different health insurance systems. Using event
study methods, we show that physical health shocks lead to a strong and persistent
reduction of cognitive abilities. The estimates imply that a health shock in older ages
has the potential to bring a care episode forward by up to 4 years. This result is largely
independent of individual characteristics and the underlying health insurance system.

To circumvent endogeneity problems with respect to education and retirement in the
moderation part of the analysis, we look at the interaction between health shocks and
indicators for the potential to retire and years of education, respectively. We do not find
evidence that more education or later retirement can slow down cognitive decline due
to a health shock. Taken together, the study contributes to our understanding of the
gradual process of cognitive decline and human capital depreciation in older ages and
highlights the importance of health prevention for healthy cognitive aging.

7



Chapter 4: Labor Market Spillover Effects of a Compulsory Schooling

Reform in Germany

In this chapter, I study whether the introduction of the compulsory ninth grade in
West German states during the 1940ies-1960ies affected employment and wages of
individuals who were not directly subject to the reform. Specifically, I show that the
reform led to a negative shock to the supply of basic track graduates in the reform
year. Building on previous results on the importance of labor market conditions at
graduation, I argue that individuals who were not directly affected by the introduction
of the compulsory ninth grade but graduated in close temporal distance to the reform
may have benefited in the long-run from the negative shock to labor supply induced
by the reform. To investigate these kinds of spillover effects, I exploit the staggered
introduction of the compulsory ninth grade across German federal states in a difference-
in-differences approach. Based on register and survey data, I find no evidence for
persistent spillover effects for men. For women, however, my results suggest that the
labor supply shock resulting from the reform may have led to a persistent increase in
employment and wages.

This study contributes to the understanding of the role of labor market conditions at
the time of graduation from school on subsequent labor market outcomes, focusing
on the role of supply-side shocks. It also adds to the growing literature examining
the externalities of educational interventions. Finally, the results provide insights into
the plausibility of the assumption of no spillover effects in the literature on returns to
education, which is commonly made there (at least implicitly) but rarely discussed.

Chapter 5: Spring Forward, Don’t Fall Back: The Effect of Daylight

Saving Time on Road Safety

In this final contribution to the thesis, we examine how the choice of time zone affects
road safety. In particular, we are interested in the costs or benefits of establishing one
time zone (e.g. year-round summer time) instead of another (year-round winter time).
To assess the costs associated to road safety under the alternative time regimes, we
first examine how darkness affects accident counts. The resulting estimates are then
used in a simulation where we, depending on the underlying time regimes, shift light
either from morning to evening hours or vice versa to evaluate the long-term costs of
the alternative time regimes.

The analysis draws on extensive administrative data from England, Scotland, and Wales.
Using a regression discontinuity design, we are able to replicate the results of previous
studies showing in a first step that the biannual time change reduces road safety. We
then add to the existing literature by examining the permanent consequences of time
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regime choice. In particular, we show that darkness is a significant risk factor for road
traffic and that the costs of the current time regime are significantly underestimated
when focusing on the time change itself. The results suggest that the introduction
of permanent summer time can prevent fatal accidents and thus reduce social costs
compared to year-round winter time. These results may also provide guidance to policy
makers who have recently decided to abolish daylight saving time but do not yet know
what should come after.
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Chapter 2

Quantile Treatment Effects of Job Loss
on Health∗

2.1 Introduction

The aim of this paper is to investigate if job loss causally deteriorates mental and
physical health, thereby focusing on heterogeneous effects with regard to the health
status itself. Despite a large body of convincing research on the effects of job loss on
health, where effects on the conditional mean are analyzed, the findings are somewhat
inconclusive. We employ quantile regression techniques to yield a broader picture of the
effects on different parts of the health distribution. Theories as well as some previous
empirical results deliver arguments showing that adverse effects of job loss on health
are not the same for everybody and that initial health might matter. The knowledge
about such differences in the effect of job loss on health is important, as they potentially
influence individual and social costs of job loss.

There are good reasons to assume that job loss may deteriorate health, both through
a pecuniary and a non-pecuniary channel.1 Several theories and models – mostly
originating in fields like social medicine, psychology, and sociology2 – emphasize the
beneficial role of work for well-being. These theories suggest that job loss negatively
affects mental health through a reduction in self-esteem, a loss of daily routine and
social contacts and a rise in stress. Several of the theoretical models dealing with job

1However, is not fully clear whether income causally affects health, see e.g. Frijters et al. (2005),
Lindahl (2005) and Ahammer et al. (2015).

2See, e.g., Jahoda et al. (1933), Jahoda (1981) and Jahoda (1983), Warr (1987), Fryer (1986), Nordenmark
and Strandh (1999). Readers who are interested in a wider overview of models and theories dealing with
work, job loss, unemployment and mental health are referred to Hollederer (2011), Ezzy (1993) and Fryer
(1992).

∗This chapter is joint work with Hendrik Schmitz and is published as: Schiele, V. and Schmitz, H.
(2016). Quantile treatment effects of job loss on health. Journal of Health Economics, 49: 59-69.
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loss, unemployment and health suggest that there are heterogeneous effects on health
and some of them predict that initial health matters (e.g., Warr’s vitamin model, Warr,
1987).

The main challenge in the empirical literature on job loss and health is the potential
endogeneity of job loss. Indeed, there is a well documented selection of unhealthy
individuals into unemployment (e.g. Arrow, 1996; van de Mheen et al., 1999, Jusot
et al., 2008) and of healthier individuals out of unemployment (Stewart, 2001). To deal
with this problem, plant closures or mass layoffs as exogenous source of variation
in job loss are often used in the literature.3 Examples are Salm (2009), Mandal et al.
(2011), Marcus (2014), Browning and Heinesen (2012), Kuhn et al. (2009) or Eliason
and Storrie (2009a,b).4 The results of these studies are mixed which may have several
reasons including different outcome measures (also subjective vs. objective), different
data sources (surveys and administrative data) and different social and institutional
contexts.

A full synthesis of the literature is beyond the scope of this article. Yet, as these studies
look into effects on the conditional mean they might not be able to detect effects which
apply only to certain parts of the distribution. As discussed before, one would not
expect that the effect of job loss on health is the same for everybody. Some of the results
mentioned above indicate that the effect of unemployment on health varies by certain
individual and contextual factors like sex, age, employability or local unemployment
(e.g. Kuhn et al., 2009; Green, 2011; Gathergood, 2013). The findings of Huber et al.
(2011) support our presumption of heterogeneous effects of job loss on health with
respect to initial health, as they indicate that people who were in poor health before
they left welfare are those gaining most from a transition into employment or a welfare-
to-work program. Therefore, it seems to be likely that the causal effect of job loss on
health, if there is such a relationship, varies with the health distribution. Analyzing this
is the contribution of this paper.

We use representative panel data from the German Socio-Economic Panel (SOEP) for
the years 2000-2014 and methods for the estimation of unconditional quantile treatment
effects. Although there is a growing number of studies using quantile regression
approaches, these methods have only recently been introduced to the literature on job
loss and unemployment. Korkeamäki and Kyyrä (2014) use quantile regression to study
the effect of job loss on the conditional earnings distribution. Binder and Coad (2015a,b)
employ quantile regression to study differences in the effects of unemployment on
measures of (mental) well-being and life satisfaction throughout the distributions of

3Other approaches are employed, too, however. In a recent study Gathergood (2013) uses industry-
specific unemployment rates as instruments for unemployment.

4Other studies analyze the effect of unemployment on health e.g. Green (2011), Böckermann and
Ilmakunnas (2009), Schmitz (2011), Marcus (2013). This, however, is more challenging because even if
job loss due to plant closure is exogenous, certain individual quickly find a new job while others stay
unemployed.
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these variables. They indeed find different effects of unemployment at different parts of
well-being and life satisfaction distributions. However, they focus on unemployment
(and all reasons of unemployment) and fairly strong assumptions need to be imposed
to give their results a causal interpretation.

We employ quantile regression techniques proposed by Firpo (2007) and mainly focus
on job loss due to plant closure as an arguably exogenous reason for job loss. Our
outcome variables are the Body-Mass-Index (BMI) as well as the Physical Component
Summary Scale (PCS) and the Mental Component Summary Scale (MCS) gathered from
the SF12v2-questionnaire in the SOEP. From a statistical point of view these outcome
measures are preferred over other possible health measures, such as, e.g., specific
diagnoses, as they are continuous variables and allow to employ quantile regression
methods.

The results suggest that the effect of job loss significantly varies across the mental and
physical health distribution. Job loss affects physical health adversely for individuals
in the middle and lower part of the health distribution while those in best physical
condition do not seem to be affected. The results for mental health, though less distinct,
point in the same direction, indicating that people in the lowest part of the mental
health distribution suffer most from job loss, while those in the upper parts do not
seem to be affected. If rank preservation holds, this can be interpreted as a finding that
those who were worse off already before job loss suffer more than those who were in
better health before. Mean estimations would have missed these findings as standard
matching methods show no average effect of job loss on health in our application. We
find no effects on BMI.

The remainder of this paper is structured as follows: Section 2.2 describes the empirical
strategy to identify causal effects of job loss on health. Section 2.3 provides an overview
of the data while the estimation results are presented in Section 2.4. Section 2.5 concludes
and discusses policy implications.

2.2 Empirical Approach

2.2.1 General Idea and Framework

The estimation of quantile treatment effects (QTE) enables to evaluate the effect of a
variable on different points of the outcome distribution and therefore allows for the
identification of effects even in situations where the mean of the outcome variable
remains unchanged (see Firpo, 2007 and Frölich and Melly, 2013 for technical details in
deriving and estimating QTE). As the main point of interest of this work is to examine
if the effect of job loss varies along the overall health distribution (or the marginal
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distribution), methods proposed by Firpo (2007) for the estimation of unconditional
quantile treatment effects – in contrast to conditional treatment effects that inform about
effects conditional on covariates – are used here.

Let Y denote the outcome variable, which is a continuous measure of health, D the
treatment variable taking on the value 1 in case of job loss and 0 in case of no job loss,
and X a set of covariates. Then Y0

i denotes the health variable in a situation where
individual i is continuously employed with the same employer whereas Y1

i tells us
about the value of the health variable in the situation where i experiences a job loss.
The observed health state of individual i is therefore given by Yi = Y1

i Di + Y0
i (1− Di).

Taking the difference between the τ quantile of the potential outcome distribution in
the (hypothetical) situation where all individuals experience a job loss (Qτ

Y1) and the τ

quantile of the potential outcome distribution in the (hypothetical) situation where all
individuals are continuously employed (Qτ

Y0) gives the effect of job loss on the potential
outcome distribution at quantile τ (∆τ):

∆τ = Qτ
Y1 −Qτ

Y0 (2.1)

These quantile treatment effects (QTE) are defined for all τ ∈ (0, 1) and, thus, in
principle allow for the identification of effects over the entire health distribution (Frölich
and Melly, 2013).

2.2.2 Identification

If the treatment status was completely randomly assigned to individuals, one could
simply use the outcome distributions for the treated and untreated sub-populations
to obtain the QTE. Obviously, this is not the case with respect to job loss, as there are
many factors related to job loss like education, occupation or unobservable factors like
willingness to take risks or other preferences that might also determine health.

Firpo’s estimator is based on a selection-on-observables, or unconfoundedness assump-
tion, which requires potential health states to be independently distributed from job
loss, conditional on X. While this assumption is hard to justify with respect to job loss
for all reasons, we argue that it is much more likely to hold for job loss due to plant
closure. Indeed, plant closures have often been regarded as an exogenous reason for job
loss in the previous literature. This is mainly because the reason of job loss does not lie
at the responsibility of the individual or is linked to the individual’s characteristics and
abilities, but is associated with cyclical developments, (wrong) management decisions
or other conditions and developments that are considered not to be self-inflicted. Never-
theless, it seems possible that employees with better outside options, for example higher
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educated or better skilled persons, quit their job before the plant closure takes place.
As a result, less educated and low skilled persons would be the only employees who
stay at the plant until it is closed. However, using information about predetermined
individual, job and firm-characteristics, we try to control for a selection into job loss
due to plant closure that might be related to the health status and assume job loss due
to plant closures to be randomly assigned conditional on X. Note, however, that the
definition of the unconditional QTE does not depend on the set of covariates X included.
This is because the unconditional distributions of Y0 and Y1 do not depend on X. In
principle, one could estimate the unconditional QTE without any covariates.

In order to infer from distributional effects of job loss on health to individual effects one
has to assume rank preservation, which requires the relative rank of an individual in the
outcome distribution to be the same in the (hypothetical) situations with and without
treatment. Recently, formal tests for rank preservation and the weaker rank similarity
assumption have been proposed by Frandsen and Lefgren (2018) and Dong and Shen
(2018). Frandsen and Lefgren (2018) apply their test to data from the STAR class size
reduction experiment and the National Job Training Partnership Act (JTPA) Study and
find that the rank similarity assumption does not hold for the effect of class size on
math scores, but find no evidence for a violation for the effect of JTPA participation on
earnings. In contrast, the results of Dong and Shen (2018), also using JTPA data, suggest
that rank similarity is violated at least for male trainees.

These results indicate, that the rank preservation assumption might be violated in
many applications. We argue, however, that there is a good reason to assume that
the rank preservation assumption is not systematically violated with respect to job
loss and health. There are, for example, other determinants of health like hereditary
tendencies and the provision of medical care which are not affected by job loss. The
most plausible explanation for large adverse effects at the lower part of the outcome
distribution and no effects at the upper part of the distribution is that people in poor
health suffer most from job loss, while the health of people in (initially) good health is
not impaired. Therefore, we assume that people rank similarly in the health distribution
of the (hypothetical) situation where all people experience job losses and the health
distribution of the (hypothetical) situation where all people are continuously employed.
But even if rank preservation does not hold, it is not useless to estimate unconditional
quantile treatment effects. In general, one could, for example, calculate bounds for
the individual effects or simply focus on distributional aspects, which are sometimes
even more relevant than individual effects (Firpo, 2007). In the context of job loss and
health, for example, large negative effects at the lower part of the distribution and no
or positive effects at the upper part would indicate that higher rates of job termination
increase health inequality. Furthermore, as this implies that the fraction of people who
are in bad health increases with increasing rates of job termination, one would also
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expect health expenditures to rise with job termination. 5 The estimation is carried out
with the Stata command ivqte by Frölich and Melly (2010). The Appendix provides
details of the estimation procedure.

2.3 Data

Our data comes from the German Socio-Economic Panel (SOEP). Starting in 1984 as a
representative cross-section of the adult population living in private households, the
survey was repeated in each year, resulting in a panel of 31 waves (1984-2014) consisting
of 24,000 individuals (Wagner et al., 2007). In total, we use data from the waves 2000-
2014. As the detailed health measures from the SOEP health module are only available
in every second year starting in 2002, observations from these seven waves build the
main database of the analysis. The data set is restricted to people aged 16 to 63 and who
are either working full- or part-time at wave t− 2 as job loss is defined to be between the
wave t− 2 and t, see below. Furthermore, observations with missing values on either all
outcome variables, the job loss variable or one of the main covariates are dropped from
the data set. Depending on the outcome and treatment evaluated and the number of
covariates accounted for, the sample size varies for the different regression results. The
largest sample contains 47,446 observations stemming from 17,901 different individuals.

2.3.1 Treatment Variable

The baseline treatment variable is job loss (plant closure). It takes on the value one in year t
if the respondent reports a job loss since the interview at t− 2 because their place of work
or office has closed and zero if the respondent reports no job loss, that is, continuous
employment between t− 2 and t. Thus, when using this treatment variable, we exclude
all observations with job loss for other reasons than plant closures and estimate the
effects of losing a job due to a plant closure as opposed to being continuously employed
with the same employer. As a benchmark, we also look at job loss for any reason,
job loss (all reasons). It takes on the value one if the individual has lost their job since
the interview at t − 2 for any reason and the value zero otherwise (i.e. continuous
employment between t− 2 and t). Around 9,800 person-year observations in the final
estimation sample suffered from a job loss, almost 900 thereof due to plant closure.
Certainly, as all variables in the SOEP are self-reported, measurement error in the

5A common support assumption and uniqueness of quantiles completes the set of assumptions. We
restrict the sample to the region of common support. Uniqueness of quantiles means that potential health
states are continuously distributed with positive density. As our outcome measures are continuous
variables that are defined on a broad range of values we are confident that the quantiles are unique and
well defined.
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treatment status cannot be ruled out. In principal this could lead to an underestimation
of the true effects (“downward bias”) but it is unclear to what extent.

2.3.2 Outcome Measures

Three variables from the health module of the SOEP are used as outcome measures:
the Mental Health Component Summary Score (MCS), the Physical Health Component
Summary Score (PCS) and the Body Mass Index (BMI). Although the theoretical models
cited in the introduction focus more on mental health, we argue that there might also be
effects on physical health. First, psychological stress is discussed to be a determinant of
cardiovascular diseases in the medical literature (Cohen et al., 2007). Second, coping
strategies related to an increased level of stress and a lack of duties and responsibilities,
like smoking or drinking, are known to have adverse health effects (e.g. Boden et al.,
2010; Cornfield et al., 2009; Fergusson et al., 2009). Furthermore, mental health problems
might be accompanied by psychosomatic disorders that at least affect physical well-
being and the ability to cope with challenges of everyday life. Finally, weight gains
due to dietary change or changes in physical activity level can be considered as health
problems, at least if they apply to people at the upper part of the BMI distribution.
Although one cannot directly infer from BMI on health or even subjective well-being,
very high and very low values of the BMI are known to be associated with higher
mortality (Campos et al., 2006) and very high values are linked to a higher prevalence
of diseases like cardiovascular disease, hypertension and diabetes (Wyatt et al., 2006).

While job loss might affect mental health quickly, adverse effects of job loss on physical
health can rather be expected in the medium run. To take this into account, we estimate
the effects of job loss between t− 2 and t on mental health in t (i.e., at most two years
after job loss) while we measure PCS and BMI in t + 2 (i.e., two to four years after job
loss).

The summary scores for mental and physical health (MCS and PCS) are based on the
SF12v2 questionnaire, which is an internationally standardized set of 12 items regarding
eight dimensions of the individual’s health status.6 These eight dimensions comprise
physical functioning, physical role functioning, bodily pain, general health perceptions,
vitality, social role functioning, emotional role functioning and mental health. Using one
or two items, a scale ranging from 0 to 100 (with mean=50 and standard deviation=10
in the SOEP 2004 population) is calculated for each of these eight dimensions. The
eight dimensions or subscales are then aggregated to the two main dimensions mental
and physical health, using weights derived from an explorative factor analysis. Like
in the case of the sub-scales, the aggregated scales (MCS and PCS) are standardized

6See the questionnaire in Table A2.1 in the Appendix.
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and transformed to have a mean of 50 and a standard deviation of 10 in the SOEP 2004
population with lower values indicating lower health states (Andersen et al., 2007).

In epidemiological research the SF-12 is commonly used to measure general health and
functioning (Ware et al., 1996). It includes information on subjective health but the
component summary scales are correlated actual with health diagnoses. With respect
to mental health, Gill et al. (2007) find that MCS "is a useful screening instrument for
depression and anxiety disorders in the general community, and thus, a valid measure
of mental health". This view is supported by Vilagut et al. (2013). Salyers et al. (2000)
regard it as a valid and reliable instrument to measure health-related quality of life.
Recently, MCS has also been used in the health economic literature (e.g., Schmitz and
Westphal, 2015; Reichert and Tauchmann, 2011).

The BMI, a standard measure of the body shape, is the weight of a person adjusted to
the person’s height. It is calculated as the ratio of weight in kilograms to the square of
height in meters. As MCS and PCS are based on the same set of sub-scales, they might
overlap to a certain degree. However, due to the different weighting schemes, they
are expected to absorb different components of overall health. A negative and small
correlation coefficient between MCS and PCS (around -0.04 in our sample) confirms this.
Table A2.2 in the Appendix reports deciles of the outcome variables in the sample and
shows, for instance, that the median individual is overweight (BMI > 25) and more than
10 per cent are obese (BMI > 30) according to standard classifications (WHO, 2000).

Figure 2.1 shows empirical density functions of the three outcome measures for people
with job loss due to plant closure, people with job loss (all reasons), and those without
job loss. The distributions of all outcome measures differ for all three groups where, all
in all, individuals without a job loss are on average in slightly better health than those
who suffered from a job loss due to plant closure. Interestingly, however, for those with
a job loss due to plant closure, the distribution of health outcomes is not simply shifted
to the left (indicating worse health) but rather flattened, retaining more probability
mass at the tails of the distribution. Assuming unconditional exogeneity of job loss
due to plant closure, it would imply that while some people’s mental and physical
health suffers from involuntary job loss, some other people’s mental and physical health
benefits from it. With respect to BMI it rather points to adverse effects of involuntary
job loss at both tails of the distribution.

2.3.3 Covariates

The effects of job loss on the unconditional health distribution, in principle, do not
depend on the covariates accounted for. Nevertheless, it seems useful to include
some covariates when estimating unconditional quantile treatment effects, since the
inclusion of these variables can reduce the variance of the estimator and makes the
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Figure 2.1: Distribution of Outcome Variables by Treatment Status
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Note: Authors’ calculations based on the SOEP.

unconfoudedness assumption more credible. Even for job loss due to plant closure the
unconfoundedness assumption might hold only conditional on some covarariates X.

Plant closures probably do not happen like a bolt from the blue, but are consequences
of (wrong) decisions of the firms’ management or macroeconomic developments and
thus might be preceded by a period of downsizing.7 This could be problematic for
two reasons. First, the management might try to get rid of certain employees, e.g. the
least productive. To take this into account we control for education, working experience,
occupational position, gross labor income, unemployment experience. Second, the period
of downsizing is probably recognized also by employees, who might try to leave
the sinking ship and get a position at another firm. However, it is likely that not all
employees are able or willing to leave the plant before it closes down. Whether they
(try to) find a new job or stay at the firm depends on their outside options. We argue
that the outside options largely depend on sex and ethnic background (in case of racial
discrimination in the labor market), education, working experience, age, occupation,
spatial flexibility, the dependence on income from (own) employment and local labor
market conditions. Thus, we additionally control for sex, German nationality, migration
background, age, private health insurance, state of residence, living with partner, household size,
net household income. As there are marked differences in insolvencies between sectors
and firms of different sizes as well as across time (Statistisches Bundesamt, 2016) we
also control for the year of interview and the following firm characteristics: size and

7However, Browning and Heinesen (2012) report that in Denmark 70% of displaced employees having
worked in a plant that finally closes down are displaced in the year of plant closure.
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sector. Furthermore, Reichert and Tauchmann (2011) provide evidence that fear of job
loss adversely effects mental health. To separate this effect from effects of actual job loss,
we control for job worries. Some of the variables mentioned above might themselves be
affected by job loss. To avoid the problem of ”bad controls”, we measure all controls
before job loss, i.e. at t− 2.

Finally, we check whether the results are robust against the inclusion of lagged health
variables by capturing pre-treatment outcomes MCS, PCS and BMI. This should also
capture unobservable but time-invariant factors that affect the outcomes (like genetic
factors, general frailty) and might be correlated with job loss. Table A2.3 in the Ap-
pendix reports descriptive statistics of the controls by treatment status. One possible
explanation for this finding is that in some cases not the entire plant but only a certain
office is closed and that employees in better health could be more likely to get a job at
another office within the same firm.

2.4 Estimation Results

Obviously, the raw differences in outcome distributions for the different treatment
states (as illustrated in Figure 2.1) do not necessarily reflect the effect of job loss on the
health distribution. Therefore it is reasonable to account for selection into job loss in a
regression framework.

Table 2.1 reports the estimated effects of job loss on our first outcome measure, the
Mental Component Summary Scale (MCS). As a benchmark, the first row shows the
results for the average treatment effects on the treated (ATT) for job loss (plant closure)
(columns I, II and III) and job loss (all reasons) (column IV). The ATT is estimated using
standard propensity-score-kernel-matching.8 In column I, we report the ATT when we
do not control for any potential confounder. In all other specifications we control for
differences in pre-treatment individual and household as well as firm characteristics
(see Section 2.3.3). In columns III and IV, we additionally allow for a non-random
selection into job loss based on pre-treatment health status, i.e., we also take potential
differences in MCS, PCS and BMI between the treated and control sub-populations at
t− 2 into account. This, however, comes at the cost of a reduced sample size, as the
lagged health variables are not available for all individuals.9

Without any controls (I), we find average differences in MCS by job loss (plant closure)
of 1.169, suggesting that, on average, those who experienced a job loss are less healthy.
As soon as we control for differences in pre-treatment individual, household and firm

8This uses an Epanechnikov kernel and a bandwidth of 0.02 which ensures that the normalized
difference between treated and matched controls is smaller than 5% for all variables.

9Since we have no information about health in the year 2000, we cannot use observations from the
year 2002 and thus lose around 17% of observations.
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Table 2.1: Quantile Treatment Effects of Job Loss on MCS (at t)

Job Loss Plant Closure Job Loss
all Reasons

I II III IV

Coeff. S.E. Coeff. S.E. Coeff. S.E. Coeff. S.E.

ATT -1.169*** 0.345 -0.492 0.348 -0.582 0.372 0.415*** 0.134

QTE
0.1 -2.322*** 0.704 -1.686** 0.859 -1.459 1.069 -0.657 0.469
0.2 -2.152*** 0.486 -1.328 0.960 -1.036 1.007 0.006 0.282
0.3 -2.229*** 0.554 -0.959 0.694 -1.212 0.944 0.524* 0.292
0.4 -1.682*** 0.542 -0.577 0.842 -0.944 0.871 0.674** 0.268
0.5 -1.262*** 0.450 0.000 0.741 -0.588 0.915 0.990*** 0.187
0.6 -1.491*** 0.419 -0.175 0.638 -0.516 0.765 0.721*** 0.217
0.7 -0.739 0.464 0.097 0.756 -0.583 0.837 1.169*** 0.146
0.8 -0.213 0.335 0.751 0.678 0.391 0.675 1.536*** 0.155
0.9 0.018 0.347 0.018 0.367 0.000 0.579 1.232*** 0.229

Standard no yes yes yes
Controls

Pre-Treatment no no yes yes
Outcomes

Obs 47,446 44,071 36,058 43,008

Note: Authors’ calculations based on the SOEP. Significance levels: * p<0.1; ** p<0.05; *** p<0.01. Bootstrapped standard
errors based on 500 replications, clustered at individual level. The ATT is estimated using standard propensity-score-kernel-
matching. Column I gives the effects without any controls. In column II we control for: sex, age, education, German nation-
ality, migration background, private health insurance, working experience, unemployment experience, job worries, living
with partner, household size, household income, year, state, gross labor income, occupation, sector, firm size (measured at
t− 2); in columns III and IV additionally for MCS, PCS, and BMI (measured at t− 2).

characteristics (II), the effect decreases in size. Additionally controlling for pre-treatment
outcomes (III), does not affect the estimates much. For this specification the average
effect of job loss (plant closure) is -0.582, a rather small effect (roughly one twentieth of
a standard deviation of which is around 10), suggesting that, on average, there is no
adverse effect of job loss due to plant closure on mental health. This is in line with
Schmitz (2011) who studies the average effect of unemployment on the same mental
health score.

Turning to the QTE results, however, we find some evidence for negative effects of job
loss due to plant closure on the distribution of mental health states. However, they seem
to apply only to the lowest part of the distribution.10 For all specifications, the largest
estimates can be found for the first three deciles, while the estimates for the middle
and upper part of the mental health distribution are small in size and for some deciles
even positive. In general, controlling for individual, household and firm characteristics

10As a reading example, the second row of Table 2.1 reports the quantile treatment effects (QTEs) on
the 0.1 quantiles (the first deciles) of the MCS distribution. The third row reports the QTEs on the 0.2
quantile (second deciles) and so on.
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decrease the estimated QTEs considerably, indicating that job loss due to plant closure
is not purely randomly assigned. Additionally controlling for health before job loss,
however, attenuates the estimated QTEs only slightly. We thus focus in the following on
the specification with standard controls (column II) and the specification additionally
controlling for health before job loss (column III). Although we control for health in
t− 2 in column III (and the differences to column II are small), we cannot rule out that
job loss due to plant closure might be somewhat endogenous, at least if our measures
for pre-treatment health do not capture all differences in health before job loss.

The effect of job loss (plant closure) on the first decile of MCS is estimated to be between
-1.69 (standard controls) and -1.46 (additionally controlling for health before job loss), a
considerable though not dramatic impact – approximately one sixth of a standard devi-
ation. This impact is statistically significant only if we do not control for pre-treatment
health. However, as the point estimates are of similar size for both specifications, the
differences with respect to statistical significance seem to be driven mainly by a loss in
statistical power due to reduced sample size for the latter one. The effects on the second
and third decile, though somewhat smaller and not statistically significant, point in the
same direction and provide additional evidence that job loss stretches the lower part of
the distribution of mental health states. We do not find any evidence for effects of job
loss on the upper part of the mental health distribution. All in all, the results suggest a
small effect of job loss on mental health in the lower part of the distribution which is
as the margin of statistical significance. This finding is in contrast to the much smaller
average treatment effect on the treated.

The results for job loss (all reasons) (column IV) differ considerably as they indicate posi-
tive effects on mental health in large parts of the distribution. One may speculate that
this is because job loss (all reasons) comprises all possible changes in employment status
that involve job loss, including voluntary job change, (early) retirement, sabbaticals
et cetera, for which even positive effects are imaginable. However, as this variable
is probably endogenous we focus, in the following, entirely on job loss (plant closure)
and note that the results for job loss (plant closure) possibly do not carry over to other
(especially voluntary) reasons for job loss.

Table 2.2 reports the (medium term) effects of job loss on physical health as measured
by the Physical Component Summary Scale (PCS) at t + 2 . Again, the estimated ATT
does not provide any evidence for economically relevant average effects of job loss on
physical well-being. The estimates are rather small in size (less than one twentieth of a
standard deviation) as soon as we allow for a non-random selection into job loss due to
plant closure.

In contrast, the estimates for the QTEs do suggest that there are effects of job loss on the
distribution of physical health and that these effects apply to the lower two thirds of the
outcome distribution. Again, the largest estimates can be found for the first decile. This
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Table 2.2: Quantile Treatment Effects of Job Loss on PCS (at t + 2)

Job Loss Plant Closure Job Loss
all Reasons

I II III IV

Coeff. S.E. Coeff. S.E. Coeff. S.E. Coeff. S.E.

ATT -0.869** 0.344 -0.168 0.349 -0.457 0.376 0.076 0.120

QTE
0.1 -2.138*** 0.802 -2.464** 1.234 -2.531* 1.364 -1.771*** 0.372
0.2 -1.304** 0.591 -1.521 1.253 -1.694 1.398 -1.126*** 0.290
0.3 -1.246** 0.522 -0.938 0.982 -0.898 1.232 -0.931*** 0.294
0.4 -0.911 0.591 -1.487* 0.826 -1.181 0.983 -0.694** 0.273
0.5 -1.048* 0.531 -1.593** 0.689 -1.453* 0.761 -0.527* 0.279
0.6 -0.684** 0.368 -1.528** 0.608 -1.320* 0.700 -0.225 0.161
0.7 -0.069 0.419 -1.559* 0.671 -1.487 0.969 0.000 0.070
0.8 0.000 0.254 -0.320 0.472 0.000 0.707 0.172 0.175
0.9 0.000 0.253 0.000 0.441 0.185 0.558 0.296 0.197

Standard no yes yes yes
Controls

Pre-Treatment no no yes yes
Outcomes

Obs 33,885 31,765 26,260 31,038

Note: Authors’ calculations based on the SOEP. Significance levels: * p<0.1; ** p<0.05; *** p<0.01. Bootstrapped standard
errors based on 500 replications, clustered at individual level. The ATT is estimated using standard propensity-score-kernel-
matching. Column I gives the effects without any controls. In column II we control for: sex, age, education, German nation-
ality, migration background, private health insurance, working experience, unemployment experience, job worries, living
with partner, household size, household income, year, state, gross labor income, occupation, sector, firm size (measured at
t− 2); in columns III and IV additionally for MCS, PCS, and BMI (measured at t− 2).

impact is relatively large (about one fourth of a standard deviation). The QTEs for the
following six deciles (quantiles 0.2 to 0.7) are negative, somewhat smaller than the effect
on the first decile, but of considerable size and statistically significant for the fifth and
sixth decile. This indicates that job loss due to plant closure stretches the distribution of
physical health states to lower values.

The results for the BMI, again measured at t + 2, are reported in Table 2.3. The estimate
for the ATT in our preferred specification is small and, thus, comparable to the results
of Marcus (2014). With respect to the quantile treatment effects, we find some evidence
for positive and significant effects on the upper deciles (column II). However, the
estimated effects decrease substantially in size as soon as we control for differences in
our outcome variables between treated and controls at t− 2. When controlling for these
differences, there are only minor and unsystematic differences between the estimates for
the different deciles. The largest (0.629) but insignificant effect corresponds to a change
in body weight by roughly 2 kilogram for a person of average height (1.75m). This
sounds quite much at first, but given that this effect applies to the 0.8 quantile, which is
29 (see Table A2.2) in our sample and corresponds to almost 90 kilogram for a person of
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Table 2.3: Quantile Treatment Effects of Job Loss on BMI (at t + 2)

Job Loss Plant Closure Job Loss
all Reasons

I II III IV

Coeff. S.E. Coeff. S.E. Coeff. S.E. Coeff. S.E.

ATT 0.401** 0.186 0.227 0.192 0.197 0.123 0.051 0.038

QTE
0.1 0.114 0.280 0.114 0.392 -0.194 0.377 -0.032 0.109
0.2 0.307 0.222 0.498 0.305 0.114 0.453 0.141 0.089
0.3 0.309 0.208 0.386 0.282 0.339 0.341 0.207** 0.093
0.4 0.047 0.163 0.193 0.283 0.163 0.336 0.222** 0.090
0.5 0.262 0.246 0.485 0.395 0.258 0.404 0.298*** 0.105
0.6 0.469* 0.261 0.711* 0.374 0.395 0.428 0.317** 0.123
0.7 0.516* 0.265 0.935* 0.501 0.192 0.608 0.505*** 0.166
0.8 0.703** 0.315 1.020** 0.515 0.629 0.675 0.358** 0.139
0.9 0.954** 0.414 0.708 0.678 0.004 0.948 0.306 0.216

Standard no yes yes yes
Controls

Pre-Treatment no no yes yes
Outcomes

Obs 33,695 31,588 26,183 30,947

Note: Authors’ calculations based on the SOEP. Significance levels: * p<0.1; ** p<0.05; *** p<0.01. Bootstrapped standard
errors based on 500 replications, clustered at individual level. The ATT is estimated using standard propensity-score-kernel-
matching. Column I gives the effects without any controls. In column II we control for: sex, age, education, German nation-
ality, migration background, private health insurance, working experience, unemployment experience, job worries, living
with partner, household size, household income, year, state, gross labor income, occupation, sector, firm size (measured at
t− 2); in columns III and IV additionally for MCS, PCS, and BMI (measured at t− 2).

average height, a gain in body weight by 2 kilogram would not be dramatic. All in all,
we conclude that there is no evidence for an effect of job loss on the BMI, neither on the
mean nor on different quantiles.

Taken together, we find some evidence that job loss impacts differently at different parts
of the distribution of mental and physical health. While the adverse effects of job loss
due to plant closure for mental health seem to concentrate at the bottom part of the
distribution, the estimated effects for the PCS suggest that job loss impacts also in the
middle of the distribution, stretching the whole distribution of physical health states
considerably to lower values. We do not find evidence for economically relevant effects
of job loss on the BMI distribution, however. Assuming rank preservation, our results
suggest that job loss (i.) affects mental health for those who were in poor mental health
already before they lost their job; (ii.) deteriorates physical health for those who initially
rank in the lowest or middle part of the distribution of physical well-being; and (iii.)
does not affect mental and physical health for those in better health.
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2.5 Conclusion

The aim of this study is to evaluate empirically if job loss causally deteriorates health,
thereby focusing on heterogeneous effects of job loss on health with respect to the
health distribution. Some previous empirical results as well as theories suggest that job
loss and unemployment deteriorate health the more, the lower initial health is. Using
quantile regression methods that allow the effect of an explanatory variable to vary
along the outcome distribution, we are able to detect effects of job loss on health even if
they apply only to certain parts of the health distribution. In order to estimate causal
effects of job loss we focus on job loss due to plant closure.

We find evidence that job loss stretches the distribution of mental and physical health
states to lower values. The estimated effects of job loss on the lower 7 deciles of the
distribution of physical health states are negative and considerable in size, while the
effects on the upper two deciles are virtually zero. This result can be interpreted such
that adverse effects of job loss on physical health are more pronounced for people who
were in poor physical health already before they lost their job and, that job loss does not
deteriorate physical health of people who are in best physical condition. Although the
results for the mental health are less distinct from a statistical point of view, they point
in the same direction. In contrast, we find no or only very small medium term effects of
job loss on BMI. Our findings highlight the benefit of using quantile regression to study
health effects of job loss. In our application, all average treatment effects on the treated
are fairly small which may lead one to conclude the absence of a causal effects. This
picture changes when quantile treatment effects are estimated.

The main implication of our results is that policy makers should especially focus on
people in bad health, if they are interested in reducing individual and social costs of job
loss and unemployment. The results of Huber et al. (2011) show that reemployment
improves health and that adverse effects of job loss and unemployment on health are
in principle reversible. In addition target-group-specific efforts should be undertaken
to dampen adverse health consequences of job loss and following periods of unem-
ployment. This could be done, for example, within the case management of the federal
employment agency. A pilot project for the promotion of employment with health-
related orientation (”Arbeitsförderung mit gesundheitsbezogener Ausrichtung”), conducted
in Brandenburg, might serve as a model (MASGF, 2008). The results of this project
suggest that the health status of unemployed can be improved by incorporating brief
psychological interventions and programmes targeted to promote social skills into the
case management. Such programmes might prevent people who are in poor health and
suddenly lose their jobs from experiencing a further impairment of health, an approach
which, by the way, most likely increases their employment prospects.
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As our results are based on job losses that happened because a plant closed down they
cannot be extended directly to all reasons for job loss. For example, it is possible that
people who quit their job do not suffer from job loss with respect to their mental and
physical health at all, even if their health was already impaired before they lost their
job. The health of people who lost their job because they were fired, on the other hand,
might suffer even more as these people might reproach themselves for being fired.
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Appendix

Estimation

The main estimator used in this work, a root-N consistent and asymptotically normal
estimator QTE-estimator originally proposed by Firpo (2007), is given by (Frölich and
Melly, 2013) (Q̂τ

Y0|c, ∆̂τ
c ) = argmin

a,b

1
n ∑n

i=1 ρτ(Yi− a− bDi)Ŵi, where ρτ, a check function

evaluated at the real number u, is: ρτ(u) = u(τ − (u < 0)). In this representation
a gives us the τ quantile of the distribution of Y in a situation where no one looses
their job and b gives the quantile treatment effect of job loss. A first step estimator of

the weights Ŵi is given by Ŵi =
Di

π̂(Xi)
+

1− Di

1− π̂(Xi)
. The propensity score π(X) =

Pr(D = 1|X = x) is estimated here by local logit regression, but one could also use
other nonparametric estimators like local linear regression or series regression without
affecting the asymptotic distribution of the estimator (Frölich and Melly, 2013).

To estimate the propensity score by local logit regression one has to select the optimal
values of the smoothing parameters (window width λ and bandwidth h) of the kernel
function. We follow Frölich and Melly (2010) and make use of a cross-validation
procedure for the selection of the parameters. As we bootstrap the estimation results
and since the mere cross validation procedure is computationally very demanding, we
determine the optimal smoothing parameters only once for a 20% sample of our data
set and use the same parameters for each bootstrap replication. We do not expect this
approach to influence our results much, as the results are fairly robust with respect to
the choice of λ and h. Table A2.4 reports estimated QTEs for the preferred specification
when we use global instead of local smoothing to estimate the propensity score. They
are very similar to the main resultsreported in column III of tables 2.1, 2.2 and 2.3.

Since we use several waves of the SOEP it is necessary to adjust the standard errors to
the clustered structure of the data. To do so, all parameter estimates are bootstrapped
and the bootstrap resampling is carried out by replacement over clusters (individuals).
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Additional Tables

Table A2.1: SF-12v2 questionnaire in the SOEP

Very
Good

Good Satis-
factory

Poor Bad

How would you describe your current health?

Greatly Slightly Not at
all

– –

When you ascend stairs, i.e. go up several floors
on foot: Does your state of health affect you
greatly, slightly or not at all?

And what about having to cope with other tiring
everyday tasks, i.e. where one has to lift
something heavy or where one requires agility:
Does your state of health affect you greatly,
slightly or not at all?

Please think about the last four weeks. Always Often Some- Almost Never
How often did it occur within this period of time,
. . .

times never

� that you felt rushed or pressed for time?
� that you felt run-down and melancholy?
� that you felt relaxed and well-balanced?
� that you used up a lot of energy?
� that you had strong physical pains?
� that due to physical health problems
. . . you achieved less than you wanted to

at work or in everyday tasks?
. . . you were limited in some form

at work or in everyday tasks?
� that due to mental health or emotional
problems
. . . you achieved less than you wanted to

at work or in everyday tasks?
. . . you carried out your work or everyday tasks

less thoroughly than usual?
� that due to physical or mental health problems
you were limited socially, i.e. in contact with
friends, acquaintances or relatives?

Note. Source: SOEP Individual question form. Available at http://panel.gsoep.de/soepinfo2008/.
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Table A2.2: Deciles of Outcome Distributions

MCS (at t) PCS (at t + 2) BMI (at t + 2)

0.1 37.299 39.644 21.2240
0.2 42.824 44.351 22.6420
0.3 46.493 47.690 23.7650
0.4 49.353 50.604 24.7550
0.5 51.710 53.039 25.6900
0.6 54.315 55.024 26.7070
0.7 56.232 56.594 27.7780
0.8 57.898 58.084 29.3880
0.9 60.417 60.023 31.8770

Note: Authors’ calculations based on the SOEP. Numbers are
based on the estimation sample.

Table A2.3: Descriptive Statistics by Treatment Status

No Job Loss Job Loss Overall

all reasons plant closure

Binary variables (values in %):
No Job loss 100.00 0.00 0.00 82.90

Job Loss (All Reasons) 0.00 100.00 100.00 17.10

Job Loss (Plant Closure) 0.00 10.08 100.00 1.85

Male 55.46 48.96 57.53 54.35

German 94.30 92.48 89.63 93.99

Migration Background 16.93 19.91 22.19 17.44

Education (according to ISCED):
In School 0.04 0.14 0.00 0.05
Inadequately 0.71 1.12 1.34 0.78
General Elementary 8.11 9.08 12.15 8.27
Middle Vocational 46.62 48.87 54.96 47.01
Vocational + Abitur 7.01 7.59 5.57 7.11
Higher Vocational 9.56 8.28 7.47 9.34
Higher Education 27.95 24.92 18.51 27.43

Having Been Unemployed before 29.54 44.17 41.58 32.05

Private Health Insurance 18.20 10.73 6.69 16.93

Living with Partner 79.29 73.26 78.37 78.26

Household Size:
Household Size: 1 11.51 12.95 10.70 11.76
Household Size: 2 30.22 35.50 30.32 31.12
Household Size: 3 23.81 23.86 25.31 23.82
Household Size: 4 to 5 32.27 25.52 32.33 31.11
Household Size above 5 2.19 2.18 1.34 2.19

Year of Interview:
2002 15.09 19.52 21.63 15.85
2004 16.21 17.08 22.85 16.36
2006 14.83 13.59 14.16 14.62

Continued on next page
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Table A2.3 – Continued
2008 13.63 11.54 10.81 13.28
2010 12.37 11.72 11.82 12.26
2012 10.42 8.78 6.13 10.14
2014 17.44 17.77 12.60 17.50

Federal State:
Schleswig-Holstein 2.82 2.50 2.68 2.76
Hamburg 1.38 1.60 2.12 1.42
Lower Saxony 8.75 8.75 7.80 8.75
Bremen 0.68 0.99 1.56 0.73
North Rhine-Westfalia 20.65 19.40 23.08 20.44
Hesse 7.22 7.39 8.36 7.25
Rhineland-Palatinate 4.82 4.27 4.12 4.72
Baden-Wuerttemberg 12.43 12.01 10.03 12.36
Bavaria 15.23 13.83 11.15 14.99
Saarland 1.13 0.88 0.89 1.08
Berlin 3.55 4.12 4.35 3.65
Brandenburg 3.80 4.33 4.24 3.89
Mecklenbrg.-West Pomerania 2.24 2.87 3.46 2.35
Saxony 7.38 7.42 7.02 7.39
Saxony-Anhalt 3.92 4.81 4.12 4.08
Thuringia 4.00 4.82 5.02 4.14

Occupational Position:
Training, Internship etc. 0.15 0.71 0.11 0.24
Unskilled/Semi-Skilled Worker 10.54 14.78 16.95 11.26
Skilled Worker 14.04 15.51 20.29 14.29
Master Craftsman 1.50 1.33 2.01 1.47
Self Employed 9.69 5.75 3.90 9.02
Clerk Low Skilled 10.30 14.19 15.83 10.96
Clerk Middle Skilled 26.31 25.56 23.97 26.18
Clerk High Skilled 18.19 17.04 15.05 17.99
Civil Servant 9.29 5.13 1.90 8.58

Firm Size:
<20 Employees 23.31 30.75 35.34 24.58
20 - 200 Employees 27.39 29.45 33.11 27.74
200 - 2000 Employees 21.88 18.52 14.83 21.31
>2000 Employees 24.37 18.78 15.50 23.42
Self Employed - No Employees 3.05 2.50 1.23 2.96

Sector (according to NACE Rev1.1):
Sectors A and B 1.51 1.61 0.56 1.53
Sectors C and E 1.44 1.16 0.67 1.39
Sector D 23.95 20.67 29.10 23.39
Sector F 5.68 8.55 13.27 6.17
Sector G 11.22 13.68 20.62 11.64
Sector H 1.68 3.59 4.12 2.01
Sector I 5.13 5.65 6.80 5.22
Sector J 4.83 3.49 3.12 4.60
Sector K 8.24 9.93 7.58 8.53
Sector L 9.81 5.48 1.90 9.07
Sector M 8.45 7.68 2.56 8.32
Sector N 12.04 12.31 4.24 12.08
Sector O 3.92 3.92 3.01 3.92
Sectors P and Q 2.10 2.27 2.45 2.13

Job Worries:
Job Security: Very Concerned 12.25 21.53 33.00 13.84
Job Security: Somewhat Concerned 39.44 38.41 43.26 39.27

Continued on next page
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Table A2.3 – Continued
Job Security: Not Concerned At All 48.31 40.06 23.75 46.90

Continuous variables:
Age 43.64 40.39 42.26 43.09
Working Experience 20.31 16.79 19.12 19.71
Net Household Income 3222.72 2831.04 2762.28 3155.76
Gross Labor Income 2849.21 2238.03 2225.93 2744.71
MCS 50.53 49.15 49.62 50.30
PCS 52.39 52.14 51.65 52.35
BMI 25.79 25.44 26.13 25.74
Note: Authors’ calculations based on the SOEP. All variables are measured at t− 2 and all but age, working experi-
ence, net household income, gross labor income, MCS, PCS, and BMI are binary.

Table A2.4: QTE for Job Loss due to Plant Closure (Propensity Score Estimated by
Global Smoothing)

MCS (at t) PCS (at t + 2) BMI (at t + 2)

Coeff. S.E. Coeff. S.E. Coeff. S.E.

QTE
0.1 -1.459 0.953 -2.613* 1.546 -0.426 0.420
0.2 -1.069 0.908 -2.243 1.481 0.067 0.538
0.3 -1.213 0.934 -1.253 1.306 0.207 0.424
0.4 -0.944 0.827 -1.448 0.982 0.132 0.329
0.5 -0.588 0.874 -1.523** 0.739 0.249 0.419
0.6 -0.665 0.720 -1.320** 0.682 0.388 0.427
0.7 -0.583 0.790 -1.487 0.955 0.427 0.554
0.8 0.391 0.612 0.000 0.682 0.629 0.690
0.9 0.000 0.601 0.185 0.565 -0.070 0.965

Standard yes yes yes
Controls

Pre-Treatment yes yes yes
Outcomes

Obs 36,058 26,260 26,183

Note: Authors’ calculations based on the SOEP. Significance levels: * p<0.1; ** p<0.05; ***
p<0.01. Bootstrapped standard errors based on 500 replications, clustered at individual level.
Controls include: sex, age, education, German nationality, migration background, private
health insurance, working experience, unemployment experience, job worries, living with
partner, household size, household income, year, state, gross labor income, occupation, sector,
firm size, MCS, PCS, and BMI (all measured at t− 2).
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Chapter 3

Understanding Cognitive Decline in
Older Ages: The Role of Health Shocks∗

3.1 Introduction

Age-related cognitive decline is among the key reasons for the transition of healthy
individuals into care dependent ones. As an example, its most drastic form, dementia,
is responsible for around 50% of all nursing home stays in Germany (Sütterlin et al.,
2011).1 And this is becoming an increasing challenge for societies. The number of people
suffering from dementia is projected to triple to 152 million in the developed countries
between 2018 and 2050 (Patterson, 2018). Estimated dementia costs are expected to
increase from $1 trillion today to an estimated $2 trillion by 2030 (Patterson, 2018). Yet,
also milder forms of cognitive impairment are among the risk factors of becoming care
dependent.

Apart from care dependence, cognitive abilities are in itself of growing importance in an
ever more complicated world, even more so in combination with ongoing population
aging. They are an important determinant of social participation. Complex decisions
involve those on medical treatments, insurance coverage, or financial markets for
example (Mazzonna and Peracchi, 2018). Studies find that lower cognitive abilities lead
to lower investments in stocks and other risky assets (Christelis et al., 2010) and lower
wealth (Banks et al., 2010; Smith et al., 2010). Cognitive performance is important for
labor productivity and, more general, for wellbeing (Engelhardt et al., 2010; Maurer,

1Strong cognitive impairments as predictors for dementia and care dependence on the individual
level are also reported in (Celidoni et al., 2017; American Psychiatric Association, 2000).

∗This chapter is joint work with Hendrik Schmitz and is published as a working paper: Schiele, V.
and Schmitz, H. (2021). Understanding cognitive decline in older ages: The role of health shocks. Ruhr
Economic Papers, 919, RWI.
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2011). Moreover, individuals are often not aware of their cognitive decline, which in
particular leads to bad economic and financial decisions (Mazzonna and Peracchi, 2018).

While economists have devoted a great deal of effort to understand the process of human
capital accumulation (e.g. determinants of education and the effects of education on
productivity), not so much is known about its depreciation. Repeating the notion of
McFadden (2008): in the past decades “...economists have given less attention to the
process of human capital depreciation, and technologies for human capital maintenance.
Natural questions to ask are (...) the degree to which the depreciation of human capital
components is an exogenous consequence of aging or can be controlled through work,
study, and behavioral choices; and the degree to which depreciation is predictable or
random.” It is our goal to contribute here and to learn about triggers of strong cognitive
decline and what policy makers can or cannot do about that.

Cognitive decline is a gradual process but there is a small economic literature suggesting
that it may be accelerated by adverse life events such as the loss of beloved persons,
economic shocks, or bad economic circumstances at birth (see e.g. Lindeboom et al.,
2002, van den Berg et al., 2011 and Doblhammer et al., 2013). In this paper, we seek to
understand how a specific adverse life event, a health shock, affects cognitive decline
among individuals aged 50 and older. Anecdotal evidence tells about the hale and
hearty old person that accidentally falls and where the resulting hip fracture marks
the beginning of a care episode that goes along with a strongly accelerated reduction
in cognitive functioning, ending in a nursing home. In a second step of the paper, we
study how potential policy measures can moderate effects of these shocks. These are
labor force participation (affected by retirement regimes) and education. That is, we
ask: can education or labor force participation increase the cognitive reserve such that
adverse health effects have a less drastic effect on cognitive decline? In a previous study,
van den Berg et al. (2010) assess how economic conditions early in life moderate the
effect of life-events on cognitive functioning. They find that individuals born under
adverse early-life conditions (that is, in recessions) suffer from a stronger cognitive
decline after a stroke than those born under beneficial early-life conditions. No such
moderation effects are found for several other conditions, however, such as peripheral
arterial disease, heart disease, diabetes, cancer, respiratory disease, or arthritis. Surgery
or illness of a partner are only harmful for individuals born under adverse economic
conditions.

We use data from the Survey of Health, Ageing, and Retirement (SHARE), the Health
and Retirement Study (HRS) and the English Longitudinal Study of Ageing (ELSA).
Measures of cognitive abilities are based on experimentally retrieved test scores for recall
and verbal fluency while health shocks are experimentally and/or objectively measured
by strong reductions in handgrip strength and onset of severe conditions such as heart
attack, stroke, or hip fracture. We carry out event study estimations to see whether
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health shocks are anticipated (in terms of cognitive decline) and to learn about the longer
run effects up to eight years after the shock. It turns out that there are no significant
differences in cognitive decline trends before the shock for those who suffer from a
health shock but that there is a strong immediate and persistent drop in cognitive
abilities upon the health shock. Comparing the effect size to the general age-related
decline in cognitive functioning, a health shock, on average, induces a similar cognitive
decline as growing up to four years older. Thus, health shocks also have the potential to
bring a long-term care episode for mental health reasons forward by several years.

We then analyze whether results differ by demographic characteristics or between
Europe and the USA and whether retirement or education moderate the effect of a
health shock. We use reduced form regressions and early retirement ages as set by the
governments as well as compulsory schooling regulations to circumvent problems of
potential endogeneity of retirement and education. It turns out that, while there is a
considerable effect of health shocks on cognitive abilities in all specifications, this effect
does not seem to be mitigated by retirement behavior or education. The effect sizes
also do not vary much between Continental Europe, England and the US, representing
regions with different institutional settings including different health insurance systems.

We mainly contribute to the literature in the following ways. Apart from presenting
the first study on this topic that combines micro data from several countries and two
continents with a large sample size that potentially also allows to identify smaller effects,
we expand the previous study by van den Berg et al. (2010)2 and focus on potential
moderating variables that, arguably, are more susceptible to policy action than early-life
circumstances. Moreover, in contrast to previous studies on effects of health shocks, we
show transparent event-study results.

The results of our analysis suggest that physical health shocks have a significant impact
on cognitive ageing and thus on human capital depreciation. While they are consistent
with previous studies that concluded that higher education and active ageing can slow
cognitive decline, they do not suggest that a higher cognitive reserve also helps to
dampen cognitive decline after a health shock. Thus, they underline the importance of
health prevention and point out that investing in physical health could pay off twice:
through its direct return on physical health, but also through its indirect return in terms
of cognitive functioning in old age.

The structure of the paper is as follows. We present the data and descriptive statistics
in Section 3.2. In Section 3.3 we lay out the empirical approach and present baseline
results, while we show the moderation analysis in Section 3.4. Section 3.5 concludes.

2While there is some literature on the direct effect of retirement/education on cognitive abilities (e.g.
Bonsang et al., 2012; Rohwedder and Willis, 2010; Celidoni et al., 2017; Mazzonna and Peracchi, 2012,
2017; Coe et al., 2012; Schneeweis et al., 2014), we are aware of only one study that analyses the effect of a
health shock.
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3.2 Data

3.2.1 Sample Selection

Our main data sources are the Survey of Health Ageing, and Retirement (SHARE),
the Health and Retirement Study (HRS) and the English Longitudinal Study of Aging
(ELSA), three large representative micro data sets providing information on health and
a great deal of other socioeconomic characteristics for individuals aged 50 and older.
HRS was initiated in 1992. By now, 14 interview waves are available, each covering
information about 20,000 Americans. Its sister study ELSA is fielded biennially since
2002 and is now containing data from 8 interview waves. SHARE started in 2004 as a
cross-national survey. Since then data of 8 interview waves have been released covering
information about 140,000 individuals living in 28 European countries plus Israel. HRS,
ELSA and SHARE are highly harmonized and can be used for pooled analyses.3

We use all waves containing at least one measure of cognitive ability, one health shock
measure and all covariates from the baseline specification, i.e. from SHARE waves 1, 2,
4, 5, 6, 7 and 84 from the HRS waves 4 to 135 and from ELSA waves 1 to 8.6 In addition
to the biennial data sets from HRS and ELSA, we include information from the RAND
HRS Data file7 and Harmonized ELSA. We exclude individuals from the sample who
were interviewed only once, as our empirical strategy requires measurements from two
consecutive waves. We drop individuals younger than 50 and older than 90. Our final
sample consists of 421,656 observations from 124,167 individuals living in 20 countries.8

Given that we have a sample of older individuals with a focus on health shocks, non-
random panel attrition is an obvious issue. We refer to Celidoni et al. (2017) who use
the SHARE in an analysis of the effect of retirement on cognitive abilities. They both
test for potential problems of panel attrition and, later, also account for it by including
an inverse Mills ratio. Yet, they find that non-random panel attrition does not seem to
be a relevant issue and, not surprising then, the selection model with the inverse Mills
ratio does not yield different findings. We also find that our long-run results do not
seem to be affected by potential attrition problems (see below).

3For comprehensive information on the sampling procedure, questionnaire contents, and fieldwork
methodology of HRS, ELSA, and SHARE see Sonnega et al. (2014), Steptoe et al. (2003), and Börsch-Supan
and Jürges (2005).

4See Börsch-Supan (2019a,b,c,d,e,f, 2020, 2021).
5Health and Retirement Study (2016a,b,c,d, 2014a,b, 2017a,b,c, 2019)
6See Banks et al. (2019)
7The RAND HRS Data file is an easy to use longitudinal data set based on the HRS data. It was devel-

oped at RAND with funding from the National Institute on Aging and the Social Security Administration.
8Countries covered in our sample: Austria, Germany, Sweden, Netherlands, Spain, Italy, France,

Denmark, Greece, Switzerland, Belgium, Israel, Czech Republic, Poland, Luxembourg, Slovenia, Estonia,
Croatia, USA, England.

36



3.2.2 Measures of Cognitive Ability

Cognitive abilities summarize the “ability to understand complex ideas, to adapt ef-
fectively to the environment, to learn from experience, to engage in various forms of
reasoning, to overcome obstacles by taking thought” (Neisser et al., 1996), where the
sum of these abilities is referred to as intelligence. SHARE, HRS and ELSA offer a
number of potential measures for cognitive abilities: orientation in time, numeracy,
verbal fluency and word recall tests. Some of the measures are not available in all waves
and, thus, not suitable for our analysis.9

In the word recall test, the interviewer reads ten words and the interviewed is asked which
of these words they can remember. The number of words they can recall is counted.
This word recall test is done twice: directly after the words are read (immediate recall
test) and about 5 minutes later (delayed recall test). The total number of words recalled
in these two occasions is added up to yield the word recall test score. This score can
range between 0 and 20. The average in our final sample is 9.616 with a standard
deviation of 3.658. Word recall is a measure of episodic memory, which is found to react
most strongly to ageing (Rohwedder and Willis, 2010). It is considered a measure of
“fluid intelligence”. Broadly speaking, fluid intelligence is the innate cognitive ability
while crystallized intelligence is what people learn in their lifetime (using their fluid
intelligence).

In the verbal fluency test respondents are asked to name as many animals as they can
in one minute, where the number of animals they can tell is their test score. Here the
lower limit is 0, but there is no upper limit (the maximum number in the sample is 100).
The sample mean is 20.003, the standard deviation is 7.595. Verbal fluency is a measure
of both fluid and crystallized intelligence as it is both important to know many animals
(crystallized knowledge) and to remember them quickly (fluid intelligence). Obviously,
both recall and verbal fluency only capture specific parts of the multidimensional concept
“cognitive ability”.

The general bivariate relationship between the two measures of cognitive abilities and
age can be seen in Figure 3.1. Obviously, getting older goes along with a steady decline
in cognitive abilities.

3.2.3 Measures of a Health Shock

In defining a health shock, we follow two approaches. Approach 1 is to use the onset of
a serious illness between two waves. Survey respondents state whether they suffered
from any of the following illnesses since the previous interview: heart attack, stroke,

9The description of measures of cognitive ability in this section closely follows Schmitz and Westphal
(2021).
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Figure 3.1: Measures of Cognitive Abilities by Age
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Notes: Based on data from SHARE, HRS and ELSA. The graph plots unconditional averages of the two scores by age in full years.

cancer (any kind), hip fracture.10 We consider all of these as health shocks. While these
illnesses are highly relevant and objective health measures, they probably are not free
from measurement error because they are self-stated by the respondents. Onsets of
these conditions are serious negative life events. Moreover, the trained interviewers
compare answers to those in previous waves. Nevertheless, in approach 2, we rely on
changes in hand grip strength as another objective measure.

Grip strength in the SHARE, HRS, and ELSA is measured by the regular interviewers.
The interviewers are equipped with so-called dynamometers, receive instruction on the
usage of these small, non-invasive devices and are then able to assess the grip strength
of the survey respondents.11 The actual measurement procedure is as follows: The
interviewer illustrates the use of the dynamometer first and then asks the respondents
to press it twice with each hand as hard as they can, starting with the right hand and
alternating afterwards. Test trials are not allowed.

There exist several alternatives in the medical literature on how to summarize this
information (Roberts et al., 2011). Ambrasat and Schupp (2011) and Ambrasat et al.
(2011) have analysed the case of the German Socio-Economic Panel (SOEP) rigorously.
They suggest using the maximal value from all available measurements as a measure for
the grip strength of an individual as, due to the absence of test trials, some individuals
might not exert their full grip strength in the first measurements. We follow this
suggestion. We are mostly interested in relative changes in individual grip strength (GS)

10Respondents are asked about hip fractures in HRS and ELSA only if they are older than 65 years (60
years in ELSA). Since hip fractures are quite seldom according to the SHARE data below these ages, we
assume that individuals below these age cut-offs did not suffer from hip fractures.

11The following text on grip strength is largely taken from Decker and Schmitz (2016).
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over time. Specifically, we calculate ∆GSt = (GSt − GSt−1)/GSt−1, where t indicates
the wave.

Grip strength contains more information than just the muscle strength of the hands.
Based on broad empirical evidence from the medical literature, grip strength is known
to be a valid indicator of the overall health status of an individual. Several medical
studies document the association between a low level of grip strength and certain
negative health outcomes, such as decreased overall muscular strength, the onset of
chronic diseases, nutritional depletion, physical inactivity and mortality (see Rantanen
et al. (2003), Bohannon (2008) or Ambrasat et al. (2011) and the references therein). The
underlying mechanisms are not yet completely understood but it is suggested that
“poor muscle strength could be a marker of disease severity, which in turn is associated
with mortality” (Rantanen et al., 2003, p. 637).

Analogous evidence exists for extreme losses of grip strength over time (Rantanen et al.,
1998; Ling et al., 2010; Xue Q et al., 2011; Stenholm et al., 2012). For example, Stenholm
et al. (2012) study a sample of adults aged 30-70 at baseline and their grip strength
changes over 22 years. The evidence suggests that the onset of chronic conditions such
as coronary heart diseases, other cardiovascular diseases, diabetes or chronic bronchitis
is correlated with accelerated grip strength decline over time. Similarly, Ling et al.
(2010) compare 89-year-old Dutch males with different developments of grip strength
over four years. They find that those with a decline in grip strength of 25% or more
have a significantly higher mortality risk than those with a lower decrease or even an
increase. It is our aim to incorporate this medical evidence when defining our health
shock measure. A general cut-off point that identifies those with extreme losses in
grip strength would be ideal but despite intense literature research we are unaware of
such information. We therefore take the aforementioned value of a loss of 25% or more
from Ling et al. (2010) for our main analysis and define our health shock measure as
a loss of 25% or more in individual grip strength over two years, but check whether
using alternative cut-off points affect the results. This definition of health shocks is also
in accordance with Decker and Schmitz (2016) who use strong grip strength changes
to analyze the effect of health shocks on risk aversion. While SHARE provides grip
strength for each individual in every wave, this is only the case in every other wave in
the HRS and in ELSA, except for a couple of individuals. Thus, when using the grip
strength measure, we need to restrict our analysis to the SHARE countries.

Table 3.1 reports descriptive statistics on the health shock measures and socioeconomic
controls. A health shock is a rare event, in particular the single conditions. In the main
regression analysis below, we do not use the conditions separately but use the indicator
“(Any) New condition”, taking on the value 1 if the individual exhibits at least one of
the four conditions between two waves. In some additional regressions we show results
for the four conditions separately. Figure 3.2 plots the incidence of health shocks by age
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Table 3.1: Descriptive Statistics on Health Shocks and Socioeconomic Controls

Variable Mean Std. dev. Min Max

Heart attack 0.017 0.129 0.000 1.000
Stroke 0.015 0.122 0.000 1.000
Cancer 0.026 0.158 0.000 1.000
Hip fracture 0.007 0.082 0.000 1.000

New condition 0.061 0.240 0.000 1.000
Grip strength shock 0.068 0.252 0.000 1.000

Male 0.427 0.495 0.000 1.000
Age 67.510 9.305 50.000 89.000

Notes: Descriptive statistics on condition based on 384,692 observations
from SHARE, HRS and ELSA, descriptive statistics for Grip strength shock
based on 160,922 observations (SHARE countries only) and descriptive
statistics for age and gender based on 421,656 observations.

in the sample. The average unconditional probability of a health shock monotonously
increases from about 5 per cent at the age of 50 to about 10 per cent at the age of 90.

Figure 3.2: Health Shocks by Age
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Notes: Based on data from SHARE, HRS and ELSA. The graph plots unconditional relative frequencies of the two health shocks
by age in full years. The grip strength measure is only available in the SHARE data.

In Table 3.2 we take a look at the dynamics of health shocks. We show recovery rates by
time distance to the health shock for those who experienced one. The results indicate
that among those experiencing a health shock, defined as a 25% decline in grip strength
between two waves t− 1 and t, around 40% reached their initial grip strength by t + 1,
that is, two years later (∆ grip strength ≥ 25%). Another 20% seem to have recovered
at least partly (25%> ∆ grip strength ≥ 10%) with respect to their physical health in
the same period. Only around 40% experienced a stagnation (10%> ∆ grip strength ≥
-10%) or worsening (-10%> ∆ grip strength). Even though the proportion of those who
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(partly) recover decreases somewhat the more time has passed since the health shock,
the overall impression that a large share recovers physically from the shock does not
change when looking at time lags larger than two years from the onset of the shock.

Table 3.2: Recovery of a Health Shock

t + 1 t + 2 t + 3 t + 4

N % N % N % N %

∆ grip strength since t
≥ 25% 1142 38.74 504 0.34 180 0.34 117 0.27
+10 to +25% 626 21.23 309 0.21 109 0.21 72 0.17
-10 to +10% 766 25.98 407 0.28 125 0.24 125 0.29
<-10% 414 14.04 260 0.18 108 0.21 122 0.28

Total 2948 1480 522 436

Notes: Based on SHARE data. The sample for this table only includes individuals who expe-
rienced a health shock between two waves. These individuals are followed over time. t + 1
indicates, for instance, one wave after the health shock (which occurred between t− 1 and t).
Percentage shares in each columns add up to 100.

3.3 Effects of Health Shocks on Cognitive Abilities

3.3.1 Baseline Results

Before looking at potential moderators, we are interested in the baseline effect of a
(physical) health shock on cognitive abilities. Obviously, individuals who experience a
health shock at some point in time might differ in many aspects including their level
or development of cognitive abilities from individuals who do not suffer from such
a shock. One way to deal with this potential endogeneity of health shocks, has been
to condition on a large set of controls including pre-treatment outcomes (e.g. van den
Berg et al., 2010). We estimate the effects of health shocks on cognitive abilities in a
event study design instead.12 This approach has the advantage that it does not only
allow for fixed effects, but can also be used to assess whether individuals with health
shocks follow different trajectories with respect to their cognitive abilities already before
the shock. Furthermore, compared to the classical Diff-in-Diff model, the event study
design does not require the assumption of static effects of a health shocks but visualizes
potential dynamics of the effects directly.13

12In the supplementary materials we report results of specifications in the spirit of (van den Berg et al.,
2010).

13This flexible approach already account for most of the problems outlined in, e.g., de Chaisemartin
and D’Haultfoeuille (2020) and Goodman-Bacon (2021) of “Diff-in-Diff with staggered entry”. However,
we also use the approach of Sun and Abraham (2021) as a robustness check below.
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As a first step we define the event time r which is survey wave relative to the wave the
health shock occurred

rit = t− hi

where t is the wave, i is the individual and hi denotes the wave, a health shock is
observed first. That is r = −1 is the last wave before the health shock, while r = 0 is
the first wave after the health shock. We do not observe the exact date of the health
shock. Due to the biannual nature of the data, on average, the health shock should
have occurred one year before r = 0. We run the following fixed effects regression with
relative time indicators:

Yit =
r=−2

∑
r=−3

µr +
3

∑
0

µr + µa + µb + αi + λt + τit + εit (3.1)

Here, Yit is a measure of cognitive abilities, either recall or verbal fluency, and µr is
the coefficient of the indicator variable of event time r. We leave observations with
event times smaller than -3 or larger than 3 in the sample but account for this by µa (the
coefficient of the indicator for r < −3) and µb (the coefficient of the indicator for r > 3.
Furthermore, αi denotes individual, λt time and τit a full set of age fixed effects and
εit is the error term. In this setting, the dynamic effects of a health shock on cognitive
abilities given by µr (for r ≥ 0) are identified solely by different timings of the health
shock.

Figure 3.3 shows the results for both health shocks and both outcome measures. The
upper two use recall, the lower two verbal fluency as outcomes. All figures are remark-
ably similar and show a significant and immediate decline in cognitive ability after
a physical health shock. This decline in cognitive ability amounts to approximately
0.25 fewer words in the memory test and approximately 0.6-1 fewer animals/fruits,
etc. named in the verbal fluency test, corresponding to a reduction in test scores of
around 2.5-5 percent, as measured against the respective mean, or around 10 per cent of
a standard deviation.

All specifications indicate that the effect of a health shock is also persistent and thus
that people do not recover, at least in the mid-run, from its adverse consequences for
cognition. While the estimates for the any condition health shock measure and both
outcomes are precisely estimated and unambiguously point to such persistent effects
even more than 6 years after the shock, the estimates for the grip strength measure are
somewhat less conclusive. The point estimate for grip strength and the mid-run effect
(r = 3) on recall is, in absolute terms, smaller than the estimates for the short-run. At
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Figure 3.3: Impact of Health Shocks on Cognitive Abilities
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individual level.

the same time, the confidence bands are large14 and still include the estimates for the
short-run effects. Thus, we do not interpret this single result as evidence against the
overall picture, which is a persistent effect of health shocks on cognitive abilities.

The results also contradict the concern that individuals who experience a health shock
are on a path of declining cognitive abilities already before the health shock. When
looking at the estimates for the pre-treatment periods, no structural pre-health-shock
pattern can be identified, neither in terms of statistical nor economic significance.

To get a better impression of effect sizes, Figure 3.4 compares the short- and medium-run
effects of a health shock with the general age decline in cognitive abilities. The figure
compares two individuals with average characteristics in the sample, where only age
and the event of a health shock are varied. Technically, these are predicted values from
the baseline regression with all control variables except for age and health shock set
to average values. We then add a hypothetical health shock at the age of 68 by using
the coefficients from the event study estimates. We find that a health shock compares

14This is not surprising as the sample size is clearly reduced for the grip strength measure due to the
rather short panel length in SHARE.
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to a general age decline over around 1 to 4 years, depending on the health shock and
outcome measure used. For instance, the average individual who experiences a health
shock (new condition, left panel) at the age of 68 has the cognitive abilities of an average
individual at the age of 72-73 without a health shock when he turns 70. To the amount
that strong cognitive declines lead to care dependence, a health shock brings a care
episode forward by up to 4 years.15

Figure 3.4: Stylized Medium-run Effect of a Health Shock
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Notes: Based on SHARE, HRS and ELSA data. The graph plots the predicted cognitive decline for persons with average
characteristics.

To test whether there are differences by region, we repeat the analysis separately for
Continental Europe, the USA and the UK. We do this for the health shock measure

15See Figure 3.6 below that shows that the average effect of a health shock between 60 and 70, does not
differ strongly from a health shock between 70 and 90. Thus, it does not make a difference at what age
we start our hypothetical health shock in Figure 3.4.
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"New condition" and the outcome "recall" as the figure for grip strength already reports
findings for Continental Europe only and verbal fluency is available only in a few
recent waves in the HRS. Figure 3.5 reports the results. There are only slight differences
across regions. In all regions we observe an immediate and persistent drop in cognitive
abilities after the health shock. This drop seems to be a little larger in the USA then
in Europe, however, the difference is not statistically significant for most event time
indicators. This might shed light on broader effects of institutional differences. For
instance, most European countries have universal health insurance systems that might
buffer the effects of health shocks while health insurance is more restricted in the US.
While this obviously cannot be interpreted as evidence that health insurance systems
do not matter at all, it at least indicates that existing institutional differences between
the USA, UK and other European countries are no decisive factors.

Figure 3.5: Impact of Health Shocks on Cognitive Abilities (Recall) - by Region
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We so far yield three conclusions from this exercise. First, the clear pattern of no pre-
treatment trends combined with an immediate drop in cognitive abilities after the
health shock makes us confident that potential endogeneity might not be the driver
of the observed relationship. Of course, this cannot be proven as we do not clearly
observe what happens between r = −1 and r = 0. Nevertheless, it does not seem
to be the case that individuals are on a general path of declining cognitive abilities
before experiencing a health shock. Second, the effects are still visible in the longer run,
several years after the health shock. Specifically, physical health shocks seem to induce
a persistent downward shift in cognitive abilities immediately after the shock. That is,
the effects of health shocks seem to be rather static than dynamic. Third, there is no
heterogeneity across regions (USA, England, Continental Europe).
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3.3.2 Further Results

Before proceeding with some robustness checks and the moderation analysis, we check
for more general differences in the effect of health shocks on cognitive abilities. To
overcome the above-mentioned problems with reduced power, which are partly due to
the specific data structure (grip strength only available in SHARE, verbal fluency only
available in some waves in ELSA and HRS) and which come into effect especially in
subgroup analyses, we collapse the event-time indicators into a single (post)treatment
indicator in the following, i.e., we run classical difference-in-differences regressions of
the form:

Yit = αi + λt + τit + βpostit + εit (3.2)

where postit is 1 for individuals with a health shock in periods after the health shock, i.e.
for r ≥ 0, and 0 otherwise. This approach does not only reduce noise in the estimates,
but also allows for a more comprehensive presentation of the results of heterogeneity
analysis and robustness checks. Note that using a classical difference-in-differences
approach instead of the more flexible event study, should not alter the validity of the
analysis, given that there is little evidence for dynamic effects in the pooled sample.

Figure 3.6 shows the results when estimating Equation 3.2 by subgroups defined by
region, gender, age groups and quartiles of cognitive abilities. To start with, we do not
find evidence for a gender difference, irrespective of the health shock and outcome
measure used.

We do not find an age gradient or gradient in initial cognitive abilities (cognitive
abilities at first appearance in the sample) either. If any, the last segment of Figure 3.6
suggests, that the loss in cognitive abilities in the aftermath of a health shock is larger
for individuals with a higher cognitive reserve. Yet, as this result seems to hold only
for some health shock/outcome measures, it might be that the role of initial cognitive
abilities depends on the type of health shock.

3.3.3 Robustness Checks

Recent literature on the estimation of dynamic treatment effects shows that the event-
time coefficients derived from two-way fixed effects estimation in settings comparable
to ours, i.e. settings with variation in treatment timing and thus potentially effect
heterogeneity, can be contaminated by the effects of other periods (Sun and Abraham,
2021). This might cause misleading interpretations not only of the dynamics of the
effects, but also with respect to the identifying assumptions. To deal with this problem
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Figure 3.6: Effect Heterogeneity
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Sun and Abraham (2021) propose an alternative weighting estimator which is robust
also in the presence of effect heterogeneity.

In order to address this concern, Figure 3.7 shows the estimated effects of a health
shock corresponding to µr in Equation 3.1 when we apply their estimator to our study
using the Stata package eventstudyweights (Sun, 2020). The estimated effects for "New
condition" and recall almost exactly match our baseline results. The results for the
alternative outcome "Verbal fluency" are smaller in size than the corresponding baseline
results and estimated less precisely, but nevertheless point to adverse persistent effects
of health shocks on cognition. Note, that due to the specific data structure in SHARE
(wave 3 and wave 7 were no regular interviews but focused on initial living conditions)
and the necessity to observe information on grip strength in two consecutive waves it
was not feasible to apply the estimator to study the effects of a grip strength shock.16

16The lack of information on grip strength in wave 3 and (partially) wave 7, combined with the
requirement to observe grip strength in at least two consecutive waves to define a health shock, means
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Taken together, the results do not provide evidence against our interpretation of the
baseline results.

Figure 3.7: Event Study Results using the Sun and Abraham (2020) Estimator
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Notes: Coefficients corresponding to µr in Equation 3.1 based on data from SHARE, HRS and ELSA. µ−1 is restricted to zero. 95%
confidence intervals reported. Standard errors clustered on individual level.

A second concern relates to the definitions of health shocks in our analysis. So far,
we have combined different health conditions into one health shock measure and set
the threshold for grip strength shock rather arbitrarily. In what follows, we examine
whether the exact definition of health shocks is crucial for our results and whether panel
attrition might bias our results. As each condition is a rather rare event we again pool
over all post- (and pre-) treatment periods in the following and estimate a single effect
of health shocks according to Equation 3.2.

Figure 3.8 reports the result of the difference-in-differences estimation for the entire
sample and both health shock and outcome measures in the first segment (first line).
These estimates mirror the baseline event study estimates presented in Figure 3.3. In
the following segments we address potential concerns with respect to the definition of
health shocks and panel attrition.

First, we report the effects of the onset of single conditions in the second segment of
Figure 3.8. As mentioned earlier, the onset of one of these conditions, either a heart
attack, a stroke, cancer or a hip fracture, is a rather rare event. Thus, we have used an
aggregate measure (any of these four conditions new) in the event study, to make sure
that we have enough power to detect effects of health shocks, especially when estimating
medium term effects. Now, we try to see how each single condition contributes to the
overall effect. One potential concern, for example, might be that the overall effect is
solely driven by the onset of strokes, which, as might be argued, have a rather mechanic
adverse effect on cognitive abilities. Indeed, the largest estimates can be found for
strokes. The estimated effects for hip fractures are somewhat smaller but still relatively

that the event time coefficients cannot be estimated for all cohorts that have a weight greater than zero
because of perfect collinearity.
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Figure 3.8: Alternative Health Shock Definitions
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Notes: The figure shows the coefficient β along with 95% confidence intervals from estimations of Equation 3.2 based on data
from SHARE, HRS and ELSA. Each estimate comes from a separate regression.

large and clearly significant. Also the estimates for heart attacks are in the range of the
baseline estimates. Only for new cancer diagnosis we find no clear evidence for adverse
effects on cognitive decline. An explanation for the latter finding might be that cancer is
a disease progressing rather gradually while other conditions have a clear onset and
require immediate treatment. While cancer is doubtlessly a serious health issue, it does
not necessarily imply longer hospital stays at the onset of the condition but rather at
the end. Thus, one might not expect to see large effects of newly detected cancer on
cognitive abilities. Irrespective of the exact reason for the finding of zero effects of
cancer, the results presented in here indicate that health shocks requiring immediate
medical treatment affect cognitive abilities, even if the shock does not directly affect the
functionality of the brain.

Another potential problem concerns the threshold that defines a health shock based on
grip strength loss. Since there is no natural cutoff point, we followed the literature (see
section 3.2.3) and defined a health shock as a reduction in grip strength of at least 25
percent. Segment 3 of the figure shows that the exact choice of cutoff point is not critical
to the overall picture. Although we observe an increase in effect sizes as we decrease
the cutoff point, it seems to make little difference whether we use -20 or -30 percent as
the cutoff point instead of -25. If a cutoff of -40 percent is used, the effect size increases
more notably, but the precision of the estimate also decreases.
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Finally, one might worry that panel attrition affects the results. Although related
previous research using SHARE data did not find evidence for influential non-random
panel attrition (see Section 3.2), one can argue that this result cannot be transferred
easily to our setting, because sample composition, variable definitions as well as the
empirical approach differ. To address this concern, we repeat the analysis only looking
at individuals who are at least 4 waves in the sample. Thus, we exclude those who drop
out of the panel, possibly after a health shock. The results shown in the last row of the
figure are very similar to the results for the full sample and indicate that attrition has no
relevant effect on the estimates.

3.4 Moderation Analysis

The results presented so far provide evidence for adverse effects of health shocks on
cognitive abilities in older ages. They imply that health shocks accelerate cognitive
decline and thus might increase the risk of early care dependence. This raises the
question whether there are factors that are susceptible to policy action and are able to
improve health capital or increase the cognitive reserve and, thus, make people less
prone to cognitive impairments following health shocks.

To shed light on this question we interact the event time dummies in our final specifica-
tion with potential moderators (modit) which are either education or retirement:

Yit =
r=−2

∑
r=−3

µr +
3

∑
0

µr + µa + µb (3.3)

+
r=−2

∑
r=−3

µr ×modit +
3

∑
0

µr ×modit + µa ×modit + µb ×modit

+modit + αi + λt + τit + εit

Both retirement and education have been shown to affect cognitive abilities (see e.g.
Bonsang et al., 2012; Rohwedder and Willis, 2010, for retirement and Kamhöfer et al.,
2019; Schneeweis et al., 2014, for education). According to the “use-it-or-lose-it hypothe-
sis” cognitive abilities decline faster if individuals do not use their cognitive capacities.
We hypothesize that retirement as well as education might not only directly affect
cognitive decline but that people who are cognitively more stimulated, are less prone to
cognitive impairments following health shocks.

Equation (3.4) shows that a straightforward approach to test this presumption within
an event study design is to regress cognitive abilities on the event time dummies, the
moderator and all interactions of both along with controls. This approach obviously
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raises endogeneity concerns of both the retirement decision as well as educational
attainment. We thus focus on retirement eligibility instead of actual retirement status
and on compulsory schooling instead of educational attainment, i.e. we present the re-
duced form relationships with variables that may be considered instrumental variables.
Specifically, mod in Equation (3.4) is either a dummy variable for being above the (early)
retirement age set by the retirement system or a dummy for being affected by a com-
pulsory schooling reform that increased years of compulsory schooling. We follow
the related literature and include – aside from individual, year and age fixed effects –
linear country-specific trends to account for correlated changes in cognitive abilities and
retirement regulations/compulsory schooling reforms across age groups/birth cohorts.

Obviously, the resulting parameter estimates then represent intention to treat (ITT)
parameters rather than structural estimates. By focusing on the reduced form, we
circumvent the problem that the interpretation of estimates in an IV model with multiple
endogenous variables is not completely clear in the case of heterogeneous effects.
Furthermore, the reduced form estimates are probably sufficient to assess whether there
is an effect also in the structural model. In this sense, Angrist and Krueger (1991) note
that if one cannot see an effect in the reduced form, then, most likely, it does not exist.

To estimate the moderating effects of retirement, we make use of arguably exogenous
variation in early retirement regulations. This is a frequently employed instrument in
the literature, see, e.g. Mazzonna and Peracchi (2012), Celidoni et al. (2017), Mazzonna
and Peracchi (2017). We follow Schmitz and Westphal (2021) and focus on early retirement
ages only instead of also using official retirement ages. The reason is that the jump in
retirement probability at the early retirement threshold is much larger, leading to a
sufficiently strong instrument only for early retirement. Early retirement appears to be
the more important institutional feature as it allows individuals to retire (at the cost of
penalties on retirement benefits) while official retirement age only is the age threshold
that abandons penalties on retirement benefits. Our indicator for early retirement age
takes on the value one if the individual has reached the early retirement age and zero
otherwise. As can be seen in the first column of Table 3.3 (ERA), there is considerable
within- and across-country variation in early retirement ages. Within variation is due to
reforms in the observation period.

When looking at education as a second potential moderator of health shocks, we make
use of a binary variable that captures whether an individual went to school before
or after a reform that raised years of compulsory education went into effect. Note
that although we can estimate the parameter of the interaction between the reform
and the event time dummies, we can not estimate the direct effect of the reforms
on cognitive abilities, as the value of the reform dummy is fixed for each individual
and we include individual fixed effects in all specifications. The last column of Table
3.3 (compulsory schooling) gives an overview of the changes in years of compulsory
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Table 3.3: Retirement Ages and Compulsory Schooling

ERA Compulsory schooling

men women change in years pivotal cohort

Austria 60-65 55-60 8-9 1951

Belgium 58-60 58-60
Flanders 8-9 1939

Czech Republic - - 8-9 1947

Denmark 60 60 4-7 1947

England 65-66 60-66 10-11 1957

France 60 60 8-10 1953

Germany 63 62-63
BW 8-9 1953
BY 8-9 1955
HB 8-9 1943
HH 8-9 1934
HE 8-9 1953
NI 8-9 1947
NRW 8-9 1953
RLP 8-9 1953
SL 8-9 1949
SH 8-9 1941

Greece - - 6-9 1963

Italy 57-58 57-58 5-8 1949

Netherlands 62 62 7-9 1936

Spain 61 61 6-8 1957

Sweden 61 61 7-9 1950

Switzerland 63 62

USA 62 62

Notes: The table shows for each country and gender the Early Retirement Age (ERA) and for
each compulsory schooling reform the change in years of compulsory schooling as well as the
first cohort affected by the reform. As ERA depends on e.g. the birth cohort in some countries,
we provide the ERA range in our sample for these countries. Information about the compulsory
schooling reforms in most countries is taken from Brunello et al. (2016). Additional information
about the reforms in Spain, Greece and England is taken from Brunello et al. (2013). Detailed
information on retirement rules for each country are in the appendix.

education for each reform and states the first birth cohort (pivotal cohort) affected by
the reform.

For our approach to yield meaningful estimates, retirement age regulations have to
actually affect the retirement decisions and compulsory schooling reforms must have
an effect on educational attainment. Panel a) of Figure 3.9 shows that there is a clear
jump in retirement rates as soon as people reach the early retirement age. With respect
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to education, panel b) of Figure 3.9 shows an increase in average years of education17

for the first cohorts affected by the compulsory schooling reform. When estimating the
first stage regressions for retirement and education, the resulting estimates suggests
that crossing the early retirement age increases the likelihood to retire by around 8.55
percentage points (β̂ = 0.0855 with s.e. = 0.0055) and that the average compulsory
schooling reform increased years of education by 0.48 years (β̂ = 0.4757 with s.e. =
0.0866) on average.

Figure 3.9: First Stage Relationships
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Notes: Panel a) based on data from SHARE, HRS and ELSA, panel b) based on SHARE data. Panel a) plots retirement rates by years from

legislated early retirement ages. Panel b) shows average years of education by distance to the compulsory schooling reform.

With respect to exogeneity of the instruments, we borrow from the related literature
and argue that they are based on legislated rules and are unrelated to individual
characteristics (except for gender, country, age, cohort and year of interview which
are flexibly controlled for in all regressions). A potential concern, however, is that

17We rely on self reported years of full time education here, which is available only for SHARE
countries. For individuals with less years of education than years of compulsory education, we set years
of education to years of compulsory education.
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retirement or education affects the likelihood of having a health shock. Table 3.4 shows
that auxiliary regressions18 of the health shock variables on the instruments do not
provide much evidence for this concern. All estimates are rather small and far away
from being statistically significantly different from zero.

Table 3.4: The Effects of Retirement and Education on Health Shocks

New condition Grip strength shock

Above early retirement age (in t− 1) 0.004 (0.003) 0.005 (0.006)

Observations 306,108 126,410

Affected by comp. schooling reform -0.000 (0.003) 0.002 (0.003)

Observations 114,532 100,694

Notes: The results for New condition are based on data from SHARE, ELSA and HRS (only for
retirement), the results for Grip strength shock are based on SHARE data. Standard errors (clustered
at individual level) in parentheses; * p < 0.1, ** p < 0.05, *** p < 0.01; Controls include: year
and age fixed effects as well as country-specific linear age/cohort trends; Additional controls in
retirement equation: individual fixed effects; Additional controls in education equation: gender
and cohort fixed effects.

Figures 3.10 and 3.11 present the results of the moderation analysis. Both graphs
show the estimated effects of a health shock on cognitive abilities differentiated by
moderator/instrument status. In both graphs the grey markers show the effects when
the instrument is switched on (i.e. for individuals above the early retirement age
or individuals who were affected by a compulsory schooling reform that increased
minimum years of schooling) and the black markers show the corresponding effects
when the instrument is switched off.

To start with, Figure 3.10 shows the dynamic effects of health shocks on recall (panel
(a)) and verbal fluency (panel (b)) by retirement eligibility. Some of the estimates,
mainly those for the grip strength measure and the long run effects but also those for
individuals below the early retirement age, are somewaht noisy and thus have to be
interpreted with caution. Nevertheless, the overall impression is rather robust: Health
shocks negatively and persistently affect cognitive abilities among both individuals
who are eligible due to their age as well as individuals (of the same age) who are not
yet allowed to retire. Thus, other than expected, retirement eligibility neither seems to
amplify nor to dampen the adverse consequences of health shocks.

Figure 3.11 repeats the exercise for education and interacts the event time with an
indicator for being affected by a compulsory schooling reform which raised years of
compulsory education. It suggests that education likewise does not seem to moderate
the effects of a health shock on cognitive abilities.

18All regressions include age and year fixed effects. The regressions for retirement additionally include
individual fixed effects and country-specific linear age trends, the regression for education country fixed
effects, a gender dummy and country-specific linear cohort trends, instead.
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Figure 3.10: Moderation Analysis – Retirement
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Figure 3.11: Moderation Analysis – Education
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3.5 Conclusion

We analyze the short- and longer-run effects of a health shock on cognitive decline in
older individuals from Continental Europe, UK, and the US. Health shocks are measured
by strong declines in grip strength and the onset of health conditions, while cognitive
abilities are determined experimentally by the word recall and verbal fluency. We also ask
whether the potential effect is moderated by variables that can be comparably easily
changed by policy makers such as the retirement or education system.

In an event study, we find robust evidence that health shocks negatively affect cognitive
functioning. The effects are persistent over a longer time even though most individuals
have recovered from their health shock after some years. Comparing the effect size to
the general age-related decline in cognitive functioning, a health shock, on average,
induces a similar cognitive decline as growing up to four years older. Thus, physical
health shocks also have the potential to bring a long-term care episode for mental health
reasons forward by some years.

The effects of health shocks on cognitive decline do not seem to be moderated by
retirement and education. Thus, we find that higher cognitive capacities (possibly
due to labor force participation or education) do not prevent negative effects of health
shocks. Of course, this does not mean that labor force participation and education
do not pay off in terms of cognitive abilities as the direct effect is usually found to be
positive and significant in the literature.

Taken together, our analysis consistently suggests that physical health shocks signifi-
cantly and persistently impair cognitive abilities in older ages. This finding seems to
hold not only for different regions, representing different health insurance systems, but
also independently of socio-economic characteristics that are, at least some of them,
susceptible to policy action. Therefore, this analysis cannot directly point to concrete
policy measures, such as further promotions of work in older ages, that could help to
curb cognitive decline after a health shock. Nevertheless, we believe that it provides
valuable insights, as it highlights the role of physical health for human capital main-
tenance and suggests that investments in physical health pay double: with a healthy
body and a healthy mind.
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Appendix

Alternative Approach

Here we specify regression models in the spirit of van den Berg et al. (2010) as follows

Cogn. abilitiest = β0 + β1health shockt + X′t−1γ + ε (3.4)

where a health shock is defined by a strong change in health between the waves t− 1
and t, that is, over a period of about two years. The vector X includes gender, age fixed
effects, measures of education, marital status, labor force status, income and wealth,
baseline health, health behavior, country-specific fixed effects and year fixed effects.
All these variables are measured in t− 1 to make sure they are not affected by a health
shock. Table A3.1 lists all variables in detail and reports their descriptive statistics.

Table A3.1: Descriptive Statistics

Variable Mean Std. dev. Min Max

Socioeconomic controls:
Male 0.413 0.492 0.000 1.000
Married 0.669 0.471 0.000 1.000
Separated 0.014 0.118 0.000 1.000
Divorced 0.100 0.300 0.000 1.000
Widowed 0.154 0.361 0.000 1.000
Total household income/1000 44.215 145.355 0.000 60014.375
Household net worth/1000 334.773 798.879 -2245.500 68156.547
0-10 years of education 0.301 0.459 0.000 1.000
11-13 years of education 0.376 0.484 0.000 1.000
Employed 0.309 0.462 0.000 1.000
Unemployed 0.022 0.148 0.000 1.000
Disabled 0.030 0.172 0.000 1.000
Retired 0.548 0.498 0.000 1.000
Household size 2.151 1.039 1.000 19.000
Number of children 2.598 1.814 0.000 21.000
Never drinking 0.333 0.471 0.000 1.000
Ever smoked 0.536 0.499 0.000 1.000
Currently smoking 0.157 0.364 0.000 1.000
Self-assessed health 2.859 1.087 1.000 5.000
# difficulties with ADL 0.233 0.764 0.000 6.000
# difficulties with IADL 0.133 0.525 0.000 5.000

Notes: Descriptives statistics based on 240,810 observations from SHARE,
HRS and ELSA.

A way to account for the potential issue that individuals with low cognitive abilities
might be more likely to experience a health shock suggested by van den Berg et al.
(2010) is to also condition on pre-treatment outcomes (Cogn. abilitiest−1).

Cogn. abilitiest = β0 + β1health shockt + β2Cogn. abilitiest−1 + X′t−1γ + ε (3.5)
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A third specification allows for fixed effects and takes first differences in cognitive
abilities, thus, implicitly assuming that changes in cognitive abilities do not pre-date or
even cause physical health shocks:

∆Cogn. abilitiest = β1health shockt + X′t−1γ + ε (3.6)

where ∆Cogn. abilitiest is defined as a change in cognitive abilities between the waves
t− 1 and t.

If changes in cognitive abilities pre-date or cause physical health shocks, the estimates
for β1 derived from these regressions will be biased. This seems to be less of a problem
for severe health shocks such as myocardial infarctions or cancer diseases, but might be
more relevant for injuries due to falls like hip fractures. Also, time-varying unobserv-
ables that affect both, a health shock and cognitive abilities lead to biased results. We
discuss these issues in more detail in the next subsection but start here with benchmark
results.

The results from six separate regressions (two health shock measures times three spec-
ifications) are reported in Table A3.2. Each cell reports a coefficient of a health shock
measure from a single regression. Apparently, both kinds of health shocks strongly
affect cognitive abilities. Depending on the type of health shock and the regression
model, a health shock goes along with around 0.24–0.46 recalled words less. The effect
size is around 7–13 percent of a standard deviation which is typically regarded as a
considerable amount.

Table A3.2: Baseline Regression Results

Dep. var.: Recall Recall ∆ Recall
(1) (2) (3)

New condition -0.291*** -0.269*** -0.240***
(0.029) (0.026) (0.029)

Grip strength shock -0.464*** -0.406*** -0.337***
(0.042) (0.038) (0.045)

Further control variables yes yes yes
Pre-treatment outcome no yes no
Standard errors clustered at individual level in parentheses; * p < 0.1, **
p < 0.05, *** p < 0.01; Each of the six cells is the result of a different regres-
sion with either New condition or Grip strength shock as explanatory variable
and several control variables. Column numbers (1), (2), (3) match the regres-
sion equations (1), (2), (3) in the text. Regressions on New condition based
on 240,810 observations from SHARE, HRS and ELSA, regressions on Grip
strength shock based on 88,416 observation from SHARE. Further control vari-
ables as indicated in the text.
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Early Retirement Eligibility Criteria

Early retirement eligibility criteria are mainly based on Celidoni et al., 2017. If there are
deviations, sources are reported with country specific rules below.

Austria
For men: Before 2001, early retirement age (ERA) is 60. From 2001 onwards, ERA is still
60 for those with at least 45 contribution years. Otherwise, ERA depends on the year of
birth from 2001 on as follows. From 2001 to 2004, ERA is 61 for those born until 1942
and 62 for those born 1943 and later. From 2005 onwards, ERA is still 61 for those born
until 1942, 62 between 1943 and 1944, 63 between 1945 and 1947, 64 between 1948 and
1950, and 65 for those born in 1951 and later.

For women: Before 2001, ERA is 55. From 2001 onwards, ERA is still 55 for those with
at least 40 contribution years. Otherwise, ERA depends on the year of birth from 2001
on as follows. From 2001 to 2004, ERA is 56 for those born until 1947, 57 for those born
between 1948 and 1951, and 58 for those born in 1952 and later. From 2005 onwards,
ERA is still 56 for those born until 1947, 57 between 1948 and 1949, 58 between 1950 and
1952, 59 between 1953 and 1955, and 60 for those born in 1956 and later.

Belgium
For men: From 1967 to 1997, ERA is 60.

For women: From 1967 to 1986, ERA is 55 and from 1987 to 1997, ERA is 60.

For both: From 1998 on, ERA is 60 for both men and women, depending on contribution
years: In 1998, at least 20 contribution years are needed, 24 in 1999, 26 in 2000, 28 in
2001, 30 in 2002, 32 in 2003, 34 in 2004 and 35 from 2005 on. For individuals employed
in the public sector ERA is 58 from 1986 to 2008.

Czech Republic (see CSSZ, 2019b Ministry of Labour and Social Policy (Poland), 2019,
Rabušic, 2004, CSSZ, 2019a)
For men: Until 2009, ERA is 57. From 2010 onwards, ERA is 60.

For women: ERA depends on the number of children. For women without children
until 2009 ERA is 54. From 2010 to 2014 ERA is 59. From 2015 onwards ERA is 60. For
women with one child until 2009, ERA is 53. From 2010 to 2014 ERA is 58. From 2015
to 2017 ERA is 59. From 2018 onwards ERA is 60. For women with two children until
2009 ERA is 52. From 2010 to 2014 ERA is 57. From 2015 to 2016 ERA is 58. From 2017
to 2018 ERA is 59. From 2019 onwards, ERA is 60. For women with 3 to 4 children
until 2009 ERA is 51. From 2010 to 2014 ERA is 56. From 2015 to 2017 ERA is 57. From
2018 to 2020 ERA is 58. From 2021 to 2023 ERA is 59. From 2024 onwards ERA is 60.
For women with 5 or more children until 2009 ERA is 50. From 2010 to 2017 ERA is 56.
From 2018 to 2020 ERA is 57. From 2021 to 2023 ERA is 58. From 2024 to 2026 ERA is 59.
From 2027 onwards, ERA is 60.
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For both: Contribution years depend on the year, where ERA is reached. Until 2009
CY=25, in 2010 CY=26, in 2011 CY=27, in 2012 CY=28, in 2013 CY=29 in 2014 CY=30,
in 2015 CY=31, in 2016 CY=32, in 2017 CY=33, in 2018 CY=34 and from 2019 onwards
CY=35.

Denmark (see Angelini et al., 2009)
For both: From 1976 to 1978, ERA is 60. From 1979 onwards, ERA is 60 for those people
with at least 30 contribution years.

Estonia (see Puur et al., 2015, Sotsiaalkindlustusamet, 2019)

For men: Before 2001: ERA is 45 if the man is visually impaired or a lilliputian with at
least 20 contribution years. ERA is 55 for a widower with a disabled child and with 20
contribution years. ERA is 60 for those with 5 contribution years. From 2001 to 2020
ERA is reached 3 years before statutory retirement age, resulting in: ERA is 60 for those
born from 1941 to 1956, ERA is 61 for those born from 1957 to 1960 and 62 for those
born since 1961 with 15 contribution years, respectively.

For women: Before 2001: ERA is 40 if the woman is visually impaired or a lilliputian
with at least 15 contribution years. ERA is 50 for those with a disabled child and 20
contribution years. ERA is 55 for those with at least 5 children and 15 contribution years.
ERA is 55 for those with 5 contribution years. From 2001 to 2020 ERA is reached 3 years
before statutory retirement age, resulting in: ERA is 56 for those born in 1946, ERA is 57
for those born from 1947 to 1948, ERA is 58 for those born from 1949 to 1950, ERA is
59 for those born form 1951 to 1952, ERA is 60 for those born from 1953 to 1956, ERA
is 61 for those born from 1957 to 1960 and ERA is 62 for those born since 1961 with 15
contribution years, respectively.

For both: From 2021 onwards, ERA is 60 with at least 40 contribution years, ERA is 61
with at least 35 contribution years, ERA is 62 with at least 30 contribution years, ERA is
63 with at least 25 contribution years and 64 with at least 20 contribution years. From
2027 onwards, ERA will be bounded on life expectation. Having three children reduces
the statutory retirement age by 1 year, four children reduces it by 3 years and five or
more children (or a disabled child) reduces it by 5 years for one parent, respectively. For
civil servants, retirement is possible at every age for those with at least 25 contribution
years.

France (see Godard, 2016)
For both: From 1963 onwards, ERA is 60.

Germany
For men: From 1973 to 2003, ERA is 60 for those with at least 15 contribution years and
63 from 2004 onwards with at least 15 contribution years.
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For women: From 1962 to 2003, ERA is 60 for those with at least 15 contribution years,
62 from 2004 to 2005 with at least 15 contribution years, and 63 from 2006 onwards with
at least 15 contribution years.

Greece (see European Commission, 2019, Hauser and Strengmann-Kuhn, 2004)

For men: For men who started working before 1993: ERA is 58 with 35 contribution
years. For all men: ERA is 60 with 15 contribution years. ERA is 50 for a widower with
a disabled child and 18 contribution years.

For women: For women who started working before 1993: ERA is 55 with 15 contribu-
tion years. ERA is 50 for women with underage children and 18 contribution years. For
women who started working since 1993: ERA is 60 with 15 contribution years. ERA is
50 for women with underage children and 20 contribution years.

For both: ERA is 62 with 15 contribution years.

Israel (see Kol-Zchut, 2019, Shai, 2018, Ministry of Justice (Israel), 2019)

For men: ERA is 60 for men.

For women: Until 2004, ERA is 55. From 2005 onwards, ERA is 58 for those born
between May 1951 and April 1953, 59 for those born between May 1953 and April 1955
and 60 for those who were born after April 1955.

For both: (Kindergarten-)Teacher can retire at every age with at least 20 contribution
years. ERA is 57 for kindergarten teachers born between March 1947 and April 1948, 58
for those born between May 1948 and April 1950 and 59 for those born after April 1950
with at least 10 contribution years, respectively. For other civil servants ERA is 55 for
those born between March 1949 and April 1950, 56 for those born between May 1950 and
April 1952, 57 for those born after April 1952 with 25 contribution years, respectively.
For other civil servants ERA is 60 with at least 10 contribution years.

Italy (see Angelini et al., 2009)

For both: From 1965 to 1995, ERA is at any age possible for those with at least 35
contribution years (25 in the public sector).From 1996 to 1997 ERA is 52 in the private and
public sector with at least 35 contribution years (or 36 contribution years independently
of age), for self-employed, ERA is 56 with at least 35 contribution years. In 1998, ERA is
53 for the public sector, 54 for the private sector and 57 for self-employed. In 1999 ERA
is 53 for the public sector, 55 for the private sector and 57 for self-employed. In 2000,
ERA is 54 for the public sector, 55 for the private sector, 57 for self-employed. In 2001,
ERA is 55 for the public sector, 56 for the private sector, 58 for self-employed. In 2002,
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ERA is 55 for the public sector, 57 for the private sector, 58 for self-employed. In 2003,
ERA is 56 for the public sector, 57 for the private sector, 58 for self-employed. From
2004 onwards, ERA is 57 for both the private and public sector, 58 for self-employed.
The requirements in terms of years of contributions remain the same in the period from
1996 onwards.

Netherlands
For both: From 1975 to 1994, ERA is 60 for those with at least 10 contribution years.
From 1995 onwards, ERA is 62 with at least 35 contribution years.

Slovenia (see ZPIZ, 2019, Government Office for Legislation (Slovenia), 2013)

For men: ERA is 59 for a father of one child and 58 for a father of two or more children
with at least 40 contribution years.

For women: ERA is 56 for a mother of five or more children, 57 for a mother of three
to four children, 58 for a mother of 2 children and 59 for a mother of 1 child with 40
contribution years, respectively.

For both: From 2013 onwards ERA is 60.

Spain
For both: Until 1982, ERA is 64. From 1983 to 1993, ERA is 60. From 1994 to 2001, ERA
is 61, and from 2002 onwards, ERA is 61 for those with at least 30 contributions years.

Sweden
For both: From 1963 to 1997, ERA is 60. From 1998 onwards, ERA is 61.

Switzerland
For men: From 1997 to 2000, ERA is 64. From 2001 onwards, ERA is 63.

For women: From 2001 onwards, ERA is 62. Note, that before 2001, the official retirement
age for women was at most 63. Thus, women are allowed to retire earlier than men at
any point in time.
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Chapter 4

Labor Market Spillover Effects of a
Compulsory Schooling Reform in
Germany∗

4.1 Introduction

Compulsory schooling reforms are often used to estimate returns to education as they
are unrelated to individual characteristics and preferences and thus arguably eliminate
selection bias.1 However, since these reforms affect a large number of individuals and
thus have a high share of compliers, they might have spillover effects. Such spillover
effects constitute a problem for identification and consistent estimation of returns to
schooling as they imply that individuals who are used to estimate the counterfactual
outcome distribution for treated units can be affected by the policy, too. Because this
problem is difficult to address, it is often ignored or assumed away in the returns to
education literature. This can also be problematic, because the total (general equilibrium)
effect of a policy intervention can differ largely from partial equilibrium estimates
based on standard policy evaluation techniques that assume away any kind of policy
externalities on individuals or the economy as a whole (Abbring and Heckman, 2007).2

In this paper I study potential long-run spillover effects of a large scale educational
reform that raised length of compulsory schooling from eight to nine years in all West

1For Germany see e.g. Pischke and von Wachter (2008); Kemptner et al. (2011); Kamhöfer et al. (2019);
Cygan-Rehm (2021); Margaryan et al. (2021).

2For example, Heckman and Lochner (1998) simulate the effects of a tuition policy on college atten-
dance and earning in a framework allowing for general equilibrium effects and compare the estimates to
their partial equilibrium counterparts. Their results indicate that the partial equilibrium effects for such a
policy differ largely from the general equilibrium effects of the reform.

∗This chapter is published as a working paper: Schiele, V. (2022). Labor market spillover effects of
a compulsory schooling reform in Germany. Working Paper Dissertations 84, Paderborn University,
Faculty of Business Administration and Economics.
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German federal states. I argue that the reform likely exhibited spillover effects on
individuals not directly subject to the reform, since the reform led to a negative shock
in the supply of basic track graduates in the reform year. I suspect that this negative
labor supply shock led to a persistent increase in employment and wages of individuals
who graduated in close temporal distance to the reform. In a recent study Morin (2015)
estimates the wage effects of a positive shock in cohort size that was due to the abolition
of the 13th grade in Ontario (Canada). He indeed finds substantial wage losses (between
5 and 9 percent) in the short-run for graduates who left school in the double-cohort year.
Previous literature has shown that the role of initial labor market conditions are decisive
factors also for later life labor market outcomes. Unfavorable labor market conditions
such as high unemployment at labor market entry of graduates are known to have large
and persistent effects on wages and employment (see e.g. Schwandt and Von Wachter,
2019; Oreopoulos et al., 2012; Kahn, 2010, or Von Wachter, 2020 for an overview). These
negative effects can be explained to a large extend by an increase in mismatch between
skills provided by graduates and skills demanded by employers during recessions (Liu
et al., 2016).

To estimate the long-run spillover effects of the reform on labor market outcomes of
individuals who were not directly affected by the increase in years of compulsory
education, I exploit the staggered introduction of the compulsory ninth grade during
the 1940ies, 50ies and 60ies across states in a difference-in-differences design. By doing
so, I essentially compare wage and employment differentials of basic track graduates
who left school close to the reform year and individuals who left school earlier to the
wage/employment differentials of basic track graduates of the same cohorts who lived
in other states and thus were not affected by the reform at that time. In order to rule
out that the estimates are driven by wage or employment effects of schooling or wage
and employment effects due to a changes in the skill composition of the workforce,
I exclude individuals who were directly affected by the reform from the estimation
sample. The data come from the Sample of Integrated Labor Market Biographies (SIAB)
and the Qualification and Course of Employment (QaC) surveys. While the SIAB provides
social security records on earnings on a daily basis for nearly 1.5 million workers and
therefore even allows for identification of small effects, its measure of schooling is quite
broad. I therefore check the robustness of the results using data from the QaC survey,
which provides more detailed information on schooling but has a smaller sample size.

The contribution of the study is threefold. First, it contributes to our understanding of
the role of labor market conditions at the time of graduation on subsequent labor market
outcomes. While the existing literature mainly examines the effects of (unfavorable)
labor market conditions due to a reduction in labor demand, I focus on potentially
favorable conditions due to a reduction in labor supply. Second, the results may provide
important insights into whether previous studies of the monetary returns to additional
years of compulsory education also report effects close to zero because they use as
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control units individuals who are affected by the reform, contrary to the assumptions
made there. Finally, the paper adds to a small but growing strand of the economics
of education literature that uses microdata and methods from the program evaluation
literature to examine the externalities of educational interventions (Bianchi, 2020; Morin,
2015; Moretti, 2004; Duflo, 2004).

My results show that, although there was a substantial drop in the number of basic track
graduates in the reform year, there were no long-term spillover effects of the reform on
wages and employment for male graduates who left school shortly before the reform.
For women, I find some evidence that graduating just before the reform increased
employment and hourly wages in the long run, suggesting that the relative shortage
of (male) entrants may have been compensated by female high school graduates who
otherwise would not have entered the labor market at that time.

The remainder of the paper is structured as follows. In Section 4.2 I provide a short
description of the educational system and the compulsory schooling reform. Section
4.3 describes the data and explains the empirical strategy. The results are presented in
Section 4.4 and Section 4.5 concludes.

4.2 Institutional Background

In Germany students are tracked after they have finished primary school, i.e. after
finishing fourth grade. Basically, there are three secondary school tracks available:3

Hauptschule, the basic track that leads to a school leaving certificate after grade 8 or 9;
Realschule, the intermediate track that leads to a school leaving certificate after grade 10;
and Gymnasium the academic track that leads to a higher education entrance qualifica-
tion after grade 13. While students from the basic and intermediate track typically start
an apprenticeship after school completion, students from the academic track typically
attend a university.

After Word War II all West German states stuck to a three-tiered school system with the
aforementioned tracks. However, the length of schooling in the basic track varied over
time and states. This is because education policies lay at the responsibility of individual
states and not of the federal government. Some, mainly northern states introduced a
compulsory ninth grade in the 1940ies, 50ies and early 60ies while others, foremost
southern states decided to maintain eight years of compulsory schooling at that time.
However, in 1964 all West German states agreed in the Hamburg Accord to harmonize
length of compulsory schooling and the start of the school year across states. Until 1966

3Comprehensive schools that do not track students before the tenth grade were introduced only in the
early 1970ies and played a negligible role (as measured by enrollment) in the education system at that
time.
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the school year started in April and ended in March of the following year in all states
but Bayern, where students finished their grades in July and were promoted to the next
grade in August. From 1967 onwards the school year started in August and ended in
July all over West Germany. Thus, all states but Bayern had to move the start of the
school year from April to August. This was done either by extending the length of the
1966/1967 school year by four months (i.e. having one long school year) or by splitting
the transition period April 1966 - July 1967 into two short school years, the first lasting
from April 1966 until November 1966 and the second lasting from December 1966 until
July 1967 (see e.g. Pischke, 2007; Pischke and von Wachter, 2008; Helbig and Nikolai,
2015).

When the accord was signed, only five states had laws requiring students to stay
in school for only eight years (see Table 4.1). Four of these states, namely Baden-
Württemberg, Hessen, Nordrhein-Westfalen, and Rheinland-Pfalz, decided to use the
school year transition period to introduce the compulsory grade 9. Thus, the compul-
sory schooling reform coincided with the short school years in these states. Although
this coincidence might affect treatment intensity4, it should not bias my estimates, as I
exclude individuals from cohorts that were directly affected by the reforms.

Table 4.1: Years of Schooling for Basic Track Students by State

BW BY HB HE HH NI NW RP SH SL

First year when all students
left school after grade 9 ’67 ’70 ’59 ’67 ’50 ’63 ’67 ’67 ’57 ’65

’66/’67 school year type ssy – ssy ssy lsy lsy ssy ssy ssy ssy

Last year when all students
left school after grade 8 ’66 ’68 ’57 ’66 ’48 ’61 ’66 ’66 ’55 ’63

Last birth cohort with
8 years of comp. schooling ’51 ’53 ’42 ’51 ’33 ’46 ’51 ’51 ’40 ’48

Months between graduation of
last cohort with 8 and first 16 24 24 16 24 24 16 16 24 24
cohort with 9 years of schooling

Notes: Largely based on Pischke and von Wachter (2005), Pischke and von Wachter (2008) and Pischke (2007), for
details see Footnote 5; ssy: short school year, lsy: long school year; BW: Baden-Württemberg; BY: Bayern; HB: Bre-
men; HE: Hessen; HH: Hamburg; NI: Niedersachsen; NW: Nordrhein-Westfalen; RP: Rheinland-Pfalz; SH: Schleswig-
Holstein; SL: Saarland.

If all basic track students who finished eighth grade in the reform year had to stay one
year longer in school due to the introduction of the compulsory ninth grade, then there
should be a drop in the number of basic track graduates in the reform year. Figure

4While the first cohort with 9 years of compulsory schooling left school 24 months after the last cohort
with 8 years of compulsory schooling in all other states, this gap was only 16 months in the four states
where the short school years coincided with the compulsory schooling reform (Table 4.1).
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4.1 shows the number of basic track graduates sampled in the Qualification and Course
of Employment (QaC) surveys by year of graduation (centered around the year of the
reform in the respective home state). There is indeed a sizable drop in the number of
graduates from basic track schools in the reform year (almost -20 percent compared to
the pre-reform year) which is, however, smaller than expected.

Figure 4.1: Basic Track Graduates by Year of Graduation
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Notes: Own calculations based on QaC data. The graph shows the number of basic track graduates by year of graduation, where
the year of graduation is centered around the year of introduction of the compulsory ninth grade.

An obvious explanation for the weaker drop in basic track graduated is the coincidence
of the short school years and the compulsory schooling reform in Nordrhein-Westfalen,
Hessen, Rheinland-Pfalz and Baden-Württemberg. Students from the last cohort with
eight years of compulsory schooling left school in March 1966 in these states, while
the following cohort – the first cohort with nine years of compulsory schooling – left
school in July of the following year after having finished grade 7 in March 1966, grade
8 in November 1966, and grade 9 in July 1967.5 Other explanations include early
introductions of the compulsory ninth grade in some counties (see Pischke and von
Wachter (2008) for details) and grade repetitions.

5The coding in Pischke and von Wachter (2008) seems to differ slightly for these states. According
to the working paper version of their article Pischke and von Wachter (2005), the first cohort with nine
years of compulsory schooling in theses states was the 1953 birth cohort. However, using the same rule
to calculate year of school enrollment and graduation as Pischke and von Wachter (2005), I end up with
the 1952 birth cohort being the first cohort with nine years of compulsory schooling. This cohort, was
enrolled into school in April 1959, finished grade 7 in March 1966 and then had to stay in school for two
additional (school) years. As these two school years were the short school years, students from this birth
cohort should have graduated in July 1967, the first year when all basic track students were obliged to
graduate after nine years of schooling.
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4.3 Empirical Approach

4.3.1 Identification and Estimation

If basic school graduates achieve better job matches when there are less potential labor
market entrants and thus less competitors for a job or apprenticeship, then raising com-
pulsory schooling might increase wages in the long run for those basic track graduates
who left school close to the reform. I define treatment as being part of the last cohort
of basic track students with eight years of compulsory schooling. Since the timing of
the introduction of the compulsory ninth grade varies across states, I use a generalized
difference-in-differences (Diff-in-Diff) model with multiple groups as to investigate
whether the compulsory schooling reform might have led to persistent wage gains for
basic track students who left school in the pre-reform year:

yisct = αs + λc + δt + αs × ci + βlast_cohortsc + εisct (4.1)

where yisct is either the log wage of or an employment dummy for individual i as
measured in year t, who lives in state s and is part of cohort c; αs are state fixed effects,
λc denote birth cohort and δt year fixed effects, αs × ci are state specific linear birth
cohort trends. Finally, last_cohort is a dummy for being part of the last cohort with 8
years of compulsory schooling, and εisct is an error term.

In this setting, β is the Diff-in-Diff parameter which gives the effect of graduating as
part of the last cohort with 8 years of schooling. Note that other than in a classical
Diff-in-Diff setting, the variable last_cohort is not determined by a combination of group
membership and time in which the outcome is measured (i.e. before or after treatment),
but by a combination of group membership (state) and cohort membership (year of
birth). Still identification is based on the staggered introduction of the compulsory ninth
grade across states. However, because this study focuses on the long-term effects of the
reform, it takes advantage of the fact that the staggered implementation of the reform
has led to differences in how birth cohorts are affected across states. Thus, by focusing
on β1, I compare the difference in wages between the last cohort of basic track graduates
with 8 years of compulsory schooling and previous cohorts to the difference in wages
between graduates from the same cohorts but different states, where a compulsory
ninth grade was not yet introduced at that time. As it is possible that the labor market
shock in the reform year did not only affect the last but also the second to last, third to
last etc. cohort with 8 years of education I estimate alternative versions of equation 4.1.
In these versions last_cohorts is either a dummy for being part of the last 2 or 3 cohorts
with 8 years of compulsory schooling.

For several reasons individuals who left school after the introduction of the ninth grade
are excluded from the analysis. First, these graduates might achieve higher wages due
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to the additional year of schooling. Second, if I would use these cohorts as control
units, I had to assume that there were no changes in relative skill prices due to the
compulsory schooling reform. Third, since students were enrolled into school in August
from 1967 onwards, the cut-off date for enrollment was in the mid of the year for most
students with 9 years of compulsory schooling, which makes it more difficult to impute
cohort membership and year of graduation from year of birth. Thus, by excluding these
cohorts, I can rule out that the estimates capture direct wage effects of the compulsory
schooling reform and avoid that the results are driven by changes in skill prices due to
the reform.

The main identifying assumption in this setting, the Common Trends (CT) assumption,
implies that in absence of the reform, the wage differential between the last cohort with
8 years of compulsory schooling and earlier cohorts in treatment states would have been
the same as the wage differential between these cohorts in states without a compulsory
schooling reform (at that time). To assess whether this is a reasonable assumption, I
estimate a more flexible version of Equation 4.1 that has the following form:

yisct = αs + λc + δt + αs × ci + µa +
r=−4

∑
r=−9

µr + εisct (4.2)

where αs, λc and δt are again state, birth cohort and year fixed effects and αs × ci are
state-specific trends in birth cohorts. Here, however I do not include one indicator for
the last cohort with eight years of education, but instead include several so called event-
time indicator variables µr for graduation cohorts based on their year of graduation
measured relative to the reform year. Let ks denote the reform year in state s and li
the year of graduation of individual i, then ris is defined as ris = li − ks. Thus, µ−9 is a
dummy for having graduated nine years before the reform, µ−8 is a dummy for having
graduated eight years before the reform, etc. Finally, µa is a dummy variable that takes
on the value 1 if an individual has graduated more than 10 years before the reform, i.e.
if ris < −10, and µ−10 is normalized to zero.

Note that when estimating 4.2, I exclude cohorts that graduated in the 3 years prior to
the introduction of the compulsory ninth grade, i.e. all cohorts that graduated in close
temporal proximity to the reform and thus are arguably affected by the potential labor
market shock of the reform. In doing so, I follow arguments of de Chaisemartin and
D’Haultfoeuille (2020) who suggests to exclude treated individuals from the estimation
when assessing the credibility of the common trends assumption in settings with
potential effect heterogeneity, since otherwise the estimates for µr that are used to assess
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the common trends assumption can be contaminated by (the dynamics of) treatment
effects.6

Another potential thread to the empirical strategy is that students might manipulate
treatment status. This, however, requires them either to move to another state, to change
the school track, or to delay graduation/push graduation forward. I argue, that it is
rather unlikely that students or their parents move to another state due to a reform
that does not affect them directly, especially since moving across state borders is quite
seldom.7 Moreover, there seems to be little incentive to delay graduation by repeating a
grade, as repeating a grade could be seen as a bad signal on the labor market. Skipping
classes, on the other hand, is the absolute exception in the German education system
and only possible under exceptional circumstances. Since students or their parents have
to decide on a school track already after the fourth grade and switching from one school
track to another is rare, I expect selection into treatment not to be a serious problem
here.

4.3.2 Data and Measurement

The main data source is the Sample of Integrated Labour Market Biographies (SIAB),8 a
data set that provides social security records on a daily basis for about 2 percent of all
individuals who i. have been in employment subject to social security, or ii. received
unemployment benefits in the period 1975-2010.9 For people sampled in the SIAB, the
data provides information on all employment spells between 1975 and 2010, including
the start and end date of each spell, daily wages up to the social security contribution
ceiling (Beitragsbemessungsgrenze), occupation, a very broad measure of working time,
the district region of the work place, and some basic demographic information such
as year of birth, gender, nationality as well as schooling and vocational training (Vom
Berge et al., 2013; Dorner et al., 2010). I use the spell data to generate a panel data set
with yearly observations that includes the relevant information for the period 1975-1990
as present at the 1st of July of each year.

While the great strength of SIAB is its high quality information about daily wages for a
large number of employees (in total about 1.5 million), it also has two disadvantages.
First, and more important, there is no distinct measure of school track and no infor-
mation about year of graduation available in the SIAB. Instead, highest educational

6As shown by Goodman-Bacon (2021) the "contamination" results from using already treated units as
control units and can occur in the presence of effect heterogeneity.

7Pischke (2003) reports that according to the ALLBUS survey more than 80 percent of respondents
live in the same state as they have lived at the age of 6 (the usual school entrance age in Germany)

8The data basis is the scientific use file of the Sample of Integrated Labor Market Biographies (SIAB-R
7510) provided by the Federal Institute for Employment Research (IAB).

9SIAB also covers information on individuals who have been employed in marginal part-time employ-
ment, participated in programs of active labor market policies, or have been registered as job-seekers, but
only for some periods and not the entire period covered by SIAB.
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attainment and vocational training is combined in one variable, making it impossible to
identify individuals’ school tracks unambiguously. Second, SIAB does not contain the
number of working hours. The only information related to working time included in the
data set is a variable that allows to distinguish between people who work more than a
certain number of hours a day and people working less than this amount (depending on
the year the threshold varies between 15 and 20 hours). I thus cannot calculate hourly
wages, but have to stick to daily wages when using SIAB.

To deal with these issues I also use the Qualification and Course of Employment (QaC)10

surveys as a second data source. The QaC surveys have been conducted by the Federal
Institute for Vocational Education and Training (BIBB) in cooperation with the Institute
for Employment Research (IAB) in the years 1979, 1985/86, 1991/92 und 1998/99. They
provide representative information about current and past employment (wages, occu-
pations, vocational requirements, working conditions) and education among employees
and self-employed persons. Although the sample size of these cross-sectional surveys
are much smaller than the sample size of SIAB, they have some attractive features. First,
they provide more detailed information about educational attainment than SIAB. The
QaC data does not only include information about highest educational attainment but
also about year of graduation. Second, the QaC data contains the number of hours
worked per week which can be used – in combination with weekly wages – to calculate
hourly wages.

For both data sets applies that they do not include direct information about school
track choice and state of residence at the age of school entry. I thus follow the standard
procedure (see e.g. Pischke and von Wachter, 2008; Kemptner et al., 2011; Margaryan
et al., 2021) and use highest educational attainment to impute school track and approxi-
mate state of residence during time at school by current state of workplace (SIAB) and
state of residence (QaC), respectively. I do not expect this approach to have a sizable
impact on the estimates, as mobility across state borders is quite low (Pischke, 2003) and
changing the school track is quite complicated in Germany. Based on (imputed) school
track, I then calculate the year of graduation for basic track graduates according to the
following rule: year of birth plus 7 (the year after birth in which students enter school)
plus 8 (number of years in school). Finally, comparing expected year of graduation and
the year of the introduction of the compulsory ninth grade, I define the treatment status.
Table A4.1 in the appendix gives an overview about the treatment status (last_cohort)
by year of birth and state and cohorts included in the sample (see also Section 4.3.1).

When using the SIAB, I need an additional assumption to define treatment status. In the
SIAB one can only distinguish between individuals who attended basic or intermediate
track schools and individuals who attended academic track schools. I therefore assume

10The data used in this paper were made available by the gesis – Leibniz-Institute für Sozialwis-
senschaften.
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that all students who do not hold a higher education entrance qualification, to have
attended basic track schools when using the SIAB data. This, of course, means that some
individuals are misclassified with respect to school track attendance.11 Contrasting the
results based on the SIAB with the results based on the QaC data helps to evaluate
whether this assumption is crucial for my findings. It does not seem to be.

As a first outcome measure I use the log daily wages in the SIAB data and log hourly
wages in the QaC data (both in 1995 Euro). Due to the relatively high level of collective
bargaining coverage in Germany, which might prevent employers to pay higher wages
to attract employees in times of scarce labor supply, especially in the apprenticeship
occupations, I also consider possible effects of the reform on the employment probability
of those not directly affected by the reform. I do this using a pseudo-panel that is
constructed based on the SIAB panel. This pseudo-panel contains the same information
as the panel for the wage regression plus a dummy variable for employment. This
dummy variable indicates whether a person is in employment (subject to social security)
or not. It takes the value 1 for persons who are in employment (subject to social security)
according to the SIAB data on the reference date. Persons who do not appear in the raw
data on the reference date of the respective year (i.e. who were not employed subject to
social security on the reference date), but were employed on any other reference date
during the period 1975-1990, are assigned the value 0.

The data are restricted in all analysis to basic track graduates (as defined above) who
are between 20 and 58 years old and who were born after 1922 and were not subject
to the introduction of the compulsory ninth grade in all analyses. Table 4.2 shows
sample statistics for both data sets. The average log wage is 4.1 in the SIAB and 2.2 in
the QaC data, corresponding to a daily wage of 61.07 Euro (SIAB) and a hourly wage
of 9.22 Euro (QaC). Individuals who are part of the sample are employed (subject to
social security) on average on 74 percent of all 1st of July during the period 1975 to 1990.
About 4 percent of the observations belong to individuals who are part of the last cohort
with 9 years of compulsory schooling. The average age is 43-45 years. In general, the
descriptive statistics in SIAB and QaC are similar. The largest differences can be found
for the proportion of females. This is about 30 percent in the SIAB data and 36 percent
in the QaC data. The difference is not surprising, since women are relatively often in
atypical employment and thus less often sampled in the SIAB compared to the QaC
data.

11Note, however, that the intermediate track was not very popular until the 1970ies. In the period
1952-1969 only between one in ten and less than one in five students in the eighth grade attended a
intermediate track school (Köhler and Lundgreen, 2014).
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Table 4.2: Descriptive Statistics

SIAB QaC

mean sd mean sd

Outcome variables
Log wage+ 4.112 0.462 2.221 0.439
Employed (d)− 0.739 0.439

Treatment variables
Last cohort (d) 0.036 0.185 0.043 0.202
Last 2 cohorts (d) 0.070 0.255 0.088 0.284
Last 3 cohorts (d) 0.113 0.317 0.143 0.350

Control variables
Female (d) 0.366 0.482 0.307 0.461
Age 43.281 7.669 44.540 7.536
Year of birth 1938.677 7.057 1940.163 6.911
Year 1981.958 4.498 1984.703 6.392
BW (d) 0.177 0.382 0.156 0.363
BY (d) 0.201 0.401 0.202 0.401
HB (d) 0.011 0.105 0.009 0.095
HH (d) 0.009 0.096 0.004 0.061
HE (d) 0.099 0.299 0.102 0.302
NI (d) 0.100 0.299 0.106 0.308
NW (d) 0.306 0.461 0.306 0.461
RP (d) 0.057 0.232 0.076 0.266
SH (d) 0.023 0.150 0.022 0.146
SL (d) 0.016 0.127 0.017 0.129

Observations 2,592,588 24,055

Notes: (d) indicates dummy variables; + Wage refers to the daily wage
in the SIAB and to the hourly wage in the QaC data; − The number of
observations when using the pseudo-panel and employment as depen-
dent variable is 3,512,494; BW: Baden-Württemberg; BY: Bayern; HB: Bre-
men; HE: Hessen; HH: Hamburg; NI: Niedersachsen; NW: Nordrhein-
Westfalen; RP: Rheinland-Pfalz; SH: Schleswig-Holstein; SL: Saarland.

4.4 Results

Table 4.3 gives the estimation results for the Diff-in-Diff model based on the SIAB for
all basic track graduates and separately for men and women. Each row represents a
separate regression. The first block shows the results for the wage regressions, the
second block those for the regressions with the employment dummy as dependent
variable. Within each block, the estimates reported in the first row are for the baseline
treatment where the introduction of the compulsory ninth grade is assumed to affect
only the last cohort with 8 years of compulsory schooling. The estimates in the second
and third row account for the possibility that the negative shock in basic track graduates
in the reform year might not only affect the employment prospects of the last cohort
of graduates with 8 years of schooling but also of the second to last and third to last,

75



respectively.

Table 4.3: Baseline Results

All Men Women

dep. var. Coeff. (S.e.) Coeff. (S.e.) Coeff. (S.e.)

log daily wages

Last cohort -0.001 (0.006) 0.002 (0.003) -0.004 (0.017)
Last 2 cohorts 0.000 (0.007) 0.004 (0.003) -0.000 (0.020)
Last 3 cohorts 0.009* (0.004) 0.007** (0.003) 0.018 (0.013)

Obs. 2,617,600 1,644,659 972,941

employment

Last cohort 0.003 (0.002) 0.000 (0.004) 0.008* (0.004)
Last 2 cohorts 0.002 (0.002) 0.002 (0.005) 0.005 (0.006)
Last 3 cohorts 0.003 (0.003) -0.003 (0.004) 0.013* (0.007)

Obs. 3,512,494 2,029,057 1,483,437

Notes: Coefficient β from estimations of Equation 4.2 based on data from the SIAB; Standard
errors clustered at state level; * p < 0.1, ** p < 0.05, *** p < 0.01; Each estimate comes from a
separate regression; Controls include state, year of birth and year fixed effects, a gender dummy
and state-specific year of birth trends.

The estimates suggest that there was no persistent effect of graduating shortly before the
reform for basic track graduates. According to the results, graduating in the pre-reform
year (row 1) is associated with a wage loss by 0.1 percent. The estimated coefficients for
graduating in one of the last two (row 2) are positive, but economically and statistically
not significant. Only for those who graduated 3 years prior to the introduction of the
compulsory ninth grade (row 3) I observe a slightly larger effect that is statistically also
marginally significant. The effect size is, however, still rather small (less than 1 percent).
Furthermore, if the shock in potential labor market entrants due to the introduction
of the compulsory ninth grade led to better job (or apprenticeship) matches and thus
persistent wage gains for labor market entrants one would expect a positive effect first
and foremost for those graduating in the last pre-reform year and, to a smaller degree,
for those graduating one or two years earlier. However, my estimates do neither suggest
positive wage effects for either of these cohorts nor do they decrease with increasing
distance to the reform year.

The results stratified by gender in the following columns are similar with the pooled
results. The estimates for graduating in the last pre-reform year are small and not
significant. Not surprisingly, considering the results for both genders, I find the largest
estimates for the broadest treatment definition. As these estimates are nevertheless
rather small and since I cannot provide a reasonable explanation for these results, I
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prefer to interpret them as a statistical artifact at this stage of the analysis instead of
evidence for spillover effects of the compulsory schooling reform.

The second part of Table 4.3 shows the results for the employment dummy as dependent
variable. In line with the results for wages, I find no evidence that graduating prior but
close to the reform year had an effect on employment prospects for men. All estimates
for men are almost indistinguishable from zero. For women the results are somewhat
less clear cut. All of them are positive and two out of three also statistically significant
and thus seem to be compatible with the aforementioned hypothesis, at least to some
extend. The largest estimate for women indicates that graduating in the 3 years prior to
the introduction of the ninth grade increased the likelihood of being employed by 1.3
percentage points, corresponding to an increase of 2 percent as measured at the mean of
the dependent variable.

The validity of the estimation approach used here hinges on the assumption of common
trends. Figure 4.2 shows how wages (left panels) and employment (right panels)
of graduates developed by year of graduation (centered around the reform year),
conditional on fixed effects and relative to wages/employment of the cohort that
graduated 10 years before the reform (reference group). For neither outcomes there is
any evidence for a violation of the CT assumption. This impression holds when looking
on men and women separately. In total, two out of the 36 (i.e. 5.56 percent of) estimates
differ statistically from zero at the 5 percent significance level. This is what one would
expect simply by chance. Even if ignoring statistical significance, I do not find any
indication for a systematic deviation from the common trend assumption, instead the
estimates fluctuate randomly around zero.

As the SIAB data does not include information on the year of graduation, the treatment
assignment is based on year of birth in the results presented so far. Using calculated
instead of actual year of graduation to assign treatment status might introduce measure-
ment error and thus bias. To prove robustness of results with respect to the assignment
to treatment and control group, Table 4.4 repeats the analysis but now using QaC data.
The first three columns of the table repeat the baseline analysis and report the results
for the treatment assignment based on year of birth (column header calculated year of
graduation). Columns 4-6 give the results for the treatment assignment based on Stated
year of graduation. Note that the dependent variable is now the log hourly wage instead
of the log daily wage.

When looking at the results for the QaC data, there are two notable things. First, whether
I assign treatment status on the basis of home state and year of birth or whether I use
self-stated year of graduation does not seem to matter much, suggesting that bias due
to measurement error or self-selection into treatment is negligible. Second, there are
marked differences between the results for men and women when using the QaC data
instead of SIAB. While the results for men are in line with the baseline results based on
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Figure 4.2: Assessment of CT Assumption
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Notes: Coefficients µr from estimations of Equation 4.2 based on data from the SIAB. µ−10 is restricted to zero. 95% confidence
intervals reported. Standard errors clustered on state level.

the SIAB data, pointing to zero effects of graduating shortly before the reform, the results
for women strongly suggest positive and statistically significant effects. Specifically,
I find that graduating in the last year before the reform took effect, increased hourly
wages by 6.4-7.4 percent. For the broader treatment definitions which include also
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graduates who graduated two and three years, respectively, before the reform, the
estimates are somewhat smaller but still sizable. Due the reduced sample size and thus
low precision they are not statistically significant. The overall impression, however, fits
to the hypothesis that the advantage of graduating close to the reform decreases with
increasing distance between year of graduation and year of the reform.

Table 4.4: Results QaC

Calculated year of graduation Stated year of graduation

All Men Women All Men Women

Coeff. Coeff. Coeff. Coeff. Coeff. Coeff.
dep. var. (S.e.) (S.e.) (S.e.) (S.e.) (S.e.) (S.e.)

log hourly wages

Last cohort 0.027 -0.000 0.074** 0.020 0.001 0.064**
(0.024) (0.021) (0.028) (0.019) (0.020) (0.021)

Last 2 cohorts 0.016 -0.007 0.056** 0.016 -0.010 0.061
(0.022) (0.014) (0.036) (0.023) (0.014) (0.040)

Last 3 cohorts 0.024* 0.012 0.045* 0.024 0.009 0.050
(0.015) (0.010) (0.029) (0.016) (0.010) (0.032)

Obs. 24,055 16,682 7,373 23,915 16,584 7,331

Notes: Coefficient β from estimations of Equation 4.2 based on data from the QaC; Standard errors
clustered at state level; * p < 0.1, ** p < 0.05, *** p < 0.01; Each estimate comes from a separate
regression; Controls include state, year of birth and year fixed effects, a gender dummy and state-
specific year of birth trends

Assuming that the results for women in the QaC data really capture the effects of the
reform, there are at least two potential explanations for the differences compared to
the results for women in the SIAB.12 The first explanation relates to the fact that SIAB
and QaC do not sample the same population. While the SIAB sample includes only
individuals subject to social security (e.g. no self-employed or marginally employed
workers and no civil servants), the QaC sample includes individuals in any type of
work. Thus, if graduating shortly before the reform has increased wages only for women
and only in sectors/occupations not sampled in the SIAB, e.g. for women who are in
marginal employment, this might explain the differences. The second, also speculative
explanation relates to differences in the definition of the dependent variable, i.e. that
I use daily wages in the SIAB but hourly wages in the QaC data: It could be that the
shortage of (male) workers and potential (male) trainees led to better job offers and
higher demand for female workers. This may have led to more women entering the
labor/apprenticeship market immediately after graduation who otherwise would not
have entered (at that time). In the long run, this might then reflect in higher hourly

12A violation of the CT assumption for the QaC sample does not appear to be one of them, as shown in
Figure A4.1 in the appendix.
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wages. If, however, these women respond to an increase in higher hourly wages with
a reduction of working hours (e.g. because women "choose" their total income), this
could explain why effects can be found for women in the QaC for hourly wages but not
for daily wages in the SIAB data. Considering that the women in the estimation sample
were born before 1953 and thus on average had a rather low labor market attachment
compared to men and remembering that in the SIAB I indeed find weak evidence for
positive employment effects of the labor supply shock, this seems to be a reasonable
(though still somewhat speculative) explanation.

4.5 Conclusion

In this paper I investigate in potential long-run labor market spillover effects of the
introduction of a compulsory ninth grade in West German basic track schools during
the 1940ies, 1950ies and 1960ies. The reform led to a negative shock in basic track
graduates in the reform year which might have improved job match quality, career
opportunities and thus employment prospects and wages of individuals who graduated
close to the reform year. To estimate the effects of the labor supply shock on later wages
and employment, I make use of large administrative and survey data and exploit the
staggered introduction of the compulsory ninth grade across West German federal states
in a Diff-in-Diff design.

I do not find evidence that the shock in the supply of labor market entrants due to the
compulsory schooling reform had a long-run effect on labor market outcomes of men
who graduated shortly before the reform. However, I find some evidence that the reform
has increased employment and hourly wages (but not earnings from employment) of
women who graduated in close temporal distance. A potential explanation for these
results is that employers tended to fill vacant (apprenticeship) positions with female
graduates who otherwise would not have entered the labor market at that time and that
the observed effect for women is a result of increased work experience among these
women. Note that the finding of zero long-run effects for men does not necessarily
imply zero effects in the short or medium run. It might also be, that positive wage or
employment effects of favorable labor market conditions vanish after some years, just
as the negative wage effects of disadvantageous labor market conditions (e.g. high
unemployment) seems to fade after 10-15 years (Von Wachter, 2020), and that these
dynamics are not symmetric for men and women. While I cannot provide estimates for
short- and medium run effects due to data limitations and thus cannot provide evidence
for one explanation or the other, I can at least show that such effects – if they exist – are
not very persistent for men.
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Appendix

Figure A4.1: Assessment of CT Assumption in the QaC Data
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Chapter 5

Spring Forward, Don’t Fall Back: The
Effect of Daylight Saving Time on Road
Safety∗

5.1 Introduction

Daylight Saving Time (DST), also summer time, refers to the practice of moving clocks
forward by one hour from standard winter time in spring and backward by one hour to
winter time in fall. It was first introduced in Germany followed by Great Britain, France
and the US during World War I in an attempt to conserve energy by shifting daylight
from morning to evening hours. Currently, around 70 countries (e.g. Europe and large
parts of the US and Canada) covering about one quarter of the world’s population adopt
DST regimes, yet, concerns about the usefulness of DST are growing. In March 2019,
the “Sunshine Protection Act”, a bill that would introduce year-round DST in most
areas of the US, was brought to US Congress (United States Congress, 2019). Virtually
at the same time, the European Parliament voted for a resolution to scrap the biannual
clock change from 2021 onwards (European Parliament, 2019). Although both bills
have not been approved yet, they mirror the rising concerns about whether the harms
of changing the clocks twice a year potentially outweigh the intended benefits of this
policy regulation.

Recent literature provides empirical evidence that DST does not have the originally
intended effect on energy conservation. To the contrary, DST may even increase total
energy consumption, since energy savings in lighting are at least offset by increased
energy use in other areas such as heating or air conditioning (Kellogg and Wolff, 2008;

∗This chapter is joint work with Christian Bünnings and is published as: Bünnings, C. and Schiele,
V. (2021). Spring forward, don’t fall back: The effect of daylight saving time on road safety. Review of
Economics and Statistics, 103(1): 165-176.
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Momani et al., 2009; Krarti and Hajiah, 2011; Kotchen and Grant, 2011; Sexton and
Beatty, 2014).1 In addition, several studies indicate that the transition in and out of
DST causes disruptions in the circadian rhythm and adversely affects the duration
and quality of sleep (Lahti et al., 2006; Kantermann et al., 2007), which in turn may
have unintended negative side effects in various (economic) dimensions other than
energy saving. These negative short term effects range from lower general well-being
(Kountouris and Remoundou, 2014) and life satisfaction (Kühnle and Wunder, 2016),
decreases in stock market returns (Kamstra et al., 2000) and students’ performance
(Gaski and Sagarin, 2011) to higher risk of work injuries (Barnes and Wagner, 2009;
Lahti et al., 2011), acute myocardial infarction (Janszky and Ljung, 2008; Jiddou et al.,
2013; Toro et al., 2015), suicides (Berk et al., 2008) and fatal road accidents (Varughese
and Allen, 2001; Sullivan and Flannagan, 2002; Sood and Ghosh, 2007; Smith, 2016).2

While this literature provides evidence in favor of abolishing the yearly ritual of chang-
ing the clocks twice, at least from a short term perspective, it is less clear for which
time regime – DST or standard winter time – a society eventually should opt. From
an economists point of view, this decision should be based on the long term costs and
benefits of establishing one of these time regimes instead of the other. One area in which
permanent costs and benefits might arise is road safety. This is mainly because choosing
one time regime instead of the other affects the distribution of natural light across hours
of the day. Since traffic density also differs by time of the day, shifting light from the
morning hours to the evening hours or the other way round might have consequences
for annual road accident counts, if light levels affect road safety. It is the aim of this
paper to empirically assess to which extent this is indeed the case and how different
time regimes affect road safety.

To estimate the effect of darkness on accident counts we make use of large, administra-
tive data from England, Scotland and Wales covering all accidents on public roads that
resulted in a personal injury and were reported to the police. Our identification strategy
exploits arguably exogenous variation in darkness stemming from three sources of
variation in sunrise and sunset times: day-by-day variation for a given region and hour;
east-west variation for a given day of the year and hour; and north-south variation for a
given day of the year and hour. The resulting estimates are used to simulate the number
of fatal, serious and slight accidents under two different time regimes: setting the clocks
permanently to DST vs. permanent standard winter time.

Our contribution to the literature is twofold. First, we extend the literature on the effects
of DST on road safety by looking at the long-run consequences for accident counts

1See Aries and Newsham (2008) and Havranek et al. (2018) for a literature review covering earlier
studies on the relationship between DST and lighting energy usage.

2There are also studies finding no effect of the transition into DST on stock market returns (Gregory-
Allen et al., 2010), students’ performance (Herber et al., 2017), myocardial infarction (Sandhu et al., 2014),
hospital admissions (Jin and Ziebarth, 2020) and fatal accidents Lahti et al. (2010).
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of different time regimes. This allows to assess whether year-round DST or all-year
standard winter time should be implemented, at least from a road safety perspective.
Most of the related literature on the effect of DST on traffic accidents exploits the abrupt
transition from standard winter time to DST in spring and vice versa in fall (e.g. Smith,
2016). This approach allows for credible identification of the effects of the transition into
and out of DST under plausible assumptions, however, the resulting estimates cannot
easily be used to assess the effects of DST over the entire year, as they are valid only
locally (i.e. around the dates of transition into/ out of DST). There are only a few early
papers that investigate the long-run consequences of time regime choice for road safety
(e.g. Ferguson et al., 1995; Coate and Markowitz, 2004).3 Yet, as these paper essentially
compare accident counts during the morning / evening hours across weeks, strong
assumptions have to be imposed to give their estimation results a causal interpretation.4

Second, exploiting information about all individuals involved in each accident, we shed
some light on potential mechanisms through which darkness might affect road safety.
Given that light levels do not only affect vision but might also influence concentration
and fatigue due to adjustments of the circadian rhythm, it is unclear whether measures
that aim at increasing visibility such as more road lighting can be effective in reducing
road casualties.

We find that darkness increases accident counts by around 7 percent per hour, which
translates into annual costs of more than £500 million caused by darkness. As the
estimated effects are larger for fatal and serious accidents than for slight accidents, our
results indicate that light conditions do not only increase accident risk but also accident
severity. Simulations based on these estimates suggest that shifting light from the
morning to the evening by setting the clocks permanently to DST could save lives and
costs. Compared to an all-year standard winter time regime, setting the clocks to DST
during the entire year could avoid at least £40 million per year across England, Scotland
and Wales. This indicates that existing literature on the effects of the transition itself
underestimates the total costs of the current time regime. Our heterogeneity analyses
indicate that the positive effects of darkness on accident counts are likely due to a
reduction in vision during darkness.

The remainder of the paper is structured as follows. Section 5.2 describes the data and
the empirical approach. In Section 5.3 we present our main results as well as the results
from heterogeneity and sensitivity analyses. Section 5.4 concludes and discusses policy
implications.

3For a broader overview about the previous literature see Carey and Sarma (2017).
4These studies assume that gradual changes in accident counts in the course of the year are only the

result of gradual changes in the number of light hours and not influenced by other factors, such as road
conditions, traffic composition or the number of road users.
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5.2 Empirical Framework

5.2.1 Data and Measurement

Our accident data comes from the STATS19 data base (Department for Transport, 2018b).
It covers all accidents on public roads in England, Scotland and Wales that resulted in
a personal injury and were reported to the police between 1996 and 2017. The data is
collected by the police using a nationally standardized form for the collection of data
on each road accident, on each casualty, on the vehicles involved in the accident as well
as on drivers and passengers.5

There are three properties making the STATS19 data especially suitable to study the
effects of ambient light condition on road safety. First, it provides detailed information
on the level of individual accidents. For each accident we do not only have information
on the location and the exact date and time of the accident, but also on the type of
accident, the number of slightly, seriously and fatally injured casualties and the age of
all drivers. Thus, we can assign each accident to a geographic region and are able to
distinguish between certain types of accidents, e.g. we can distinguish car accidents
from accidents involving pedestrians. Second, the coverage of the STATS19 data is
exceptionally large. As our identification strategy is based on variation in sunrise
and sunset time across latitude, longitude and day of the year, we are reliant on data
covering a sufficiently large area and time span. Our sample comprises information on
more than 4.1 million accidents from all across England, Scotland and Wales between
1996 and 2017. Finally, the data can be considered to be highly reliable. According to
our sample, a police officer attended the scene of accident to obtain the details for the
report in almost 80 percent of all accidents. The information for another 20 percent of
accidents were gathered in questionings at the police station while the details about the
accidents were obtained using a self-completion form only in less than 0.2 percent of all
accidents.

The individual level data is aggregated in order to yield hourly accident counts for a
panel of 265 regions. We use a grid references system based on longitude and latitude to
define regions. This system divides Great Britain into 265 regions, each of them spanning
an area of the size 0.5◦ longitude × 0.5◦ latitude.6 Using information about the type and
severity of the accident as well as the age of the drivers,7 we distinguish between the

5Although the local police forces are not obliged to use the standardized form to collect the relevant
data, a great majority of forces use the precise form or a minor variation (Department for Transport, 2013).

60.5◦ longitude corresponds to approximately 36 kilometers in the very south of GB and 27 kilometers
in the very north; 0.5◦ latitude corresponds to approximately 55.5 kilometers. With respect to the grid size
there is a trade-off between spatial precision and computational feasibility. Increasing spatial precision,
for instance, by a factor of four (0.25◦ longitude × 0.25◦ latitude), quadruples the number of observations
and increases the computational burden by a multiple of four.

7The term driver includes all active road users, i.e. car drivers, pedestrians, cyclists etc. but no
passengers.
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following accident categories: all accidents, accidents involving pedestrians, accidents
involving drivers younger than 25, between 25 and 45, between 45 and 65 or above
the age of 65, as well as accidents with only slightly injured casualties, accidents with
seriously injured casualties, and fatal accidents. The left panel of Figure 5.1 illustrates
the grid reference approach and shows how accidents are distributed across regions.

Figure 5.1: Distribution of Accidents and Weather Stations across GB

Notes: Own calculations and illustration based on STATS19 and MIDAS data. The left part of the figure
shows grid based regions and the distribution of accidents during the year 2017 across these regions.
Darker shading indicates more accidents. The right part of the figure shows the distribution of weather
stations across GB.

As one might worry that changes in light intensity are systematically related to changes
in weather conditions, we amend the accident data with information about weather
conditions at site. Hourly weather data comes from the Met Office’s MIDAS database
(Met Office, 2006b,a) and includes information on wind speed, precipitation and tem-
perature. In order to make the weather data compatible with the accident data, we first
calculate simple averages of all stations within each region and hour for all weather
variables. These regional averages are then used to generate three variables with four
(wind speed), two (precipitation) and six (temperature) categories.8 Furthermore, we
include a dummy variable to capture icy road conditions (i.e. positive precipitation and
temperature below 2◦C). As there are regions without operating weather stations during
all or some time periods, the sample clearly decreases in size when we include weather
information (see the right panel of Figure 5.1 for an overview about the distribution
of relevant weather stations across Great Britain). In the following, we thus present
results for both samples, the sample covering all observations from all regions during
the whole observation period as well as the sample covering only those observations
for which weather data is available.

8As shown in Table A5.3 in the appendix, using alternative cutoffs (quintiles and deciles) does not
alter the results.
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Although the STATS19 data does provide some information about lighting conditions
at accident site, we cannot use it to derive a measure for darkness, since the raw data
naturally provides such information only for regions (and hours) with at least one
accident. Thus, if we would decide to make use of the information about lighting
conditions, we had to discard a large share of potentially informative observations (i.e.
observations with a zero accident count) and had to run our estimations on the truncated
sample. Instead, we treat a region-hour as a dark/light hour based on information
about the position of the sun relative to the horizon in this region and at this date and
time. For each region and date, we first calculate the times when the sun’s position
is six degree below the horizon as seen from an observer who is located in the center
of the region. This happens twice a day, once in the morning before sunrise and once
in the evening after sunset and marks the beginning or ending, respectively, of civil
twilight. For a detailed description of the procedure used here to calculate the position
of the sun based on longitude, latitude, date and time see Cornwall et al. (2015). During
civil twilight, no ray of sunlight touches the ground. Yet, higher air layers are still
directly illuminated by the sun and diffract a relevant part of the sunlight to the ground.
This indirect lighting during civil twilight is sufficient for the human eye to clearly
distinguish objects. We thus make use of a definition of darkness that is based on the
onset and offset of civil twilight rather than on sunrise and sunset. Similar definition of
darkness have been used in the related literature (Sullivan and Flannagan, 2002) but
also became part of UK law. The Road Vehicles Lighting Regulations 1984, for example,
also refers to the beginning and ending of civil twilight when it defines the daytime
hours as the time between half an hour before sunrise and half an hour after sunset and
requires drivers to keep lamps lit during the hours of darkness (Department for Transport,
1984).

Based on the exact information about the beginning and ending of twilight at the center
of each region, day and hour, we are able to define our main treatment variable for
darkness: dark gives the fraction of the hour that is dark. Thus, it takes on the value 1
if the hour of observation is before the hour of transition from nautical twilight (dark)
into civil twilight (light) in the morning or after the hour of transition from civil twilight
into nautical twilight in the evening and the value 0 if the hour of observation is after
the hour of transition into civil twilight in the morning and before the hour of transition
out of civil twilight in the evening. If the hour of observation is instead the same as the
hour of transition from or into civil twilight, dark can take on some value between 0 and
1, which depends on the minute of transition out of / into civil twilight.9

9Descriptive statistics are shown in Table A5.4 in the appendix.
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5.2.2 Identification and Estimation

The basic intuition of our main empirical strategy is to make use of variation in darkness
induced by variation in sunrise and sunset times across time and space to estimate the
effect of darkness on road safety and then to simulate road safety under alternative time
regimes. In order to be able to put the results of our main analysis into perspective, we
follow the related literature and also present results based on a regression discontinuity
(RD) design. The RD exploits the discrete change from standard winter time to DST
in spring and vice versa in autumn and has been used (e.g. Smith, 2016) to directly
estimate the effect of DST on road safety. The intuition behind this approach is that one
might expect to see a sharp increase (decrease) in the number of accidents around the
date of DST transition if DST affects road safety. Specifically, we estimate regressions
based on Equation (5.1):

ln accidentsdt = f (daysdt) + πpostdt + f (postdt × daysdt) + ηdt (5.1)

where accidentsdt is the total number of accidents (of a certain type and net of day of
the week and year fixed effects)10 at day d in year t, daysdt is the running variable and
denotes the number of days from DST transition (either in spring or in autumn), postdt

is a dummy equal to one for days after DST transition and ηdt is an error term. The
interaction between post and days is included to allow for different slopes at both sides
of the cut-off. The parameter of interest in this setting is π and gives the effect of the
transition into or out of DST on accident counts. To account for the fact that the length of
the day is 23 instead of 24 hours on the day of DST transition in spring, we follow Smith
(2016) and count accidents during the hour 3 in the morning twice. Correspondingly,
we drop half of the accidents during the hour 2 on the day of DST transition in autumn.
To further increase comparability of daily accident counts, we drop holidays11 from the
estimation sample.

The assumption required for π being consistently estimated is that in the absence of
DST transition, ln accidents would change continuously in days around the transition
date. If this assumption holds, comparing accident counts just before with accident
counts just after the cut-off date yields a reasonable estimate of the short-run effect
of DST on road safety. Note that this assumption is likely to hold, if people cannot
manipulate treatment – as in this setting where the whole country is treated – and if
there are no other rules that might affect the outcome differently at both sides of the
cut-off. To our knowledge there are no other discontinuities around the DST transition

10To get rid of differences in accident counts by day of the week and year, we follow Smith (2016) and
use the residuals from a regression of (logged) daily accident counts on day of the week and year fixed
effects as dependent variable.

11January 1, Easter holidays (Good Friday until Easter Monday), Early May and Spring Bank Holidays
as well as Christmas Holidays (December 25 and December 26).
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dates that might have an effect on road safety. To determine the number of days to be
used at both sides of the cut-off, we make use of mean squared error optimal bandwidth
selectors (see Calonico et al., 2017).

While the RD provides causal estimates of the effect of DST transition on road safety
under plausible assumptions and thus can be used to assess the costs of DST transition,
its use is rather limited when it comes to the main goal of this paper, i.e. assessing
the costs of alternative time regimes throughout the entire year. This is because the
RD estimates are valid only very locally, namely just a few days around the date of
transition into and out of DST and cannot be used easily to extrapolate the number
of accidents under DST far away from the transition date, e.g. in January. Our main
approach, which aims at assessing the long-run consequences of different time regimes,
is therefore to estimate the effect of darkness on accident counts and then – using these
estimates – to simulate the number of accidents under the different time regimes. This
approach uses variation in darkness and accident counts throughout the entire year and
thus is more suitable to assess the relative costs of establishing one time regime instead
of the other.

To identify the effect of darkness on accident counts we estimate regressions based on
the following equation:

accidentsihdt = f (βdarkihdt + X′ihdtγ + αi + ρh + δd + λt + εihdt) (5.2)

where accidentsihdt denotes the number of accidents (of a certain type) in region i during
hour h on day d of year t, darkihdt is the dark share in hour h in region i on day d of
year t (see above), αi are region, ρh hour of the day, δd day of the year, and λt year fixed
effects. Finally, Xihdt includes weather variables and indicator variables for the day of
week and εihdt is an error term.

The parameter β is the parameter of interest and gives the causal effect of darkness on
hourly accident counts. To estimate β consistently the necessary assumptions have to
hold, most importantly, dark has to be conditionally exogenous. We argue that there
are good reasons to assume that dark is exogenous conditional on the fixed effects and
the weather controls included in X. First, by including hour of the day fixed effects (ρh)
we account for the fact that both darkness as well as accidents are distributed unevenly
across hours. Darkness concentrates on some hours during night when people are at
home and road traffic and thus accident counts are quite low (see Figure 5.2), while
daylight concentrates on hours when people go about their daily tasks and streets are
rather crowded. Second, by including day of the year fixed effects (δd) we avoid bias due
to correlated changes in road and light conditions in the course of the year. While most
hours are dark and road conditions can be hazardous due to snow, ice and fog during
winter, the opposite is true for the summer months. Third, to capture that differences
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Figure 5.2: Distribution of Accidents by Year, Week, Hour and Day of Week
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Notes: Own calculations and illustration based on STATS19 data. The figure shows the to-
tal number of accidents in thousands by year (upper left), the total number of accidents in
thousands during the year 2017 by week (upper right), day of the week (lower left) and hour
(lower right).

in the number of accidents might be related to differences in the share of dark hours
between regions (i.e. northern vs. southern regions), we include region fixed effects (αi).
Finally, as changes in light conditions might be directly related to changes in weather
conditions, we also estimate variations of Equation 5.2 where we control for weather
conditions at accident site.

The variation in dark that is not captured by one of the fixed effects is used to identify
β. It comes, as will be shown in the following figures, from variation in the offset and
onset of darkness across time and space. The first figure, Figure 5.3, shows the timing
of transition from darkness to daylight in the morning (upper two panels) and from
daylight to darkness in the evening (lower two panels) over the course of the year. In
the left two panels we distinguish between two places on the same line of latitude:
one in the very east of Great Britain (dashed line) and one in the very west (solid line).
Similarly, in the right panels we differentiate between two places on the same line of
longitude: one in the very north (dashed line) and one in the very south (solid line).
What can be seen immediately are three sources of variation in darkness: changes in the
timing of onset and offset of darkness throughout the year and by longitude (east-west
comparison) as well as latitude (north-south comparison).

Figure 5.4 shows for selected hours of the day, days of the year and regions how
this variation in the timing of onset and offset of darkness translates into variation in
darkness. The shaded areas in each panel give the proportion of the respective hour

91



Figure 5.3: Variation in Offset and Onset of Darkness
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Notes: Own calculations and illustration. The figure shows the timing of offset (upper panels) and onset (lower
panels) of darkness at four different places in GB and over the course of the year (2017). The panels on the left
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panels on the right side differentiate between two places on the same line of longitude (-4.25◦ longitude), a place in
the very south (50.25◦ latitude, solid line) and a place in the very north (58.25◦ latitude, dashed line).

that is dark. The hour five in the morning, for example, is completely dark until the end
of February. Then, however, the dark proportion of this hours starts to decrease such
that by March, 25 at least 30 percent of this hour is light all across Great Britain. As all
clocks are then set one hour ahead due to daylight saving time transition,12 the dark
proportion of hour five jumps back to 100 percent but then decreases again. Similar
variation in darkness across time can be found for other hours of the day but at different
days of the year, e.g. during October, November and December for the hour four in the
afternoon.

Aside from variation in darkness for a given hour and region across day of the year
there is also variation in darkness for a given hour and day of the year across regions.
As can be seen in the left part of Figure 5.4, the dark proportion of an hour is 0-50
percentage points higher in the morning in regions of the very west of Great Britain
compared to regions (on the same line of latitude) in the very east. The opposite is true
for hours in the evening. The left panel of the graph shows that the dark proportion of

12Note that our estimates are not sensitive to the exclusion of observations from two weeks after
daylight saving time transition and thus do not reflect effects of daylight saving time transition.
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Figure 5.4: Variation in Darkness used for Identification
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an hour varies also by latitude. By isolating these three parts of variation in darkness to
estimate β and additionally controlling for weather conditions, we are confident to give
our estimation results a causal interpretation.

Equation 5.2 is estimated using a negative binomial (NB) model, as our outcome vari-
ables are count variables with a large proportion of zeros and show signs of overdisper-
sion. In order to avoid the well known incidental parameter bias problem, we estimate
the NB fixed effects models by including full sets of dummies for regions, hours, days
of the years and years. Although there is no formal proof available that this approach
rules out inconsistencies due to the incidental parameter bias problem, simulations by
Allison and Waterman (2002) and Greene (2004) suggest that the bias should be small
even if the number of time periods is small (Cameron and Trivedi, 2015). Given that
the number of time periods is rather high in our application, the incidental parameter
bias problem should not pose a threat here, anyway. Nevertheless, we also estimated
OLS regressions. The OLS results are mostly quite similar to the NB results, but less
precisely estimated. We thus focus in the following on the NB results and present OLS
estimates in the appendix.

5.3 Results

5.3.1 Main Results

Before turning to the results of our main analysis, we show the results from the repli-
cation part of our analysis in Table 5.1. The corresponding graphical representation to
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the RD estimates can be found in Figure A5.2 in the appendix. The first two columns
of Table 5.1 report the estimates for the spring transition, while column three and four
show the results for the fall transition. We do not find clear evidence that the transition
into or out of DST increases accident counts. Only the RD estimates and graphs for
fatal accidents consistently suggest that DST transition adversely affects road safety.
According to the point estimates entering DST increases the number of fatal accidents by
8-10 percent. While both estimates are of considerable size and in line with the results
of Smith (2016), who finds that entering DST increases the number of fatal crashes in
the US by around 6 percent, only one of them is marginally significantly different from
zero (p < 0.1). The results for the other accident types as well as the results for the
total number of accidents rather point to small or zero effects of DST transition on road
safety.

Table 5.2 shows the baseline results of our main analysis. The first column gives the
estimated coefficients of darkness on the total number of accidents and the number of
accidents by accident severity for all regions. Columns 2 and 3 present the estimates
for the same outcomes but the sample including only observations for which weather
information is available. While column 2 gives the estimates from the regression includ-
ing the standard controls, column 3 shows the results for our preferred specification in
which we additionally control for weather conditions at accident site.

Table 5.2: NB Estimates of the Effects of Darkness on Accidents

All regions Regions with weather data

Weather controls no no yes

# all accidents 0.071*** (0.006) 0.072*** (0.006) 0.072*** (0.007)

# slight accidents 0.062*** (0.006) 0.063*** (0.007) 0.062*** (0.007)

# serious accidents 0.108*** (0.007) 0.111*** (0.008) 0.113*** (0.008)

# fatal accidents 0.339*** (0.018) 0.315*** (0.021) 0.318*** (0.022)

Observations 51,103,130 21,352,015 21,352,015
Notes: Own calculations based on STATS19 and MIDAS data. Each estimate gives the effect (semi-elasticity)
of darkness on the number of accidents of the respective category and comes from a separate negative bino-
mial regression. All regressions include region, year, day-of-the-year, day-of-the-week, and hour fixed effects.
Standard errors clustered at region level are in parentheses. Significance levels: * p<0.1; ** p<0.05; *** p<0.01.

The results from our preferred specification, shown in column 3, suggest that darkness
increases the total number of accidents for a given hour by 7.2 percent. As the effect
of darkness is larger for the number of fatal (+31.8 percent) and serious (+11.3 percent)
than for the number of slight accidents (+6.2 percent), darkness does not only seem
to affect accident frequency considerably but also to increase accident severity. The
corresponding estimates derived from OLS regressions, though less precisely estimated
and partly smaller, point in the same direction and are shown in Table A5.5 in the
appendix.
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Our results are robust to the inclusion of weather controls. There are no relevant
differences, neither with respect to size nor to statistical significance, between the
estimates presented in columns 2 and 3. For both specifications and all outcomes we
find relatively large positive and significant effects of darkness on accident counts. This
finding also holds when we use the entire sample (column 1), i.e. also observations for
which weather information is not available.

Using simulations based on the results for all regions, we can now address two questions.
First, how many accidents per year have been caused by darkness in England, Scotland
and Wales under the current regime with Greenwich Mean Time (GMT) during winter
and DST during summer? This number shows how many accidents could potentially
be avoided if darkness-related accidents could be brought to zero. The second, related
question is, whether having more light in the evening than in the morning can help
to bring down accident counts, i.e. whether setting the clocks permanently to DST
can prevent at least some accidents that would happen under an all-year GMT regime.
Our approach to answer these questions is to predict the number of accidents in the
hypothetical situations without darkness as well as under an all-year GMT and an
all-year DST regime by adjusting the darkness variable accordingly.13 The resulting
accident counts are then multiplied with the following average accident costs for 2017
as provided by the Department for Transport (2018a) to broadly assess the social costs:
£25,451 for a slight accident; £243,635 for a serious accident; £2,130,922 for a fatal
accident. As these costs are quite low compared to estimates used in the related
literature,14 our results for the social costs rather represent lower bounds of the true
costs.

The credibility of this simulation approach mainly rests on the assumption that darkness
impacts uniformly over the course of the day. This assumption, however, might be
violated, e.g. if darkness interacts with fatigue or traffic density. We thus do not only
present simulation results for the baseline models allowing only for one uniform effect of
darkness, but also present results where we relax this assumption. Specifically, we also
show simulated accident counts based on regressions which allow for different effects
during early morning (hours 0-4 a.m.), late morning (hours 5-8 a.m.), early evening
(hours 3-6 p.m.) and late evening (hours 7-11 p.m.).15 The underlying regression results

13E.g. to get the predicted accident count under an all-year DST regime, we determine sunrise and
sunset times in this hypothetical situation, adjust the value of dark accordingly and then predict accident
counts based on the regression results presented in column 1 of Table 5.2 and Table 5.3

14Smith (2016), for example, assumes average social costs of $4-$10 million per fatality.
15We abstain from presenting simulation results from even more flexible models (e.g. where darkness

is interacted with individual hours), as it is not clear what some of the resulting coefficients – namely
those for the very early/late morning/evening hours – identify. This is because the whole variation
in darkness during these hours comes from regions in the very north, which is problematic here for
several reasons. First, as these regions are located on rather small islands there is neither east-west
nor north-south variation in darkness for these hours. Second, given that these hours turn light/dark
only during a few days in June/December, there is also very little day-by-day variation. Finally, these
islands are located far away from the mainland, are very sparsely populated and thus might exhibit very
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for this more flexible specifications are shown in Table 5.3 and indicate that the effect of
darkness is larger during busy hours in late morning and early evening. For slight and
serious but not for fatal accidents, the effect also seems to be larger on average during
morning hours than evening hours.

The first two columns of Table 5.4 show the observed and predicted number of accidents
by accident class for the status quo with GMT during winter and DST during summer.
In columns 3-6 we distinguish between two cases: results from the baseline model are
marked by M1 in the column header and results from the more flexible model allowing
for different effects of darkness over the course of the day are marked by M2. Columns
3 and 4 report how many accidents could be prevented in the hypothetical situation
where none of the hours is dark. The remaining results of the simulation shown in
columns 5 and 6 address the question whether setting the clocks permanently to DST
instead of setting them to GMT for the whole year can save lives and prevent injuries.

Table 5.4: Annual Accident Counts and Simulated Preventable Accidents

Preventable accidents

Current GMT/DST All hours light DST vs. GMT

Observed Predicted M1 M2 M1 M2

Slight 157,542 157,641 2,202 1,887 358 -487

Serious 26,246 26,247 768 646 109 -46

Fatal 2,490 2,490 275 149 26 30
Notes: Own calculations based on STATS19 data. The table shows the average annual (pre-
ventable) number of accidents by time regime. The first column (Observed) gives the ob-
served number of accidents by accident severity and the following column (Predicted) gives
the predicted number of accidents under the Status Quo with GMT during winter and DST
during summer. The remaining columns show the estimated number of accidents that could
be prevented if all hours were light (columns All hours light) and by setting the clocks to DST
during the entire year instead of setting them to GMT year-round (columns DST vs. GMT),
where the column header M1 marks the results based on the baseline model and M2 those
based on the model allowing the effect of darkness to vary by time of the day. Positive/
negative numbers in the last two columns indicate more/ less preventable accidents under
an all-year DST then under an all-year GMT.

Depending on the underlying model, we estimate that darkness causes around 150-275
fatal, 650-750 serious and 1,900-2,200 slight accidents per year or annual total costs of
£520-830 million. Thus, measures that can reduce accidents due to darkness (almost)
to zero would have a positive net value only if the costs to implement these measures
would not exceed around £500-800 million per year. Our results provide evidence
supporting the view that setting the clocks permanently to DST instead of setting
them to GMT for the whole year can save lives and reduce costs. While there is some
ambiguity with respect to the predicted number of slight and serious accidents, the

different traffic conditions. Thus, using these estimates in the simulation and applying them to other
regions (with quite different traffic situations) might yield very misleading results. On the other hand,
differentiating only between morning and evening hours seems to be too restrictive (compare Figure
A5.3 in the appendix).

98



results for fatal accidents, which cause the bulk of accident related costs, are clear cut.
We find that by setting DST instead of GMT year-round, at least 25 fatal accidents
could be prevented. Multiplying the estimated number of preventable accidents of each
severity type with the average costs of the respective type, we arrive at an estimated
annual cost savings potential of £40-90 million under the all-year DST regime compared
to the GMT regime, representing 7.7-11 percent of all accident costs caused by darkness.

Given that the simulation results based on the model including the interaction term
require less restrictive assumptions, we refer to these results and thus the more con-
servative cost saving potential of £40 million in the following. Although this seems
to be not too much, one has to bear in mind that these £40 million are only due to the
long term effects of DST on road safety, i.e. are the consequence of shifting light from
the quiet morning hours to the rather busy afternoon hours. Abolishing the yearly
transition into and out of DST has the potential to prevent additional road casualties
that are due to low concentration and fatigue following the clock change.

5.3.2 Mechanisms

While the simulation reveals that establishing DST as the standard time throughout the
year could prevent a considerable number of fatal accidents, the general mechanisms of
the effect of darkness on accident counts are unknown. Although we cannot disentangle
these mechanisms unambiguously with the data at hand, we exploit some features of the
data to provide suggestive evidence in favor of one or the other channel. Theoretically,
there are at least three potential channels through which ambient light conditions
might affect road safety. First, darkness might influence vision and thus the ability to
recognize other road users early enough to prevent a collision. Second, natural light
conditions influence the circadian rhythm. Thus, darkness might increase accident risk
by increasing fatigue and reducing concentration. Third, people might expect driving
to be more dangerous during darkness than during daylight. Consequently, they avoid
driving during darkness, especially if they consider themselves as insecure drivers,
which in turn might reduce accident counts during darkness.16 As we find positive
effects of darkness on accident counts, we can rule out that such behavioral responses
are the main channel through which the effect operates.

Depending on the underlying mechanism, politicians might want to establish different
measures to avoid at least some of the accidents that are due to poor light conditions. If,
for example, darkness decreases road safety due to reduced vision of each and every
driver during night, an option to reduce accidents might be to increase road lighting.
However, it might also be that the risk of poor night vision is not the same for everybody

16Note, that this does not imply any kind of selection that renders our results inconsistent, but would
be a mechanism and thus a part of the effect.
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but starts to increase at the age of 45, as the medical literature suggests (Darius et al.,
2018). In case that this is the main driver of the effect, a more cost-efficient way to reduce
road casualties might then be to identify drivers with impaired night vision, e.g. by
establishing compulsory night vision screenings for older drivers. If, instead, the main
driver of the effect is an increase in fatigue and poor concentration during darkness,
neither an expensive expansion of road lighting nor visions screenings would help to
reduce road casualties.

We cannot provide direct evidence for any of the mechanisms proposed above, as we
neither have information about the vision of road users nor about their physical and
mental constitution. However, we can use the information on the timing and about the
persons involved in the accident to see whether one of the mechanism is likely to be
more important than others. Our first approach is the following: We again estimate the
effect of DST transition on accident counts using a RD, but now look only at hours that
were light/dark before DST transition and turned dark/light due to the transition. For
the spring transition into DST these are the hours 5 and 6 in the morning and the hours
7 and 8 in the evening. For the autumn transition back to standard time these are the
hours 6 and 7 in the morning and 6 and 7 in the evening. If vision is a key mechanism,
we would expect a positive effect of DST transition in spring for the morning hours that
turn dark (again) due to the transition and a negative effect for the evening hours that
turn light. For the autumn transition back to standard time we would expect exactly
the opposite, i.e. a decrease in accidents for morning hours and an increase for evening
hours. Table 5.5 gives the results of this analysis. While all significant estimates show
the expected signs, those pointing in the wrong direction are statistically not different
from zero. Thus, the general impression is pretty much in line with our expectations
and indicates that vision is an important mechanism.

This impression is also supported by the results of a series of regressions (Table 5.6),
where we estimate the effect of darkness on the number of accidents involving pedes-
trians and the number of accidents differentiated by age of the driver. The intuition
behind this second approach is the following: If vision is an important mechanism, one
would expect that darkness has a larger effect i. on the number of pedestrian accidents,
as especially small and unlit objects are difficult to spot during night, and ii. on the
number of accidents involving older drivers, as the risk of poor night vision increases
in age. Indeed, compared to the baseline effect (7 percent), we find quite large effects
for pedestrian accidents (12 percent) and accidents involving drivers above the age of
45 (between 14 and 21 percent). The estimates for accidents involving only younger
drivers on the other hand are either rather small and negative or not significant.17 The
results of interaction-like regressions show that the effect on pedestrian accidents is

17We cannot provide an unambiguous explanation for the negative and significant estimate for drivers
younger than 25. Note that this is a very specific subgroup since every actively involved person must be
25 or younger. One speculative explanation could be that this group of drivers is less frequent on the
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Table 5.6: NB Estimates of the Effects of Darkness on Additional Accident Categories

# accidents involving pedestrians 0.118*** (0.015)

# accidents by age of oldest driver
0 <age≤ 25 -0.040*** (0.011)

25 <age≤ 45 0.001 (0.010)
45 <age≤ 65 0.143*** (0.007)
65 <age 0.210*** (0.017)

# accidents involving pedestrians & age of oldest driver < 45 0.028* (0.016)
# accidents involving pedestrians & age of oldest driver > 45 0.251*** (0.016)
Notes: Own calculations based on STATS19 and MIDAS data. Each estimate gives the effect (semi-
elasticity) of darkness on the number of accidents of the respective category and comes from a separate
negative binomial regression. All regressions use 21,352,015 observations and include region, year, day-
of-the-year, day-of-the-week, and hour fixed effects as well as weather controls. Standard errors clustered
at region level are in parentheses. Significance levels: * p<0.1; ** p<0.05; *** p<0.01.

mainly driven by accidents that feature both “risk types“ older drivers and pedestrians
(25 percent), while the effect for accidents also involving pedestrian but only younger
drivers is quite small (3 percent).18

5.3.3 Sensitivity Analyses

We provide sensitivity analyses in the appendix. By employing different aggregation
schemes, we show that our results are not sensitive to the sources of variation in dark-
ness (north-south, east-west and over the year) used for identification. We also present
estimates from specifications where we interact darkness with weather conditions. The
results reveal that the effect of darkness is not driven by the coincidence of darkness
and hazardous road conditions.

5.4 Conclusion

In a time when the political debate about the usefulness of DST flares up again, a
thorough knowledge of all potential costs and benefits associated to the alternative
time regimes is essential for policy makers who consider to abolish the biannual clock
change. Since the choice of the time regime affects the distribution of light and darkness
throughout the day, it has been hypothesized that establishing an all-year DST regime
could prevent road casualties as this would shift light from the morning hours to the
afternoon hours when streets are crowded and accident risk is high. To quantify the

streets during darkness. Although this might not be the case on weekend days, it is conceivable that
young drivers are less frequent on the streets during darkness on the remaining weekdays.

18Figure A5.4 in the appendix shows the estimated effects of darkness on accident counts differentiated
by year. Although there have been advances in vehicle lighting and vehicle safety technology, we do not
find evidence that the effect of darkness on accident risk has diminished over time.
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number of accidents and the associated costs under the alternative time regimes, we
estimated how darkness affects accident counts and used the resulting estimates to
simulate the number of accidents under the two time regimes.

We find that darkness considerably affects road safety. Our results show that darkness
increases accident counts for a given hour on average by around 7 percent. This implies
that darkness causes around 150 fatal, 600 serious and 1,800 slight accidents per year or
total annual costs of at least £500 million in England, Scotland and Wales. Comparing
the simulated accident counts under the different time regimes, our results suggest
that road safety is indeed somewhat higher under an all-year DST than under an all-
year standard time. According to our estimates, establishing DST throughout the year
could reduce social costs related to darkness by around 8 percent per year compared
to a situation with all-year standard time. These numbers result only from shifting
daylight from the morning hours to the evening hours and do not include the number
of prevented accidents that are due to the abolishment of the transitions, especially the
spring transition. The latter has been reported to be quite substantial, at least for fatal
accidents, with an increase of 6 percent for the US (Smith, 2016) and 8 percent for GB.

To put the effect size into perspective, we apply the same back-of-the-envelope calcu-
lation as Smith (2016).19 Assuming that the estimated effect of the transition into DST
on fatal accidents persists for six days – until the circadian rhythm has adjusted after
the clock change – one would expect that abolishing the clock change would prevent
around 3 fatal accidents each year. Compared to the estimated annual saving potential
due to changes in light conditions (around 25 fatal accidents), the absolute number
of prevented accidents due to disruptions of the circadian rhythm seems rather low,
indicating that – other than hypothesized by Smith (2016) – the distribution of natural
light across hours of the day still seems to matter for road safety. This interpretation is
also consistent with the results from the heterogeneity analysis, where we found that
the effect of darkness on accident counts likely operates through a reduction in vision
during darkness. Consequently, by solely focusing on the (spring) clock change, one
runs the risk of significantly underestimating the total costs of the current time regime.

We acknowledge that our analysis covers only one, though, as we believe, important
aspect of time regime choice and emphasize that an informed decision must take into
account all potential benefits and side-effects of time regime choice. For example, it
is often argued that setting DST year-round leads to an increase in mental illnesses
and learning difficulties in school. Furthermore, we acknowledge that the simulation
results do not necessarily hold for other countries, especially if these countries are not
at the same latitudes and thus have different sunrise/sunset times or if e.g. peak traffic

19To calculate the number of fatal accidents that are due to the clock change in spring, we multiply the
estimated coefficient of the spring transition (0.08) with the average number of fatal accidents per day on
Sundays and weekdays in March and April (6.2) and the number of days (6). We look at fatal accidents
only, since costs due to fatal accidents constitute the largest part of total costs.
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times and road conditions differ fundamentally. Finally, people might adjust to the new
sunrise and sunset times under permanent DST or permanent GMT. We cannot rule out
such behavioral responses in the long run, however, this should if any alleviate but not
reverse our main results.

Against the ongoing debate about which time regime should be implemented, our
results challenge the notion of an all-year GMT standard time, at least from a road
safety perspective. This is in line with results from previous empirical research that
emphasizes the benefits of having more light during afternoon and evening hours, such
as increased physical activity (Wolff and Makino, 2012) and reduced crime (Doleac and
Sanders, 2015), and thus support the call for an all-year DST regime. Finally, adverse
effects in various dimensions caused by the biannual transitions could be avoided.
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Appendix

Sensitivity Analyses

The basic intuition behind our empirical approach is to capture the endogenous part of
variation in darkness and accident counts by a set of fixed effects so that the remaining,
arguably exogenous part of variation can be used for estimation of β. Specifically, as
shown in Section 2.2, we have used three sources of variation in darkness to estimate the
effect of darkness on accident counts so far: day-by-day variation for a given region and
hour; east-west variation for a given day of the year and hour; and finally, north-south
variation for a given day of the year and hour. While there are no obvious reasons why
this approach should produce inconsistent results – at least after controlling for weather
conditions at accident site – one might nevertheless worry that one or several of these
parts of variation are endogenous. To address this concern, we show the results of a
sensitivity analysis where we eliminate one (two) source(s) of the variation and use the
remaining two (one) source(s) to estimate the effect of darkness. The idea behind this
approach is to compare the resulting estimates to each other and the baseline results. If
they do not differ too much from each other, we can be more confident that it is really
darkness that drives our results.

In order to exclude one source of variation, we did not aggregate in cells as in the
baseline specification, but either in vertical or in horizontal strips of width 0.5◦ longitude
or latitude, respectively.20 The resulting data provides information about the number
of accidents (of the respective type), the mean proportion of the hour that is dark as
well as about weather conditions for each hour and every strip (either along the lines of
longitude or along the lines of latitude).

For the specification in which we eliminate day-by-day as well as east-west variation
in darkness, we sum both the number of accidents and the treatment variable dark by
region and day. By doing so we create a new treatment variable which gives the number
of hours that are dark during the respective day in the respective region.21 Thus, the
interpretation of the estimates in this specification differs slightly from the interpretation
of the other estimates, as it refers to daily instead of hourly accident counts.

Table A5.1 gives the results of this sensitivity analysis. Column (I) repeats the baseline
results from Table 2 where we use all three sources of variation. The results for the

20An alternative way to separate the different sources of variation, would be to include interactions
between day of the year and hour (capturing day-by-day variation), day of the year, hour and longitude
(capturing east-west variation), and day of the year, hour and latitude (capturing north-south variation).
This approach, however, requires estimation of a huge number of coefficients and thus is impracticable in
our application.

21Note that for some regions weather information is not available for all hours of the day. As we only
sum over hours of a region if weather information is available for all hours of a day, the number of
observations in column 4 is smaller than 1/24 of the original sample size.
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specification where we only use day-by-day and east-west variation but exclude north-
south variation are shown in column (II). The results for the specification where we only
use day-by-day and north-south variation are given in column (III). Finally, column
(IV) shows the estimates for the specification where we exclude both east-west and
day-by-day variation in darkness and accident counts and only rely on north-south
variation to estimate the effect of darkness on road safety.

We find that the results are quite robust to the different aggregation approaches and do
not substantively change if the sources of variation in darkness that are used to estimate
β change. The point estimates are all positive, highly significant and vary between 3.6
and 7.6 percent.

Table A5.1: NB Estimates of the Effect of Darkness on Accidents using Different Sources
of Variation

(I) (II) (III) (IV)

# all accident 0.072*** 0.071*** 0.076*** 0.036***
(0.007) (0.009) (0.010) (0.011)

Variation
Day-by-day yes yes yes no
East-west yes yes no no
North-south yes no yes yes

Observations 21,352,015 3,507,364 4,030,227 830,620

Notes: Own calculations based on STATS19 and MIDAS data. Each estimate gives the effect
(semi-elasticity) of darkness on the total number of accidents and comes from a separate
negative binomial regression. All regressions include region, year, day-of-the-year, day-of-
the-week, and hour fixed effects as well as weather controls. Standard errors clustered at
region level are in parentheses. Significance levels: * p<0.1; ** p<0.05; *** p<0.01.

A potential problem with the aggregations schemes along lines of latitude or longitude
is that eastern regions (e.g. the region between 0.5◦ and 0.0◦ longitude) are on average
located more in the south and northern regions (e.g. the region between 56.0◦ and 56.5◦

latitude) are on average located more in the east. Thus, if we aggregate all regions
along lines of latitude or longitude we cannot perfectly separate north-south variation
in darkness from east-west variation and vice versa. To check whether this is a problem
we also estimate regressions where we follow the same aggregation approach but
restrict the sample to regions between 50.75◦ and 52.75◦ latitude (when using east-west
variation) and -3.75◦ and -2.25◦ longitude (when using north-south variation). The
results of this auxiliary regressions are similar to the results for the entire sample and
are shown in Table A5.2.

In our main specification we control for weather conditions at site by four categorical
variables with four (wind speed), two (precipitation), six (temperature) and two (icy
road) categories to avoid bias due to a correlation between weather conditions and
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Table A5.2: NB Estimates of the Effect of Darkness on Accidents using Different Sources
of Variation – Restricted Sample

(I) (II)

# all accident 0.093*** 0.062***
(0.005) (0.014)

Variation
Day-by-day yes yes
East-west yes no
North-south no yes

Observations 2,740,436 3,248,049

Notes: Own calculations based on STATS19 and MI-
DAS data. Each estimate gives the effect (semi-
elasticity) of darkness on the total number of accidents
and comes from a separate negative binomial regres-
sion. All regressions include region, year, day-of-the-
year, day-of-the-week, and hour fixed effects as well as
weather controls. Standard errors clustered at region
level are in parentheses. Significance levels: * p<0.1; **
p<0.05; *** p<0.01.

darkness. This, however, does not exclude the possibility that the estimated effect of
darkness is driven by the coincidence of darkness and specific weather conditions, in
particular hazardous road conditions. To test whether this is the case, we re-estimate
our main specification, but interact darkness with weather controls and calculate the
effects of darkness for different weather conditions.

Figure A5.1 shows the estimated effects of darkness for different sub-samples resulting
from stratifying the original sample by wind (rows), rain (columns) and temperature
(x-axes). The estimates show very similar patterns across the four wind categories,
which remain stable when further differentiating by rain/ no rain. Along the different
categories of temperature, we observe positive and within each stratum quantitatively
similar effects except for temperatures < 0◦C. For the latter we find negative point
estimates, roughly half of which are statistically not significant. More importantly, the
negative sign points into the unexpected direction as it suggests that darkness reduces
the number of accidents when road conditions are dangerous. This might be explained
by adjustments in driving behavior, e.g. more cautious and foresighted driving or even
not driving at all, when road conditions are hazardous. In sum, we find no evidence
that the estimated average effect of darkness on accident counts is the result of specific
weather conditions.
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Figure A5.1: The Effects of Darkness on Accidents by Weather Conditions
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Notes: Own calculations and illustration based on STATS19 and MIDAS data. The results originate from
a negative binomial regression of the total number of accidents on all control variables, where dark is
interacted with all weather variables. The graphs show the effects (semi-elasticities) of darkness on the
total number of accidents including the 95% confidence interval for different weather conditions. Rows
(columns) represent the four (two) wind (rain) categories. The five temperature categories are assigned to
the x-axes.
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Additional Tables

Table A5.3: Using Alternative Cutoffs to Define Weather Variables

Categories (weather) based on baseline quintiles deciles

# all accidents 0.072*** (0.007) 0.074*** (0.007) 0.072*** (0.007)

# slight accidents 0.062*** (0.007) 0.064*** (0.007) 0.063*** (0.008)

# serious accidents 0.113*** (0.008) 0.115*** (0.008) 0.115*** (0.008)

# fatal accidents 0.318*** (0.022) 0.321*** (0.021) 0.321*** (0.021)

Observations 21,352,015 21,352,015 21,352,015

Notes: Own calculations based on STATS19 and MIDAS data. Each estimate gives the effect (semi-elasticity) of darkness on
the number of accidents of the respective category and comes from a separate negative binomial regression. All regressions
include region, year, day-of-the-year, day-of-the-week, and hour fixed effects as well as weather controls. The first column
repeats the baseline specification. In column two and three, the cutoffs used to define categories of the weather variables
are based on quintiles or deciles, respectively. Standard errors clustered at region level are in parentheses. Significance
levels: * p<0.1; ** p<0.05; *** p<0.01.
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Table A5.4: Descriptive Statistics

Variable Mean Std. dev. Min Max

Dependent variables:+

All accidents 0.080 0.386 0 20
Fatal accidents 0.001 0.033 0 3
Serious accidents 0.011 0.112 0 6
Slight accidents 0.068 0.346 0 19
Accidents with age of oldest driver ≤ 25 0.009 0.096 0 5
Accidents with 25 < age of oldest driver ≤ 45 0.028 0.197 0 11
Accidents with 45 < age of oldest driver ≤ 65 0.022 0.166 0 11
Accidents with 65 < age of oldest driver 0.007 0.085 0 4
Pedestrian accidents 0.014 0.129 0 9
Pedestrian accident & age of oldest driver ≤ 45 0.007 0.091 0 6
Pedestrian accident & age of oldest driver > 45 0.004 0.063 0 4

Darkness:+

Dark proportion of the hour 0.427 0.480 0 1

Weather:++

Temperature (◦C) < 0 0.033 0.179 0 1
0 ≤ temperature (◦C) < 5 0.166 0.372 0 1
5 ≤ temperature (◦C) < 10 0.321 0.467 0 1
10 ≤ temperature (◦C) < 15 0.315 0.465 0 1
15 ≤ temperature (◦C) < 20 0.138 0.345 0 1
20 ≤ Temperature 0.026 0.159 0 1
Wind speed (knots) < 5 0.225 0.418 0 1
5 ≤ wind speed (knots) < 10 0.362 0.481 0 1
10 ≤ wind speed (knots) < 20 0.343 0.475 0 1
20 ≤ wind speed (knots) 0.070 0.255 0 1
Positive precipitation 0.155 0.362 0 1
Snow or ice 0.008 0.089 0 1
Notes: Own calculations based on the STATS19 and MIDAS data. + refers to the full sample including
51,103,130 observations. ++ refers to the restricted sample comprising 21,352,015 observations.
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Table A5.5: OLS Estimates of the Effects of Darkness on Accidents

All regions Regions with weather data

Coef. Coef./y Coef. Coef./y Coef. Coef./y
(S.E.) (S.E.) (S.E.)

Weather controls no no yes

# all accidents 0.0007 0.0082 .0080** 0.0504 0.0049* 0.0311
(0.0011) (0.0032) (0.0029)

# slight accidents -0.0005 -0.0080 0.0050* 0.0369 0.0024 0.0181
(0.0010) (0.0027) (0.0024)

# serious accidents 0.0009*** 0.0757 0.0024*** 0.1088 0.0019*** 0.0859
(0.0002) (0.0005) (0.0005)

# fatal accidents 0.0003*** 0.3195 0.0006*** 0.3204 0.0006*** 0.3090
(0.0000) (0.0001) (0.0001)

Observations 51,103,130 21,352,015 21,352,015

Notes: Own calculations based on STATS19 and MIDAS data. Each estimate gives the effect of darkness on the number of
accidents of the respective category and comes from a separate OLS regression. All regressions include region, year, day-of-
the-year, day-of-the-week, and hour fixed effects. To ease comparison with results from negative binomial regressions, we
report also relative effect sizes (Coef./y), where y refers to the sample mean of the respective outcome variable. Standard
errors clustered at region level are in parentheses. Significance levels: * p<0.1; ** p<0.05; *** p<0.01.
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Additional Figures

Figure A5.2: RD Residual Plots
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Notes: Own calculations and illustration based on STATS19 data. The residuals come from a OLS regres-
sion of ln(accidentcounts) – either all (first row), slight (second row), serious (third row), or fatal (last
row) – on year and day of week fixed effects. Each point gives the mean of all residuals at the respective
date, where the date is defined relative to the spring (left part of the graph) or fall transition (right part).
Fitted lines are based on locally weighted regressions.
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Figure A5.3: The Effects of Darkness on Accidents by Time of Day
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Notes: Own calculations and illustration based on STATS19 data. The graphs show the estimated effects of
darkness including the 95% confidence intervals by hour of the day. The estimates result from two types
of negative binomial regressions: the first allows the effect of darkness to differ between morning and
evening hours (95% confidence intervals are in darker gray), the second to vary between early and late
morning hours as well as early and late evening hours (95% confidence intervals are in light gray).
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Figure A5.4: The Effects of Darkness on Accidents by Year
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Notes: Own calculations and illustration based on STATS19 and MIDAS data. The results come from
a negative binomial regression with all control variables, where darkness is interacted with year. The
graphs show the effects (semi-elasticities) including the 95% confidence interval of darkness by year.
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