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1 Introduction

This thesis does not aim to shed light on all factors that potentially influence health.

Rather, this thesis picks up a small number of factors (job loss, partner’s unemploy-

ment, maternal education, an alcohol control policy; see also figure 1.1), but pays

a lot of attention to the identification of each factor’s causal effect on health.

1.1. Motivation

My interest in the determinants of health was shaped during the preparation of

my Master’s thesis. In my thesis (Marcus 2009) and a subsequent spin-off (Breyer

& Marcus 2011) I found that high-earning individuals live longer than individuals

with lower earnings. This finding puzzled me, but I was left unsatisfied as I could

not answer the question why high-earning people live longer. Therefore, the start-

ing point of my dissertation was to look at potential explanations for the positive

correlation between earnings and longevity. Soon, I realized that it is extremely

difficult to directly investigate the causal effect of earnings on longevity due to the

lack of credible identification strategies and appropriate data. Instead, I started

looking at confounding variables and, in particular, at variables that might impact

both earnings and health (like education and job loss). While a broad literature

documents that job loss (e.g. Jacobson et al. 1993) and education (e.g. Card 1999)

affect long-run earnings, it is less clear whether they also impact health. This is

where the first three chapters of this thesis enter.

However, this doctoral thesis not only contributes to the understanding of why

some people are more healthy than others (inequalities-in-health perspective), it

also improves knowledge about those factors that actually impact individual health

(health production perspective). This second point is relevant from a policy-maker’s

perspective and for the individual.
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1. Introduction

For the individual, understanding the factors that impact health is relevant be-

cause health is a necessary condition for enjoying many pleasures in life. The

oft said, “Health is not everything, but without health everything is nothing,” re-

flects the importance of health for each individual.1 Similarly, in the report by the

Commission on the Measurement of Economic Performance and Social Progress

(“Stiglitz-Sen-Fitoussi Commission”) Stiglitz et al. (2009: 156-157) argue that health

is probably the most fundamental aspect of quality of life, since without health all

other components of quality of life have little value. There is a broad literature

showing that negative health shocks (apart from ones own death) have various

negative consequences for the individual. For instance, a lower health status leads

to lower levels of life satisfaction (Oswald & Powdthavee 2008), lower chances of

being promoted and higher risks of being fired, ultimately leading to lower income

(Smith 1998; Adams et al. 2003) and less wealth (Smith 2005).

For various reasons identifying factors that impact health is also important from a

policy-maker’s perspective. First, health is a fundamental contributor to economic

growth (Barro 2013). Second, in the last decades spending on health care has in-

creased in almost all developed countries, both in absolute terms and in compar-

ison to GDP (Chernew & Newhouse 2012). While in 1960 health care spending

amounted to 4.8 % of total GDP in Germany, 40 years later this share was 10.6 %

- more than twice as high (Zweifel et al. 2009). As the growth in health expendi-

tures challenges the functioning of health care systems around the world, knowl-

edge about factors that influence health is crucial. Third, indicators of population

health play a prominent role in the discussion about alternatives and supplements

to the gross domestic product (GDP) as measure for economic performance and

social progress (see e.g. Stiglitz et al. 2009). It is likely that a positive evaluation of

policy-makers (and, hence, their chances to be re-elected) will depend more on the

alternative measures, once these indicators are collected more systematically.

1The quote (in German: “Gesundheit ist nicht alles, aber ohne Gesundheit ist alles nichts”) is as-
cribed to the German Philosopher Arthur Schopenhauer (Bauer 1972).
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1.2. Contributions

1.2. Contributions

Each paper in this thesis makes an independent contribution to the literature. Each

paper presents novel evidence on the non-genetic determinants of health and aims

at filling a specific research gap. In the subsequent chapters, I will describe the

individual contributions of each paper in more detail.

There are two contributions that the papers have in common. First, each paper

does not only present mere associations between the analyzed factors and vari-

ous health indicators, but it applies state-of-the-art microeconometric evaluation

tools aiming to establish causal relationships. This is the main contribution of my

doctoral thesis. Second, only few studies dealing with the causes of health look at

Germany. In this field, most studies with credible strategies to identify causal ef-

fects employ survey data from the U.S. or registry data from the Nordic countries.2

Causal relationships established for the U.S. or the Nordic countries do not neces-

sarily hold for Germany or other countries. There are many differences between

Germany, the U.S. and the Nordic countries (for instance, the health care system

and the welfare state regime (Esping-Andersen 1990)), and some of these differ-

ences might moderate the causal relationships established for other countries (e.g.,

the effect of unemployment on health might differ according to the generosity of

the welfare state). Therefore, it is necessary to collect and compare findings from

different countries.

Regarding the main contribution of this dissertation, there is a fundamental prob-

lem in estimating causal effects. The fundamental problem of causality consists

therein that individuals cannot be observed at a given point in time with and with-

out treatment.3 Experimental studies, which are common in medical and pharma-

2This focus in the literature on the U.S. and the Nordic countries is apparent when looking at the
sections on related literature in the subsequent chapters.
3With “treatment” I mean what other studies call “explanatory variable” or “independent vari-
able”. I revert to the language used in experiments because this facilitates thinking in terms of
experiments, which is helpful when investigating causal effects in non-experimental settings. This
is in the spirit of Angrist & Pischke (2009: 4-6), who argue that researchers, when estimating causal
effects, should first think about how the ideal experiment would look like in a given setting.
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1. Introduction

cologic research, solve this problem by random assignment of treatment, which

eliminates all correlations between possibly confounding variables and the treat-

ment. In the social sciences it is often impossible to assign the treatment randomly

due to ethical, financial and political reasons. This is also the case for the factors

analyzed in the present dissertation.

In non-experimental settings, there is no single best solution to identifying causal

effects, which fits all research set-ups. Therefore, in this dissertation, I apply a set of

different state-of-the-art microeconometric evaluation tools (e.g., propensity score

matching, difference-in-difference, instrumental variables estimation, entropy bal-

ancing, fixed effect panel estimation). In each chapter, I use the tool that provides

the most credible strategy to estimate a causal effect, given the available data in

Germany. Yet, all estimation strategies are based on assumptions that cannot be

tested. These untestable assumptions are referred to as identification assumptions.

In fact, no estimation strategy can guarantee that a causal effect is identified. How-

ever, in order to mitigate this fundamental problem, in each chapter I (a) try to

make assumptions that are not overly strong; (b) clearly state the identification

assumption; and (c) provide arguments and additional evidence that the identifi-

cation assumption is likely to hold.

1.3. Overview and summary

Figure 1.1 provides an overview over the four independent papers that constitute

this doctoral thesis. Each paper investigates the health effect of one particular

factor. These factors come from the domains of work, family, and policies. These

are by no means the only determinants of health. All papers of this dissertation

can be classified according to the Journal of Economic Literature (JEL) as dealing

with “Health Production” (JEL-code I12).

Chapter 2 (accepted for publication in Economica) investigates the effect of job loss

on health behaviors. In this chapter, I show that job loss increases body weight

4



1.3. Overview and summary

(slightly) and the risk of starting smoking (considerably). In particular singles,

younger individuals and individuals with lower health or socioeconomic status

prior to job loss exhibit high rates of smoking initiation. The increase in body

weight is larger for women and overweight individuals, but still well below one

kilogram. Worsened health behaviors might be an explanation for the finding in

other studies that job loss increases mortality (Eliason & Storrie 2009; Sullivan &

von Wachter 2009).

Figure 1.1.: Overview of the structure of this thesis

Health 

& 

Health 

Behavior

Work
Job Loss

(Chapter 2)

Family Maternal 

Education
(Chapter 4)

Partner‘s 

Unemployment
(Chapter 3)

Policy Alcohol Ban
(Chapter 5)

Related to this chapter is the third chapter, which investigates the effect of un-

employment on mental health and, more specifically, the effect of unemployment

on the spouse’s mental health. The chapter (accepted for publication in the Jour-

nal of Health Economics) reveals that unemployment decreases the mental health of

spouses almost as much as for the directly affected individuals. In general, the de-

creases in mental health are larger when the husband enters unemployment. The
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1. Introduction

findings highlights that previous studies underestimate the public health costs of

unemployment (e.g. Kuhn et al. 2009) as they do not account for the potential con-

sequences for spouses. Chapters 2 and 3 show that job loss and unemployment

have severe health consequences. Therefore, policy-makers should take into ac-

count the non-financial benefits of employment, when comparing costs and bene-

fits of labor market policies to prevent job loss and unemployment.

Similar to chapter 3, chapter 4 (accepted for publication in Review of Economics of the

Household) also investigates spillover effects on health within the family. Together

with Daniel Kemptner, in this chapter we analyze the effect of maternal education

on child’s health and health behavior: The lower their mother’s education, the

more likely adolescents are to smoke, do less sport, and be overweight. The chap-

ter provides evidence that at least some of these health-related differences can be

causally attributed to the mother’s education. Furthermore, the chapter demon-

strates that social differences are already reflected in the health of newborn babies:

Mothers with a higher level of education are less likely to have preterm births and

to give birth to babies with low weight. The results of this chapter show that in-

tergenerational links should be taken into account when thinking about optimal

educational investments. Intergenerational spillover effects of education increase

the profitability of educational investments not only for the individual but also for

the society as a whole. The findings also relate to social mobility: The more that

a child’s outcomes are determined by its parents’ education, the less that a society

can be considered to be socially mobile.

While the three previously discussed chapters also deal with implications for pol-

icy makers, these chapters do not actually evaluate policies. Chapter 5, on the other

hand, evaluates the health effect of one specific policy, namely the ban on late-night

off-premise alcohol sales in the German federal state of Baden-Württemberg. Start-

ing in March 2010, Baden-Württemberg no longer allowed the sale of alcoholic

beverages between 10pm and 5am at off-premise outlets (e.g. petrol stations, su-

permarkets, kiosks). One of the law’s main intentions was to reduce youth binge

drinking. In chapter 5, together with Thomas Siedler, we provide evidence that

6



1.3. Overview and summary

the number of alcohol-related hospitalizations among adolescents (ages 15-19) and

young adults (ages 20-24) decreased by about 9 % due to the reform. In these

age groups, the reform impacted both males and females. While the decrease in

alcohol-related hospitalizations due to the reform was stronger for males in abso-

lute terms, the decrease was stronger for females in relative terms (i.e. compared

to their lower level of alcohol-related hospitalizations).

Taken together, the findings of this dissertation underline that health is not purely

genetically determined. Specific events in life (e.g. job loss/unemployment) might

influence health as well as individual decisions (e.g. education) and policy reforms

(e.g. alcohol control policies). The individual chapters demonstrate that there is

also room for policies to improve population health.

This dissertation applies a wide range of different microeconometric evaluation

tools in order to establish causal relationships between the various factors and the

health outcomes. Each chapter uses the tool that provides the most credible es-

timation strategy, given the available data in Germany. Chapter 2 is based on a

combination of propensity score matching and difference-in-difference estimation,

while chapter 3 applies a rather new matching/reweighting technique (“entropy

balancing”) that overcomes some practical problems of common propensity score

methods. Since the treatment variable in chapter 4 does (almost) not vary over

time, this chapter cannot rely on difference-in-difference or fixed effects regres-

sions, but instead applies an instrumental variables (IV) approach. Finally, chapter

5 uses panel estimation techniques and difference-in-difference estimation.

Common to the applied estimation strategies is that they do not require that selec-

tion into treatment occurs on observed variables only. They are all robust to some

kind of selection on unobservables, meaning that none of the applied strategies re-

quires that I observe all relevant control variables. Hence, all estimation strategies

go beyond common regressions, which - mostly implicitly - assume that selection

into treatment occurs on observables only.

Similarly, as there is no single best estimation strategy that fits every situation,
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there is also not a single data set in Germany that is the best option for every re-

search question in health economics. Therefore, in this dissertation, I employ dif-

ferent data sets, depending on the strengths and weaknesses of the data sets for the

particular research question. While chapters 2, 3 and 4 rely on survey data from

the German Socio-Economic Panel (SOEP, v27)4, chapter 5 uses administrative data

from hospital diagnosis statistics. The SOEP has features that make it particularly

attractive for the analyses in the first three papers. For instance, its longitudinal de-

sign is essential for the identification strategy in chapters two and three; its large

sample size allows analyzing rather rare events like plant closures (see chapter 3);

its considerations of the household context enables the investigation of spillover

effects within households (chapters 3 and 4) and to combine data from three gen-

erations (chapter 4). Further, the availability of a broad ranges of variables allows

for not just the inspection of a variety of different health outcomes, but also makes

it possible to rule out many potential alternative explanations. The advantage of

the administrative data from hospital diagnosis statics in chapter 5 is that it pro-

vides rather objective measures of heavy alcohol consumption. Questions about

alcohol consumption might be afflicted with reporting problems in surveys as this

might be a sensitive topic for many respondents. Additionally, the hospital diag-

nosis statics consists of a huge sample size making it particularly attractive for the

investigation of a policy intervention as in chapter 5.

4Further information related to the SOEP are provided at http://panel.gsoep.de/soepinfo2010/
and http://dx.doi.org/10.5684/soep.v27.
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Abstract

This paper estimates the effect of involuntary job loss on smoking behavior and

body weight using German Socio-Economic Panel Study data. Baseline nonsmok-

ers are more likely to start smoking due to job loss, while smokers do not intensify

smoking. In particular, single individuals as well as those with lower health or so-

cioeconomic status prior to job loss exhibit high rates of smoking initiation. Job loss

increases body weight slightly, but significantly. The applied regression-adjusted

semiparametric difference-in-difference matching strategy is robust against selec-

tion on observables and time-invariant unobservables. This paper provides an

indirect test that the identifying assumption is not violated.

Keywords: Job loss, smoking, health behavior, difference-in-difference, propensity

score matching

JEL: I12, J65
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2.1. Introduction

2.1. Introduction

The loss of employment has a deep impact on the individual affected. It not only

reduces income in both the short and long run (Jacobson et al. 1993), it also results

in a plethora of other negative issues, such as decreased life-satisfaction (Knabe &

Rätzel 2011), increased risk of divorce (Charles & Stephens 2004) and further job

losses (Stevens 1997) as well as negative consequences for the children of those

affected (Lindo 2011). This paper contributes to the literature on the effects of job

loss by looking at the impact of involuntary job loss on smoking behavior and

body weight. Knowing more about the overall consequences of job loss is crucial

for policy-makers comparing the costs and benefits of labor market policies to pre-

vent job losses. Furthermore, analyzing the effects of job loss on health behaviors

may help us to better understand two scientific puzzles: Why job loss increases

mortality at the individual level (Eliason & Storrie 2009; Sullivan & von Wachter

2009) and why - at an aggregated level - health behaviors improve when the unem-

ployment rate is high (Ruhm & Black 2002; Ruhm 2005). The topic is also relevant

from a public health perspective as smoking and excess body weight are among

the major causes of preventable deaths.

There is ample evidence that unemployed individuals engage in unhealthy behav-

iors more often than those in employment (see Henkel 2011; Roelfs et al. 2011).

However, it is unclear whether this represents the causal effect of unemployment,

the reverse causal effect or a spurious correlation. Most studies on the effect of job

loss on health behaviors suffer from various shortcomings. The studies focus on

correlations, concentrate on case-studies, do not deal with the endogeneity of job

loss, or do not draw on longitudinal data (see Roelfs et al. 2011). This paper ad-

dresses these shortcomings by reverting to population-representative survey data,

by looking at involuntary job loss, and by applying a regression-adjusted semi-

parametric difference-in-difference matching strategy. This strategy is not only

robust against selection on observables (like conventional matching estimators),

but also against selection on unobservables with time invariant effects (e.g., abil-

ity, childhood conditions). To interpret the estimated effects as causal, the esti-
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mation strategy assumes that no unobservable variables exist that simultaneously

influence the probability of job loss and changes in health behaviors. This paper

provides an indirect test to show that this identifying assumption is not violated

in the present case.

Empirical evidence on the effects of job loss on health behaviors is mixed, although

most studies find that job loss changes health behaviors for the worse (see Henkel

2011; Roelfs et al. 2011). It seems likely that these contradictory findings are at

least partially due to methodological weaknesses. Only few studies rely on lon-

gitudinal data and simultaneously do not concentrate on single plants. Among

these studies, Morris et al. (1992) find job loss-related increases in body weight but

no increases in either smoking or drinking. Another British study (Montgomery

et al. 1998) finds an increased risk of smoking and low body weight among male

participants with experience of unemployment - even when controlling for health

behaviors at age 16.

Two studies using the U.S. Health and Retirement Survey (HRS) provide the most

sophisticated strategies for the identification of causal effects, as they rely on lon-

gitudinal data and focus on involuntary job loss. Falba et al. (2005) show that

job loss increases the probability of smoking relapse and increases the daily num-

ber of cigarettes smoked by existing smokers. Deb et al. (2011) find an increase

in drinking and in the probability of being overweight, but only for individuals

who already had poor health behaviors prior to job loss. This paper supplements

these two studies by applying a different estimation technique, and by looking at

the effect of job loss in a different welfare regime. While Falba et al. (2005) apply

logit/OLS regressions and Deb et al. (2011) finite mixture models, this paper re-

sorts to matching, an intuitive approach that does not rely as much on linearity

assumptions. Due to the HRS sampling design these two studies can only look

at individuals over 50, while the data of the German Socio-Economic Panel Study

(SOEP) allows for an analysis of the entire range of working-age individuals. By

focusing on Germany this paper looks at a country with more generous unemploy-

ment assistance than the U.S.
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Using SOEP data for 2002-2010, this paper finds that job loss increases the probabil-

ity of smoking initiation by 3 percentage points (55 percent) on average. However,

there is little evidence that baseline smokers, i.e. individuals who smoked before

the job loss, intensify their smoking or are less likely to stop smoking due to job

loss. Job loss increases body weight slightly (by around 0.1 kg/m2), but signifi-

cantly. These findings emerge regardless as to whether only individuals who lost

their jobs due to plant closure are considered, or all individuals experiencing job

loss due either to plant closure or dismissal. The results are robust over various

matching specifications and different choices of the conditioning variables. Fur-

ther analyses indicate treatment effect heterogeneity. In particular singles, younger

individuals and individuals with lower health or socioeconomic status prior to job

loss exhibit high rates of smoking initiation. The increase in body weight is larger

for women and overweight individuals, but still well below 0.5 kg/m2. In general,

the effects on smoking and body weight are smaller than comparable findings for

the U.S., which might be attributable to the more generous unemployment assis-

tance in Germany.

The paper proceeds as follows. The next section briefly summarizes related liter-

ature. Section 2.3 describes in more detail the general idea of the estimation strat-

egy, its implementation and its advantages. Section 2.4 introduces the data; section

2.5 compares the distribution of relevant variables before and after matching and,

hence, assesses the matching quality. Section 2.6 presents the results and section

2.7 examines the robustness of these results with respect to different model speci-

fications. While the previous sections focus on average effects, section 2.8 looks at

the heterogeneity of the effects. Section 2.9 concludes.

2.2. Related literature

Initially the economic literature on the impact of job loss focused on lost earnings

(see e.g. Jacobson et al. 1993). Research in the field developed and started looking

at the implications of job loss beyond mere financial consequences to acquire a
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more exhaustive picture of job loss. This is of particular importance for policy-

makers comparing the costs and benefits of labor market policies that prevent job

losses; especially in the financial and economic crisis that enveloped the world

starting in 2008. During this crisis the rate of job loss increased or is expected to

rise in many western countries, e.g. in the U.S. the rate of job loss is on a record

high (Farber 2011).

Previous research finds that the loss of employment strongly reduces life satisfac-

tion (Kassenboehmer & Haisken-DeNew 2009; Knabe & Rätzel 2011), increases the

risk of divorce (Charles & Stephens 2004) and decreases fertility (Del Bono et al.

2012).Other studies analyze the health consequences of job loss. Unemployed in-

dividuals experience higher mortality (see Roelfs et al. 2011) and several studies

provide evidence that this is (partially) due to the loss of employment and not

merely due to poorer health status or other observable factors prior to job loss

(Eliason & Storrie 2009; Sullivan & von Wachter 2009).1

At the macro-level, however, increases in the unemployment rate are found to

reduce mortality (Ruhm 2000). While infant health also improves at aggregated

levels when unemployment is high (Dehejia & Lleras-Muney 2004), at the indi-

vidual level the loss of employment is found to reduce the birth weight of own

children (Lindo 2011). Furthermore, physical inactivity and body weight as well

as tobacco and alcohol consumption decrease during economic downturns (Ruhm

& Black 2002; Ruhm 2005). However, it is not clear whether the improvement in

health behavior is driven by the unemployed or by those individuals who are still

in employment but working less.

The literature discusses several arguments as to why job loss might affect smoking

and body weight. From a theoretical point of view it is not clear whether job loss

1However, there are other studies with sophisticated identification strategies that do not find sig-
nificant adverse health effects of job loss (Browning et al. 2006; Böckerman & Ilmakunnas 2009;
Salm 2009; Schmitz 2011). These studies look at morbidity and health status indicators rather than
at mortality. Kuhn et al. (2009) find increases in public health costs, resulting from job loss, pre-
dominantly for the treatment of mental health problems.
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improves or worsens health behaviors.2 One of the most relevant mechanisms

might be stress. Medical studies find that stress increases both eating (Adam &

Epel 2007) and smoking (Kassel et al. 2003). Hence, to cope with the stress associ-

ated with job loss, individuals might increase calorie and nicotine intake as a form

of self-medication. Job loss-related stress might result from reduced income, the

fear of not finding a new job and the loss of the non-financial benefits of work, such

as respect of others, adhering to social norms and, therefore, identity (Akerlof &

Kranton 2000).

Job loss might also affect health behaviors through an income effect. The loss in

income might reduce the number of cigarettes smoked. The income effect on body

weight is ambiguous (consumption of less food vs. cheaper, less healthy food).

However, unemployment benefits are comparably generous in Germany. Recipi-

ents get 60% of their previous income (or 67 % if they have a child) for up to 24

months, depending on the duration of their own contributions to unemployment

insurance. Moreover, the unemployed can receive tax-financed unemployment

assistance, if unemployment insurance payments are below a certain threshold or

if the payment period expires (see Caliendo et al. 2013). Other arguments as to

why job loss might affect smoking and body weight include increased leisure time

(with ambiguous effects on health behaviors) and a shift in the individual’s time

preference towards the present (Schunck & Rogge 2010).

Research on the impact of job loss on health behaviors contributes to the literature

in several ways. Firstly, it investigates one of the potential mechanisms as to why

job loss increases mortality. Job loss might have negative health consequences if

health behaviors deteriorate. Secondly, analyzing the effect of job loss on smoking

and body weight deepens our understanding of why aggregated health behaviors

improve during economic downturns. Thirdly, the effect of job loss on health be-

havior is also relevant from a public health perspective. Smoking and excess body

weight are first and third among the major causes of preventable deaths in indus-

2In a strict sense, body weight is a state rather than a behavior. Yet, for the purpose of this study,
body weight is considered to be a health behavior as it actually combines two health behaviors,
eating (calories in) and exercising (calories out).
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trialized countries according to the World Health Organization (2009). Policies

aimed at reducing the prevalence of smoking and being overweight may be more

effective if they consider the vulnerability of specific groups, such as individuals

who have lost their employment.

2.3. Empirical strategy

To investigate the causal effect of job loss on body weight, smoking status and

the daily number of cigarettes smoked, this paper applies a regression-adjusted

difference-in-difference (DiD) matching strategy, similar to the one proposed by

Heckman et al. (1997). The general idea of this estimator is to compare individu-

als who have lost their jobs with (nearly identical) individuals who have not lost

their jobs and to see how the health behaviors of these two groups changed. This

study focuses on the average treatment effect on the treated (ATT), i.e. changes

in health behaviors brought about by the job loss of those who actually lost their

employment. The identifying assumption for this ATT is that no unobserved vari-

ables exist that determine job loss and simultaneously influence a change in health

behaviors, i.e. in the absence of treatment (job loss) the health behaviors of treated

(individuals experiencing job loss) and matched controls (similar individuals not

experiencing job loss in the period) follows the same trend. In formal notation the

identifying assumption is given as:

EP |D=1E[Y
a

0 − Y b
0 |P ,D = 1] = EP |D=1E[Y

a
0 − Y b

0 |P ,D = 0], (2.1)

where ∆Y0 = Y a
0 − Y b

0 refers to the change in health behaviors from before (b) to

after (a) the treatment in the absence of treatment and D denotes the treatment

group indicator. P , the propensity score, is the conditional probability of job loss,

i.e. P = P (D = 1|Sb), where Sb is a set of conditioning variables obtained in the

pre-treatment period.

In general, DiD matching estimators of the ATT can be written as (Heckman et al.
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1997; Smith & Todd 2005):

ÂTT =
1
n1

∑
i∈I1

∆Y1i −
∑
j∈I0

ω(i, j) · ∆Y0j

 , (2.2)

where n1 is the number of cases in the treatment group I1. I0 indicates the con-

trol group observations and ω(i, j) is a matching procedure specific weight. For

instance, for k nearest neighbor matching the weights ω(i, j) take on the value 1/k

for the k nearest control neighbors of each treated i and 0 for all other non-treated.

The ATT can be also expressed in matrix notation as:

β̂ = (X’WX)−1X’∆y, (2.3)

where ∆y is the vector of health behavior changes and W a diagonal matrix with 1

as diagonal element for individuals of the treatment group and ω(j) =
∑

i∈I1 ω(i, j)
for control group members. In the case of matching without regression adjustment,

X is a n-by-2 matrix, in which the first column consists of a vector of 1s and the sec-

ond column of the values of D for each individual. With regression adjustment X

contains an additional column for each adjustment variable.3

I apply a three-step procedure to estimate the ATT. First, I estimate the propensity

score, then I compute the weighting matrix of equation (2.3) and finally I perform a

weighted regression to compute the ATT. In the first step, I estimate the propensity

score by Probit regressions on the pooled sample. I do not revert to the propensity

score directly but instead use the linear index of the propensity score, which is par-

3Morgan & Harding (2006) use a similar notation for introducing propensity score weighting
(PSW). PSW differs notationally only with respect to the construction of W. For each control group
member j the diagonal element of W equals ω(j) = P̂j/(1− P̂j). Hence, ω(j) is purely a func-
tion of the estimated propensity score, P̂j , and not of the distance to any treatment observation.
PSW asymptotically yields the same estimate as the mean difference between treated and matched
controls. The matching estimator presented here, however, yields (in the absence of regression ad-
justment) numerically identical ATT estimates as the mean difference between treated and matched
controls because this weighting method is basically a rewriting exercise. PSW is sensitive to mis-
specification of the propensity score equation because the propensity score enters the weighting
function directly (Caliendo & Kopeinig 2008; Stuart 2010). The present estimator does not suffer
from this shortcoming as it is just a rewriting of matching estimators and the propensity score does
not enter the weighting directly.
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ticularly effective at improving the balance between treated and controls (Rosen-

baum & Rubin 1985a). In order to prevent the comparison of treated and untreated

that are not comparable, I restrict the analysis to the region of common support.

The analysis excludes treated observations whose linear propensity score exceeds

the maximum of the linear propensity score in the control group or falls below its

minimum. For kernel matching, the Epanechnikov kernel works as an additional

common support condition since it matches only control observations within a

specific interval around each treated observation.

In the second step, I compute the weights within cells defined by baseline smoking

status (yes/no) and survey year according to the distance in the linear propensity

score.4 This is equivalent to exact matching on survey year and smoking status. As

equations (2.2) and (2.3) show matching procedures basically differ with respect to

the weights.5 Asymptotically, all matching procedures produce the same results

because they reduce to exact matching in infinite samples (Caliendo & Kopeinig

2008). For finite control groups, there is no one best matching procedure for all

situations (Caliendo & Kopeinig 2008). Yet, Heckman et al. (1997) and Smith &

Todd (2005) argue for the use of kernel matching, which is the method primarily

used in this study. To test the sensitivity of the results with respect to different

matching procedures, I also apply 5-to-1 nearest neighbor caliper matching as a

robustness check. For kernel matching the weights take on the form

ω(i, j) =
K

[
Pj−Pi

bn

]
∑

j K
[

Pj−Pi

bn

] , (2.4)

where P is the linear index of the propensity score,K[·] is a specific kernel function

and bn is a bandwidth parameter. There is a general agreement that the choice of

the kernel is less crucial than the choice of the bandwidth. I use the Epanechnikov

kernel due to its slight superiority in terms of efficiency. The chosen bandwidth is

0.06 as applied by Heckman et al. (1997). Although Smith & Todd (2005) find their

4I use the program “psmatch2” (Leuven & Sianesi 2003) in Stata 11.2 to compute ω(j).
5See Smith & Todd (2005), Caliendo & Kopeinig (2008) and Stuart (2010) for excellent descriptions
of the various matching procedures.
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results to be robust against different bandwidth choices, in the section on robust-

ness checks I apply a different bandwidth. The third step is the regression step,

where I compute the ATT according to equation (2.3). I include all conditioning

variables S from the propensity score equation in X. While the calculation of the

weights is performed within cells, the ATT is computed for the pooled sample.

The applied regression-adjusted difference-in-difference matching estimator im-

proves conventional matching estimators in several ways. First, the DiD matching

estimator eliminates the time-invariant outcome difference between individuals in

the treatment and control group. The pure cross-sectional matching estimator as-

sumes that all relevant variables that determine job loss and influence the level of

health behaviors are included in the data set - and incorporated into the model.

This is a much stronger assumption. Second, the regression-adjusted matching es-

timator remains consistent if either the propensity score equation or the regression

equation is correctly specified. Therefore, the researcher has two opportunities to

deal correctly with the selection bias and, hence, the model can be regarded as dou-

bly robust (Bang & Robins 2005). The inclusion of all variables from the propensity

score estimation reduces the effect of prevailing covariate imbalances after match-

ing and, thus, decreases the small sample and asymptotic bias of the matching

estimator (Abadie & Imbens 2006). Furthermore, including relevant variables in

the regression step decreases unexplained variance in the outcome and, hence,

the standard errors of the treatment effect estimates. This is similar to including

control variables in randomized experiments. Third, I combine propensity score

matching with exact matching on survey year and baseline smoking status, which

I regard as crucial variables for the purpose of this study. Smoking initiation and

smoking cessation are different decisions and the distinction between these two

decisions is useful (DeCicca et al. 2008). Therefore, I display smoking results sep-

arately for smokers and nonsmokers and match exactly on the smoking status to

compare only like and like. Performing inexact matching on survey year would

imply comparing individuals from different time periods. Additionally, match-

ing on the survey year allows to control for general macroeconomic trends (like

cigarette taxes, which are the same everywhere in Germany at a given point in
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time). Fourth, the matching and analysis steps are clearly separated. Therefore,

the quality of the matching procedure is evaluated prior to computing the ATT.

To highlight some benefits of the applied matching procedure, the presentation

of the results in table 2.3 starts with a simple specification without pre-treatment

health behavior information and without exact matching. The other specifications

gradually incorporate the more sophisticated procedures.

There is a debate in the literature as to how to estimate the variance of propensity

score-based matching estimators (see Caliendo & Kopeinig 2008; Stuart 2010). The

crux is that the variance estimation should take into account uncertainty in the

propensity score estimation. Although there is evidence that standard errors are

overestimated if the estimated propensity score is used instead of the true propen-

sity score (see Stuart 2010). Hence, if the uncertainty in the propensity score model

is not considered, erring might be on the conservative side. Usually bootstrapping

constitutes a popular way of estimating standard errors when they are difficult

to compute analytically or when the theoretical distribution of the relevant statis-

tic is unknown. However, there is no formal justification for the application of

the bootstrap in the case of matching and Abadie & Imbens (2008) show that boot-

strapping fails in the case of nearest neighbor matching. Therefore, this study does

not rely primarily on bootstrapped standard errors.6 Instead I use robust standard

errors from the weighted regressions. Robustness tests in section 2.7 show that

the applied standard errors are slightly more conservative than comparable boot-

strapped standard errors and standard errors computed according to the formula

suggested by Lechner (1999).7

6Although some argue that bootstrapping might be valid in the case of kernel matching, which
does not rely on a fixed number of matches and is thus smoother (Todd 2008).
7Lechner (1999) approximates the variance of the ATT by

σ2
ATT =

1
N1
· V ar(Y1|D = 1,M = 1) +

∑
j∈I0

ω2
j

N2
1

· V ar(Y0|D = 0,M = 1),

where N1 denotes the number of matched (M = 1) treated (D = 1), I0 the control group and ω(j)
the total weight of control j, i.e. ω(j) =

∑
i∈I1

ω(i, j). This variance estimation takes into account
that control observations might be used multiple times as matches and was found to produce sim-
ilar results to the bootstrap approach (Lechner 2002).
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2.4. Data and variables

This study uses data from the 2002-2010 waves of the German Socio-Economic

Panel Study (SOEP, v27), which is one of the largest and longest running survey

panels in the world. Annually it conducts interviews with more than 20,000 in-

dividuals in over 10,000 households in Germany (Wagner et al. 2007). The SOEP

provides a wide range of information at the individual and the household level,

e.g. about working and living conditions. In even number years, starting in 2002,

the SOEP includes a detailed health module, which I use to construct the outcome

measures.

2.4.1. Outcome variables

This study analyzes two different types of health behavior, smoking and body

weight. I use information about smoking behavior and body weight from the 2002,

2004, 2006, 2008 and 2010 waves. The SOEP does not elicit this information in the

odd numbered years. I look at two different smoking measures: the daily number

of cigarettes smoked and a dummy variable indicating whether or not an indi-

vidual currently smokes. For the current smoking status, I distinguish between

smoking initiation (the decision of nonsmokers to start smoking),8 smoking con-

tinuation (the decision of smokers to remain smokers) and smoking participation

(the smoking decisions of smokers and nonsmokers combined) following DeCicca

et al. (2008). I exclude observations of those who solely smoke pipes or cigars.

I use the body mass index (BMI) as weight outcome, which is defined as the in-

dividual’s body weight divided by the square of the individual’s height and mea-

sured in kg/m2. The study does not consider overweight status (BMI > 25) or

obesity (BMI > 30) directly because few individuals in the sample change between

these (arbitrary) weight categories. A gain in body weight is not necessarily bad

8This includes both, individuals who smoke for the first time and individuals who restart smoking.
Section 2.8 differentiates between these two groups.
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for health, especially for underweight people. Yet, more than half of the treated in-

dividuals are overweight and more than 15 % of them are obese. Section 2.8 looks

at whether there are differences in job loss induced body weight changes between

overweight and normal weight individuals.

2.4.2. Treatment and control group

Treatment and control group consist of individuals between 18 and 62 years of

age,9 who were neither self-employed nor civil servants and who were working

either full or part-time during the pre-treatment period (denoted by t− 1). I only

include individuals with non-missing smoking and BMI information before and

after treatment. This drops the sample size by about 2 %. The treatment group

comprises individuals who lost their job due to plant closure or dismissal between

two survey rounds with information about the individuals’ health behaviors, i.e.

between t − 1 and t + 1. For the control group, I only select those individuals

without job change between t− 1 and t+ 1. Note that the SOEP includes the in-

formation on health behaviors only every two years. Hence, between t− 1 and

t+ 1 a survey round without questions on health behaviors takes place (at time t).

Since the question about job loss in the SOEP incorporates all job losses occurring

during the survey year and the previous year, the information about job loss is

derived from either the interview in t or t+ 1. All other data originate from t− 1,

the last wave with information about the individuals’ health behaviors before the

treatment. On average, this last interview took place 11 months before the job loss.

The time between job loss and the following interview is, on average, 13 months.

The study only looks at involuntary job loss and, therefore, does not include in-

dividuals who voluntarily terminated their employment (including, for example,

resignation or mutual agreement), because selection issues might arise. Further,

it is not clear from a theoretical point of view, why this should lead to a change

in health behaviors. It might be argued that individuals are dismissed because of

9The estimated effects are very similar when the sample is restricted to smaller age ranges (e.g.
individuals between 25 and 55 or between 30 and 50; see table 2.7 in the appendix).
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a change in smoking behavior or body weight. Dismissals due to a high level of

smoking or weight should not distort the results since the levels are taken into ac-

count in the matching procedure. To show that there is no reverse causality, I also

perform analyses in which the treatment group only consists of individuals who

lost their jobs due to plant closure, for which exogeneity is stricter. In the whole

observation period there are 1,768 incidences of involuntary job loss. Since only

520 occurred due to plant closure, I do not solely rely on these cases. The potential

control group consists of more than 22,500 observations.

2.4.3. Conditioning variables

The identification strategy builds on the assumption that the model includes all

variables that simultaneously influence the probability of job loss and changes in

health behaviors. Therefore, the choice of the conditioning variables S is crucial. I

reviewed variables used in other studies analyzing health effects of job loss10 and

include as many of these variables as possible. Since I rely on rich survey data, I

can not only include more conditioning variables than any one of these other stud-

ies but I can also use almost all conditioning variables from these studies. It is even

possible to include perceived job security, which was found to be a good predic-

tor of subsequent job loss also when controlling for other characteristics (Stephens

2004). With respect to the outcome variables, the data allow to condition not only

on smoking behavior and BMI prior to job loss but also on the smoking history, i.e.

whether individuals ever smoked 100 cigarettes in life.

Table 2.1.: Overview of the conditioning variables
Demographic
Female 0=male, 1=female
Age in years; third order polynomial
Migrant 1=individual or parents moved to Germany, 0 else
Non-German 0=German, 1=foreign citizenship
Home owner 0=tenant, 1=home owner
Spouse 1=married or unmarried spouse in the household, 0 else
Children 1=children under 18 in household, 0 else
Survey year 4 categories (2002, 2004, 2006, 2008)

10These are Browning et al. (2006), Böckerman & Ilmakunnas (2009), Eliason & Storrie (2009), Falba
et al. (2005), Salm (2009), Schmitz (2011) and Sullivan & von Wachter (2009). Additionally, I looked
at the variables highlighted by Wichert & Wilke (2012) as determinants of job loss in Germany. 23
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Table 2.1.: Overview of the conditioning variables - continued

Labor market
Labor earnings logarithm of annual earnings in Euro
Never unemployed 0=ever unemployed, 1=never unemployed
Years unemployed years with months in decimal form
Tenure in years
Blue collar 0=white collar, 1=blue collar worker
Perceived job security+ 3 categories (big worries, some worries, no worries)
Company size+ 3 categories (< 20, 20-200, > 200 employees)
Industry sector 10 categories

Educational
University 0=no university degree, 1=university degree
Vocational training 0=no vocational training, 1=vocational training
Secondary schooling+ 4 categories (no degree/basic school, intermediate/other school

academic school track (Abitur), technical school)
Regional
Residential district 4 cat. (< 2000, 2000-20 000, 20 000-100 000, > 100 000 inhabitants)
Federal state 14 categories11

Regional unemployment yearly information on the state level

Health
Self-rated health 3 categories (very good/good, satisfactory, poor/bad)
Private health insurance+ 0=public, 1= private health insurance
Mental health+ based on SF12 questionnaire (see Andersen et al. 2007), cardinal
Physical health+ based on SF12 questionnaire, cardinal measure
Baseline smoker 0=baseline nonsmoker, 1=smoker before treatment
Number of cigarettes daily number of cigarettes
Ever-smoker+ 0=never smoked; 1=ex-smoker(asked only in 2002 survey)
Heavy smoker 0= < 20 cigarettes/day, 1= ≥ 20 cigarettes a day
Partner smokes+ 0=partner is nonsmoker, 1=partner smokes
Overweight 0=BMI ≤ 25, 1=BMI > 25
Body weight in kg
BMI body mass index; in kg/m2

Height in centimeters
Drinking behavior+ 4 cat. (regular, moderate, rare drinker, abstainer)12

Variables with an additional category for missing values marked with +.

11I group Bremen with Lower Saxony and Hamburg with Schleswig-Holstein due to few cases.
12Coding according to Ziebarth & Grabka (2009). Since the data on drinking behavior are only
available since 2006 they are highly affected by missing values. Excluding these variables does not
alter the results (see the online appendix).
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Matching variables can be roughly divided into demographic, labor market-related,

educational, regional and health-related (see table 2.1). In order to not lose treat-

ment observations with missing values on some conditioning variables, I set miss-

ing values to 0 and include binary variables indicating a missing value. The af-

fected variables are marked with “+” in table 2.1. Hence, I treat missing values

as just another category of these variables. Matching is therefore not only on the

observed values but also on the missing data pattern (Stuart 2010). The ATT es-

timates are very similar when observations with missing values are excluded, the

standard errors, however, slightly increase (results are not shown, but are available

upon request). In total, the study conditions on 79 non-collinear variables.

2.5. Matching quality

The quality of matching can be assessed by comparing the means of the condi-

tioning variables for treated and untreated after matching. If the means of treated

and matched controls deviate very much, matching on the linear propensity score

did not work well and rather different observations are compared. To determine

whether a mean difference is large, I look at the standardized bias. The stan-

dardized bias displays for each conditioning variable S the difference between

the means of treated (s1) and matched controls (s0) as a percentage of the square

root of the average of the variances (σ2
s ) in the two groups (Rosenbaum & Rubin

1985b):

SBs = 100 · s1 − s0√
1
2(σ

2
s1 + σ2

s0)
(2.5)

When the standardized bias exceeds 5 %, the mean difference is regarded to be

large (Caliendo & Kopeinig 2008), and balancing did not work very well.
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Table 2.2.: Means of treated, controls and matched controls - before treatment

Variable Treated Controls Stand. Bias (%)
unmat. matched unmatched matched

Demographic
Female+ 41.33 47.11 42.21 -11.64 -1.78
Age 40.87 42.71 41.02 -18.06 -1.42
Migrant+ 19.63 15.36 19.74 11.27 -0.28
Non-German+ 15.38 11.59 15.68 11.11 -0.82
Home owner+ 40.70 54.27 40.79 -27.41 -0.19
Spouse+ 73.59 78.76 74.43 -12.15 -1.92
Children+ 39.95 41.12 39.55 -2.38 0.83

Labor market
Labor earnings 9.66 10.13 9.66 -38.07 -0.36
Never unemployed+ 44.37 68.39 45.74 -49.91 -2.75
Years unemployed 1.07 0.44 1.05 40.04 0.87
Tenure 6.59 11.67 6.81 -58.05 -3.07
Blue collar+ 49.02 32.90 48.35 33.24 1.35

Small company+ 39.44 20.79 38.84 41.51 1.22
Medium company+ 32.78 29.75 33.30 6.54 -1.11
Large company+ 25.60 46.95 25.56 -45.52 0.10
No company info+ 2.18 2.52 2.30 -2.23 -0.78

Job worries+ 33.98 15.32 34.62 44.36 -1.35
No job worries+ 20.44 38.85 20.18 -41.16 0.64
No info+ 1.66 1.44 1.99 1.83 -2.46

Education
University+ 14.64 22.07 14.52 -19.29 0.32
Vocational training+ 76.18 75.54 75.91 1.48 0.63

Basic school+ 32.72 28.28 32.59 9.66 0.28
Intermediate school+ 47.30 43.85 47.41 6.93 -0.22
Technical college+ 3.96 6.52 4.08 -11.49 -0.58
Highest secondary+ 13.43 19.66 13.35 -16.81 0.25
No schooling info+ 2.58 1.70 2.58 6.13 0.04
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Table 2.2.: Means of treated, controls and matched controls - continued

Variable Treated Controls Stand. Bias (%)
unmat. matched unmatched matched

Regional
Village+ 11.31 8.74 11.61 8.54 -0.94
Small town+ 34.10 35.47 33.76 -2.87 0.71
Small city+ 26.69 27.16 26.57 -1.06 0.29
Big city+ 27.90 28.62 28.07 -1.61 -0.37
Regional unemployment 11.06 10.11 11.03 20.71 0.60

Health
Bad health+ 11.77 9.60 12.16 7.02 -1.21
Good health+ 53.90 58.84 53.48 -9.96 0.84
Private health insurance+ 3.27 6.71 3.40 -15.85 -0.71
No insurance info+ 0.23 0.20 0.42 0.73 -3.36
Mental health 48.12 49.28 48.01 -9.97 0.89
Physical health 50.72 51.38 50.61 -6.11 1.01
No health info+ 2.18 1.96 2.21 1.53 -0.19
Baseline smoker+ 42.71 33.60 42.71 18.84 0.00
Number of cigarettes 7.29 5.49 7.44 18.27 -1.37
Ever-smoker+ 63.66 57.34 63.70 12.96 -0.08
No Ever-smoker info+ 5.17 5.77 5.12 -2.67 0.20
Heavy smoker+ 19.52 14.73 19.70 12.74 -0.46
Partner smokes+ 26.52 23.12 26.73 7.89 -0.46
No partner-smoke info+ 29.79 25.45 28.84 9.73 2.10
Overweight+ 53.21 51.10 53.67 4.23 -0.92
Body weight 77.72 77.00 77.77 4.50 -0.36
BMI 25.80 25.67 25.86 2.96 -1.25
Height 173.19 172.82 173.09 4.11 1.15

Abstainer+ 4.54 3.71 4.45 4.16 0.42
Rare drinker+ 10.91 13.01 11.09 -6.47 -0.58
Moderate drinker+ 16.70 20.67 16.71 -10.18 -0.01
Regular drinker+ 6.89 8.35 6.91 -5.50 -0.07
No alcohol info+ 60.96 54.27 60.85 13.58 0.24

Note: Summary statistics for treated, all controls and matched controls. The first three columns
present the means of selected variables before treatment for treated, controls and matched controls,
respectively. The last two columns display the standardized bias in % before and after matching. +

indicates that the mean represents a percentage share.
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Table 2.2 presents means and standardized biases for the pooled sample before

and after matching.13 Before matching, those who lost their jobs differ. For in-

stance, they are more likely to have a migration background, have lower levels

of income, have more previous unemployment times, have less tenure, are more

likely to be blue collar workers, work more often in small companies, are more

concerned about the security of their jobs and have lower levels of secondary edu-

cation. With respect to the health behaviours analyzed, the treated are more likely

to smoke (43 % vs. 34 %), have a slightly higher BMI on average and are more likely

to be overweight (53 % vs. 51 %) before job loss. Matching strongly reduces these

disparities in health behaviors as well as in other conditioning variables. There-

fore, matching seems to function properly. Small remaining differences between

treated and matched controls are mitigated by the regression-adjustment.

After imposing the common support conditions, the sample comprises 1,742 treated

observations (513 with plant closure). This reduces the sample size by about 1.5

%. The standardized bias is much smaller after matching and never exceeds the

critical value of 5 %. The median standardized bias over all 79 conditioning vari-

ables is 10.07 before matching and 0.69 after matching; the mean standardized bias

amounts to 0.86. In general, the median standardized bias is rather low compared

to other studies (e.g. Lechner 2002; Kuhn et al. 2009). Also based on this criterion

the matching procedure succeeds.

13Matching is also on the square and cubic of age as well as on sets of binary variables for federal
state, survey year and industry (see section 2.4). Table 2.2 excludes these variables due to space
limitations. Also for these variables the standardized bias falls below the critical value of 5 % after
matching. The calculation of the median standardized bias in tables 2.3 and 2.4 considers these
variables.
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2.6. Results

Table 2.3 presents the estimates of the effect of job loss on body weight and smok-

ing (ATT) for several specifications (i) for all individuals and separately for (ii)

baseline smokers and (iii) baseline nonsmokers. The table starts with the simplest

specification in the first column. The other specifications gradually incorporate

more sophisticated procedures. Specification (4) is the preferred specification. For

each matching specification, table 2.3 also presents the share of treated observa-

tions off the common support, i.e. treated individuals without adequate match,

and the median of the standardized bias.

Specification (1) does not use any information about the pre-treatment health be-

haviors in the estimation of the linear propensity score, the outcome variable or

for regression adjustment.14 Hence, I do not present results separately for baseline

smokers and nonsmokers. This specification most closely resembles a pure cross-

sectional matching estimator. Matching is not exact on survey year and baseline

smoking status in this specification. In this specification, job loss increases smok-

ing participation by 4.7 percentage points, the daily number of cigarettes smoked

by 0.6 cigarettes and the BMI by 0.14 kg/m2 - although the effect on BMI is not

significant at common significance levels.

Specification (2) is the difference-in-difference matching estimator where the out-

come is the change in health behavior and where the propensity score estimation

takes into account Y b, the pre-treatment health behaviors. For the pooled sam-

ple, job loss increases the probability of smoking by 2.3 percentage points and

increases the BMI by around 0.1 kg/m2. This is in addition to the usual weight

gain between two observation periods, which is about 0.34 kg/m2 for the matched

controls. Therefore, the total body weight increase amounts to 0.44 kg/m2 for the

treated. The effect on the current smoking status is principally driven by baseline

nonsmokers starting to smoke. There is no significant increase in the probability

14Variables concerning smoking status, smoking intensity and smoking history as well as the BMI
are excluded in this specification.
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Table 2.3.: The effect of job loss on smoking behavior and body weight

cross-section longitudinal

not in cells in cells w. Reg.-adj.
Outcome (1) (2) (3) (4)

All individuals
Smoking participation 0.047∗∗∗ 0.023∗∗∗ 0.025∗∗∗ 0.024∗∗∗

(0.013) (0.008) (0.008) (0.008)
Number of cigarettes 0.626 ∗ ∗ 0.176 0.358 0.234

(0.266) (0.175) (0.267) (0.163)
Body mass index (BMI) 0.140 0.100∗ 0.095∗ 0.097∗

(0.121) (0.053) (0.053) (0.052)

Baseline nonsmokers
Smoking initiation 0.030∗∗∗ 0.028∗∗∗ 0.030∗∗∗

(0.009) (0.009) (0.009)

Baseline smokers
Smoking continuation 0.017 0.020 0.016

(0.013) (0.014) (0.013)
Number of cigarettes 0.046 0.462 0.086

(0.363) (0.586) (0.338)
Off common support (%) 0.11 0.17 1.47 1.47
Median std. bias 1.00 0.93 0.69 0.69

Note: The table presents the effect of job loss on smoking and body weight. Each cell displays the
ATT from a separate regression and its robust standard error. Row names indicate the outcome.
Specification (1) does not take into account baseline health behaviors, while specifications (2)-(4)
use the change in health behavior as outcome. Specification (3) performs matching within cells
defined by survey year and smoking status, which specification (2) does not. Specification (4) addi-
tionally includes the conditioning variables in the outcome equation. The row “Median std. bias”
displays the median of the standardized bias over all matching variables. “Off common support”
indicates the share of treated individuals (from a base of N = 1, 768) who are not considered in the
estimation due to inappropriate matches. * p < 0.1; ** p < 0.05; *** p < 0.01.
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of baseline smokers remaining smokers. Smokers also do not smoke significantly

more cigarettes, on average, after their job loss. Compared to specification (1), the

effect of job loss on health behaviors is considerably smaller. If there was no se-

lection on unobservable characteristics with time-invariant effects, the estimates

of the ATT should be very similar. The large differences might be taken as an in-

dication that the cross-sectional matching estimator of specification (1) is biased

upwardly.

While for specification (2) matching is on the linear index of the propensity score

of the pooled sample, specification (3) additionally performs exact matching on

survey year and smoking status. The median standardized bias is slightly smaller,

while the share of treated observations outside the common support increases. The

results resemble the results of the previous specification.

In specification (4) there is additional regression adjustment for all conditioning

variables used in the estimation of the propensity score. As expected, regression

adjustment slightly decreases the standard errors compared to specification (3).

Some estimated effects decrease somewhat in magnitude. Baseline nonsmokers

are around 3.0 percentage points more likely to smoke due to job loss. This implies

an increase in the probability of starting smoking of more than 55 percent as less

than 5.5 percent of the baseline nonsmokers start smoking. The 0.1 kg/m2 increase

in BMI due to job loss denotes an increase of about 0.4 percent (0.3 kg) in total body

weight and of about 30 percent in body weight change.

The average increase in BMI differs from findings of Deb et al. (2011), who only

observe significant increases for one latent group in their finite mixture models.

This group consists of individuals who already engage in unhealthy behaviors

before job loss. For this group, Deb et al. (2011) estimate a job loss-related increase

in BMI by more than one unit. Section 2.8 performs separate analyses for different

at-risk groups and shows that for overweight individuals the effect is larger but

still considerably below 0.5 BMI units.

The effect on smoking initiation is somewhat smaller than the effect in Falba et al.
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(2005), who estimate that job loss more than doubles the probability of smoking

initiation. However, Falba et al. (2005) not only apply a different estimation strat-

egy and analyze U.S. individuals aged over 50, but they also focus solely on ex-

smokers and, therefore, on smoking relapse. In section 2.8, I perform separate

analyses for ex-smokers. I find that for ex-smokers job loss increases the probabil-

ity of (re)starting smoking by about 50 percent (5.6 percentage points), which is,

again, smaller than the effect in Falba et al. (2005).

To gauge whether the statistically significant effects in specification (4) are mean-

ingful, the findings of this study are compared with other effects on smoking and

BMI reported in the literature. Ruhm (2005) estimates that a one point drop in the

employment rate in the U.S. reduces the estimated smoking participation rate by

0.13 percentage points on the aggregate level. In contrast, I find individual job loss

to increase smoking participation by 2.4 percentage points. This effect is almost

twenty times as large. If healthy living really improves during economic down-

turns and smoking participation of individuals experiencing job loss increases,

there must be some groups (e.g. employed individuals with reduced working

hours) for which smoking rates decrease even more than the average estimated

by Ruhm (2005). Exploiting large cigarette tax increases in the U.S., DeCicca &

McLeod (2008) find that a $1 increase in the cigarette excise tax reduces smoking

participation by 1.0-1.5 percentage points. For BMI, job loss resulted in an esti-

mated increase in BMI of about 0.1 units in table 2.3. This is considerably less than

the reduction in BMI of 0.64 kg/m2 resulting from a one point reduction in the

employment rate (Ruhm 2005). In light of these other findings, the statistically

significant increase in BMI seems to be of minor economic significance, while the

increase in smoking participation seems to be rather high.
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2.7. Robustness

This section conducts various robustness checks and analyzes the plausibility of

the identifying assumption. First, I apply a different bandwidth in the construc-

tion of the kernel weights. Second, I deal with a different selection of the con-

ditioning variables. Third, I test the robustness of the findings with respect to a

different matching procedure. Fourth, to check whether reverse causality might

undermine the results, I only consider a specific subgroup of the treatment group.

Further, I perform two placebo regressions to test the plausibility of the assump-

tion of no selection on unobservables. Table 2.4 displays the results for the four

robustness checks and the two placebo regressions. This section also discusses in-

ference issues and arguments why the ATT estimates might be rather lower bound

estimates.

For the first robustness check, I chose a bandwidth that is half the size of the pre-

vious bandwidth, i.e. bn = 0.03. Compared to the previous bandwidth, this band-

width puts an even greater weight on close control observations. While this might

increase consistency, it might also increase variance. Specification (5) in table 2.4

presents the associated results. Comparing with the main specification (4) of ta-

ble 2.3, the different bandwidth choice does not considerably change the results.

Due to the smaller bandwidth of the Epanechnikov kernel, the number of treated

individuals outside the common support increases marginally.

The choice of the conditioning variables, S, is crucial for the identification strategy.

Therefore, the second robustness check tests the sensitivity of the results with re-

spect to a different composition of conditioning variables. The specifications in the

previous section use a set of conditioning variables that tries to incorporate all vari-

ables employed in related studies. The inclusion of many variables increases the

chance of including all relevant variables. However, there are two shortcomings

to this strategy (Caliendo & Kopeinig 2008). First, including irrelevant variables

does not bias the propensity score estimates but can increase their variance. This,

in turn, will make the ATT estimates less precise. Second, this strategy might re-
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duce the common support. The more variables are considered, the more difficult

it is to find similar matches. In the second robustness test, I perform stepwise Pro-

bit regression in the pooled sample with forward selection in the propensity score

step, where I only include variables that are significant on the 10 % level. This set

of conditioning variables comprises 28 variables, compared to 79 in the main spec-

ification. After the determination of this alternative set of conditioning variables,

I proceed with the three-step procedure outlined above - with the only differences

being the application of a different set of conditioning variables both in propensity

score estimation and regression-adjustment.

The results in specification (6) show that the significant effects do not change

greatly when applying the different set of conditioning variables. The effects on

smoking status and body weight increase slightly.

For the third robustness test, this study makes use of a different matching pro-

cedure to compute the ω(i, j), 5-to-1 nearest neighbor caliper matching. Morgan

& Harding (2006) consider nearest neighbor caliper matching with replacement

superior to nearest neighbor matching without caliper and without replacement. I

apply a caliper of 0.25 standard deviations of the estimated linear propensity score,

as recommended by Rosenbaum & Rubin (1985a). Specification (7) presents the re-

sults for nearest neighbor caliper matching. Again, the effects are very similar.

If individuals were dismissed because of a change in smoking behavior or body

weight, reverse causality would distort the previous results. Furthermore, other

life-events might exist that influence both health behaviors and the dismissal prob-

ability. For instance, a divorce might increase an individual’s level of smoking and,

at the same time, reduce the individual’s work motivation resulting in dismissal.

For these two reasons, in specification (8) I only consider individuals who lost

their job due to plant closure for the treatment group. This reduces the number of

treated to less than one third of the original sample (520 observations). While plant

closure is largely exogenous to the individual, frequently it does not come with-

out warning. Those experiencing a plant closure might be a very selective group as

these individuals did not leave the plant earlier (Kletzer 1998). Table 2.4 shows that
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the two main effects, the effect on BMI and the effect on the current smoking status

for nonsmokers, are of similar magnitude to the base specification. However, the

effect on BMI is no longer significant. For smokers, the effects on smoking status

and the number of cigarettes remain insignificant but become negative. Therefore,

the effect on smoking participation turns insignificant in the pooled sample.

To identify causal effects, all matching procedures assume that the conditioning

variables, S, include all variables simultaneously influencing the probability of job

loss and changes in health behaviors. There is no direct test for this assumption.

However, I perform placebo regressions to add additional credibility to this as-

sumption.

The placebo regression pretends that the treatment takes place two years earlier.

For example, if the actual job loss occurs between 2004 and 2006, the placebo treat-

ment takes place between 2002 and 2004. Accordingly, for the first step I compute

the propensity score based on conditioning variables obtained in the last year with

health data before the placebo job loss (2002, in the example). Then, I proceed

with the same three-step-procedure as before. The rationale behind this compu-

tation is as follows. If a job loss explains changes in health behaviors in the two

years before job loss, there are probably some unobserved confounding variables

making treated and matched controls different, which violates the unconfounded-

ness assumption. Table 2.4 shows that in specification (9) the placebo job loss does

not influence changes in smoking behavior and BMI. All estimated effects are in-

significant and close to zero. This specification adds plausibility to the assumption

that there are no unobservables that influence both treatment and outcome in the

preferred specification. The evolution of health behaviors of treated and matched

controls is similar before the actual job loss.

An additional placebo regression is performed, where the outcome is the health be-

havior (in levels) after the placebo job loss. This placebo regression resembles the

cross-sectional estimator of specification (1), which does not take into account any

information about health behaviors before the (placebo) treatment in the propen-

sity score equation, the definition of the outcome variable and for regression ad-
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justment. Specification (10) indicates a violation of the unconfoundedness assump-

tion when applying the cross-sectional matching estimator. The placebo job loss

affects the smoking behavior significantly, although it should not. This indicates

that the matching difference-in-difference estimator clearly outperforms the cross-

sectional estimator.

As outlined in section 2.3, the standard errors in tables 2.3 and 2.4 do not take

into account that the propensity score is estimated. The displayed standard er-

rors are robust standard errors derived from weighted regressions. These stan-

dard errors resemble bootstrapped standard errors (with 2,000 replications) and

standard errors computed according to the formula suggested by Lechner (1999).

They slightly exceed these standard errors implying more conservative inference.

For instance, for the effect on smoking status’ change in the pooled version of spec-

ification (2), the standard errors are 0.00767 in the bootstrap version and 0.00806

in the version according to Lechner (1999), while the robust standard errors I use

are 0.00807.15 Applying different methods of standard error computation does not

change the conclusions drawn.

Nevertheless, the ATT estimates might be downward-biased for several reasons.

First, individuals who lost their job might underreport their true adverse health

behaviors. This does not produce a bias in the DiD estimation if they underreport

in the same way before job loss or if they change the degree of underreporting in

the same way as the matched controls. However, if job loss makes them a stronger

underreporter then the DiD estimation underestimates the true effect of job loss.

It seems possible that the treated increase the degree of underreporting in order to

avoid fulfilling prejudices against the unemployed. Second, those who experience

a greater negative impact from their job loss (e.g. with respect to stress, finances

or identity) might be more likely to drop out of the sample.16 These individuals

15Analogously, for changes in the number of cigarettes in the pooled sample these standard errors
amount to 0.164 (bootstrap), 0.164 (Lechner) and 0.175 (this study), respectively. For BMI changes
the respective standard errors take on the values 0.053 (bootstrap), 0.051 (Lechner) and 0.053 (this
study).

16For instance, Dorsett (2010) finds unemployment to be related to panel attrition when comparing
survey and register data.

37
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might also be the most likely to cope with the job loss by increasing body weight

and nicotine consumption. Third, often job losses do not come without warn-

ing. If the period before the actual job loss was already stressful and poor health

choices were how individuals coped with this increased stress, the pre-treatment

outcome might incorporate the higher level of adverse health behaviors. There is

some empirical evidence that the fear of unemployment harms mental health (Kn-

abe & Rätzel 2011; Reichert & Tauchmann 2011). However, the placebo regression

in specification (6) does not indicate an impact of job loss on changes in health

behavior before the job loss.

2.8. Heterogeneity analysis

While the two previous sections focus on average treatment effects, this section an-

alyzes subgroup-specific treatment effects. Average effects might hide that some

subgroups show no reaction to job loss while others show particularly strong reac-

tions. Therefore, the analysis of treatment effect heterogeneity is crucial for acquir-

ing a better understanding of the consequences of job loss on smoking behavior

and body weight.

To facilitate a comparison of only like and like, in addition to exact matching on

survey year and smoking status, I perform exact matching on the particular group-

ing variable. I apply the same three-step-procedure as before, but compute the

weights in step 2 separately for each combination of year, smoking status and the

grouping variable. This resembles specification (4) in table 2.3 with the exception

that matching is exact on the grouping variable. Since I impose the same common

support conditions as before, sample sizes might vary. Furthermore, these anal-

yses drop observations with missing information on the grouping variable. I do

not perform exact matching on all grouping variables simultaneously; the proce-

dure outlined is repeated for each grouping variable.Grouping variables in table

2.5 include gender, age, partnership status, socioeconomic status, overweight sta-

tus, health and unemployment status.
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Table 2.5.: Treatment effects by subgroups

All individuals Nonsmok. Smokers

Smoking Smoking Smoking No. of
N Particip. BMI Initiation Contin. Cigaret.

Over 50 416 0.019 −0.067 0.002 0.058 ∗ ∗ −0.499
Under 50 1318 0.026∗∗∗ 0.142 ∗ ∗ 0.039∗∗∗ 0.010 0.155
Difference 0.007 0.208∗ 0.037 ∗ ∗ −0.049 0.653
Male 1018 0.027 ∗ ∗ −0.014 0.041∗∗∗ 0.015 −0.390
Female 717 0.017 0.278∗∗∗ 0.016 0.014 0.671
Difference −0.010 0.292∗∗∗ −0.025 −0.001 1.061
Single 448 0.029∗ 0.095 0.067∗∗∗ −0.011 0.372
Partner 1277 0.022∗∗∗ 0.111∗ 0.021 ∗ ∗ 0.023 −0.178
Difference −0.006 0.016 −0.046∗ 0.034 −0.550
Low unempl. 889 0.037∗∗∗ 0.116 0.048∗∗∗ 0.030 0.182
Higher unempl. 847 0.011 0.126∗ 0.016 0.004 0.235
Difference −0.026∗ 0.010 −0.032∗ −0.026 0.053
Lower educ. 658 0.035∗∗∗ 0.116 0.052∗∗∗ 0.025 −0.789
Higher educ. 1031 0.015 0.097 0.021 ∗ ∗ 0.001 0.269
Difference −0.020 −0.020 −0.031 −0.023 1.058
Normal 803 0.033∗∗∗ 0.059 0.038∗∗∗ 0.022 0.165
Overweight 924 0.018∗ 0.134∗ 0.021∗ 0.012 0.043
Difference −0.014 0.075 −0.017 −0.010 −0.122
Worse health 800 0.046∗∗∗ 0.052 0.048∗∗∗ 0.048∗∗∗ 0.468
Better health 923 0.007 0.172 ∗ ∗ 0.020∗ −0.016 −0.625
Difference −0.040∗∗∗ 0.120 −0.028 −0.064 ∗ ∗ −1.093
Job found 1054 0.024 ∗ ∗ 0.088 0.026 ∗ ∗ 0.017 −0.211
Unemployed 688 0.025 ∗ ∗ 0.112 0.036∗∗∗ 0.014 0.521
Difference −0.001 −0.024 −0.010 0.003 −0.732
No unempl. 545 0.028 ∗ ∗ −0.060 0.026∗ 0.024 −0.121
Some unempl. 1223 0.022 ∗ ∗ 0.169∗∗∗ 0.032∗∗∗ 0.012 0.165
Difference 0.006 −0.229∗∗∗ −0.006 0.012 −0.286

Note: The table presents the effect of job loss on smoking and body weight for subgroups defined
by the row variables. Each cell stands for a separate ATT. Super columns indicate the sample,
columns indicate the outcome. The first column displays the number of all treated observations in
the region of common support for the various subgroups. * p < 0.1; ** p < 0.05; *** p < 0.01.
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Table 2.5 shows the ATT for various subgroups and outcome variables.17 The first

column displays the number of treated observations (smokers and nonsmokers

together) in the region of common support for the subgroup defined by the row

name. Two similar studies (Falba et al. 2005; Deb et al. 2011) analyze only individ-

uals over the age of 50. In order to make it easier to compare the results with these

studies, I look at individuals who are aged 50 or older and contrast them with in-

dividuals younger than 50. The first panel of table 2.5 shows that, due to job loss,

young nonsmokers are significantly more likely to start smoking than their older

counterparts. If this pattern is similar in the U.S., the probability of smoking initi-

ation might be even higher in the general U.S. population than the results of Falba

et al. (2005) indicate. Older baseline smokers are, however, more likely to continue

smoking due to job loss (5.8 vs. 1.0 percentage points).

It is often argued that work is more crucial for the identity of men and, hence, their

reaction can be expected to be stronger. Roelfs et al. (2011) cite some studies that

find stronger effects of job loss and unemployment on various outcomes for men.

The second panel of table 2.5 shows that the effect of job loss on smoking initiation

is stronger for men (4.1 vs. 1.6 percentage points). Although the difference is not

statistically significant from zero. The only significant gender difference is with

respect to the weight gain, which is considerably larger for women (0.28 vs -0.01

kg/m2 ). Overall, there appears to be no clear evidence for stronger effects of job

loss on health behaviors of men.

The next panel compares individuals with and without cohabiting spouse. Spouses

can give financial and emotional support, thus mitigating stress and financial hard-

ship associated with job loss. Furthermore, spouses can work as control authority

preventing individuals from increasing smoking and body weight after job loss.

The data support these theoretical expectations for smoking behavior. Among

baseline nonsmokers, single individuals are the group showing the highest in-

crease in the probability of starting smoking (6.7 percentage points). As a result

of the loss of employment they are significantly more likely to start smoking than

17For reasons of brevity this table does not display the effects on the number of cigarettes for baseline
smokers and nonsmokers combined but only for baseline smokers.
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individuals with a spouse in the household.

Clark (2003) finds the effect of unemployment on mental health to be smaller in re-

gions with higher unemployment. In order to test whether the loss of employment

has similar heterogeneous effects on health behaviors, I compare the effects in re-

gions with high and low unemployment.18 The fourth panel of table 2.5 shows

that the effects of job loss on smoking initiation and participation are significantly

higher in regions with lower unemployment. This finding suggests that job loss is

less harmful when unemployment is more common in the region, and, hence, less

of a social stigma.

Individuals with less education might react particularly strongly to job loss as they

might have less savings to compensate foregone earnings. They might also be

less aware of the dangers of adverse health behaviors and have smaller social net-

works to provide emotional support (Cutler & Lleras-Muney 2010). The results

in the fifth panel support these considerations. Less educated individuals19 are

more prone to initiate smoking due to job loss. This difference is substantial (3.1

percentage points) but not significant. A similar picture emerges when the results

are grouped according to other indicators of socioeconomic status, e.g. above vs.

below median labor income, blue collar vs. white collar (results not shown). So-

cioeconomic gradients in the coping with job loss are found by other researchers

as well (see Roelfs et al. (2011) for a discussion). For changes in BMI, though, no

substantial differences are found between socioeconomic groups.

Deb et al. (2011) observe job loss-related increases in adverse health behaviors

for individuals who have poor health behaviors prior to job loss. I can confirm

this finding for BMI but not for smoking. Heavy smokers (smoking at least 20

cigarettes a day) and light smokers do not differ significantly in their reactions

(results not shown). Yet, overweight individuals (BMI > 25) are more prone to in-

crease their body weight as a consequence of job loss (see sixth panel of table 2.5).

18I distinguish regions with high and low unemployment according to whether the unemployment
in the federal state is below or above the annual median.

19Less educated means being in the lowest category of the CASMIN classification (inadequately
completed, general elementary school or basic vocational qualification).
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This might result in a vicious circle, since there is some evidence of recruitment

discrimination due to body weight among specific subpopulations (Caliendo &

Lee 2013). However, also for overweight individuals the increase in BMI resulting

from job loss amounts to clearly less than 0.5 BMI units. The next panel shows that

individuals in the lowest self-rated health categories (satisfactory, poor or bad) are

significantly more likely to smoke due to job loss. This might further increase ex-

isting health differences, since smoking increases morbidity and mortality. There

are no significant differences in the effects on BMI.

For the last two grouping variables there is no need to recalculate the weights as

the groupings rather reflect differences in the treatment. The second last panel dif-

ferentiates between whether the individual had found a job at the time of the fol-

lowing interview or was still unemployed. Although those in unemployment are

slightly more likely to have started smoking (3.6 vs. 2.6 percentage points), there

are no statistically significant differences between the two groups. This underlines

that the job loss event is inherently stressful. The last panel differentiates between

individuals who directly found a new job without intervening unemployment and

individuals with some unemployment after the job loss. There are no significant

differences between the two groups with respect to effects on the smoking behav-

ior, again pointing to the stressfulness of the job loss itself. However, individuals

moving directly to a new job do not show any increases in BMI due to the job loss.

Only individuals with some unemployment after the job loss significantly gain

weight. This might indicate that it is the lack of physical work on the job that is

driving the BMI results.

I analyzed differences in the effects of job loss for further subgroups.20 There is no

indication of a time trend in the effects of job loss: Individuals who lost their job

in the first half of the observation period (i.e. before the 2006 survey) do not dif-

fer from individuals experiencing job loss in the second half (results not shown).

However, among baseline nonsmokers individuals with a smoking history (i.e.

individuals who had ever smoked at least 100 cigarettes in their life) have a sub-

20These results are not displayed in table 2.5 for the sake of clarity but available on request.
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stantially and significantly higher chance of (re-)starting smoking; although also

individuals who never smoked exhibit a positive (but insignificant) probability of

starting smoking due to the loss of employment.

None of the analyzed groups experiences a strong increase in BMI due to job

loss. However, it might be that job loss has no strong effect on BMI on average

(even within the groups), but only increases the chance to experience more ex-

treme weight changes.21 Therefore, I look at whether job loss affects more extreme

weight changes. Table 2.6 shows that job loss has no significant effect on whether

the individual experiences any positive weight gain or a larger weight loss. Yet,

job loss raises the chance that the individual’s weight increases by more than 1,

2 or 3 BMI units. This indicates that job loss might strongly increase the BMI for

some individuals, but only marginally on average.

Table 2.6.: The effect of job loss on body weight - extreme weight changes

main specification

Outcome (4)

BMI change < -3 −0.005
(0.004)

BMI change < -2 0.003
(0.006)

BMI change < -1 0.011
(0.010)

BMI change > 0 0.006
(0.013)

BMI change > 1 0.041∗∗∗
(0.012)

BMI change > 2 0.020 ∗ ∗
(0.009)

BMI change > 3 0.016 ∗ ∗
(0.007)

Note: See table 2.3. Row names indicate the outcome. All outcomes are binary variables that take
on the value “1” if the respective condition is met. * p < 0.1; ** p < 0.05; *** p < 0.01.

21I would like to thank one of the anonymous referees for pointing this out.
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Looking at the effects for all groups of table 2.5 together, it emerges that for each

subgroup job loss increases the probability of starting smoking. This effect is sig-

nificant for all groups, except for individuals over the age of 50 and females. The

increase in smoking initiation emerges as the most robust finding affecting almost

all groups in society. While there is no evidence of an overall effect of job loss on

the probability of continuing smoking, for some subgroups (over age 50, worse

health) the probability of continuing smoking increases significantly. However,

job loss does not cause a significant increase in smoking intensity among baseline

smokers for a single subgroup. For most groups I estimate a job loss-related in-

crease in BMI, which is, however, only significant for some subgroups. Yet, there

is some indication that job loss strongly increases the BMI for some individuals.

2.9. Conclusion

This paper investigates the causal effect of job loss on smoking behavior and body

weight. Using data from the German SOEP, this paper finds that job loss increases

the probability of smoking initiation by 3 percentage points. Job loss increases

the body mass index (BMI) slightly (by about 0.1 kg/m2 or 0.3 kg on average),

but significantly. However, there is little evidence that baseline smokers inten-

sify smoking or are less likely to stop smoking due to job loss. These findings

emerge whether only those individuals who lost their jobs due to plant closure are

considered, or all individuals experiencing job loss due either to plant closure or

dismissal. The estimated causal effects of job loss can partly explain the positive

association between unemployment and adverse health behaviors.

Further analyses indicate treatment effect heterogeneity. In particular singles, youn-

ger individuals and individuals with lower health or socioeconomic status prior

to job loss exhibit high rates of smoking initiation. The increase in body weight

is larger for women and overweight individuals, but still well below 0.5 kg/m2.

There is also some indication that job loss raises the chance to experience a larger

BMI increase. Compared to other effects on smoking and body weight (see e.g.
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Ruhm 2005; DeCicca & McLeod 2008), the increase in smoking seems consider-

able, while the average increase in BMI is rather small. In general, the effects on

smoking and BMI fall below comparable findings for the U.S. (Falba et al. 2005;

Deb et al. 2011), which might be attributable to the more generous unemployment

assistance in Germany.

This study facilitates a better understanding of the implications of job loss, which is

not only of particular importance in times of financial and economic crises. While

previous studies find detrimental health effects of job loss (Eliason & Storrie 2009;

Sullivan & von Wachter 2009), this study emphasizes worsening health behaviors

as potential mechanism for these findings. Other economic studies find that health

behaviors improve at aggregated levels when unemployment is high (Ruhm &

Black 2002; Ruhm 2005). However, the present results show that simply trans-

ferring these findings to the individual level leads to an ecological fallacy. The

improvement of health behaviors during economic downturns is not driven by

newly unemployed (but possibly by employed individuals with reduced working

hours). This micro-macro difference resembles other findings on the link between

job loss and health: while mortality (Ruhm 2000) and infant health (Dehejia &

Lleras-Muney 2004) improve at aggregated levels when the unemployment rate is

high, at the individual level job loss increases mortality (Eliason & Storrie 2009;

Sullivan & von Wachter 2009) and decreases infant health (Lindo 2011). The find-

ings of this paper also emerge to be important from a public health perspective

by highlighting that job loss is a crucial life event with a rather strong impact on

smoking, one major cause of preventable deaths. Policies aimed at preventing

smoking initiation might be more effective if they consider the vulnerability of

specific groups, such as individuals who lost their employment. In general, the

findings emphasize that labor market policies to prevent job losses are more bene-

ficial than previously thought. Policy-makers should take the worsening of health

behaviors into account when comparing the costs and benefits of such labor mar-

ket policies.
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2.10. Appendix

Table 2.7.: The effect of job loss on health behaviors - for different age groups

Outcome Age 18-62 Age 25-55 Age 30-50 Age 18-24 Age 56-62

All individuals
Smoking participation 0.024*** 0.023*** 0.030*** 0.033 0.040**

(0.008) (0.008) (0.010) (0.046) (0.019)
Number of cigarettes 0.234 0.226 0.405* -0.499 0.372

(0.163) (0.173) (0.211) (0.807) (0.346)
Body mass index 0.097* 0.126** 0.124* 0.241 -0.119

(0.052) (0.056) (0.063) (0.289) (0.159)
NT reated 1742 1445 1037 93 163

Baseline nonsmokers
Smoking initiation 0.030*** 0.029*** 0.040*** 0.193*** 0.030*

(0.009) (0.010) (0.012) (0.054) (0.017)
NT reated 998 808 569 43 126

Baseline smokers
Smoking continuation 0.016 0.015 0.017 -0.077 0.172***

(0.013) (0.014) (0.015) (0.076) (0.064)
Number of cigarettes 0.086 0.055 0.278 -2.278 2.175

(0.338) (0.354) (0.411) (1.548) (1.471)
NT reated 744 637 468 50 37

Note: The table presents the effect of job loss on smoking and body weight for different age groups.
Each cell displays the ATT from a separate regression and its robust standard error as well as the
number of treated individuals. Row names indicate the outcome. * p < 0.1; ** p < 0.05; *** p < 0.01.
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Abstract

Studies on health effects of unemployment usually neglect spillover effects on

spouses. This study specifically investigates the effect of an individual’s unem-

ployment on the mental health of their spouse. In order to allow for causal inter-

pretation of the estimates, it focuses on plant closure as entry into unemployment,

and combines difference-in-difference and matching based on entropy balancing

to provide robustness against observable and time-invariant unobservable hetero-

geneity. Using German Socio-Economic Panel Study data the paper reveals that

unemployment decreases the mental health of spouses almost as much as for the

directly affected individuals. The findings highlight that previous studies under-

estimate the public health costs of unemployment as they do not account for the

potential consequences for spouses.

Keywords: unemployment, mental health, plant closure, entropy balancing, match-

ing, job loss

JEL: I12, J65
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3.1. Introduction

3.1. Introduction

Apart from income, employment has many non-financial benefits, such as struc-

tured time, social status and identity, social contact, collective purpose, as well as

activity (Jahoda 1979). Unemployment results in the loss of the pecuniary and non-

pecuniary work benefits, and these losses also impact other household members.

Spouses of newly unemployed individuals have to cope with reduced household

income, a presumably more depressed partner, the partner’s unfamiliar presence

at home as well as a reduced social status. For spouses, too, these negative conse-

quences of unemployment might result in depressive symptoms and other mental

health issues.

Yet, while there is a whole branch of literature on the health implications of job

loss and unemployment for those individuals directly affected (see e.g. Browning

et al. 2006; Brand et al. 2008; Eliason & Storrie 2009; Kuhn et al. 2009; Salm 2009;

Sullivan & von Wachter 2009; Deb et al. 2011; Schmitz 2011; Browning & Heine-

sen 2012; Marcus 2012), few studies address the impact on their spouses. Not

considering the potential negative externalities on spouses might result in under-

estimating the public health costs of job loss (e.g. Kuhn et al. 2009). This study

contributes to our understanding of spillover effects of unemployment on other

household members by estimating the effect of unemployment on the spouse’s

mental health. In order to give the estimates a causal interpretation, this study ap-

plies a combination of matching and difference-in-difference that is robust against

selection on observables and selection on unobservables with time-invariant ef-

fects. The matching part of the estimator constitutes one of the first applications

of entropy balancing (Hainmueller 2012), which balances the conditioning vari-

ables more effectively than common propensity score methods. Furthermore, this

study considers only unemployment resulting from plant closures. Other causes

of unemployment might result from mental health issues and, hence, might be

endogenous.

Using German Socio-Economic Panel Study (SOEP) data from 2002 through 2010,
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this paper finds that the unemployment of one spouse1 similarly affects the men-

tal health of both spouses. About one year after plant closure, unemployment

decreased mental health by 27 % of a standard deviation for unemployed indi-

viduals themselves and by 18 % of a standard deviation for their spouses. In

general, the decreases in mental health are larger when the male spouse enters

unemployment. The results are robust over various matching specifications. Fur-

thermore, this paper shows that changes in mental health do not differ between

treated and matched controls before the plant closure, adding additional credibil-

ity to the identification assumption. Analyzing other reasons for unemployment

and not just that connected to plant closures confirms the finding that unemploy-

ment decreases the mental health for spouses almost as much as for directly af-

fected individuals. However, the effects for other reasons of unemployment are

not larger than for unemployment due to plant closure, suggesting that selection

issues with respect to entering unemployment might be less important than previ-

ously thought.

The structure of this paper is as follows. The next section discusses related lit-

erature in greater detail, section 3.3 illustrates the estimation strategy, section 3.4

introduces the data, describes the construction of treatment and control group, and

provides descriptive statistics. The main results are presented in section 3.5, while

section 3.6 performs further analyses. Section 3.7 concludes.

3.2. Related literature

The literature on the consequences of unemployment is closely related to the lit-

erature on the consequences of job loss - especially when the focus is on the iden-

tification of causal effects. In the following, I discuss these two branches of lit-

erature together, bearing in mind that not all individuals who lose their jobs are

unemployed afterwards and not every individual in the state of unemployment

experienced the event of an involuntary job loss.

1The terms “partner” and “spouse” are used interchangeably in this paper.
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Previous studies provide some evidence for spillover effects of job loss and unem-

ployment on other household members. For instance, Winkelmann & Winkelmann

(1995) report decreases in subjective well-being following the partners’ unemploy-

ment (without differencing between the reasons for unemployment). Stephens

(2002), using U.S. Panel Study of Income Dynamics (PSID) data, provides evidence

for the “added worker effect”, that women increase their labor supply due to their

husbands’ job losses resulting from lay-offs or plant closures. Again with PSID

data, Charles & Stephens (2004) show that job loss resulting from lay-off or plant

closure increases the probability of divorce. Other studies indicate that children

are also affected by their parents’ loss of employment. For instance, using SOEP

data, Siedler (2011) finds that experiencing parental unemployment (for any rea-

son) increases the probability of children to support extreme right-wing parties.

With data from the PSID, Lindo (2011) provides evidence for a reduction in chil-

dren’s birth weight following a father’s experience of plant closing. This already

indicates that the public health costs of job loss are underestimated if spillover ef-

fects on other household members are not taken into account.2 Taken together, the

findings on spillover effects on other household members lead to the expectation

of negative consequences of unemployment for the spouse’s mental health.

Few studies explicitly analyze the causal relationship between unemployment and

the partner’s mental health. Most of these studies focus on single plants or small

geographic areas (e.g. Liem & Liem 1988; Penkower et al. 1988; Dew et al. 1992).3

To my knowledge only two studies use nationally representative data in this con-

text (Clark 2003; Siegel et al. 2003). However, both studies do not take into account

the endogeneity of the treatment. Drawing on data from the British Household

Panel Study, Clark (2003) finds partner’s unemployment to reduce mental health,

but less so if the respondent is already unemployed. Yet, this study does not dif-

ferentiate between the reasons for unemployment. With data from the U.S. Health

and Retirement Study (HRS) Siegel et al. (2003) do not find a significant effect of

2A further reason why the public health costs of unemployment might be underestimated is that
often the focus is on short-term effects, and long-term consequences like potential scarring effects
of unemployment (Clark et al. 2001) are not taken into account.
3Dew et al. (1992) provide an overview over earlier qualitative studies on this topic.
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husbands’ job loss on wives’ mental health in general. However, this study also

considers individuals who lost their job due to lay-offs, which might result from

mental health issues. Furthermore, due to the sampling design of the HRS, this

study only analyzes individuals over the age of 50. In contrast, the present study

looks at the entire range of working-age individuals and includes in the treatment

group only individuals who lost their job due to plant closure.

Previous studies document spillovers of other events in one spouse’s life on the

other spouse’s mental health. For instance, Bolger et al. (1989) find that stress

experienced by one spouse is associated with strain in the other spouse.4 With a

sample of the elderly Dutch population, Lindeboom et al. (2002) provide evidence

that a severe illness of the partner significantly decreases own mental health. They

also find that the death of the spouse strongly increases the risk of developing a

depression. Compared to the other life events they analyze (e.g. disability, sever

financial problems, death of child, death of grandchild), conjugal bereavement has

the largest effect on mental health.

3.3. Estimation strategy

In order to estimate the effect of unemployment on the mental health of cou-

ples, this paper combines matching and difference-in-difference (DiD), which is

regarded to be superior to pure cross-sectional matching estimators (Heckman

et al. 1997). This estimator brings together the literature on selection on observ-

ables with the literature on selection on unobservables. The idea of the estimator

is rather simple. In the matching part of the estimator, I take couples who are

affected by unemployment and similar couples who do not experience unemploy-

ment. In the DiD part, I compare changes in mental health of these two groups.

The DiD part eliminates time-invariant mental health differences between couples

in the treatment and control group that result from unobserved variables (like per-

4Jones (1993) and ten Brummelhuis et al. (2010) come to similar conclusions. Though, it remains
unclear whether the associations presented in these studies can be interpreted as causal effects.
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sonality traits and differences in the reporting behavior). In all analyses I focus on

the average treatment effect on the treated (ATT), i.e. the unemployment induced

change in mental health of those couples who are actually affected by unemploy-

ment as a result of plant closures.

The challenge is how to make treated couples (couples, where one spouse is af-

fected by unemployment resulting from plant closure) and control couples (cou-

ples without job loss experiences in the period) similar. To increase similarity be-

tween the two groups, propensity score methods are often applied (Caliendo &

Kopeinig 2008),5 where the control group observations are reweighted either by

weights that depend directly on propensity score values (as in propensity score

weighting) or by weights that depend on propensity score distances to treatment

observations (as, for example, in nearest neighbor or kernel matching). However, I

do not take the detour via the propensity score, but instead implement a reweight-

ing technique, entropy balancing (Hainmueller 2011, 2012), that focuses directly

on the balancing of conditioning variables.

Entropy balancing reweights the control group observations in such a way that the

control group satisfies pre-specified balancing requirements (here: same mean and

variance of conditioning variables as in the treatment group). Among the possible

sets of weights that fulfill these balancing requirements, entropy balancing choses

the set of weights that deviates as little as possible from uniform weights (Hain-

mueller 2012).6 Entropy balancing spares the need to check for covariate balance

since balance according to the pre-specified balancing requirements is fulfilled by

construction. This makes the burdensome procedure of propensity score methods

unnecessary, where “researchers ’manually’ iterate between propensity score mod-

eling, matching, and balance checking until they attain a satisfactory balancing so-

lution” (Hainmueller 2012: 25). Entropy balancing is more effective as it improves

the balance reached by common propensity score methods for all covariates. Fur-

5The propensity score (Rosenbaum & Rubin 1983) is the probability to receive the treatment condi-
tional on the covariates.
6To compare deviations from uniform weights, entropy weighting uses the entropy divergence
(Kullback 1959) as distance measure. Hence the name entropy balancing.
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thermore, while propensity score methods often decrease balance on some covari-

ates, entropy balancing improves balance for all conditioning variables. In contrast

to propensity score methods, entropy balancing is fully non-parametric.

I perform entropy balancing separately for couples where the husband/wife en-

ters unemployment.7 This is like exact matching on the gender of the directly af-

fected spouse. Section 3.5 shows the results for all couples pooled and separately

according to whether husband or wife enters unemployment. I require the control

group to have the same mean and the same variance as the treatment group for all

conditioning variables after entropy balancing. In applications of propensity score

methods usually only the balance of the first moments is checked.

Obtaining the weights from entropy balancing constitutes the first step in imple-

menting the estimation strategy.8 This is the matching/reweighting step. The sec-

ond step is the regression step, where the change in mental health is regressed on

the treatment indicator with the sampling weights obtained in the first step. In

the regression step, I additionally control for all conditioning variables used in the

matching step. This does not alter the treatment effect as after weighting the treat-

ment is mean-independent of all conditioning variables. However, the regression-

adjustment decreases the standard errors of the treatment effect estimates because

it reduces unexplained variance in the outcome. This is similar to including control

variables in randomized experiments.

Hence, the ATT of interest can be obtained from

β̂ = (X’WX)−1X’∆y, (3.1)

where ∆y is the vector of mental health changes and W a diagonal matrix with

1 in the diagonal cells for couples of the treatment group and entropy balancing

weights in the diagonal cells for control group couples. X is a n-by-(k+2) matrix, in

which the first column consists of a vector of 1s and the second column of the val-
7For convenience, I refer to the male and female in a couple as husband and wife - independent of
marital status.
8Entropy balancing is implemented using the program “ebalance” (Hainmueller 2011) in Stata 11.2.
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ues of the treatment group indicator, D, for each couple. Additionally, X contains

one column for each of the k conditioning variables. The estimator is similar to

the regression-adjusted semiparametric difference-in-difference matching strategy

proposed by Heckman et al. (1997). It differs only with respect to the construction

of the weights, which are computed by propensity score methods in Heckman

et al. (1997).

In order to give the estimates a causal interpretation, the estimator has to assume

that no unobserved variables exist that simultaneously influence changes in mental

health and the probability of entering unemployment due to plant closure, i.e. in

the absence of treatment (unemployment due to plant closure) the mental health

of treated couples and matched control couples follows the same trend:

E[Y a
0 − Y b

0 |EB(X),D = 1] = E[Y a
0 − Y b

0 |EB(X),D = 0], (3.2)

where ∆Y0 = Y a
0 − Y b

0 refers to the change in mental health from before (b) to after

(a) the treatment in the absence of treatment andEB(X) refers to the weights from

entropy balancing.

Besides this unconfoundedness assumption, a further requirement of matching

estimators is the overlap condition (P (D = 1|X) < 1). It ensures that for any

given X , there are not just treated observations but also control observations. It

is not clear how to impose common support conditions for entropy balancing.

Most studies relying on propensity score methods exclude treated observations

whose propensity score exceeds the maximum of the propensity score in the con-

trol group in order to implement the common support for the ATT (Caliendo &

Kopeinig 2008). However, this common support condition is not binding in the

present analysis since members of the control group have the highest propensity

score values.
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3.4. Data

This paper makes use of data from the German Socio-Economic Panel (SOEP, v27)

from 2002 through 2010. The SOEP is among the largest and longest running

household panel surveys in the world. Annually about 20,000 individuals par-

ticipate in the SOEP. It consists of several subsamples and is designed to be rep-

resentative of the entire population in Germany (Wagner et al. 2007). The SOEP

hosts several features that make it particularly attractive for the present analysis.

Firstly, the longitudinal nature of the data ensures that I can observe the mental

health scores before and after the treatment. Secondly, its large sample size facili-

tates analysis based on relatively rare events like plant closures. Thirdly, the SOEP

contains not only information on one household member but also data on cohabit-

ing spouses. These data are directly provided by the spouses themselves. Fourthly,

after household dissolutions the SOEP follows all household members and not just

the household head. This is of particular importance for the present analysis as un-

employment increases the probability of divorce (Charles & Stephens 2004) and,

hence, household dissolution. Only considering couples that still live together af-

ter the treatment would result in a rather selective panel (though divorce related

panel attrition might still occur in the SOEP; see below). Fifthly, the SOEP provides

a wide range of information at the individual and the household level, including

details about earnings, employment and living conditions. This enables me to in-

clude almost all conditioning variables used in related studies.

3.4.1. Outcome

This study uses the Mental Component Summary Scale (MCS), which was devel-

oped as a brief instrument to measure mental health in large scale surveys (Ware

et al. 1996). It is found to be reliable and valid (e.g. Salyers et al. 2000), with high

values of sensitivity and specifity compared to other brief scales of mental health

(Gill et al. 2007). MCS is not a disease-specific measure focusing on a particular

condition or disease, but a generic measure of mental health. MCS is used widely
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in the epidemiologic literature and a broad literature in economics uses this sum-

mary measure of mental health as well (e.g. Lechner 2009; Reichert & Tauchmann

2011; Schmitz 2011). It was included in the SOEP as the measure of mental health.

It is not a measure of general life satisfaction although it correlates with life satis-

faction.9

The construction of MCS reverts to the SOEP version of the SF-12 questionnaire,

which was first adopted in the SOEP in 2002 and ever since is included every two

years. The SF-12 contains 12 health-related questions that encompass two dimen-

sions: physical and mental health. All items reflect the current health status of the

respondents, as they refer to the four weeks immediately prior to the interview

(e.g. “How often did you feel run-down and melancholy in the last four weeks?”).

Figure 3.2 in the appendix provides an overview over the items of the SF-12 ques-

tionnaire and the answer categories. MCS is a weighted combination of the 12

items and provided by the SOEP Group. It is computed by means of explorative

factor analysis and transformed to have mean 50 and standard deviation 10 in the

2004 SOEP sample (Andersen et al. 2007). Higher values indicate a better mental

health status.

3.4.2. Treatment and control group

Treatment and control group consist of couples who live together in the same

household before the treatment - irrespective of their marital status. Figure 3.1

provides an overview of the construction of treatment and control group, which

the following paragraph describes in more detail.

I only include couples where both spouses participate in the survey before (tb) and

after (ta) the treatment, and provide valid mental health information in both years.

I do not consider same-sex couples as there are none in the treatment group.

The treatment group comprises couples in which one spouse (the “directly affected

9The correlation in the used sample is r = 0.4.
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Figure 3.1.: Construction of treatment and control group

Before treatment

Spouse 1

Treatment and control group (same standard)

- Works full-time/part-time

- Employed in private sector

- Age: 18-62

Spouse 2

Treatment and control group (same standard)

- Cohabiting

After treatment

Spouse 1

Treatment group

- Unemployed due to plant closure

Control group

- No employer change

Spouse 2

Treatment and control group (same standard)

- Same spouse

- No job loss due to plant closure

aftert
beforet

Treatment period (~ 2 years)

Note: The figure presents an overview of the construction of treatment and control group. The
boxes show the requirements that couples have to meet to qualify for treatment and control group,
respectively. “Spouse 1” refers to the directly affected individual and “spouse 2” to the partner of
“spouse 1”.
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spouse”) enters unemployment due to plant closure between two survey waves

with the SF-12 questionnaire. I construct the treatment indicator by combining in-

formation from the question on whether the respondent is officially registered as

unemployed with information on the reason why the individual left the last job.

I only consider plant closures since other reasons of unemployment might be en-

dogenous, e.g. someone might be dismissed because of shrinking work productiv-

ity due to marital problems (and marital problems might decrease mental health).

Before the plant closure the directly affected individual has to be employed either

full-time or part-time in the private sector and has to be between the ages of 18 and

62. I include couples in the treatment group irrespective of age and employment

status of the indirectly affected spouse (the partner of the directly affected individ-

ual). However, I do not consider couples in which the indirectly affected spouse

experienced an involuntary job loss between tb and ta due to plant closure. That

is done in order to prevent that own experiences deteriorate the mental health ef-

fect of the indirectly affected spouse. The plant closure experience of one spouse

is likely to be correlated with a plant closure experience of the other spouse since

spouses might work in the same plant. Excluding couples in which indirectly af-

fected spouses experience plant closures themselves reduces the treatment group

by 7 %.

The control group consists of a potentially directly affected individual (who is

of the same sex as the directly affected individual in the treatment group) and

a potentially indirectly affected individual. For the potentially indirectly affected

spouse the same restrictions apply as in the treatment group construction, both be-

fore and after the treatment. Similarly to the treatment group, at the pre-treatment

interview the potentially directly affected individual has to be employed either

full-time or part-time in the private sector and has to be between the ages of 18

and 62. However, couples qualify only for the control group, if the potentially di-

rectly affected spouse did not leave the previous employer during the treatment

period (this excludes couples with any job loss experiences; see figure 3.1). This

leaves more than 14,000 couples for the control group, compared to 109 couples in

the treatment group: 70 couples in which the husband enters unemployment and
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39 couples in which the wife enters unemployment.

The plant closure can take place at any time between two survey waves that in-

clude the mental health questions. Hence, there are four treatment periods: 2002-

2004, 2004-2006, 2006-2008 and 2008-2010. I estimate treatment effects pooled over

all four treatment periods. On average, I observe the treatment group 11 months

after the plant closure. This time, however, varies between 0 and 23 months, with a

rather uniform distribution. Hence, the estimates are to be interpreted as averages

over these different unemployment durations; an interpretation inherent also to

most applications of fixed effects panel estimators.

3.4.3. Conditioning variables

The set of conditioning variables, i.e. X in equation (3.1), is selected following the

screening of conditioning variables in other studies that analyze health effects of

job loss and unemployment on the directly affected individual (Browning et al.

2006; Böckerman & Ilmakunnas 2009; Eliason & Storrie 2009; Salm 2009; Sullivan

& von Wachter 2009; Schmitz 2011). The richness of the SOEP data allows includ-

ing almost all conditioning variables used in these studies. Also the job security

perceived by the individuals is included, which can be seen as a variable that cap-

tures unobserved factors related to the plant closure. The conditioning variables

include demographic, labor market related, educational and health data of the di-

rectly affected spouse. I include the same set of conditioning variables for the

indirectly affected spouse as for the directly affected spouse - except for those vari-

ables that make only sense for working individuals (e.g. tenure with current firm,

size of the company). The pre-treatment working status is only included for in-

directly affected spouses. Therefore, conditioning variables can be divided into

variables reported by the directly affected individual, variables reported by the in-

directly affected individual and variables on the couple (i.e. household) level. All

72 non-collinear conditioning variables originate from the pre-treatment interview.

As the conditioning variables also include the pre-treatment values of the mental
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Table 3.1.: Overview of the conditioning variables
Variable Definition D I

Individual information
Demographic
Age in years X X
Female 0=male, 1=female X X
Migrant 1=individual or parents moved to Germany, 0 otherwise X X
Non-German 0=German, 1=foreign citizenship X X

Health
Physical health based on SF12 questionnaire (see Andersen et al. 2007) X X
Mental health based on SF12 questionnaire X X

Often melancholic
0=never/almost never, 1=always/often/sometimes;
part of SF12

X X

Self-rated health 3 categories (very good/good, satisfactory, poor/bad) X X

Labor market
Labor earnings annual nominal labor earnings in 1000 Euro X X
Never unemployed 0=ever unemployed, 1=never unemployed X X
Tenure tenure with present employer (in years) X
Years in full time previous full-time experience in years X
Company size 4 categories (< 20, 20-200, 200-2000, ≥ 2000 employees) X
Perceived job security 3 categories (big worries, some worries, no worries) X
Industry sector 10 categories X
Working status 3 categories (full time, part time, not employed) X

Educational
Secondary schooling 4 categories (no degree/basic school, intermediate/ X X

other school, academic school track (Abitur), technical
school)

University 0=no university degree, 1=university degree X X
Vocational training 0=no vocational training, 1=vocational training X X

Couple information
Children 1=children under 18 in household, 0 otherwise X
Regional unemployment yearly information on the state level X

Residential district
4 cat. (< 2000, 2000-20 000, 20 000-100 000, ≥ 100 000
inhabitants)

X

Federal state 14 categories10 X
Survey year 4 categories (2002, 2004, 2006, 2008) X

Note: The table describes the coding of the conditioning variables and indicates whether the variable
is included for the directly affected spouse (D), the indirectly affected spouse (I) or both. All conditio-
ning variables originate from the pre-treatment interview.

10I group Bremen with Lower Saxony and Hamburg with Schleswig-Holstein due to few cases.
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health score, the applied regression-adjusted matching DiD estimator resembles a

regression-adjusted matching estimator, where the outcome is the post-treatment

mental health score (Lechner 2010). I use the terminology matching DiD, in order

to emphasize that the estimator provides also some robustness against selection

on unobservables. Table 3.1 provides an overview of the conditioning variables.

3.4.4. Descriptive statistics

Table 3.2 presents summary statistics of selected conditioning variables separately

for couples in the treatment and control group (before and after matching/ re-

weighting). Table 3.6 in the appendix provides the means of other conditioning

variables.

The first two columns of table 3.2 display means of the conditioning variables for

the treated and the control group couples, respectively. The last column displays

differences in means between treatment and control group before matching and

tests for the significance of these differences. Directly affected spouses differ in

many respects significantly from their control group counterparts. For instance,

they are older (48.1 vs. 44.0 years), are less likely to be female, more often do not

have the German citizenship and earn annually on average 10,000 Euro less.

Individuals in the control group are almost three times more likely to have a uni-

versity degree than individuals who experience unemployment due to plant clo-

sure (23.3 % vs. 8.3 %). However, before the treatment there are no significant

differences with respect to tenure and mental health. The mental health score is

only about 0.8 points (about 8 % of a standard deviation) lower for the directly

affected spouses in the treatment group and the difference is not statistically sig-

nificant from zero.

Similarly, the indirectly affected spouses do not differ significantly from their con-

trol group counterparts with respect to mental health (49.3 vs 50.4), but with re-
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Table 3.2.: Summary statistics for selected variables before treatment

Variable Treated Controls (unmatched)
unmatched matched Difference

Directly affected spouse
Age 48.1 44.0 48.1 −4.1∗∗∗
Female+ 35.8 43.6 35.8 7.9∗
Non-German+ 22.9 12.4 22.9 −10.5∗∗∗
Mental health 49.9 50.7 49.9 0.8
Tenure 11.0 12.4 11.0 1.4
Never unemployed+ 62.4 70.6 62.4 8.2∗
Labor earnings 24.9 35.2 24.9 10.3∗∗∗
Big job worries+ 39.4 15.1 39.4 −24.3∗∗∗
No job worries+ 22.0 39.0 22.0 16.9∗∗∗
University+ 8.3 23.3 8.3 15.1∗∗∗

Indirectly affected spouse
Mental health 49.3 50.4 49.3 1.1
Works full-time+ 49.5 52.2 49.5 2.7
Not working+ 31.2 22.7 31.2 −8.5∗∗

N 109 14285 109

Note: The first three columns present means of selected variables before treatment for treated,
controls and matched controls, respectively. + indicates that the mean represents a percentage
share. The last column displays the difference in means between treatment and control group
before matching; stars indicate significant t-test differences between these two groups: * p < 0.1; **
p < 0.05; *** p < 0.01.
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spect to age, German citizenship, education and earnings (see table 3.6 in the ap-

pendix). Of these indirectly affected spouses, 31.2 % of them do not work, com-

pared to 22.7 % in the control group.

The third column of table 3.2 reports means for the matched controls. After the

reweighting based on entropy balancing the means in the control group equal the

means in the treatment group. The applied entropy balancing scheme not only

balances the means but also the variances of the conditioning variables.

Table 3.6 in the appendix not only reports the means for other conditioning vari-

ables, but it also compares the matched control groups resulting a) from entropy

balancing and b) the propensity score based kernel matching (Heckman et al.

1997). Kernel matching results rely on an Epanechnikov kernel and a bandwidth

of 0.06, which improves the covariate balance particularly well compared to other

propensity score based specifications.11 The table shows that also kernel match-

ing works quite well. For all but one variable (technical college for the directly

affected spouse) the standardized bias is below the value of 5, which is regarded

to be low (Caliendo & Kopeinig 2008).12 However, table 3.6 in the appendix also

depicts that entropy balancing clearly outperforms kernel matching as it better im-

proves covariate balance between treatment and control group. Kernel matching

even increases the standardized bias for some variables (e.g. for living in a small

city).

3.5. Results

Table 3.3 shows the results for the effect of unemployment on the mental health

of couples. The table shows the findings pooled for all couples and separately

11For propensity score methods I also include the squared terms of all cardinal conditioning vari-
ables to improve balance on the second moments.

12The standardized bias is a measure of the matching quality, and defined as the difference between
the means of treated and controls as a percentage share of the square root of the average of the
variances in the two groups (see also table 3.6).
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according to the sex of the directly affected spouse. It starts with a simple speci-

fication and then gradually incorporates more sophisticated procedures. The first

specification provides a simple comparison of the average mental health of treated

and (all) controls after treatment. Since there might be fundamental differences be-

tween the treatment and control group (e.g. with respect to reporting behavior or

the general mental health level), specification (2) uses the change in mental health as

outcome. Hence, this specification resembles an ordinary difference-in-difference

estimator without control variables. It might be that the mental health of treated

couples follows a different trend than the mental health of other couples, i.e. even

in the absence of treatment the mental health of the treated couples would change

in a different way. The previous section shows that treated and control couples

differ indeed in many respects. This makes it more likely that the treated are on a

different mental health track. Matching ensures that only comparable couples are

compared. Specification (3) displays the results for the matching DiD estimator.

Specification (4) is the preferred specification as, in addition to specification (3), it

includes the covariates in the outcome equation as well. This leaves the estimates

of the ATT unchanged, because by construction of the entropy balancing scheme,

the treatment indicator is mean-independent of all conditioning variables. How-

ever, including the covariates in the outcome regression reduces the variance in

the outcome and, hence, makes the estimates more precise.

Specification (1), the simple mean comparison, shows in the first cell that the men-

tal health score of spouses who entered unemployment due to plant closure is on

average about 2.68 units lower than the mental health score of control group indi-

viduals. This implies a difference of about 26.8 % of a standard deviation since the

mental health score is normed to have a standard deviation of 10. For the spouses

of the directly affected individuals, mental health is on average 2.59 points lower.

The second and third panel show that the mental health is worse for both spouses

irrespective of the sex of the directly affected spouse. However, the difference be-

tween treated and controls is more pronounced for couples where the husband

became unemployed, and not significant for couples where the wife entered un-

employment. In general, the differences are of similar magnitude for own mental
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Table 3.3.: The effect of unemployment on mental health - main results

Mean Main
difference DiD Match specification

Outcome (1) (2) (3) (4)

All couples
Own mental health −2.68 ∗ ∗ −1.84 −2.68 ∗ ∗ −2.68∗∗∗

(1.04) (1.12) (1.16) (0.72)
Partner’s mental health −2.59 ∗ ∗ −1.47∗ −1.81 ∗ ∗ −1.81∗∗∗

(1.01) (0.84) (0.88) (0.66)
p-value of difference 0.94 0.78 0.53 0.32

Husband’s unemployment
Own mental health −3.22 ∗ ∗ −2.70∗ −3.13 ∗ ∗ −3.13∗∗∗

(1.35) (1.53) (1.56) (0.88)
Partner’s mental health −2.66 ∗ ∗ −2.04∗ −2.01∗ −2.01∗∗∗

(1.34) (1.04) (1.09) (0.77)
p-value of difference 0.73 0.71 0.53 0.27

Wife’s unemployment
Own mental health −2.02 −0.28 −1.86 −1.86∗∗∗

(1.62) (1.49) (1.58) (0.63)
Partner’s mental health −2.11 −0.46 −1.46 −1.46∗

(1.45) (1.40) (1.50) (0.77)
p-value of difference 0.96 0.93 0.85 0.63

Note: The table presents the effect of one spouse’s entry into unemployment on the mental health
of both spouses. Each cell displays the ATT from a separate regression and its robust standard
error in parentheses. Additionally, the table provides p-values for the t-tests whether unemploy-
ment differently influences directly and indirectly affected spouses. The upper panel considers
all couples, while the two lower panels display results separately according to the sex of the di-
rectly affected spouse. The results rely on 109 couples in the treatment group (including 70 couples
where the husband enters unemployment) and more than 14,000 couples in the control group. The
first column refers to the mean difference in mental health after the treatment and “DiD” to the
simple difference-in-difference estimator without matching and “Match” to the DiD results after
entropy balancing. The last column presents results for the matching DiD estimator that includes
the covariates in the outcome equation. * p < 0.1; ** p < 0.05; *** p < 0.01.
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health and the spouse’s mental health, and not statistically significant from each

other (as indicated by the p-values). This finding suggests that unemployment of

one spouse similarly affects the mental health of both spouses.

The results for specification (2) are similar to the previous results, although the co-

efficient estimates decrease somewhat in magnitude (especially in the last panel).

In the matching DiD estimator in specification (3) both standard errors and coef-

ficient estimates slightly increase, t-statistics (not shown) marginally increase for

most estimates. However, incorporating matching does not change the overall pic-

ture much.

The last column displays the results for the preferred specification, which includes

regression-adjustment. In specification (4) unemployment decreases mental health

for the directly affected individuals by 2.68 points on average, or about 26.8 % of

a standard deviation. This decrease is stronger when the husband enters unem-

ployment (3.13 vs. 1.86 points). The impact of the spouse’s unemployment is only

slightly smaller for the indirectly affected spouse (1.81 points on average) and the

difference in the effects is far from being statistically significant. Again, the effect

is stronger if the husband enters unemployment (2.01 vs. 1.46 points). However,

the effects of the wife’s unemployment become significant in this last specification.

These effects exhibit negative signs in all specifications but were not estimated pre-

cisely enough before. The results also suggest that the mental health decrease for

wives whose husbands enter unemployment and for wives who enter unemploy-

ment themselves is very similar, and the difference is far from being significant. It

has to be considered that the two effects are based on two rather different groups

of women (working wives vs. wives of working men). Hence, one can not interfere

that women are more/less affected by the spouse’s unemployment than by their

own unemployment. Similarly, one cannot say for sure that men are more affected

by their own unemployment than by their spouse’s unemployment. In general,

the coefficient estimates of the preferred specification closely resemble the results

of specification (1), the simple mean comparison. This implies that selection into

treatment is not strong with respect to mental health, which might provide addi-
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tional credibility for studies that evaluate the impact of plant closures but do not

observe the pre-treatment outcome.

It would be interesting to investigate whether the effect of unemployment differs

between subgroups. However, due to the rather small number of couples in the

treatment group - especially when only considering couples in which the wife en-

ters unemployment - I refrain from more detailed inspections of potential mecha-

nisms and treatment effect heterogeneity.13

When including the post-treatment household net income as additional control

variable in the regression step, in order to analyze potential channels, the esti-

mated effects of unemployment on mental health only slightly decrease.14 This

suggests that the drop in current household income is not the main channel for the

estimated effects. However, the effects might work through the uncertainty about

future income levels. Hence, it is not possible to conclude that income is irrelevant

as potential channel.15

3.6. Further results

This section consists of two parts. The first part performs sensitivity analyses. It

applies different matching procedures (propensity score weighting, kernel match-

13Tentative analyses indicate that effects tend to be larger when - before the plant closure - the
directly affected individual provided a higher share of household income and when the indirectly
affected spouse did not work full-time. Further tentative analyses do not find supportive evidence
for the hypothesis that unemployment hurts less if individuals have more previous unemployment
experiences (habituation hypothesis; Clark et al. 2001). On the contrary, some of these specifications
suggest that unemployment has a more negative impact on mental health for those with previous
unemployment times, particularly for those couples where the indirectly affected spouse has been
unemployed before.

14These results are available from the author upon request. The average monthly net household
income is estimated to decrease by about 500 Euro due to one spouse’s unemployment, applying
the previously outlined estimation strategy to household income. This decrease accounts for less
than 20 % of the pre-treatment household income.

15Couples tend to have stronger decreases in mental health due to unemployment, when the income
of the directly affected spouse was more important for the couple’s income. Also this finding from
the tentative analyses underlines that income should not be excluded as moderator variable.
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ing), analyzes the sensitivity of the results to a redefinition of the treatment and

runs a placebo regression to check the plausibility of the identifying assumption.

The second part investigates the potential endogeneity of other reasons for unem-

ployment. Table 3.4 presents the results for the various sensitivity analyses, table

3.5 for other reasons for unemployment.

3.6.1. Sensitivity analyses

For the first two sensitivity checks I rely on propensity score methods instead of

entropy balancing. Propensity score weighting (PSW) and kernel matching dif-

fer from entropy balancing with respect to the weighting matrix W in equation

(3.1). Propensity score weighting assigns to each control observation a weight

that equals 1/(1− P (X)), where P (X) is the propensity score. Kernel matching

matches to each treatment observation control observations that are close in terms

of the estimated propensity score. However, it does not assign equal weights to

all the matched neighbors but instead assigns weights according to distances in

the propensity score.16 Specifications (5) and (6) present the results for propen-

sity score weighting and kernel matching, respectively. The effects are similar to

the results in the main specification. However, the effects for wife’s unemploy-

ment slightly decrease, while the effects for husband’s unemployment on hus-

band’s and wife’s mental health get more similar for propensity score weighting

and more different for kernel matching. Also these specifications do not reject

the null-hypothesis that unemployment influences directly and indirectly affected

spouses in the same way, as indicated by the p-values.

As outlined in section 3.2, research on the consequences of unemployment is closely

intertwined with research on the consequences of job loss. In order to make the

results comparable to other studies that solely analyze job losses (e.g. Browning

et al. 2006; Brand et al. 2008; Kuhn et al. 2009; Salm 2009), the treatment group in

specification (7) comprises all couples that experienced a plant closure (irrespec-

16As in table 3.6 in the appendix, for kernel matching I use the linear index of the propensity score
and an Epanechnikov kernel with a bandwidth of 0.06.
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Table 3.4.: The effect of unemployment on mental health - sensitivity analyses

Main PS- PS- All plant Placebo
specific. weight. matching closures regress.

Outcome (4) (5) (6) (7) (8)

All couples
Own mental health −2.68∗∗∗−2.60∗∗∗ −2.73∗∗∗ −0.76 −0.32

(0.72) (0.70) (0.74) (0.50) (0.64)
Partner’s mental health −1.81∗∗∗−1.83∗∗∗ −1.64 ∗ ∗ −1.22 ∗ ∗ 0.13

(0.66) (0.61) (0.67) (0.48) (0.63)
p-value of difference 0.32 0.36 0.23 0.44 0.53
NT reated 109 109 109 288 62

Husband’s unemployment
Own mental health −3.13∗∗∗−3.03∗∗∗ −3.52∗∗∗ −0.59 −0.91

(0.88) (0.84) (0.92) (0.60) (0.57)
Partner’s mental health −2.01∗∗∗−2.11∗∗∗ −1.91 ∗ ∗ −0.96∗ −0.05

(0.77) (0.72) (0.79) (0.58) (0.52)
p-value of difference 0.27 0.34 0.14 0.62 0.14
NT reated 70 70 70 194 33

Wife’s unemployment
Own mental health −1.86∗∗∗−1.67∗∗∗ −1.39 ∗ ∗ −1.12∗ 0.36

(0.63) (0.58) (0.63) (0.67) (0.69)
Partner’s mental health −1.46∗ −1.30 ∗ ∗ −1.09∗ −1.76∗∗∗ 0.35

(0.77) (0.63) (0.64) (0.65) (0.75)
p-value of difference 0.63 0.61 0.69 0.40 0.99
NT reated 39 39 39 94 29

Note: The table presents the effect of one spouse’s entry into unemployment on the mental health
of both spouses. Each cell displays the ATT from a separate regression and its robust standard
error in parentheses. Additionally, the table provides the number of treated couples (NTreated)
and p-values for the t-tests whether unemployment differently influences directly and indirectly
affected spouses. The upper panel considers all couples, while the two lower panels display re-
sults separately according to the sex of the directly affected spouse. Specification (4) is the main
estimation specification as in table 3.3, specifications (5) and (6) display the results for propensity
score weighting and propensity score (kernel) matching, respectively. In specification (7) the treat-
ment group comprises all couples that experienced a plant closure and specification (8) performs
a placebo regression that pretends that the treatment takes place two years earlier. * p < 0.1; **
p < 0.05; *** p < 0.01.
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tive of unemployment experiences).17 The results in table 3.4 indicate that plant

closures per se do not have such negative impact on mental health. Rather, it is the

unemployment experience that decreases mental health. Hence, failing to differen-

tiate between job loss and unemployment might be a potential reason why existent

studies do not find an effect of job loss on own mental health (e.g. Browning et al.

2006; Brand et al. 2008; Salm 2009). Own plant closure experiences significantly

decrease own mental health for wifes, but no longer for husbands. The decrease

in the spouses’ mental health remains significant. Also the effects on the spouses’

mental health are smaller than in the main specification indicating that those with

unemployment following a plant closure have larger drops in mental health.18 In

specification (7), the mental health consequences are slightly larger for couples in

which the wife experienced a plant closure.

To identify causal effects, all matching procedures assume that the conditioning

variables include all variables simultaneously influencing changes in mental health

and the probability of becoming unemployed due to plant closure. This assump-

tion cannot be directly tested. In order to add additional credibility to this as-

sumption, I perform a placebo regression. For this purpose, I pretend that the

treatment takes place two years earlier. Accordingly, for the first step I compute

the weights based on conditioning variables obtained in the last year with health

data before the placebo job loss. Specification (8) shows that the placebo treatment

does not influence changes in mental health. All estimated effects are insignificant

and close to zero. This specification adds plausibility to the assumption that the

mental health of treated and matched controls follows a similar trend before the

treatment.

Despite the robustness of the results to different matching procedures, the ATT

estimates might be downward-biased for several reasons. First, there might be

17Apart from this difference, the same rules for the selection of the treatment group apply as before
(see figure 3.1 and section 3.4.2), in particular couples where both spouses experienced a plant
closure are disregarded.

18Considering only couples that are included in specification (7) but not in specifications (1)-(6) indi-
cates that only the effect of the wive’s plant closure on the mental health of the spouse is significant
(results are not shown, but are available upon request).
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selective panel attrition. Couples experiencing a greater negative impact from un-

employment (e.g. with respect to finances or identity) might be more likely to

drop out of the sample.19 These couples might also be more likely to experience

greater decreases in mental health. Related to this argument for selective panel

attrition is the finding that job loss increases the risk to commit suicide (Eliason &

Storrie 2009), which is an extreme form of mental health problems. Similarly, also

divorce increases the chances of panel attrition,20 and job loss increases the prob-

ability of divorce (Charles & Stephens 2004). Second, the expectation of the plant

closure might already decrease mental health. Hence, for treated couples the pre-

treatment mental health score would be lower than their “normal” mental health

score. Using German SOEP data, Reichert & Tauchmann (2011) provide evidence

that already the fear of becoming unemployed decreases mental health. Yet, spec-

ification (8) indicates that treated and matched controls do not differ with respect

to their mental health trend before the treatment. One reason for this might be that

the conditioning variables include also the perceived job security and that I, hence,

compare only couples having similar risks of job loss.

Additionally, the effects might be biased since the analyses do not include cou-

ples where both spouses experience a plant closing. The direction of this bias is

not clear. If both partners experience a plant closure, the drop in household in-

come is even larger. This suggests larger decreases in mental health. However,

findings in Clark (2003) suggest that unemployment hurts less when the partner

is unemployed as well. When including the seven couples in the treatment group

where both partners experienced a plant closure, the results do not change mean-

ingfully.

As the present analysis focuses on the short-term impact of unemployment on

mental health, it does not consider the full mental health consequences of unem-

ployment. Long-term consequences like potential scarring effects (past unemploy-

ment has a negative impact even when the individuals have become reemployed;

19For instance, Dorsett (2010) finds unemployment to be related to panel attrition when comparing
survey and register data.

20Although the SOEP following rules should mitigate divorce related panel attrition, see section 3.4.
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Clark et al. 2001) and the effects of future job insecurity (Stevens 1997; Knabe &

Rätzel 2011) are not taken into account.

3.6.2. Other reasons for unemployment

In order to assess the endogeneity of other reasons for unemployment, table 3.5

presents the effects of different reasons for entering unemployment on the mental

health of both spouses.21 Similar to Kassenboehmer & Haisken-DeNew (2009), I

differentiate between unemployment due to plant closure, dismissal, and further

reasons.22 I also examine the effect of all reasons for unemployment jointly.23

Many studies that analyze health consequences of job loss and unemployment do

not differentiate between the reasons for unemployment/job loss (e.g. Browning

et al. 2006; Eliason & Storrie 2009; Kuhn et al. 2009; Sullivan & von Wachter 2009;

Deb et al. 2011; Browning & Heinesen 2012). Those studies that differentiate, pro-

vide mixed evidence on the differential effects. Salm (2009) does not find any de-

creases in health for neither job loss due to lay-off nor for job loss due to plant

closure in the U.S.; he observes a decrease only for those who left the job for health

reasons. Schmitz (2011) does not find any effects of unemployment due to plant

closure on health for Germany. However, he provides evidence that unemploy-

ment due to other reasons decreases health satisfaction, increases the number of

hospital visits and reduces mental health. Marcus (2012) shows that job loss in-

creases smoking initiation, irrespective of whether job loss due to plant closure or

due to dismissal is considered. A study on subjective well-being (Kassenboehmer

& Haisken-DeNew 2009) demonstrates that, in Germany, the subjective well-being

decrease is even larger from unemployment due to plant closures than from un-

employment due to dismissal.

21All specifications in table 3.5 base upon the procedure of the main specification (specification 4 in
table 3), with the only difference that the treatment group varies between the columns.

22Further reasons include own resignation, mutual agreement, end of temporary contract and leave
of absence/sabbatical.

23I would like to thank the anonymous referee for drawing my interest in investigating the effect of
other reasons for unemployment.
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Table 3.5.: Changes in mental health after different entries into unemployment

Reason for unemployment

plant
Outcome all closure dismissal further

All couples
Own mental health −1.42∗∗∗ −2.68∗∗∗ −1.83∗∗∗ −0.65

(0.38) (0.72) (0.53) (0.53)
Partner’s mental health −0.91∗∗∗ −1.81∗∗∗ −0.83 −0.59

(0.35) (0.66) (0.51) (0.48)
p-value of difference 0.25 0.32 0.11 0.92
NT reated 761 109 323 329

Husband’s unemployment
Own mental health −1.66∗∗∗ −3.13∗∗∗ −1.61∗∗∗ −1.20 ∗ ∗

(0.46) (0.88) (0.61) (0.61)
Partner’s mental health −0.98 ∗ ∗ −2.01∗∗∗ −0.54 −0.92

(0.46) (0.77) (0.64) (0.63)
p-value of difference 0.26 0.27 0.18 0.72
NT reated 456 70 205 181

Wife’s unemployment
Own mental health −1.08∗ −1.86∗∗∗ −2.22∗∗∗ 0.02

(0.60) (0.63) (0.79) (0.75)
Partner’s mental health −0.81 −1.46∗ −1.33∗ −0.18

(0.50) (0.77) (0.70) (0.58)
p-value of difference 0.68 0.63 0.29 0.80
NT reated 305 39 118 148

Note: The table presents the effect of different reasons for entering unemployment on the men-
tal health of both spouses. Each cell displays the ATT from a separate regression and its robust
standard error in parentheses. Additionally, the table provides p-values for the t-tests whether
unemployment differently influences directly and indirectly affected spouses. The upper panel
considers all couples, while the two lower panels display results separately according to the sex of
the directly affected spouse. * p < 0.1; ** p < 0.05; *** p < 0.01.
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Comparing the effects of all unemployment (first column in table 3.5) with the ef-

fect of unemployment due to plant closure (second column) shows that unemploy-

ment due to plant closure seems to hurt more than unemployment in general. Po-

tentially the all unemployment category includes also cases of “voluntary” unem-

ployment, which might be less detrimental for both spouses’ mental health. There-

fore, the next column looks at unemployment due to dismissal, which is often

regarded as involuntary unemployment (e.g. Kassenboehmer & Haisken-DeNew

2009; Marcus 2012). Two arguments support the idea that unemployment due to

dismissals is more detrimental for mental health than due to plant closures. First,

many researchers argue that poor health might cause unemployment (e.g. Kuhn

et al. 2009; Schmitz 2011). In line with this argument, some dismissals might result

from deteriorating health.24 Second, dismissals rather than plant closures might

be attributable to own behavior. Therefore, dismissals might hurt more. Contrary,

there are also arguments that unemployment due to plant closures is more detri-

mental for mental health than due to dismissals. Plant closures might make it more

difficult to find a new job as others in the region (with similar qualifications) also

lost their jobs due to the plant closure. Additionally, individuals staying with the

firm until it finally closes, might be a group with the worst labor market prospects

outside that firm, low flexibility and/or a high identification with the firm. Fur-

thermore, some dismissals might actually be voluntary quittings in order to get

compensation (Kassenboehmer & Haisken-DeNew 2009: 453-454).

Table 3.5 shows that for wife’s entry into unemployment the decreases in mental

health are similar for plant closure and dismissal. However, for husband’s en-

try into unemployment, plant closures are more detrimental than dismissals for

the mental health of both spouses. The effect on the indirectly affected spouse is

even insignificant in this specification. This comparison suggests that the mental

health consequences of unemployment are not overestimated when considering

dismissals as well. Either endogeneity issues with respect to the effect of dis-

missals on mental health are rather weak in Germany or the effects of different

24Even controlling for pre-treatment mental health may not rule out reverse causality, as mental
health might decrease between the last pre-treatment interview and the dismissal. Researchers
could not distinguish this decrease before the dismissal from a decrease due to the dismissal.
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endogeneity mechanisms cancel out. When looking at the effect of unemployment

that results from other reasons than dismissal and plant closure in the last column,

the effects of wife’s unemployment on mental health do not only turn insignifi-

cant but become virtually zero. For husband’s own unemployment the decrease

in mental health is smaller than before but still significant, while the effect on his

partner is only slightly smaller but turns insignificant. However, this category

might also include some cases of chosen unemployment.

Table 3.5 highlights that for each specification, the coefficients for the indirectly

affected spouse is similar to that for the directly affected spouse. The two coeffi-

cients are not significantly different in any of the specifications. This confirms the

conclusion that unemployment decreases the mental health of spouses almost as

much as for the directly affected individuals.

3.7. Conclusion

This paper analyzes spillover effects of unemployment on other household mem-

bers by estimating the causal effect of unemployment on spouse’s mental health.

Using data from the German Socio-Economic Panel Study from 2002 through 2010,

this paper finds that unemployment of one spouse similarly affects the mental

health of both spouses. About one year after the plant closure, unemployment

decreases mental health by 27 % of a standard deviation for the unemployed in-

dividuals themselves and by 18 % of a standard deviation for their spouses. In

general, the decreases in mental health are larger when the husband enters unem-

ployment. The findings are robust over various specifications.

In order to give the estimates a causal interpretation, this study focuses on an

exogenous entry into unemployment (i.e. plant closure), and applies a combi-

nation of matching and difference-in-difference estimation that is robust against

selection on observables and selection on unobservables with time-invariant ef-

fects. The matching part of the estimator constitutes one of the first applications of
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entropy balancing (Hainmueller 2012), which balances the conditioning variables

more effectively than common propensity score methods. The estimation strategy

assumes that no unobserved variables exist that simultaneously influence changes

in mental health and the probability of entering unemployment due to plant clo-

sure. This paper provides an indirect test to show that this identifying assumption

is not violated, as mental health does not follow a different trend for treated and

matched controls before the plant closure.

The findings highlight that unemployment has severe consequences not just for the

directly affected individuals, but also for their spouses. Hence, previous studies

underestimate the public health costs of job loss as they do not consider the conse-

quences for spouses. When comparing costs and benefits of labor market policies

to prevent unemployment, policy-makers should take into account that employ-

ment has non-financial benefits not only for the employed individuals themselves

but also for their spouses.
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3.8. Appendix
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Figure 3.2.: Overview of the SOEP version of the SF-12 questions
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Table 3.6.: Descriptive statistics - means and standardized bias

Means Means
treated controls Standard. Bias (%)

Variable raw EB kernel raw EB kernel

Directly affected spouse
Age 48.1 44.0 48.1 48.2 45.4 0.0 −1.7
Female+ 35.8 43.6 35.8 35.8 −16.1 0.0 0.0
Migrant+ 23.9 15.3 23.9 22.4 21.7 0.0 3.4
Non-German+ 22.9 12.4 22.9 21.8 27.8 0.0 2.8
Physical health 49.8 52.2 49.8 50.0 −28.0 0.0 −2.1
Mental health 49.9 50.7 49.9 50.0 −9.6 0.0 −1.2
Often melancholic+ 51.4 46.2 51.4 50.4 10.4 0.0 2.0
Bad health+ 14.7 9.3 14.7 13.2 16.4 0.0 4.2
Medium health+ 34.9 32.5 34.9 35.5 5.0 0.0 −1.4
Good health+ 50.5 58.1 50.5 51.2 −15.4 0.0 −1.5
Labor earnings 24.9 35.2 24.9 25.2 −46.3 0.0 −2.3
Never unemployed+ 62.4 70.6 62.4 62.5 −17.4 0.0 −0.3
Tenure 11.0 12.4 11.0 10.9 −14.6 0.0 0.6
Small company+ 33.9 19.9 33.9 32.1 32.0 0.0 3.9
Medium-small company+ 45.9 30.5 45.9 47.4 31.9 0.0 −3.0
Medium company+ 11.9 24.0 11.9 12.3 −31.8 0.0 −1.2
Large company+ 8.3 23.5 8.3 8.2 −42.5 0.0 0.2
Big job worries+ 39.4 15.1 39.4 39.9 56.6 0.0 −0.9
Some job worries+ 38.5 45.9 38.5 38.8 −15.0 0.0 −0.5
No job worries+ 22.0 39.0 22.0 21.3 −37.4 0.0 1.8
Years full-time 21.2 18.0 21.2 21.3 29.3 0.0 −0.4
Primary sector+ 0.0 1.3 0.0 0.0 −16.4 0.0 0.0
Manufacturing+ 39.4 30.0 39.4 38.8 19.9 0.0 1.4
Energy and water+ 0.0 1.3 0.0 0.0 −16.0 0.0 0.0
Construction+ 13.8 5.5 13.8 14.0 28.0 0.0 −0.6
Wholesale and retail+ 23.9 11.8 23.9 24.7 31.9 0.0 −1.9
Hotel and restaurants+ 0.9 1.4 0.9 1.1 −4.4 0.0 −1.5
Transport+ 1.8 5.3 1.8 1.7 −18.5 0.0 0.9
Banking and insurance+ 2.8 5.1 2.8 2.4 −12.3 0.0 2.0
Health services+ 2.8 11.7 2.8 3.0 −35.1 0.0 −1.7
Other services+ 11.0 23.3 11.0 11.2 −33.0 0.0 −0.7
Basic school+ 45.0 29.1 45.0 45.4 33.2 0.0 −0.8
Intermediate school+ 45.0 44.9 45.0 42.9 0.1 0.0 4.1
Technical college+ 2.8 6.8 2.8 3.7 −19.1 0.0 −5.3
Highest secondary+ 7.3 19.2 7.3 8.1 −35.4 0.0 −2.7
University+ 8.3 23.3 8.3 9.6 −42.2 0.0 −4.8
Vocational training+ 78.9 76.8 78.9 77.9 4.9 0.0 2.5
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Table 3.6.: Descriptive statistics - means and standardized bias, continued

Means Means
treated controls Standard. Bias (%)

Variable raw EB kernel raw EB kernel

Indirectly affected spouse
Age 47.2 44.0 47.2 47.7 31.4 0.0 −4.1
Migrant+ 26.6 15.4 26.6 24.4 27.7 0.0 5.1
Non-German+ 22.9 12.4 22.9 21.2 27.7 0.0 4.1
Physical health 48.9 51.4 48.9 49.0 −29.1 0.0 −1.0
Mental health 49.3 50.4 49.3 49.4 −11.7 0.0 −0.7
Often melancholic+ 57.8 47.9 57.8 55.8 19.8 0.0 4.0
Bad health+ 17.4 11.7 17.4 17.6 16.1 0.0 −0.4
Medium health+ 38.5 32.0 38.5 37.0 13.6 0.0 3.2
Good health+ 44.0 56.2 44.0 45.5 −24.5 0.0 −2.9
Labor earnings 21.0 24.6 21.0 20.7 −14.4 0.0 1.3
Never unemployed+ 56.9 65.1 56.9 57.9 −17.0 0.0 −2.1
Works full-time+ 49.5 52.2 49.5 48.0 −5.4 0.0 3.0
Works part-time+ 19.3 25.1 19.3 20.4 −14.1 0.0 −2.9
Not working+ 31.2 22.7 31.2 31.6 19.3 0.0 −0.8
Basic school+ 36.7 28.1 36.7 38.3 18.5 0.0 −3.2
Intermediate school+ 48.6 46.1 48.6 47.6 5.0 0.0 2.0
Technical college+ 6.4 6.4 6.4 5.4 0.1 0.0 4.2
Highest secondary+ 8.3 19.4 8.3 8.7 −32.7 0.0 −1.5
University+ 11.9 22.4 11.9 11.8 −28.0 0.0 0.5
Vocational training+ 74.3 75.4 74.3 73.5 −2.4 0.0 1.9
Couple information
Children+ 37.6 49.8 37.6 36.9 −24.7 0.0 1.4
Regional unemployment 9.6 10.2 9.6 9.7 −13.7 0.0 −1.9
Village+ 11.0 9.1 11.0 10.8 6.5 0.0 0.6
Small town+ 37.6 35.8 37.6 39.1 3.7 0.0 −3.0
Small city+ 27.5 28.1 27.5 25.6 −1.3 0.0 4.3
Big city+ 23.9 27.0 23.9 24.5 −7.2 0.0 −1.5
Year 2002+ 40.4 28.4 40.4 39.4 25.3 0.0 2.0
Year 2004+ 23.9 25.6 23.9 24.4 −4.1 0.0 −1.2
Year 2006+ 11.9 24.6 11.9 10.8 −33.1 0.0 3.6
Year 2008+ 23.9 21.4 23.9 25.5 5.9 0.0 −3.7
N 109 14285

Note: Summary statistics for treated couples, all control couples and matched control couples.
The first two columns present the means of selected variables before treatment for treated and
controls. Third and fourth column show the means for the reweighted control group according to
entropy balancing (EB) and kernel matching, a propensity score method. The last three columns
display a measure for the quality of the matching process. The standardized bias is defined for
each conditioning variable s as SBs = 100 · s1−s0√

1
2 (σ

2
s1+σ

2
s0)

, where s1 and s0 are the means of treated

and controls, respectively, and σ2
s1 and σ2

s0 the corresponding variances. + indicates that the mean
represents a percentage share.
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Abstract

This study investigates the effects of maternal education on child’s health and

health behavior. We draw on a rich German panel data set (SOEP) containing in-

formation about three generations. This allows instrumenting maternal education

by the number of her siblings while conditioning on grandparental characteristics.

The instrumental variables approach has not yet been used in the intergenerational

context and works for the sample sizes of common household panels. We find sub-

stantial effects on health behavior for adolescent daughters, but neither for adoles-

cent sons nor for the health status of newborns. We show that possible concerns

for the validity of the instrument are unlikely to compromise these results. We dis-

cuss mother’s health behavior, assortative mating, household income, and child’s

schooling track as possible channels of the estimated effects. Maternal education

seems to affect daughter’s smoking behavior through the higher likelihood of the

daughter pursuing a higher secondary schooling track.

Keywords: Intergenerational mobility, health, health behavior, instrumental vari-

ables

JEL: C26, I12, J62
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4.1. Introduction

When analyzing returns to education, economists often focus on wages and in-

come (see Card (1999) for an overview). More recently, research is also concen-

trating on the effect of education on non-market outcomes like health (see Cut-

ler & Lleras-Muney (2008) and Grossman (2006) for overviews). Furthermore, re-

searchers point to intergenerational spillover effects of education (Black & Dev-

ereux (2011) and Currie (2009) provide overviews). Quantifying such intergenera-

tional links is not only relevant regarding optimal investments into education, but

also relates to social mobility. The more that a child’s outcomes are determined

by its parents’ education, the less that a society can be considered to be socially

mobile.

Our paper investigates the effects of maternal education on child’s health and

health behavior in Germany. We consider both the effects on newborns and ado-

lescents. Therefore, we look at various outcome variables: physical health, smok-

ing behavior, overweight, and doing sports for adolescents; low birth weight and

preterm birth for newborns. We apply an instrumental variables (IV) approach that

has not yet been used in the intergenerational context. We instrument maternal

education by the number of her siblings while conditioning on characteristics of

her parents, the child’s grandparents. For this purpose, we draw on a rich house-

hold survey, the German Socio-Economic Panel Study (SOEP), containing detailed

information about three generations. We argue that, given the grandparents’ char-

acteristics, the number of the mother’s siblings generates variation in maternal

years of education that is exogenous regarding her child’s health and health be-

havior. If grandparents are constrained in borrowing against the mother’s future

earnings, the number of her siblings affects household resources available for her

educational investments.

Previous studies on the effects of parental education on child’s health and health

behavior in developed countries produced mixed evidence (see table 4.1). Cur-

rie & Moretti (2003) find maternal education reduces the risks of low birth weight
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4. Spillover effects of maternal education on child’s health

and preterm birth. This finding is not corroborated by the IV-study of McCrary

& Royer (2011). For teenage children, Carneiro et al. (2007) as well as Lindeboom

et al. (2009) find no significant effects of parental education on the children’s health

status in their IV-analyses. Other studies for Germany analyze the intergenera-

tional correlation of health (Coneus & Spieß 2012), as well as the correlation be-

tween parental education and child health (Lamerz et al. 2005). We add to the

literature by applying an IV strategy that works for the sample size of common

household panels, by considering a variety of outcomes for both newborns and

adolescents, and by investigating possible channels of the estimated effects. We

focus only on mothers because the SOEP basically reports on the partner of the

mother and not on the biological father.

For newborns, we find maternal education to be associated with a reduced prob-

ability of preterm maturity. Our IV approach, however, does not indicate signifi-

cant effects on newborns. For adolescents, we find strong and significant effects on

health-related behavior for daughters. An additional year of maternal education is

estimated to reduce the daughter’s probability of smoking by 7.4 percentage points

and to increase the daughter’s likelihood of doing sports at least once a week by

7.5 percentage points. We do not obtain significant effects on sons’ health behavior.

We do not find any effects on child’s physical health and overweight.

We demonstrate the robustness of our IV estimates by sequentially introducing

the control variables. The results are not substantially altered when we include

controls for grandparents’ education, grandparent’s occupational prestige and the

size of the area where the mother grew up. Also the results do not change when

we control for some possibly “bad controls” (i.e. variables that are possibly conse-

quences of maternal education) like mother’s fertility, health and health behavior.

Furthermore, the results are robust to only considering mothers with one, two or

three siblings as well as to more flexible specifications of the first stage. We dis-

cuss mother’s health behavior, assortative mating, household income, and child’s

schooling track as possible channels of the estimated effects. Our results do not

suggest that mother’s health behavior, assortative mating or household income ex-
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4. Spillover effects of maternal education on child’s health

plain the effects on adolescent daughters. When including child’s schooling track

as an additional control variable, the effect of maternal education on daughter’s

smoking behavior disappears. Hence, maternal education seems to affect daugh-

ter’s smoking behavior through the higher likelihood of the daughter pursuing

a higher secondary schooling track. Even though early tracking is a peculiarity

of the German schooling system, the mechanism at work (school quality or peer

group effects) may also be relevant for other countries.

The paper is structured as follows. Section 4.2 describes the data and presents

descriptive statistics. Section 4.3 contains a detailed discussion of our empirical

strategy. In section 4.4, we present both Probit and IV- Probit results and present

sensitivity checks. Section 4.5 investigates channels of the estimated effects. Sec-

tion 4.6 concludes with a discussion on the implications of our findings.

4.2. Data and descriptive statistics

4.2.1. Sample

In our analysis we make use of the rich data from the German Socio-Economic

Panel Study (SOEP, v27). The SOEP started in 1984 and annually collects informa-

tion at the household and individual levels (see Wagner et al. 2007). In 2010 more

than 10,000 households participated in this panel study.

The SOEP hosts several features that make it particularly attractive for the present

analysis: Not only is it one of the largest and longest-running panel studies in

the world, it also provides detailed health information on adolescents and new-

borns. Furthermore, due to the collection of additional biographical information

of adult respondents, for children data on their parents and on their grandparents

are available. We conduct our analysis for two different samples according to the

child’s age when the information was collected: “newborns” (0-18 months) and

“adolescents” (18-19 years). Both samples are pooled across survey years. The
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4.2. Data and descriptive statistics

following section describes these samples and the child outcomes in more detail,

before turning to variables at the mother’s and grandparents’ level.

The sample of newborns is based on the “mother and child questionnaire”, which

the SOEP introduced in 2003. It is distributed to the mothers of children born in the

year of the survey or the year before. Therefore, children born from 2002 to 2010

constitute the newborns sample. The adolescents sample consists of West Ger-

man children born between 1983 and 1992, using data from when these children

were around 18 years of age. Hence, the sample is pooled across survey years.

For health related variables, we use data from the year when the adolescents an-

swered the relevant questions on the individual adult questionnaire for the first

time. Since some of the health variables are only included every two years, for

some adolescents we use information from the year they turned 18 and for the rest

we use information from the year they turned 19. In the regressions we control for

these age differences through fixed birth year effects.

4.2.2. Outcome variables

We look at six different health outcomes, two in the newborns sample, four in

the adolescents sample. All outcomes are binary variables and coded in such a

way that “1” reflects less healthy outcomes. In the newborns sample, we consider

two different health indicators: preterm birth and low birth weight. Preterm birth

refers to the birth of a child of less than 37 weeks gestational age. In developed

countries, preterm birth is the major cause of infant mortality and neurological

long-term morbidity (Martius et al. 1998). Another related health measure is the

child’s birth weight. Babies with low birth weight have adverse health status later

on in life - even when controlling for preterm maturity (McIntire et al. 1999). We

define a child to be of low birth weight if its weight at birth is below 3000g.1 We

1More commonly low birth weight is defined as a birth weight of less than 2500. However, we
encounter the same problem as Lindeboom et al. (2009: 111): with this strict definition we only have
a few observations with low birth weight. These observations might be affected by measurement
error. Hence, we apply the same definition as Lindeboom and colleagues.
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4. Spillover effects of maternal education on child’s health

only analyse biological children, and exclude twin babies from the newborns sam-

ple because their birth weight is lower in general (Naeye 1964).

For adolescents, we construct a variable “overweight” indicating a body mass in-

dex (BMI) greater than 25. We code a binary variable “currently smoking” accord-

ing to the question “Do you currently smoke, be it cigarettes, a pipe or cigars?”

The SOEP started asking detailed health questions, including weight and smoking

behavior, in even numbered years, starting in 2002.2 A variable on sport activi-

ties indicates whether an adolescent is not doing sports at least once a week.3 We

generally use information on sport behavior from the year the adolescent turned

18. However, this variable was not collected in the survey years 2002, 2004, 2006,

and 2010. For those who turn 18 in these years, we use the information about do-

ing sports from the year they turned 19 - information gathered during the next

wave. Apart from these three variables indicating health behaviors, we also look

at a measure of general health status for adolescents. Our measure is based on the

physical component summary scale (pcs) provided by the SOEP group, a weighted

combination of the 12 items of the SF-12 module (Andersen et al. 2007). In order

to facilitate comparison to the other outcomes we also dichotomize this outcome

variable. Adolescents with physical scale values below the median of all adoles-

cents are coded as having “poorer health”.4

4.2.3. Parental and grandparental variables

At the parental level, we focus only on mothers because the SOEP collects data

on the mother’s partner, who may or may not be the biological father of the child.

2The SOEP collects data on smoking behavior also in the years 1998, 1999 and 2001. These ques-
tions, though, differ in their phrasing. Therefore, we exclude information from these survey years.
3We also computed the regressions for a slightly different definition of this variable. The results
differ only marginally, when we consider a person as being active who is doing sports at least once
a month. These and other results not shown are available from the authors upon request.
4We also applied different thresholds for the definition of poorer health, used the metric instead of
the dichotomized physical health measure and resorted to a different self-rated health item (“How
would you describe your current health?”). All these redefinitions of the health status outcome do
not change the results presented in section 4.4.
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Relevant data for mothers include years of education, number of siblings and pop-

ulation of the area where the mother grew up until the age of 15. The SOEP con-

structs the years of education variable from the respondents’ information about

the obtained level of education and adds time for additional occupational train-

ing.5 For the numbers of siblings, we use the earliest available information about

brothers and sisters collected in the survey.6 Since siblings might have died, this

is the best approximation of the number of brothers and sisters when the mother

went to school. The area where the mother grew up is a discrete variable with four

categories according to the size of the hometown: countryside, small city, medium

city and large city. All information about mothers is self-reported by the moth-

ers.

At the level of the parents of the mother, we use data on educational levels and

occupational prestige. For both, grandfathers and grandmothers, we construct

dummy variables according to five educational levels: secondary school degree,

intermediate/technical school degree, general university-entrance diploma, other

degree and no school degree/no school attended. To measure occupational pres-

tige we rely on the International Socio-Economic Index of Occupational Status

(ISEI). The ISEI assigns scores to almost 300 different occupation categories “in

such a way as to maximize the role of occupation as an intervening variable be-

tween education and income” (Ganzeboom et al. 1992: 2).7 Information on the

grandparents is either contributed by the grandparents directly (less than 5 per-

cent) - if they are SOEP participants - or by proxy via interviews of the mothers:

5If the variable years of education is missing for an individual in a given survey year, we use
information from other survey years. Following Kemptner et al. (2011), we also employ a different
measure of the years of education, in which we only considered years of primary and secondary
schooling: 9 years for individuals without school degree and those with basic track degree, 10 years
for those with intermediate track school or other degree, 12 years for technical school degree and
13 years for general university-entrance diploma. However, the Probit and IV-Probit results did
not change qualitatively, only the size of the coefficient estimates increased.
6The SOEP collected this information in 1990, 1996, 2001, 2003 and 2006. We consider siblings
inside and outside of the household.
7The ISEI score is derived from the occupational status of grandfather and grandmother. SOEP
questions on the occupational status of grandfather and grandmother are formulated to reflect the
situation when the mother was 16. For each pair of grandparents we make use of the highest ISEI
score, which in most cases is the score of the grandfather. Missing values are imputed as described
in the appendix.
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All individuals with a valid personal interview in the SOEP are requested to an-

swer the supplementary biography questionnaire with questions on their parents

and their social origin. Missing values at the grandparental level are imputed as

described in the appendix.

4.2.4. Descriptive statistics

Table 4.2.: Descriptive statistics

Variable Adolescents sample Newborns sample

Mean SD Mean SD

Mothers
Years of education 11.9 2.7 12.8 2.8
Year of birth 1959.9 5.4 1974.5 5.9
Number of siblings 2.6 1.9 2.1 1.7
Children
Year of birth 1987.5 2.8 2005.1 2.3
Birth weight 3353.4 558.3
Preterm birth 16.2 36.9
Low birth weight 19.5 39.7
Currently smoking (%) 27.6 44.7
Overweight (%) 17.8 38.2
No sport (%) 44.8 49.7
Poorer health (%) 47.4 49.9
N 1741 977

Note: Unweighted means and standard deviations for key variables of the sample of 18/19 year
olds (adolescents) and of 0-18 month olds (newborns) as well as their mothers.

Table 4.2 displays unweighted means and standard deviations for relevant vari-

ables at the maternal and child level for both of our samples. While the newborns

sample consists of West German children born between 2002 and 2010 and ex-

cludes both adopted children and twins, the adolescents sample consists of West

German children born between 1983 and 1992. Both samples do not include chil-

dren whose mothers were educated in the German Democratic Republic. We make

the estimation samples more homogeneous by restricting them to mothers with
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siblings (see subsection 4.3.2 for further discussion). Due to the construction of

the two samples, the mothers of the adolescents come from earlier birth cohorts.

Therefore, differences in mean years of education and number of siblings between

the two samples can be explained by the increase in years of education and the

decrease of family sizes over time. All our regression models include the mother’s

year of birth to control for these time trends.

Figure 4.1 presents lines from non-parametric local constant estimations of the as-

sociation between mother’s years of education and various child outcomes. For

almost all outcome measures there is a monotonous relationship: Worse health be-

havior and poorer health of the child decrease almost linearly with the mother’s

education. For instance, the chance of not doing sports at least once a week is

around 60 % for children of poorly educated mothers, 50 % for children of mothers

with about 10 years of education and 30 % for children of mothers with more than

15 years of education. The probability of preterm birth is almost twice as high for

the least educated mothers compared to the best educated mothers. The increase

in the overweight probability on the right tale of the education distribution is not

statistically significant as the confidence bands indicate.
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4. Spillover effects of maternal education on child’s health

Figure 4.1.: Bivariate relationships between maternal education and child’s out-
comes

Note: The bivariate relationship between maternal education and various child outcomes. The
lines picture regression lines from non-parametric local constant estimators as well as the 95%
confidence bands. The local constant estimators rely on a plugin estimator of the asymptotically
optimal constant bandwidth (see Fan & Gijbels 1996; StataCorp 2009) and an Epanechnikov kernel.
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4.3. Empirical strategy

4.3.1. Main estimation equation

We estimate the effects of maternal years of education on binary child outcomes.

For this purpose, we rely on single (Probit) and two-equation models (IV-Probit).8

All models are estimated with robust standard errors that are clustered by mothers,

accounting for serial correlation between children of the same mother. Our single

equation model linking child’s outcome to maternal years of education is specified

as follows:

Hc = 1 [β0 + β1 · Sm + β2 · x + εc > 0] (4.1)

where Hc is child’s outcome and Sm is maternal years of education. x contains

different sets of control variables that we gradually incorporate in section 4.4 to as-

sess their impact. In the preferred specification, x includes sets of fixed effects ac-

counting for mother’s birth cohort, the size of the area where the mother grew up,

grandparents’ level of education and occupational prestige, child’s birth cohort,

and child’s sex.9 εc is an idiosyncratic child specific error term that is normally

and identically distributed. 1[·] is an indicator function.

Estimating equation (4.1) as a single equation model will only produce consistent

parameter estimates if maternal years of education, Sm, are uncorrelated with εc.

Since maternal years of education are likely to be correlated with unobserved con-

founders, we expect the coefficient estimates to be biased in an unknown direc-

tion.

8In the section on robustness checks, we also present results from a two-stage least squares model
(2SLS). Being more robust regarding the distributional assumptions of the error terms but less
efficient, the estimated effects differ only marginally.
9By controlling for both mother’s birth cohort and child’s year of birth, we indirectly control for
the mother’s age at birth. Since the mother’s age at child birth is a choice variable and possibly
correlated with maternal education, we also run the models without this control variable. The
results are insensitive to this modification. These estimates are available upon request from the
authors.
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4.3.2. Instrumental variables approach

The endogeneity of Sm can be dealt with by instrumenting Sm with Zm, where Zm

must meet the following two conditions:

E[εc|Zm] = 0 (validity)

E[Sm|Zm, x] 6= E[Sm|x] (relevance)

Zm is a valid instrument if it affects the child’s outcome only through mother’s

years of education, given the other covariates. Zm is a relevant instrument if the

explanatory power of Zm with respect to Sm is sufficiently large, given the other

covariates. Various instruments for education are proposed in the literature on re-

turns to education (see Card (1999) and Grossman (2006) for overviews). A first

wave of IV studies relies on family characteristics as instruments, such as parents’

income and parents’ schooling. While these instruments are strongly associated

with education, the validity assumption seems questionable. A second wave of IV

studies uses variations in educational policies and other natural experiments. This

second wave of IV studies faces less criticism regarding the validity assumption.

However, the association with education is often weak and, hence, weak instru-

ment problems may arise. Researchers frequently draw on huge sample sizes to

mitigate this problem. A drawback of huge data sets is that these often do not

include detailed outcome measures. Another problem with policy changes and

other natural experiments is that they only affect certain cohorts.

We do not rely on policy changes but instead use the number of mother’s siblings

as an instrument for maternal education while conditioning on characteristics of

the grandparents. These grandparental characteristics include variables describ-

ing the grandparents’ level of education and occupational prestige as well as the

area where the mother grew up. This identification strategy works also for cohorts

unaffected by policy changes and for the limited sample sizes of common house-

hold panels. This instrument was suggested before (e.g. Sander 1995). We improve
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the approach by conditioning on characteristics of the grandparents. There is an

obvious concern regarding the validity of the instrument. Fertility is higher in the

countryside and negatively correlated with social status, i.e. mothers with siblings

are more likely to live in the countryside and to have parents with lower social

status. Therefore, we condition on the grandparent’s level of education, the grand-

parent’s occupational prestige and the size of the area where the mother grew up.

We gradually incorporate these variables to assert their influence.

Consistency of our estimates rests on the assumption that the instrument identifies

exogenous variation in the endogenous education variable, given the other covari-

ates. We deal with possible concerns regarding the validity of the instrument by

including controls for maternal health, health behavior and fertility in one spec-

ification. However, this is not our preferred specification because the additional

control variables might be consequences of maternal education themselves.

The number of mother’s siblings should also be a relevant instrument because

the resources available for educational investments per child depend substantially

on the number of children in the household. This assumes that parents are con-

strained in borrowing against their children’s future earnings. A significant effect

of the number of mother’s siblings on her education in the first stage points to such

a borrowing constraint of the grandparents. Even though there are no schooling

fees and very low or no tuition fees at public educational institutions in Germany,

investments into children’s education involve forgone earnings for both the par-

ents and the children. Parents’ time constraints and limited housing space may

impose pressure upon the children to make their own living instead of spending

more time on educational investments.

Figure 4.2 contains a graph showing the average years of education for mothers

with different numbers of siblings as well as the share of mothers with this number

of siblings.10 The graph shows that most children in our sample are born to moth-

ers who grew up with four or fewer siblings (about 85 %). Furthermore, the graph

10The graph displays the numbers for the sample of adolescents with non-missing smoking infor-
mation. Similar pictures emerge for the other samples.
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Figure 4.2.: Number of siblings and years of education

Note: Average years of education for mothers with different numbers of siblings as well as the
share of mothers with that number of siblings.

pictures a clear negative relationship between maternal education and the number

of her siblings. However, mothers without siblings seem to be special having on

average less education than mothers with one or two siblings. This does not corre-

spond with the argument that more siblings introduce resource constraints leading

to lower educational achievements. Black et al. (2005) also find this only child par-

ticularity for the US, which disappears when they consider the subsample of intact

families. Hence, it may be that parental divorces exert negative effects on the only

children’s educational achievement. The only child particularity could lead to a

non-linear relationship between mother’s years of education and the number of

her siblings or even have long-lasting effects on the grandchildren. For this rea-

son, and in order to make the estimation sample more homogeneous, we restrict

98



4.4. Results

the sample to mothers with siblings. In subsection 4.4.3, we present a robustness

check for the inclusion of children of mothers without siblings. It turns out that

our findings are insensitive to this modification of the sample.

4.3.3. Implementation

We implement the IV strategy by estimating the following two-equation model

using the method of maximum likelihood:

Sm = γ0 + γ1 ·Zm + γ2 · x + µm (4.2)

Hc = 1 [β0 + β1 · Sm + β2 · x + εc > 0] (4.3)

µm and εc are assumed to be bivariate normally and identically distributed with

mean zero and to be independent of the instrument Zm (see Wooldridge (2002:

472) for further details). Under the assumptions of instrument validity and rele-

vance, joint estimation of equations (4.2) and (4.3) as an IV-Probit model produces

consistent parameter estimates. The coefficients of the first stage can be directly

interpreted as marginal effects. Since the parameters of a Probit model cannot be

given this interpretation, we compute average marginal effects and apply the delta

method when calculating standard errors. In subsection 4.4.3, we present a robust-

ness check for the distributional assumptions of the model.

4.4. Results

Table 4.3 contains the first stage results of the IV-Probit model. The second stage

results of the IV-Probit model and the findings from the single equation Probit

model are presented in table 4.4 for the newborns and table 4.5 for the adolescents.

As has been discussed above, we estimate several specifications and sequentially

introduce the control variables. This demonstrates the robustness of our estimates.

Note that for the IV-Probit model specification 6 is our preferred specification be-
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4. Spillover effects of maternal education on child’s health

cause it conditions on a rich set of grandparental characteristics, but does not in-

clude potentially “bad controls” like mother’s health, health behavior, and fertility.

In the following subsections, we first discuss the effect of mother’s siblings on her

educational achievement (first stage of the IV-Probit model), then we discuss the

findings on the effects of maternal education on the child’s outcomes (Probit model

and second stage of the IV-Probit model), and subsequently we present some ad-

ditional sensitivity checks.

4.4.1. The effect of siblings on years of education

Table 4.3 presents the first stage coefficients of the IV estimation. The small dif-

ferences in the first stage coefficient estimates stem from different sample sizes for

the outcome measures. The estimated effects of the number of mother’s siblings

on her educational attainment are highly significant in all specifications. This indi-

cates that the number of siblings is a relevant instrument for maternal education.

The association is slightly stronger for adolescent daughters than for adolescent

sons, which is presumably due to sampling variation.11 Conditioning on charac-

teristics of the grandparents’ household reduces the gradient between the number

of siblings and educational achievement of the mothers. In the preferred specifi-

cation 6, an additional sibling is predicted to decrease the years of education by

0.23-0.28 years for the female adolescents and the newborns samples and by about

0.15 years for the male adolescents sample. We are interested in the F-statistics

testing the assumption that the number of mother’s siblings does not affect her

educational achievement, given the other covariates. For specification 6, all our

F-statistics for the pooled newborns sample are above 24. Furthermore, all the F-

statistics are above 37 for the sample of female adolescents and above 11 for the

sample of male adolescents. Thus, the estimation strategy seems not to suffer from

a weak instruments problem. The significant first stage effects point to financial

constraints of the grandparents when investing in their daughter’s education.

11None of the effect differences between mothers of daughters and mothers of sons is significant at
the 5 % level.
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Table 4.3.: First stage - the effect of number of siblings on years of education
Sample Obs. (4) (5) (6)

Newborns
(Preterm birth) 962 −0.413∗∗∗ −0.316∗∗∗ −0.282∗∗∗

(0.069) (0.057) (0.057)
[35.77] [31.07] [24.58]

(Low birth weight) 977 −0.402∗∗∗ −0.311∗∗∗ −0.280∗∗∗
(0.067) (0.055) (0.055)
[36.06] [32.10] [25.72]

Adolescent daughters
(Smoker) 867 −0.391∗∗∗ −0.253∗∗∗ −0.237∗∗∗

(0.041) (0.038) (0.037)
[92.76] [45.34] [40.70]

(Overweight) 859 −0.390∗∗∗ −0.250∗∗∗ −0.233∗∗∗
(0.042) (0.039) (0.038)
[86.68] [41.82] [37.39]

(No sport) 793 −0.378∗∗∗ −0.260∗∗∗ −0.249∗∗∗
(0.042) (0.039) (0.039)
[81.18] [45.21] [41.69]

(Poorer health) 843 −0.393∗∗∗ −0.249∗∗∗ −0.234∗∗∗
(0.042) (0.038) (0.038)
[88.87] [42.76] [38.85]

Adolescent sons
(Smoker) 874 −0.297∗∗∗ −0.170∗∗∗ −0.149∗∗∗

(0.041) (0.039) (0.039)
[51.73] [18.91] [14.62]

(Overweight) 851 −0.291∗∗∗ −0.158∗∗∗ −0.137∗∗∗
(0.041) (0.039) (0.039)
[49.32] [16.19] [12.34]

(No sport) 805 −0.349∗∗∗ −0.211∗∗∗ −0.182∗∗∗
(0.045) (0.042) (0.042)
[60.77] [24.59] [18.60]

(Poorer health) 836 −0.291∗∗∗ −0.159∗∗∗ −0.136∗∗∗
(0.042) (0.040) (0.040)
[48.46] [15.93] [11.77]

GP education Y Y
GP status Y

Note: First stage results. Marginal effects of the number of mother’s siblings on her years of edu-
cation, robust standard errors (in parentheses) and F-statistics (in brackets) separately for mothers
of newborns, adolescent daughters and adolescent sons. Variables on the left hand side describe
the sample. All regressions include controls for the child’s and the mother’s year of birth. Spec-
ifications 2 and 5 include additional fixed effects for the area the mother grew up and for the ed-
ucational levels of the mother’s parents, while specifications 3 and 6 control additionally for the
grandparents’ occupational prestige (ISEI score). * p < 0.1; ** p < 0.05; *** p < 0.01
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4. Spillover effects of maternal education on child’s health

4.4.2. The effect of maternal education on child outcomes

Newborns

In the Probit models, the average marginal effects indicate a significant associa-

tion between maternal education and the likelihood of preterm birth (see specifica-

tion 1-3 in table 4.4). When conditioning on grandparental characteristics, we find

no evidence for an effect of maternal education on low birth weight.12 Note that

the grandparental characteristics capture some potential confounders of maternal

education being related to the family background. The average marginal effect

on preterm birth matches the smoothed bivariate regression line from figure 4.1.

Controlling for characteristics of the grandparents’ household, an additional year

of maternal education is associated with a reduction in the probability of preterm

maturity by 1.3 percentage points (specification 3).

Although insignificant for most specifications, in the IV model the estimated ef-

fect on preterm maturity increases in size compared to the findings of the single

equation Probit model (2.3 vs. 1.3 percentage points reduction in risk). It might

be that our sample size is too small to detect an existing effect. For the US, Currie

& Moretti (2003) report a significant reduction of 1 percentage point in the prob-

ability of preterm birth for each year of maternal education (see table 4.1 for an

overview of the results and the designs of previous IV-studies on the effect of ma-

ternal education on child’s health in developed countries).

Average marginal effects on low birth weight are close to zero and the standard

errors are relatively large. This finding is in line with Lindeboom et al. (2009).

Making use of a change in compulsory schooling in Britain in 1947, they find no

effect of mother’s education on birth weight and low birth weight. With the same

policy change, Chevalier & O’Sullivan (2007) estimate an increase of 74 gram birth

weight for every additional year of mother’s education but do not find a significant

reduction in the probability of low birth weight. Also McCrary & Royer (2011) and

12We also obtain small and insignificant effects when using birth weight as outcome in 2SLS regres-
sions.
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4. Spillover effects of maternal education on child’s health

Carneiro et al. (2007) find no effect on low birth weight. Only Currie & Moretti

(2003) estimate a significant reduction of 1 percentage point in the probability of

low birth weight for an additional year of maternal education.

Adolescents

The Probit specifications in table 4.5 indicate that one more year of mother’s educa-

tion is associated with a decrease in the adolescent’s probability of being a smoker

by about 2 percentage points, given the grandparents’ characteristics. There is no

significant association between years of maternal education and an adolescent’s

probability of being overweight at age 18/19. However, there seems to be a strong

relationship with the child’s likelihood of not doing sports at least once per week.

The estimates suggest that each additional year of maternal education is associated

with a decrease in the probability of not doing sports regularly by 3 percentage

points for sons and 3.4 percentage points for daughters. The results do not suggest

an association of maternal education with an adolescent’s physical health.

Turning to the results of the IV-Probit model (specifications 4-6 in table 4.5), we find

large and significant effects of maternal years of education on daughter’s smoking

and sport behavior in all IV specifications. These effects do not disappear when

we include the grandparents’ level of education, their occupational prestige and

the size of the area the mother grew up as additional controls. The coefficients

tend to be even slightly larger. In our preferred specification 6, the probability

of the daughter doing sports regularly is increased by 7.4 percentage points per

year of maternal education. In addition, one additional year of maternal educa-

tion decreases the likelihood of the daughter being a smoker at age 18/19 by 7.5

percentage points. We do not find any significant effects on son’s health and health

behavior in general.13 Confirming the finding from the Probit specification, there

is also no significant effect on overweight or physical health for girls. Loureiro

et al. (2010) also find that mothers are only influential with respect to the smoking

behavior of their daughters but not for their sons. These gender differences are in

line with the idea of gender-specific parental role-models and the finding that chil-

13Although the effect on sport activity is rather large and only borderline insignificant.
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4. Spillover effects of maternal education on child’s health

dren identify stronger with the same-sex parent (Starrels 1994). Furthermore, this

supports the theory of more productive parenting by the same-sex parent (Gugl &

Welling 2011).

Comparing the significant effects of maternal education on child’s outcomes with

the estimates from the Probit models, the estimated effects from the IV-Probit mod-

els appear to be larger. This is in line with the majority of findings in the literature

on returns to education (see Card 1999). Currie & Moretti (2003) and Carneiro et al.

(2007) also find larger effects when instrumenting maternal education. Three fac-

tors might be responsible for this finding. First, measurement error in maternal

education attenuates the Probit estimates. Second, unobserved variables that are

negatively correlated with maternal education but positively with better child out-

comes might result in downward biased estimates. Third, in the presence of effect

heterogeneity, IV approaches may not identify the average effect for the overall

population but rather local average effects for the so-called compliers, i.e. mothers

who obtain fewer [more] years of education because they have more [less] sib-

lings.

4.4.3. Sensitivity checks

Table 4.6 presents five sensitivity checks for the adolescents samples.14 These addi-

tional specifications are estimated to show that some possible concerns regarding

the instrument’s validity, the sample characteristics, the functional form assump-

tions, or the distributional assumptions of the error terms are unlikely to compro-

mise our results. Specification 7 includes additional controls’ for mother’s health,

health behavior and fertility. Since mother’s health and health behavior are po-

tentially affected by the number of her siblings, we include the four health-related

outcome variables - at the mother’s level - as additional control variables, i.e. we

include binary variables for the mother’s overweight, smoking, sport behavior

and bad health status. A further concern for the instrument’s validity relates to

14We do not show sensitivity analyses for newborns because similar to the results in table 4.4 the
effects are insignificant in all sensitivity analyses.
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mother’s fertility. Grandparents’ fertility could affect mother’s fertility and lead

to financial constraints that have a direct impact on child outcomes. Indeed, we

find that the number of mother’s siblings explains 4 % of the variation in the num-

ber of mother’s own children. We address this concern by including fixed effects

for the number of mother’s children in our IV model.15 However, this is not our

preferred specification as the additional control variables might be inherent con-

sequences of maternal education and, hence, bad control variables. The estimated

effects of specification 7 differ only marginally from the estimates of our preferred

specification 6.

Specification 8 allows for full flexibility with respect to the functional relationship

between the number of siblings and maternal education. In this specification we

instrument maternal education by a set of dichotomous variables that indicates

the number of siblings. Categories of the number of siblings are 1, 2, 3, 4, 5 and 6

and more siblings. Specification 9 includes children of mothers without siblings to

show that our findings do not hinge on this sample restriction.

Another concern regarding our instrument is that the fertility decision of parents

may be affected by heterogeneous preferences for child quality if parents take into

account the resource constraints of the household (“quantity-quality trade-off”;

see Becker et al. 1960; Becker & Lewis 1973). In principle, conditioning on the

grandparental characteristics should account for this heterogeneity to the degree

that the preferences for child quality are correlated with education or occupational

prestige. The concern, however, is that conditioning on these variables might not

be enough. In specification 10, we estimate our model for a more homogeneous

sample that includes only mothers with one to three siblings. This sensitivity check

relies on the assumption that parents of these mothers are presumably more simi-

lar than in the full sample. We find it reassuring that our results are not sensitive

to this sample restriction.

Lastly, we check the sensitivity of our findings regarding the distributional as-

sumptions of the IV-Probit model (specification 11). We estimate a two-stage least

15More specifically, we include dummy variables for 1, 2, 3 and 4 or more children.
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4.4. Results

squares model (2SLS), which - unlike the IV-Probit model - also produces consis-

tent parameter estimates in the presence of heteroscedasticity and non-normally

distributed errors.

In all these additional specifications, most of the estimated effects change only

marginally. The effects of maternal education on sport and smoking behavior of

daughters are significant in all sensitivity tests. The effect of maternal education on

sons not doing sports regularly becomes significant for specification 8 and speci-

fication 11. When only considering mothers with one, two or three children, a

positive effect of mothers on the son’s probability of being overweight emerges

(specification 10). This is likely to be due to a weak instruments problem that

arises for sons when using only the restricted sample. The first stage F-statistics

for this specification is about 5 for sons, and about 10 for daughters. We conclude

that our main findings, the effects on daughters’ smoking and sport behavior, are

not sensitive regarding sample characteristics, functional form assumptions or dis-

tributional assumptions of the error terms.

Another issue is that there may be non-linearities in the effects of maternal years

of education on child’s outcomes, although the graphs in figure 4.1 suggest an

approximately linear relationship. We try to detect non-linearities in the effects by

using years of education and years of education squared as endogenous regressors

in our IV-models. Accordingly, we instrumented the two endogenous regressors

with the number of mother’s siblings and its square. The estimated coefficients

on the years of education squared were highly insignificant. Non-linearities in

the effects of maternal years of education are either irrelevant or too small to be

detected with our estimation approach and the given sample size. In any case,

our estimates can be interpreted as the average effect of one more year of maternal

education.
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4. Spillover effects of maternal education on child’s health

4.5. Channels

This section discusses possible channels of the estimated effects that could drive

the relationship between maternal education and adolescents’ outcomes. In or-

der to investigate potential channels, we follow the strategy by Oreopoulos et al.

(2008). When investigating intergenerational effects of father’s displacement, Ore-

opoulos et al. (2008) analyze potential channels by a) including the channels as

(potentially endogenous) additional controls and by b) investigating the effect on

the channels (as outcomes).

We consider mother’s health behavior, assortative mating, household income, and

child’s schooling track as potential channels. Table 4.6 contains the results of alter-

native specifications that include these potential channels as additional controls.

The results from these specifications must be interpreted carefully because these

additional controls are likely to be endogenous and may also bias the estimated ef-

fects of maternal education. Furthermore, table 4.7 presents estimates of the direct

effects of maternal education on the potential channels using our IV approach.

Mother’s health behavior may explain the estimated effects of maternal educa-

tion on daughter’s health behavior if the mother operates as role model. We look

at the same health measures that we also consider for adolescents. Indeed, we

find substantial effects of maternal years of education on mother’s own health

behavior, but not on physical health, using our IV approach (see table 4.7).16 How-

ever, the effects of maternal education on daughter’s health behavior remain un-

changed when controlling for mother’s health behavior (smoking, overweight,

and no sports) in the IV model (see table 4.6, specification 7).

Assortative mating may explain to some degree the effects of maternal education

on child outcomes. In our data we find a correlation coefficient of 0.66 between

maternal years of education and her partner’s years of education. Furthermore,

16We do not find evidence that these effects differ substantially between mothers of daughters and
mothers of sons.
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4. Spillover effects of maternal education on child’s health

our IV approach predicts that one more year of maternal education increases part-

ner’s years of education by 0.84 years (table 4.7). Thus, the estimated effects on

daughter’s health behavior may work through the partner’s education. We focus

on the mother’s partner because the SOEP does not report on the biological father,

just on the mother’s current partner. In specification 12 (table 4.6), we estimate ef-

fects of maternal education on the child’s outcomes, including the partner’s years

of education as an additional control variable. The magnitude of the effects on the

probabilities of the daughter being a smoker and of the daughter doing sports reg-

ularly change only marginally, but the effects become insignificant. This may be

due to the substantial loss in precision.

The effects of maternal education on the daughter’s health behavior may also work

through a higher household income. Household income is measured by the loga-

rithm of a five years average of household post-government income. The results

in table 4.7 show that one more year of maternal education leads to an increase in

household income of 14 per cent. To some extent this also accounts for assortative

mating (Jepsen 2005) because the mothers’ partners are the principle earners in

the majority of the households. When estimating a specification that includes the

logarithm of household income as an additional control variable (table 4.6, speci-

fication 13), the estimated effects change only marginally.

Next, we investigate the child’s schooling as potential channel. Usually after four

years of primary school, the German school system selects children into one of

three tracks: basic track (Hauptschule), intermediate track (Realschule), or academic

track (Gymnasium). Pupils can only obtain the Abitur from academic track schools.

The Abitur is the diploma usually required for enrolling into a German university.

The IV estimates in table 4.7 suggest that one more year of maternal education in-

creases the likelihood of the child pursuing the academic schooling track by about

10 percentage points. However, we do not find evidence for significant differences

between sons and daughters.17 Specification 14 (table 4.6) includes as additional

17Piopiunik (2011) instrumenting maternal education by changes in compulsory schooling legisla-
tion finds significant effects of maternal education on sons’ but not on daughters’ education. This
paper analyzes the effect of maternal education at the lower tail of the education distribution, while
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4.6. Summary and discussion

control a binary variable indicating whether the adolescent attends an academic

track school. As a result, the effect of maternal education on daughter’s smoking

behavior disappears while the effect on daughters doing sports regularly remains

unchanged. Thus, maternal education seems to affect the daughter’s smoking be-

havior by affecting schooling track. However, we cannot distinguish whether this

is due to school quality (better understanding the risks of smoking, increased valu-

ation of the future; see Fletcher & Frisvold 2012) or due to peer group effects (lower

share of smokers).

4.6. Summary and discussion

Our paper investigates the effects of maternal education on child’s health and

health behavior. Using a rich German survey panel data set (SOEP), we analyze

the effects on a wide range of outcomes for newborn and adolescent children. We

estimate both Probit and IV-Probit models. For newborns, we find a significant

negative association between maternal education and the risk of preterm matu-

rity. Although the effect on preterm maturity increases in size when estimating

IV-Probit models, the effect turns insignificant. It may be that the size of our new-

borns sample is not large enough to detect existing effects with the IV approach.

We find no evidence for effects of maternal education on low birth weight.

For adolescents, the IV approach suggests strong and significant effects on health-

related behavior for daughters. One more year of maternal education is estimated

to reduce the daughter’s probability of smoking at age 18/19 by 7.4 percentage

points and to increase the daughter’s likelihood of doing sports at least once a

week by 7.5 percentage points. However, we do not obtain significant effects of

maternal education on sons’ health behavior. For both sexes, we do not find any

effects on child’s physical health or overweight.

In line with previous research (e.g. Carneiro et al. 2007; Currie & Moretti 2003), the

significant estimates from the IV-Probit model exceed the corresponding estimates

from the single equation Probit model. This may be attributed to three different

we investigate effects over the whole distribution of maternal education.
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4. Spillover effects of maternal education on child’s health

reasons: measurement error in maternal education, unobserved variables leading

to downward biased estimates in the Probit model, or the identification of local

effects in the presence of effect heterogeneity when applying an IV-approach.

For our identification strategy, we do not rely on policy changes like previous stud-

ies. Instead, we present an IV approach that also works for cohorts unaffected by

policy changes and for the limited sample sizes of common household panels. We

argue that the mother’s number of siblings is a valid instrument when condition-

ing on grandparental characteristics. Concerning the relevance of the instrument,

we find all respective first stage F-statistics to exceed the critical value of 10. The

estimation strategy seems not to suffer from a weak instruments problem. Re-

garding the validity of our instrument, we demonstrate the robustness of our IV

estimates by sequentially introducing grandparental characteristics. The results

are not substantially altered, when we include controls for grandparents’ educa-

tion, grandparent’s occupational prestige and the size of the area where the mother

grew up. Also the results do not change, when we control for further variables (like

mother’s health, health behavior, and fertility) that are possibly consequences of

maternal education. Furthermore, the results are robust to only considering moth-

ers with one, two or three siblings as well as to functional form assumptions of the

first stage or distributional assumptions of the error terms.

Investigating possible channels of the estimated effects, our findings do not sug-

gest that mother’s health behavior, assortative mating, or household income ex-

plain the effects on daughter’s health behavior. However, when including the

child’s schooling track as an additional control variable in our IV approach, the

effect of maternal education on daughter’s smoking behavior disappears. Thus,

maternal education seems to affect child’s health behavior by affecting schooling

track. Even though early tracking is a particularity of the German schooling sys-

tem, the mechanism at work (school quality or peer group effects) may also be

relevant in other countries.

Public policy should take into account intergenerational links when thinking about

optimal educational investments. There are persistent gains to be realized by in-

creasing female education.
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4.7. Appendix

Some variables on the mothers’ and grandparents’ level are affected by missing

values; e.g. about 29 % of the children in the newborns sample have missing infor-

mation on either the area where the mother grew up, grandparents’ ISEI score, or

grandfather’s and grandmother’s educational level. Omitting these cases will pro-

duce inefficient estimates, even if they are missing completely at random (MCAR;

see Rubin 1976). The estimates will be biased if the information is not MCAR but

only missing at random (MAR). Under MAR the missingness depends on other

observed variables, e.g. if mothers with fewer years of education know less about

their parents.

Due to these effectiveness and unbiasedness considerations, we impute four vari-

ables relevant for our analysis: grandfather’s and grandmother’s educational level,

grandparents’ ISEI score and the area where the mother grew up. In case the in-

formation is missing, for all variables we first copy information provided by the

mother’s siblings. We impute missing values in the size of mother’s area ran-

domly conditional on the size of the mother’s district of residence when she was

interviewed in the SOEP for the first time.

The other three variables are jointly imputed in four steps as follows. First, the

educational levels of the grandparents are preliminarily imputed: If the level of

education is missing for only one grandparent the information of the other grand-

parent is used. If the level of vocational training is available, the mode of level

of education for each vocational training category is imputed. Second, we run a

regression of the highest ISEI score of the grandparents (in most cases the grandfa-

ther’s) score on sets of dummies for the grandfather’s levels of vocational training

and education, as well as dummies for the grandmother’s levels of education and

vocational training, dummies for the job position of the grandfather, controls for

the birth decade of the grandfather and for each explanatory variable a dummy for

missing values. These variables explain about 2/3 of the variance in grandparents’

ISEI score. We exclude observations with missing information on all explanatory
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4. Spillover effects of maternal education on child’s health

variables and do not impute any values for them.

Third, according to the regression results we predict values for those with missing

information on the grandparents’ ISEI score. We then add a random term drawn

from the distribution of the regression residuals to maintain the variance of the

dependent variable and to mimic the uncertainty of the imputation. Little & Rubin

(2002: 60) refer to this procedure as stochastic regression imputation. Fourth, by

means of multinomial logit models we regress the grandparents’ educational level

on the imputed grandparents’ ISEI score, dummies for own vocational training

levels and partner’s education level. We use the predicted level of education for

all those with missing information, including those with preliminarily imputed

educational levels. In summary, we impute the grandfather’s education for 7.5 %

[7.0 %] of the adolescents [newborns], the grandmother’s education for 6 % [5.5

%], the ISEI score for 44 % [16.5 %] and the size of the area the mother grew up for

1.5 % [9.8 %].
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5. The effect of a ban on late-night off-premise alcohol sales

Abstract

Excessive alcohol consumption among adolescents and young adults is a major

public health concern. On March 1, 2010, the German federal state of Baden-

Württemberg banned the sale of alcoholic beverages between 10pm and 5am at off-

premise outlets (e.g. kiosks, petrol stations, supermarkets). We use rich monthly

administrative data from a 70 percent random sample of all hospitalizations for

the years 2007-2010 in Germany in order to evaluate the impact of this policy on

alcohol-related hospitalizations. Applying a difference-in-difference approach, we

find that the policy change reduces alcohol-related hospitalizations among adoles-

cents and young adults by about 9 percent, with larger effects for men in absolute

terms and larger effects for women in relative terms. The empirical results suggest

that limiting late hours during which alcoholic beverages are allowed to be sold

is an effective and rather “costless” public health initiative for reducing high-risk

drinking among adolescents and young adults.

Keywords: Binge drinking, drinking hours, alcohol control policies, difference-in-

difference, hospital diagnosis statistics

JEL: I12, I18, D04
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5.1. Introduction

5.1. Introduction

According to the World Health Organization, excessive alcohol consumption is

responsible for around 2.5 million preventable deaths worldwide each year. The

harmful use of alcohol constitutes the third-leading cause of preventable death,

disability, and loss of health.1 A major public health concern is the excessive alco-

hol consumption among the youth. The Centers for Disease Control and Preven-

tion reports that, among U.S. adults aged 18 years and older in 2010, binge drink-

ing prevalence (28 percent) and intensity (9.3 drinks) was highest among those

aged 18-24 years (Kanny et al. 2012).2 Since drinking is habit forming (see e.g.

Enoch 2006), early drinking onset might have long-lasting adverse consequences.

Indeed, a comprehensive literature documents a significant relationship between

(extensive) alcohol consumption and various negative outcomes for young peo-

ple, such as crime (Carpenter 2005a), risky sexual behavior and teenage pregnancy

(Sen 2003; Carpenter 2005b), suicide (Birckmayer & Hemenway 1999; O’Connell &

Lawlor 2005), lower academic performance (Carrell et al. 2011), lower employment

and higher risk of unemployment (Mullahy & Sindelar 1996), adverse health ef-

fects such as mortality and hospitalization (Chaloupka & Xu 2011; Kim et al. 2012),

and motor vehicle fatalities (Ruhm 1996; Dee 1999).

High-risk drinking has been increasing among young people across much of Eu-

rope in the last ten years, including Germany (DHS 2008). Figure 5.1 reports the

development of alcohol-related hospitalization rates for various age groups in Ger-

many. Panel A displays the trend in the annual number of hospitalizations due

to alcohol intoxication per 100,000 inhabitants of the same age between 2002 and

2010. Panel B displays the corresponding growth rates. The figure shows that

the alcohol-related hospitalization rates doubled for individuals aged 15-19 and

20-24. Also, for children aged 10-14, hospitalizations due to alcohol intoxication

increased by more than 50 percent. The German Federal Statistical Office reports

1www.who.int/substance_abuse/facts/alcohol/en/index.html. Accessed: February 24, 2013.
2The Centers for Disease Control and Prevention defines binge drinking as consuming four or more
drinks for women, and five or more drinks per occasion for men during the past 30 days.
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5. The effect of a ban on late-night off-premise alcohol sales

that in 2010, 25,995 teenagers were treated in hospital due to excessive alcohol

consumption, compared to 12,807 in 2002.3

Figure 5.1.: Trends in alcohol-related hospitalizations

(a) (b)
Note: The figure displays the trend in alcohol-related hospitalization rates for various age groups
of young individuals (ages 10-14, 15-19, 20-24, 25-29) between 2002 and 2010. Panel (a) provides
the annual number of hospitalizations due to alcohol intoxication per 100,000 inhabitants of the
same age. Panel (b) shows growth rates of these alcohol-related hospitalizations compared to the
base year 2002. Source: German Federal Statistical Office 2013.

In March 2010, the German federal state of Baden-Württemberg4 banned the sale of

alcoholic beverages between 10pm and 5am at off-premise outlets (e.g. petrol sta-

tions, supermarkets, kiosks). One of the law’s main intentions was to reduce youth

binge drinking. This study presents first evidence on the effects of this late-night

alcohol sales ban on alcohol-related hospitalizations. We exploit rich monthly data

from a 70 percent random sample of the German hospital diagnosis statistics for

the 2007-2010 period. This nationwide hospitalization data contains information

about all inpatients in all German hospitals.

We study the effect of the reform on alcohol-related hospitalizations in general and

specifically for young people, as there are various reasons to assume that the re-

3https://www.destatis.de/EN/FactsFigures/SocietyState/Health/Hospitals/Tables/
DiagnosisAlcoholAgYears.html. Note that the numbers of alcohol-related hospitalizations in
Figure 5.1 are taken from the same source. Accessed on March 01, 2013.
4Baden-Württemberg is the third largest of the German states in terms of population size (10.7
million) and located in Germany’s south west.
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5.2. Related literature

form impacts in particular on young individuals. We find that the policy change re-

duces alcohol-related hospitalizations among adolescents (ages 15-19) and young

adults (ages 20-24) by about 9 percent. In our preferred specification we account

for time-invariant differences in the level of alcohol-related hospitalizations be-

tween the counties, common time shocks, changes in the counties demographic

and economic situation as well as seasonal differences between states. Our find-

ings are robust to alternative definitions of the control group (e.g. only states in

West Germany, only the southern federal states of Bavaria and Hesse, a synthetic

control group), and different lengths of the pre-treatment period. We show that

the results are also robust when using alternative estimation methods (e.g. tobit

model) and when controlling for county-specific time trends. We provide evidence

that the ban impacts both male and female adolescents/young adults. While the

effects are larger for men in absolute terms, in relative terms (i.e. taken into account

the lower level of alcohol-related hospitalizations) the effects are larger for women.

Overall, our empirical results suggest that the late-night off-premise alcohol ban is

an effective policy strategy for reducing binge drinking and related harms among

adolescents and young adults. The findings are not only informative with respect

to the actual policy that we analyze, but also contribute to the literature on whether

and how policies can influence problematic drinking behaviors.

5.2. Related literature

There exist various alcohol control policies designed to reduce alcohol consump-

tion and alcohol-related problems. One can distinguish between several approa-

ches to how governments might regulate access to alcohol (Wicki & Gmel 2011):

(i) economic access (e.g. price policies and alcohol taxes); (ii) demographic access

(e.g. minimum legal drinking ages, drunk driving laws); and (iii) temporal access

(e.g. hours and days of sale).5

5See, for example, Cook & Moore (2000), Carpenter et al. (2007) and Wicki & Gmel (2011). For a
detailed discussion and overview about the literature on the relationship between alcohol outlet
density, drinking behavior and drinking-related problems see Wicki & Gmel (2011).
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Studies exploiting variation in state-alcohol price policies include, for example,

Manning et al. (1995), Dee (1999), Carpenter et al. (2007) and Chaloupka & Xu

(2011). Overall, the literature on regulating economic access to alcohol finds that

alcohol consumption decreases with rising prices, and increases in alcohol taxes

are found to be effective in preventing alcohol-related problems in the majority

of studies (see Cook & Moore 2000, 2002). Ruhm (1996) and Young & Bielinska-

Kwapisz (2006) report fewer alcohol-related traffic fatalities after increasing alcohol-

beverage taxes, and Wagenaar et al. (2009) find a significant decline in mortality.6

In addition, several studies report significant effects of prices on risky sexual be-

havior and teen pregnancy (Sen 2003), violence, abuse and crime (Markowitz 2000;

Markowitz & Grossman 2000), suicide (Birckmayer & Hemenway 1999; Markowitz

et al. 2003; Chatterji et al. 2004) and poor educational performance (Carrell et al.

2011). For recent and comprehensive surveys see, for example, Grossman et al.

(1993), Cook & Moore (2002), Wagenaar et al. (2010) and Chaloupka & Xu (2011).

Regarding policies that restrict demographic access to alcohol, most studies focus

on policies regulating the minimum legal drinking age. There is an extensive lit-

erature on the effects of minimum legal drinking age on young people’s alcohol

consumption (Carpenter et al. 2007), educational outcomes (Carrell et al. 2011),

teen childbearing (Dee 2001), teenage drunk driving and traffic fatalities (Loven-

heim & Slemrod 2010), mortality (Carpenter & Dobkin 2009) and youth suicide

(Birckmayer & Hemenway 1999). The general consensus in this literature is that

the introduction of the minimum legal drinking age of 21 in the late 1970s and

1980s in the United States was effective in reducing drinking participation and in-

tensity (see, for example, Wagenaar & Toomey (2002), Carpenter et al. (2007) and

references therein).

The literature most closely related to ours investigates restrictions in the temporal

access of alcohol. These studies analyze changes in the hours and days of sales of

alcohol on consumption, hospitalizations, traffic fatalities and crime (Norstroem &

Skog 2005; Vingilis et al. 2005; Chikritzhs & Stockwell 2006; McMillan & Lapham

6Dee (1999) and Dee & Evans (2001), however, do not find empirical evidence that beer taxes in the
U.S. decreases teen drinking and youth traffic fatalities.
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2006; Vingilis 2007; Middleton et al. 2010). Vingilis (2007), Popova et al. (2009) and

Middleton et al. (2010) provide recent surveys on the effects of changes in hours

and/or days of alcohol sales on alcohol consumption and alcohol-related harm.

Newton et al. (2007) examine the impact of the UK licensing law that came into

effect in November 2005 and that made the opening hours for licensed premises

more flexible. Using data from March 2005 and March 2006 from one emergency

hospital in London, the study finds that the proportion of alcohol-related assaults

resulting in overnight hospitalization increased by roughly 1 percentage point,

alcohol-related injuries by 2.5 percentage points and alcohol-related hospital ad-

mission rates by nearly 2 percentage points. Norstroem & Skog (2005) study the

impact of Saturday openings of alcohol retail shops in Sweden on alcohol sales,

assaults and drunk driving. The authors exploit both time and regional variation

in Saturday openings of alcohol retail shops. First, in February 2000, a trial phase

started during which six counties implemented Saturday openings, followed by an

extension across the whole of Sweden in July 2001. The authors report that alcohol

sales increased by nearly 4 percent due to this change in trading days, but they

find no effects on various assault indicators and mixed effects for drunk driving).7

Vingilis (2007) studies the Liquor Licence Act in Ontario, Canada, that extended

on-premise hours of sales from 1am to 2am in Ontario. Their findings suggest that

the small extension of opening hours contributed to a small increase in drinking-

related problems in some areas of Ontario.

Closely related to our study is an analysis by Wicki & Gmel (2011). The authors

examine a similar ban on late-night alcohol sales in the Swiss canton of Geneva.

However, they can not distinguish the effect of this late-night alcohol sales ban

from a general ban on alcohol sales in petrol stations and video stores, which came

into effect at the very same time. They obtain large decreases in alcohol-related

hospitalizations in the Swiss canton of Geneva due to the joint effect of these re-

forms (e.g. a reduction of 40 percent in alcohol-related hospitalizations among

teenagers). Yet, it remains unclear whether this large decrease can be attributed

7Norstroem & Skog (2005) argue that the increase in drunk driving during the trial period (Febru-
ary 2000-June 2001), but not after the nationwide implementation (July 2001-July 2002) can be ex-
plained by a change in the surveillance strategy of the police.
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to the late-night alcohol sales ban, to the general ban on alcohol sales at petrol

stations and video stores, or to both bans.

To date, there exists inconclusive evidence on the effectiveness of limiting the

hours of sale of alcoholic beverages at off-premises in the literature. Indeed, in

its recommendations on maintaining limits on days and hours of sales of alcoholic

beverages, the Task Force on Community Preventive Services in the United States

concludes: “The Task Force found insufficient evidence to determine the effective-

ness of increasing existing limits on hours of sale at off-premises outlets, because

no studies were found that assessed such evidence” (Task Force on Community

Preventive Services 2010: 606). Our study aims at filling this gap in the literature

by studying a recent legislative change in hours of alcohol sales in Germany.

5.3. Institutional background

The policy change that we analyze bans the sale of alcoholic beverages between

10pm and 5am at off-premise outlets (e.g. petrol stations, supermarkets, kiosks)

in the German state of Baden-Württemberg. The law has two main intentions: to

reduce binge drinking (especially among the youth) and to reduce alcohol-related

violence (Landtag 2009). Violating the ban results in a fine of up to 5,000 Euro.

There are reasons to assume that the ban was immediately enforced as the police

were in favor of this policy (see Landtag 2009). Furthermore, when reviewing

newspapers published around the time of introduction, we found little evidence

of complaints about a lack of enforcement.

Before the ban came into effect on March 1, 2010, in Baden-Württemberg it was

theoretically possible to buy alcoholic beverages around the clock at off-premise

outlets. Petrol stations were the main place that people could buy alcohol around

the clock. Therefore, both the law’s public debate and the reasoning for the law’s

introduction (Landtag 2009) primarily focused on petrol stations. Bars, restaurants

and other on-premise outlets were not affected by this policy change as the ban is

124



5.3. Institutional background

only directed toward off-premise sales.

The ban on late-night off-premise alcohol sales can be considered as a fairly light-

touch regulation compared to other alcohol control policies. Unlike alcohol taxes,

it is easy to legally avoid the ban, e.g. by buying the alcohol before 10pm (i.e.

pre-stocking). Moreover, unlike minimum legal drinking age regulations, the ban

does not exclude entire demographic groups from the legal consumption of alco-

hol. Compared to other policies regulating the temporal access to alcohol, the ban

neither prohibits the off-premise sale of alcohol for entire days nor does it regulate

the purchase of alcoholic beverages on-premise.

The basic idea why the ban might nevertheless be effective is that the ban sup-

presses the spontaneous purchase of alcohol at off-premise outlets. The ban works

through complicating the access to alcoholic beverages in situations when those

who have already started alcohol consumption might otherwise continue to do so

in an abusive and unhealthy way (Landtag 2009: 13-14). As the consumption of

alcoholic beverages leads to the desire for more alcohol, the risk of losing control

increases. In such situations, the ban can be seen as an interruption in the alcohol

supply chain as it increases the effort needed to consume more alcohol. As such,

the law might be very effective in curbing binge drinking, as it restricts access to

alcohol at a crucial time of the day when the overwhelming majority of excessive

drinking takes place. The study by Bouthoorn et al. (2011), for example, reports

that most hospital admissions due to excessive alcohol consumption happen in

the late evening (36.9 percent) and at night (55.1 percent). Therefore, the ban on

late-night off-premise alcohol sales could be more effective at curbing binge drink-

ing and alcohol-related harms than restricting access to alcohol on specific days,

such as the Sunday liquor laws (Stehr 2010; Heaton 2012).

We expect the ban to impact young individuals in particular for several reasons.

First, young people might be less likely to avoid the ban by buying and storing

the alcohol ahead. Often they do not have places, like personal apartments, where

they can safely store alcohol. Second, in the justification for the introduction of

the ban it is argued that in particular young people use petrol stations as gather-
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ing points and for buying alcohol for “predrinking” (Landtag 2009: 8,11). Third,

young individuals might be less likely to avoid the ban by going to bars: Alco-

hol is more expensive in bars, which is particularly relevant for young individuals

with their limited budgets. Additionally, the German Law for the Protection of the

Youth (Jugendschutzgesetz) regulates the hours that children and adolescents can

stay in bars and pubs: Children younger than 16 can visit bars and pubs only with

their parent or legal guardian; adolescents aged 16 or 17 are not allowed to stay in

bars and pubs after midnight unless they are with their parent or legal guardian.

Additionally, minimum legal drinking ages are better enforced in bars and pubs

(Landtag 2009: 14).

The advantage of the German setting for a clean analysis of the reform’s effect is

that many other laws that might have an impact on alcohol-related hospitaliza-

tions are federal laws. This means that those regulations do not differ between the

German states. Examples for these federal laws are drunk driving laws, alcohol

taxes, minimum drinking ages, and youth protection laws. However, there are

also a few potentially relevant laws that differ between the states.

The legal opening hours of supermarkets vary between the states. In the course

of a reform of the German federalistic system in 2006 (Föderalismusreform I) the

legislative competence with respect to shopping hours was transfered from the

federal level to the states. Following this reform all states (except Bavaria) enacted

own laws regulating the shopping hours that came into force between November

2006 and July 2007.8 Hence, all changes in the opening hours took place about

three years before the late-night alcohol sales ban that we analyze. However, in or-

der to rule out potential effects of these policy changes, we include a set of dummy

variables capturing the effect of different shopping hour regimes. Furthermore,

in the robustness section, we restrict our period of analysis to a period without

changes in the shopping hours of any federal state.

8Most states extended the shopping hours in such a way that shops can open 24 hours a day (except
Sundays) if they wish so. In some states the legal opening hours on weekdays is restricted to 6am
to 8pm (Saarland, Bavaria) or 6am to 10pm (Saxony, Rhineland-Palatinate).
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Also closing hours in bars differ between the federal states. However, there is

more variation within states than between states as most states leave it open to

the municipalities to enact specific closing hours. On January 1, 2010, Baden-

Württemberg changed the general legal closing time of bars, clubs and restaurants

from 2am to 3am on weekdays and from 3am to 5am on weekends. Municipalities

were still allowed to extend or reduce the general closing hours. As there is some

evidence in the literature (e.g. Newton et al. 2007; Vingilis 2007) that extended bar

opening hours might slightly increase extensive alcohol consumption, we might

underestimate the effect of the late-night ban on off-premise alcohol sales, which

came into force two months after the extension of the legal bar opening hours.

In the section on robustness tests we include an indicator variable capturing the

change in the general legal opening hours.

5.4. Data

We use data from the German hospital diagnosis statistics for the years 2007-2010.

This nationwide hospitalization statistic is a very rich source of data as it provides

information about all inpatients in all German hospitals (excluding police hospitals

and hospitals of the penal system). Due to data protection, we work with a 70

percent random subsample of all hospitalizations.

This data set has three main strengths. First, it has a huge sample size (e.g. for

the year 2010, almost 13 million hospitalizations are recorded in our 70 percent

subsample). Second, as the data are not self-reported, we do not have to worry

about panel attrition, social desirability bias and the like. Third, while other data

sets on alcohol consumption provide information only on an annual basis, this data

set allows us to identify the relevant outcome on a monthly basis. This is crucial as

the ban did not start at the beginning of a year. Furthermore, the monthly basis

allows distinguishing the effect of the ban on alcohol sales from other changes that

took place in the same year (but not in the same month).
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The data set has some shortcomings, too. First, it includes for each patient only in-

formation about the main diagnosis and a few demographic variables (age, gender,

county of residence), but no socio-economic variables. This is not a major concern

for the present analysis, which focuses on the average effect of the reform. Yet,

it prevents from analyzing whether the reform had differential effects on specific

socio-economic groups. Second, the number of alcohol-related hospitalizations is

possibly underestimated in the data set as only the main diagnosis is recorded for

each inpatient. For instance, an individual who got physically injured (e.g. a lac-

eration) due to excessive alcohol consumption, might not be classified based on

the alcohol intoxication but based on the injury (Stolle et al. 2010).9 This kind of

misclassification might result in an underestimate of the policy reform’s effect.10

Third, the latest available hospitalization information are from December 2010 be-

cause the data collection process is quite complex: the data are filled-in by the

individual hospitals, checked by the statistical offices of the German states and

distributed by the German Federal Statistical Office. Hence, we can only analyze

short-term consequences of the reform.

In order to define alcohol-related hospitalizations (ARH), we follow Wicki & Gmel

(2011) in relying on the codes F10 (“Mental and behavioral disorders due to alco-

hol use”) and T51 (“Toxic effect of alcohol”) of the 3-digital ICD-10 classification

(“International Statistical Classification of Diseases and Related Health Problems”)

constructed by the WHO.11

We aggregate the number of alcohol-related hospitalizations by month of admis-

sion and inpatient’s county of residence. Hence, we construct a balanced panel

of the 412 German counties (as of January 2010) covering a period of 48 months.

This gives rise to 19,776 county-month observations. In order to make the ARH

9Stolle et al. (2010) provide also some empirical evidence that the German hospital diagnosis statis-
tics underestimate the alcohol-related hospitalizations of children and adolescents.

10Though, when we express the reform’s effect as percentage changes in the overall level of alcohol-
related hospitalizations, we might estimate these percentage changes consistently, if the share of
misclassified hospitalizations is constant.

11In section 5.7, we show that our results are robust to only using the code F10, which accounts for
about 98 percent of the cases that we classify as alcohol-related hospitalizations.
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number’s comparable across counties with different population sizes, we calculate

hospitalization rates per 100,000 inhabitants.12 For this purpose, we combine the

hospital diagnosis statistics with county population data from the German Federal

Statistical Office.

In addition, we map further information at the county level into the hospital di-

agnosis statistics for the construction of control variables: the size of the county

in square kilometers, the general unemployment rate and the youth unemploy-

ment rate (defined as unemployment rate among individuals below 25).13 We also

merge data on the state’s GDP.14

In our analysis, we study the effect of the reform on alcohol-related hospitalization

rates for the entire population and for specific age groups. We specifically inspect

the reform’s effect on young people as there are several reasons to assume that

the reform especially impacts young individuals (see section 5.3). We look at four

different age groups of young people, each consisting of five year bins: Ages 10-

14, 15-19, 20-24, and 25-29.15 We also analyze all individuals who are aged 30 and

older. In the robustness section, we differentiate between further age groups. We

do not consider individuals younger than 10 as there are almost no alcohol-related

hospitalizations in this age group.

Figure 5.2 displays average monthly alcohol-related hospitalizations per 100,000

inhabitants of the same age and gender in 2009, the year prior to the ban. One

can see that there are not many alcohol-related hospitalizations prior to age 13.

Moreover, among individuals aged 14 and younger, gender differences are not

large (ARH rates are even larger among females for ages 13 and 14). Starting at 15,

male ARH rates always exceed female ARH rates and are about twice as large.16

12We reweight the number of alcohol-related hospitalizations by the inverse of 0.7, in order to take
into account that we are only provided with a 70 percent random sample.

13These annual data are publicly available from https://www.regionalstatistik.de/genesis/
online/data (county level) and https://www-genesis.destatis.de/ (state level).

14GDP data are not yet available on the county level for 2010.
15These age brackets are also used in publications of the Federal Statistical Office on ARH.
16The magnitude of this gender difference is in line with with findings from self-reported binge
drinking rates (BZgA 2012).

129

https://www.regionalstatistik.de/genesis/online/data
https://www.regionalstatistik.de/genesis/online/data
https://www-genesis.destatis.de/


5. The effect of a ban on late-night off-premise alcohol sales

Among males, ARH rates peak at the age of 16, the minimum legal drinking age,

and remain at a similar level after age 20. Similarly, female ARH rates peak at

15/16 years of age, and level off after 20. Figure 5.4 in the appendix shows that

ARH rates increase after age 30 again and peak for males and female at ages 45-50.

For males, this peak at ages 45-50 exceeds the peak at age 15/16, and for females

the peak is on a similar level as the peak at age 15/16.

Figure 5.2.: Alcohol-related youth hospitalizations in 2009 by age and gender

Note: The figure displays gender specific alcohol-related hospitalization rates for various ages in
Germany, i.e. the average monthly number of hospitalizations in 2009 due to alcohol intoxication
per 100,000 inhabitants of the same age and gender.
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5.5. Empirical strategy

We estimate basic difference-in-difference (DiD) models and regression difference-

in-difference models with various control variables in order to inspect the effect of

the late-night alcohol sales ban on alcohol-related hospitalization rates. The basic

DiD model takes on the form:

ARHcst = β · banst + α1 · postt + α2 ·BaWus + εcst, (5.1)

where ARHcst refers to the alcohol-related hospitalization rate in county c in state

s in month t. banst denotes our prime variable of interest, a binary variable that

equals one if the late-night alcohol sales ban is in force in federal state s at month

t, and zero otherwise (i.e. the interaction term of postt and BaWus). The other

two regressors in the basic DiD model are binary variables for the post-treatment

period (postt) and the treatment state Baden-Württemberg (BaWus). We estimate

equation (5.1) for hospitalization rates in different age groups.

In the regression difference-in-difference models with various control variables,

we refine and supplement equation (5.1) and estimate equations of the following

form:

ARHcst = β · banst + γc + δt +X ′cstλ+ κs,season + εcst. (5.2)

Instead of the BaWus indicator of the basic DiD model, we include a set of county

fixed effects, γc, accounting for time-invariant differences in the level of alcohol-

related hospitalizations between the counties (and, hence, also between the Ger-

man states). We replace the indicator for the post-treatment period, postt, with

a maximum set of time (month-year) dummy variables, δt, controlling for time

shocks that commonly influence alcohol-related hospitalizations in the German

states (e.g. federal drunk driving laws).17 Xcst denotes a set of time varying control

variables at the county and state levels. It includes the state’s share in total German

GDP, the county’s general unemployment rate and the county’s youth unemploy-

17By substituting the post-treatment period and the treatment state indicators with time and county
fixed effects, our regression DiD can also be regarded as a twoway fixed effects regression.
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ment rate as measures of the economic situation. Furthermore, in order to monitor

changes in the population composition,Xcst includes the county’s population den-

sity and the county’s number of individuals in the analyzed age as a share of the

county’s total population. Additionally,Xcst includes a set of dummy variables for

different shopping hour regimes, to pick up the issue of changes in legal opening

hours in supermarkets (see section 5.3).18 κs,season is a set of season-specific fed-

eral state dummies capturing seasonal differences between states.19 There may be

seasonal differences in ARH rates between states due to variations in celebrations.

For example, Baden-Württemberg is known for its big Carnival celebration, which

takes place in February.

In section 5.6 we start with the basic DiD models and than gradually incorporate

the control variables of equation (5.2). We estimate equations (5.1) and (5.2) by

weighted least squares, where the weights are given by the county’s population in

the analyzed age, in order to get the right overall effect for Baden-Württemberg.

Draca et al. (2011) and Kelly & Rasul (2012) apply similar weighting procedures

on their aggregated data. All standard errors in this study are clustered by federal

state.

5.6. Main results

5.6.1. Basic difference-in-difference results

Table 5.1 reports the results from basic difference-in-difference models. The first

panel of the table shows the results for the entire population, i.e. the alcohol-

related hospitalization rate for all persons aged 10 and older. The lower panels

18More specifically, this set includes three indicator variables: (i) shopping is allowed around the
clock except Sundays; (ii) shopping is allowed around the clock except Saturdays and Sundays;
and (iii) shopping is allowed until 10pm during the week and on Saturdays. Shopping allowed
until 8pm during the week and on Saturdays (i.e. the federal regulation prior to 2007) constitutes
the reference category.

19Seasons are defined as January-March, April-June, July-September, and October-December.
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display the results of separate models by age groups (ages 10-14, 15-19, 20-24, 25-

29, 30 and older), since risky drinking behavior varies considerably by age and the

impact of the law is more likely to affect the youth. Figures in the first column

of the table display averages in the monthly number of alcohol-related hospital-

izations per 100,000 inhabitants prior to the implementation of the ban on March

1, 2010.20 Figures in the second column show the corresponding averages for the

period March 2010 - December 2010. The basic difference-in-difference approach

estimates the impact of the law by comparing the difference in the hospitalization

rates between Baden-Württemberg (treatment) and all other German states (con-

trol), before and after the introduction of the late-night alcohol sales ban.

The figures in the first row show that the hospitalization rate for the entire pop-

ulation in Baden-Württemberg remained very stable over time, with around 33.4

monthly alcohol-related hospitalizations per 100,000 inhabitants aged 10 and older

both before and after the implementation of the alcohol ban. In contrast, the num-

ber of alcohol-related hospitalizations increased by around 0.3 in the other federal

states, resulting in an estimated overall reduction of 0.37 alcohol-related hospital-

izations per 100,000 inhabitants due to the late-night alcohol ban. The reduction of

0.37 hospitalizations corresponds to a an overall decrease in alcohol-related hospi-

talizations by 1.09 percent (= 0.37/(0.37 + 33.41)).21

The separate estimates for the five different age groups show striking results. First,

the alcohol-related hospitalization rate of children aged 10-14 decreased by 7.7

percent. The effects are even more pronounced among adolescents (ages 15-19)

and young adults (ages 20-24), with a drop in alcohol-related hospitalizations of

around 9 percent and 8 percent, respectively. The effect for individuals aged 25 to

29 is much smaller. The last panel indicates that the reform involved no reduction

in alcohol-related hospitalizations for individuals aged 30 and older. This find-

ing suggests that the overall reform effect found in panel A is basically driven by

individuals under the age of 30.

20All hospitalization rates in this study are reweighted from the 70 percent sample to the full popu-
lation.

21Without the reform, we estimate that there would be 33.78 (= 0.37 + 33.41) hospitalizations.
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Table 5.1.: Basic difference-in-difference results

Before After Difference %-change

Panel A: Overall
Treatment 33.47 33.41 -0.06
Control 35.40 35.71 0.31
Difference -1.93 -2.30 -0.37 -1.09

Panel B: Age 10-14
Treatment 9.44 8.05 -1.39
Control 9.67 8.94 -0.72
Difference -0.22 -0.89 -0.67 -7.70

Panel C: Age 15-19
Treatment 45.87 44.00 -1.87
Control 44.20 46.72 2.52
Difference 1.66 -2.72 -4.38 -9.06

Panel D: Age 20-24
Treatment 26.25 25.48 -0.77
Control 25.03 26.59 1.57
Difference 1.22 -1.12 -2.34 -8.41

Panel E: Age 25-29
Treatment 24.06 25.55 1.49
Control 23.92 25.87 1.95
Difference 0.15 -0.32 -0.47 -1.80

Panel F: Age 30+
Treatment 35.85 35.99 0.14
Control 38.44 38.48 0.04
Difference -2.59 -2.49 0.10 0.28

Note: Average monthly alcohol-related hospitalizations per 100 000 inhabitants in the respective
age before and after the policy change for treatment (Baden-Württemberg) and control group (all
other states). The last column indicates percentage changes in alcohol-related hospitalizations due
to the reform.
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Table 5.1 also shows that, in Baden-Württemberg, the average monthly ARH rate is

smaller after the ban than before, for children, adolescents and young adults, but

not for older adults. Contrary, alcohol-related hospitalizations in all other states

are higher after the ban (except for children).

5.6.2. Regression difference-in-difference

Taking the basic, unconditional DiD estimates from table 5.1 as a starting point,

the models in this section gradually incorporate more control variables. Table

5.2 reports estimated coefficients and standard errors from several difference-in-

differences regressions. Each coefficient represents an estimate from a separate re-

gression, with standard errors clustered on the federal state level. Column 1 repli-

cates the results from the basic difference-in-difference models. The other columns

gradually include further control variables as indicated by the column headings.

One can see that four of the six point estimates in the first column are signifi-

cantly different from zero at conventional significance levels. Note, however, that

the overall decline in hospitalizations (Panel A, first column) and the decline in

hospitalizations among those aged 10-14 (Panel B, first column) is only signifi-

cant at the 10 percent level. The second column reports difference-in-difference

estimates, including fixed effects for the 412 counties and the 48 months. The esti-

mates in the second column are very similar in magnitude as the basic difference-

in-difference estimates. In the third column we also add time-varying county

characteristics (general and youth unemployment rate, state’s share in total Ger-

man GDP, county’s population density, share of individuals in the analyzed age,

dummy variables for different shopping hour regimes). The inclusion of these

additional explanatory variables slightly changes the estimated coefficients. For

adolescents (aged 15-19) and young adults (aged 20-24) as well as in the overall

population, the impact of the ban becomes somewhat stronger (more negative),

whereas the size of the coefficient decreases among those aged 10-14 and becomes

insignificant.
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Table 5.2.: The ban’s effect on alcohol-related hospitalizations - main results

+ time/county + state-spec.
Basic DiD dummies + controls seasonal eff.

Panel A: Overall
Effect −0.37∗ −0.41 ∗ ∗ −0.86∗∗∗ −0.63∗∗∗

(0.18) (0.17) (0.16) (0.20)
%-change −1.09 −1.22 −2.51 −1.86

Panel B: Age 10-14
Effect −0.67∗ −0.68∗ −0.54 0.00

(0.36) (0.36) (0.39) (0.40)
%-change −7.70 −7.82 −6.26 0.02

Panel C: Age 15-19
Effect −4.38∗∗∗ −4.22∗∗∗ −4.72∗∗∗ −4.18∗∗∗

(1.04) (1.01) (1.23) (1.19)
%-change −9.06 −8.74 −9.68 −8.68

Panel D: Age 20-24
Effect −2.34∗∗∗ −2.42∗∗∗ −2.90∗∗∗ −2.55∗∗∗

(0.55) (0.53) (0.54) (0.52)
%-change −8.41 −8.68 −10.22 −9.11

Panel E: Age 25-29
Effect −0.47 −0.54 −0.36 −0.28

(0.62) (0.63) (0.73) (0.75)
%-change −1.80 −2.07 −1.38 −1.10

Panel F: Age 30+
Effect 0.10 0.07 −0.35 −0.16

(0.24) (0.24) (0.29) (0.32)
%-change 0.28 0.20 −0.96 −0.45

Note: The table displays the reform’s effect on the monthly number of alcohol-related hospital-
izations per 100,000 inhabitants for various age groups, together with its standard error clustered
on the state level (in parentheses). The last line in each panel indicates the percentage change in
alcohol-related hospitalizations due to the reform. All regressions are weighted by county popula-
tion in the respective age, and based on 19776 county-month observations. The first column repeats
the results of the basic diff-in-diff results from table 5.1, the second column includes fixed effects for
the 412 counties as well as for the 48 months. Additionally, the third column includes time varying
control variables on the county and state level. The last column adds federal state specific seasonal
dummies. * p < 0.1; ** p < 0.05; *** p < 0.01.
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The last column adds federal state specific seasonal dummy variables, to control

for potential differential seasonal influences across states. This is our preferred

specificiation. The results in the last column suggest that the decline in alcohol-

related hospitalizations among children is not robust to controlling for seasonal

time trends. The estimated coefficient from the raw difference-in-difference spec-

ification of -0.67 becomes virtually zero, and is not statistically significant. How-

ever, the inclusion of these additional control variables shows relatively little ef-

fect on the estimated coefficients for young people aged 15-19 and 20-24. The es-

timated coefficients of -4.15 and -2.59 for these two age groups suggest that the

alcohol-related hospitalizations among adolescents and young adults decreased

by around 9 percent. The effects for those aged 25-30 as well as aged 30 and older

are not significant in any of the specifications in this table.

Overall, the estimates in table 5.2 point to two important findings. First, the re-

sults suggest that the late-night alcohol ban significantly reduced alcohol-related

hospitalization among adolescents and young adults. Second, alcohol-related hos-

pitalization rates among adults older than 25 did not change significantly with the

introduction of the late-night alcohol ban. The significant overall reform effect is

basically driven by adolescents and young adults.

5.7. Robustness checks

This section performs various robustness tests. The first part investigates the sen-

sitivity of the results to applying different control groups and the second part per-

forms further robustness tests.

5.7.1. Different control groups

The key assumption for our identification strategy is that in the absence of the

ban the alcohol hospitalization rates in Baden-Württemberg (the treatment state)
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would follow the same trend as in the control group. As we cannot test this as-

sumption directly, this section investigates in how far the results are sensitive to

the selection of the control group.

We work with four different control groups. The first group constitutes of all other

German states (as in table 5.2), the second control group considers only counties in

West Germany, and the third control groups includes only counties in the southern

German states of Bavaria and Hesse. Bavaria and Hesse are most similar to Baden-

Württemberg in terms of location (South Germany), the orientation of the govern-

ment in the period under analysis (center-right), and economic performance (the

three states are the largest contributors to the financial equalization scheme be-

tween the Federal Government and the states). They also have similar overall

ARH rates before the ban. The fourth control group constitutes a synthetic control

group. The counties in the synthetic control group are reweighted in such a way

that the ARH rates follow exactly the same trend as the treatment counties before

the onset of the ban. This means that the fourth control group exhibits the same av-

erage hospitalization rate as in Baden-Württemberg in every month in the period

January 2007 through February 2010. We construct this synthetic control group

applying the matching/reweighting technique “entropy balancing” (Hainmueller

2012). We rely on a separate synthetic control group for every age group.

Table 5.3 confirms the findings from the main specification (see last column in table

5.2). No matter which control group is used, the ban is estimated to reduce ARH

rates for adolescents and young adults, but not for children (at least not signifi-

cantly) and older adults. While the effects are similar when only using counties in

West Germany as control group, the third and fourth column in table 5.3 indicate

that the estimates based on all German counties are rather conservative estimates.

Relying on Hesse and Bavaria or on the synthetic control group, the ban is es-

timated to reduce alcohol-related hospitalizations among adolescents and young

adults by 12 and 10-11 percent, respectively - compared to 9 percent when using

all federal states or only West German states.22

22Due to the many control variables (e.g., fixed effects for county, time, state-season) in comparison
to the number of observations, the effect on adolescents becomes insignificant when relying on
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Table 5.3.: The ban’s effect - different control groups

All Western Southern Synthetic
states states states control group

Panel A: Overall
Effect −0.63∗∗∗ −0.49∗ −0.87 ∗ ∗ −1.08

(0.20) (0.25) (0.09) (0.64)
%-change −1.86 −1.44 −2.55 −3.12

Panel B: Age 10-14
Effect 0.00 0.05 −0.48 −0.52

(0.40) (0.40) (0.76) (0.46)
%-change 0.02 0.60 −5.64 −6.10

Panel C: Age 15-19
Effect −4.18∗∗∗ −4.20 ∗ ∗ −6.13 −6.15∗∗∗

(1.19) (1.29) (3.27) (1.05)
%-change −8.68 −8.72 −12.23 −12.27

Panel D: Age 20-24
Effect −2.55∗∗∗ −2.42∗∗∗ −3.16 ∗ ∗ −2.91∗∗∗

(0.52) (0.55) (0.45) (0.90)
%-change −9.11 −8.66 −11.04 −10.24

Panel E: Age 25-29
Effect −0.28 −0.21 0.75 0.66

(0.75) (0.79) (1.95) (1.01)
%-change −1.10 −0.83 2.86 2.53

Panel F: Age 30+
Effect −0.16 −0.07 −0.43 −0.24

(0.32) (0.41) (0.63) (0.53)
%-change −0.45 −0.20 −1.18 −0.66
N 19776 15600 8448 19776

Note: All specifications are based on the specification in the last column of table 5.2. See also the
note below that table. The first and last column are based on all 19776 county-month observations,
the second column draws only on the 15600 county-month observations in West Germany, and
the third column only uses the 8448 county-month observations in the Southern German states of
Bavaria, Hesse, and Baden-Württemberg. The synthetic control group in the last column is built on
a reweighted control group that follows exactly the same trend as the treatment group prior to the
introduction of the late-night ban on alcoholic beverages. * p < 0.1; ** p < 0.05; *** p < 0.01.
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5.7.2. Further robustness checks

This subsection investigates the sensitivity of the results to various modifications.

First, we apply an alternative method to estimate equation 5.2, the Tobit model,

as the ARH rates are censored at zero. Second, we restrict the analysis time to

2008-2010. In this period, there occurred no changes in the shopping hours in

any federal state. Third, we include county-specific linear time trends as our es-

timates might be confounded by natural time trends in ARH rates, which might

differ between the counties. Fourth, we only use the diagnosis F10 (“Mental and

behavioral disorders due to alcohol use”) in order to construct ARH rates, as press

releases and governmental reports on youth binge drinking often only consider

hospitalizations with this diagnosis.23 Fifth, we only consider individuals who are

released from hospital in the same year they are admitted. This is done in order to

eliminate any potential bias from the fact that we do not observe cases in our data

that entered hospital before 2011, but were released in 2011 or later.24 Sixth, we

perform a placebo regression by pretending that the ban in Baden-Württemberg

took place one year earlier (i.e. on 1 March, 2009). For this purpose, we estimate

equation (5.2) with two modifications. On the one hand we now construct the

treatment indicator using the placebo policy change, and on the other hand we do

not consider those time periods when the actual ban was in effect, i.e. we drop the

months from March 2010 through December 2010.

The first five columns in table 5.4 show that the results from the main specification

are strikingly robust. While among those aged 15-19 and 20-24 the decreases in

ARH rates due to the ban are significant in all specifications in table 5.4, among

those aged 10-14, 25-30, and 30 and older, the ban never exhibits a significant effect

on ARH rates. For individuals aged 15-19, the effects vary between 7.2 percent and

10 percent,25 while for young adults the effect sizes vary between 8.9 percent and

only Hesse and Bavaria for the control group. However, the coefficient increases in magnitude.
23Accordingly, the calculated percentage changes in table 5.4 also only rely on hospitalizations with
the coding F10.

24This restriction basically drops cases that were admitted to hospital in December of one year, and
released in January of the following year.

25The smallest effect in this age group is for the specification with linear trends for the 412 counties.
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Table 5.4.: The ban’s effect - further robustness checks

w/o county-spec. only only placebo
Tobit 2007 trends diagn. F10 same year reform

Panel A: Overall
Effect −0.63∗ −0.63 ∗ ∗ −0.87 −0.66∗∗∗ −0.34 0.29

(0.37) (0.28) (0.57) (0.18) (0.20) (0.57)
%-change −1.85 −1.86 −2.53 −1.96 −1.00 0.84

Panel B: Age 10-14
Effect 0.32 0.19 −0.62 −0.05 −0.00 0.21

(1.59) (0.63) (1.00) (0.30) (0.39) (0.51)
%-change 3.88 2.29 −7.16 −0.62 −0.06 2.20

Panel C: Age 15-19
Effect −4.64∗∗∗ −4.43∗∗∗ −3.42∗ −4.78∗∗∗ −4.06∗∗∗ −0.56

(1.68) (1.22) (1.64) (1.12) (1.21) (0.59)
%-change −9.55 −9.16 −7.21 −10.00 −8.44 −1.13

Panel D: Age 20-24
Effect −2.99 ∗ ∗ −3.00∗∗∗ −3.66∗∗∗ −2.45∗∗∗ −2.49∗∗∗ 0.54

(1.34) (0.75) (1.24) (0.56) (0.53) (0.56)
%-change−10.50 −10.53 −12.57 −8.86 −8.89 1.89

Panel E: Age 24-29
Effect 0.04 −1.11 −1.31 −0.28 −0.10 0.46

(1.40) (0.79) (1.00) (0.76) (0.76) (0.47)
%-change 0.15 −4.15 −4.88 −1.09 −0.40 1.76

Panel F: Age 30+
Effect −0.16 −0.05 −0.38 −0.15 0.22 0.21

(0.44) (0.39) (0.52) (0.31) (0.32) (0.67)
%-change −0.45 −0.14 −1.05 −0.43 0.60 0.56
N 19776 14832 19776 19776 19776 15656

Note: All specifications are based on the specification in the last column of table 5.2. See also the
note below that table. The first column presents coefficients from Tobit regressions, the second
column only uses observations in the 2008-2010 period, the third column includes county-specific
linear trends, the fourth column only relies on the diagnosis F10 in order to construct hospitaliza-
tion rates, the fifth column only considers individuals who are released from hospital in the same
year they are admitted, and the last column performs a placebo regression with the reform starting
one year earlier. * p < 0.1; ** p < 0.05; *** p < 0.01.
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12.6 percent - depending on the specification.

The results of the placebo regressions in the last column show that the placebo

policy one year earlier has no significant effects on ARH rates. These findings add

further credibility to the identification assumption and indicate that the estimated

effects of the actual ban are not merely due to volatility in the ARH rates.

When we use federal states as unit of analysis, we obtain similar results to our main

results (see table 5.7 in the appendix). The effects for adolescents and young adults

are significant and of similar magnitude, but not as precisely estimated. Similarly,

the findings for adolescents and young adults are robust to the inclusion of an

indicator variable capturing the extension of the general legal bar opening hours

in Baden-Württemberg in January 2010 (see table 5.7 in the appendix). Including

this dummy variable does not change the results for adolescents, but increases the

effect for young adults suggesting that we might underestimate the effect of the

ban for young adults.26

5.8. Further results

This section presents further results. The first part investigates whether the effect

of the ban differs according to individual characteristics (gender, further ages). The

second part analyzes the (short-run) development of the ban’s impact over time.

However, when assuming different functional forms of the time trend, e.g. quadratic or cubic, the
effects for both adolescents and young adults increase to over 10 percent. We obtain similar effects
when using state-specific trends instead of county-specific trends (see table 5.7 in the appendix).

26Yet, this is not our preferred specification. The effect of the extended opening hours is iden-
tified basically by only two months, January and February 2010. Hence, it cannot be ruled out
that the effect is driven by time-series volatility, and/or specific events that only occurred in Jan-
uary/February 2010 in Baden-Württemberg. This concern is corroborated by the fact that we also
obtain a significant effect of the ban for children aged 10-14 in this specification. Children in this
age should not be affected by the extension of the bar opening hours as they are not allowed to
legally stay in bars that long. Additionally, the treatment effects are estimated rather imprecisely.
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5.8.1. Heterogeneity of the treatment effect

There are considerable differences in alcohol consumption, binge drinking behav-

ior and ARH rates between men and women. Therefore, we estimate separate

models by gender.

Table 5.5 reports the results separately for women and men. We only report esti-

mated coefficients for our preferred specification, which controls for county and

time fixed effects, time-varying explanatory variables, as well as state-specific sea-

sonal fixed effects (as in the last column of table 5.2). The table shows that for both

males and females the ban reduces ARH for adolescents and young adults. While

the effects of the ban are larger for males in absolute terms, in relative terms (i.e.

taken into account the lower level of ARH rates) the effects are larger for females.

We find the strongest relative impact of the reform for female adolescents. In this

group the ban is estimated to reduce ARH by about 10.5 percent. For neither gen-

der we find significant effects for the other age groups.

In figure 5.3, we break up the specific age groups of young people used in the

previous sections in order to investigate whether the grouping hides differences

in the ban’s effect within the age groups. More specifically, we estimate the ban’s

effect and the corresponding 95-percent confidence interval for three year rolling

age windows. This means that we estimate the effect for ages 10-12, 11-13, 12-14

and so on. When we investigate the effect for single age years or five year rolling

age windows, we obtain similar pictures.27 Figure 5.3 shows that the ban’s effect

is estimated to reduce ARH rates for all three year age groups between 12 and

25. However, the effect is only statistically significant for age groups between 16

and 24 (except for the age group centered around age 20, where the effect is not

estimated precisely enough). Outside this age range, we do not find any significant

effects of the ban on young people, giving us confidence that the age categories

used in the previous section covers the relevant ages quite well. We find the largest

27When using five year rolling age windows, the estimated treatment effects are more smoothed
over the ages. The treatment effects are less precisely estimated and slightly more volatile, when
using single years.
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Table 5.5.: Differential effects of the ban for men and women

females males

Panel A: Overall
Effect −0.62∗∗∗ −0.67 ∗ ∗

(0.20) (0.31)
%-change −3.30 −1.34

Panel B: Age 10-14
Effect −0.56 0.54

(0.50) (0.43)
%-change −6.37 6.39

Panel C: Age 15-19
Effect −3.57∗∗∗ −4.88 ∗ ∗

(0.81) (1.78)
%-change−10.54 −7.88

Panel D: Age 20-24
Effect −1.61 ∗ ∗ −3.45∗∗∗

(0.55) (0.86)
%-change −9.31 −9.00

Panel E: Age 25-29
Effect 0.13 −0.71

(0.53) (1.16)
%-change 1.13 −1.78

Panel F: Age 30+
Effect −0.33 −0.00

(0.26) (0.43)
%-change −1.74 −0.00

Note: All specifications are based on the specification in the last column of table 5.2. See also the
note below that table. * p < 0.1; ** p < 0.05; *** p < 0.01.
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reduction in ARH rates for individuals between 17 and 19, i.e. around the time

when they come of age and obtain the legal right to buy heavy alcohol as well as

to stay in bars and clubs as long as they want. Figure 5.5 in the appendix displays

the ban’s effect for further age groups. It shows that breaking the age group of

individuals aged 30 and older into 10 year age bins confirms that the ban has no

effect on older individuals.

Figure 5.3.: Treatment effect by ages

Note: The figure displays the impact of the ban for 3-year rolling age windows centered around the
age given on the horizontal axis. The vertical axis displays the effect of the ban in terms of monthly
alcohol-related hospitalization rates per 100,000 inhabitants of the same age.

145



5. The effect of a ban on late-night off-premise alcohol sales

5.8.2. Evolution of the treatment effect

This subsection investigates how the effect of the late-night alcohol ban evolves

over time. Analyzing the dynamic of the treatment effect is important to analyze.

It might be that the impact of the ban eventually converges to zero due to im-

proved avoidance strategies on both the demand side for alcohol and on the sup-

ply side. For instance, owners of petrol stations might open restaurants or bars on

the same spot. On the demand side, individuals might improve their pre-stocking

opportunities (e.g. by finding hideouts) or might bring forward their pre-drinking

behavior to earlier hours. Also, a black market for off-premise sales of alcoholic

beverages might take some time to develop. However, it is difficult to distinguish

consequences of improved avoidance strategies from differential seasonal effects

of the ban. For instance, the reform might be more effective in summer time, when

people are more likely to drink outside.

Table 5.6.: The evolution of the ban’s effect over time

Mar/Apr May/Jun Jul/Aug Sep/Oct Nov/Dec

Age 15-19
−3.84 ∗ ∗ −9.48∗∗∗ −3.75 −0.27 −3.60∗
(1.36) (2.10) (2.18) (1.14) (1.72)

Age 20-24
−0.82 −5.82∗∗∗ −4.19∗∗∗ −2.27∗∗∗ 0.14
(0.68) (0.91) (0.75) (0.74) (1.44)

Note: All specifications are based on the specification in the last column of table 5.2. See also the
note below that table. * p < 0.1; ** p < 0.05; *** p < 0.01.

Table 5.6 presents how the treatment effect evolves over time for adolescents and

young adults, the two age groups for whom we find significant effects in the previ-

ous specifications. The underlying regression equation resembles the main specifi-

cation, i.e. equation (5.2), with the only difference that instead of a single treatment

indicator combining the ten months from March to December 2010, there are five

mutually exclusive treatment indicators, each depicting the treatment effect for
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two subsequent months.28

The table shows that for both adolescents and young adults the effect of the ban is

largest in the late spring months Mai and June. For young adults the continuous

decrease after the peak in May/June might suggest a fading out of the ban’s ef-

fect. However, the effects in July/August and September/October are larger than

the effect in March/April, and when looking at the effects in individual months,

the effect in December is significant and larger than the effect in November. The

evolution of the ban’s effect for young adults might also suggest that, for this age

group, the ban basically works in the warmer half of the year. This is also the time

with the highest monthly ARH rates for both adolescents and young adults. For

adolescents there is no clear pattern in the treatment effect’s evolution as the effect

size is quite similar in May/April, July/August and November/December. Only

the effects in May/June (largest effect) and September/October (smallest effect)

deviate. Overall, there is no evidence that the effect for adolescents dies out. The

findings in table 5.6 also show that our main findings are not driven by a single

month (and, hence, not by a single event).

5.9. Conclusion

The question of how to effectively reduce binge drinking among youth is of peren-

nial importance given increasing numbers of alcohol-related hospitalizations among

adolescents and young adults in many industrialized countries. This study ex-

ploits the introduction of a ban on late-night off-premise alcohol sales and esti-

mates its impact on alcohol-related hospitalizations.

We find that the policy change in the German federal state of Baden-Württemberg

reduces alcohol-related hospitalizations among adolescents and young adults by

28Similar pictures emerge when we group more months together, e.g. three or five, and when we
look at each month separately. The more months we group, the less volatile the point estimates
become. Grouping two months together seems to be the best trade-off between reducing volatility
and being able to analyze the evolution of the treatment effect in a detailed manner.
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about 9 percent. This corresponds to reductions of 4.2 fewer admissions among

adolescents (ages 15-19) and 2.6 among young adults (ages 20-24) per month and

100,000 same-aged people. Regardless of whether we compare alcohol-related hos-

pital admissions in Baden-Württemberg to admissions in all other federal states, in

western federal states, in the southern states of Bavaria or Hesse, or in a synthetic

control group, we find that the implementation of the late-night off-premise al-

cohol ban significantly reduces alcohol-related hospital admissions among young

people. Moreover, we present estimates for several alternative specifications to

probe the robustness of our findings. All of these robustness exercises confirm

a significant decline in alcohol-related hospitalizations among adolescents and

young adults. Furthermore, we provide evidence that the estimated effects are not

driven by single events or single months. However, we do not find any evidence

that the ban reduces alcohol-related hospitalization rates among individuals aged

24-29 and older individuals (aged 30 and above). While in the basic difference-

in-difference model, we also find a significant reduction in alcohol-related hospi-

talization rates for children (ages 10-14), this effect disappears when we include

further control variables.

We show that the ban impacts both male and female adolescents/young adults.

While the effects are larger for males in absolute terms, in relative terms (i.e. taken

into account the lower level of alcohol-related hospitalizations) the effects are larger

for females.

According to these estimates, the ban prevented the hospitalizations of about 252

adolescents and 169 young adults in the 10 month after its enactment in March

2010. The Techniker Krankenkasse, a large German health insurer, estimates that

on average each alcohol-related hospitalization of an adolescent costs about 540

Euro.29 Taking the 540 Euro at face value, our estimates indicate that in 2010, the

German statutory health insurance system saved about 227,000 Euro as a result

of the ban. This value might be a lower bound of the total health costs for various

29See http://www.welt.de/2108614, last accessed March 02, 2013. The health insurer calculates
with an average length of the hospital stay of about 1.2 days, which exactly coincides with our
estimates of the average length of the hospital stay for adolescents and young adults.
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reasons. First, the amount of 540 Euro per admission includes only the direct short-

run costs of the health insurer. Costs of after-treatments are not considered in

this amount. Second, we only observe the main diagnosis in our hospitalization

data. However, the ban might also reduce hospitalizations where alcohol is only

a secondary diagnosis. Hence, our point estimates of the ban’s effect are likely

to be lower bounds. Third, the calculated amount does not include any short-

run and long-run costs for the affected individuals. Fourth, we only look at an

extreme form of binge drinking, namely the kind of binge drinking that ends in

hospitals. Health costs might be also reduced if the ban reduces other forms of

binge drinking as well. Additionally, the amount of 227,000 Euro does not include

any non-health costs (like potential reductions in alcohol-related crimes, sickness

leaves, and traffic accidents).

The main finding of this paper is that the late-night off-premise alcohol sales ban is

effective at reducing alcohol related hospitalization among adolescents and young

adults in the short term. This finding is relevant since there is a large literature

documenting adverse health effects of binge drinking behavior. Furthermore, ado-

lescence and young adulthood are often seen as key ages for the prevention of

alcoholism (Enoch 2006).

The findings are likely to be informative for policy debates in a number of juris-

dictions in Germany and in other countries that are thinking about implementing

late-night alcohol bans.30 This study provides evidence of the benefits of such a

ban. However, these benefits have to be compared against the potential losses of

owners of off-premise outlets and especially against the encroachment upon indi-

vidual liberties. Although the ban is a rather light touch regulation (as it is easy

to be legally avoided by buying the alcohol before 10pm or by going to bars), it is

still an intervention in the private sphere. This final trade-off cannot be resolved

by researchers; policy-makers and, hence, the voters are ultimately responsible for

this decision.

30Indeed, several other German states are considering the implementation of similar policies (see
http://www.faz.net/-gpg-15w1k, accessed March 02, 2013).
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There are several avenues for future research. First, we aim to investigate whether

the late-night alcohol sales ban influences illicit drug related hospital admissions.

This is important, as an increase in drug related hospitalizations might offset pos-

itive health effects from fewer alcohol-related admissions. Second, it would be

interesting to know whether the late-night off-premise alcohol sales ban has even

more far reaching consequences for society, as it might reduce teenage pregnancy,

decrease young people’s truancy in school or absenteeism from work. Finally, in

future work, we plan at studying whether the law impacts on crime and reduces

car accidents and traffic fatalities.
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5.10. Appendix

Figure 5.4.: Alcohol-related hospitalizations in 2009 by age and gender

Note: The figure displays gender specific alcohol-related hospitalization rates for various ages in
Germany, i.e. the average monthly number of hospitalizations in 2009 due to alcohol intoxication
per 100,000 inhabitants of the same age and gender.
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Table 5.7.: Additional robustness tests

State trends Federal states Opening hours

Panel A: Overall
Effect −0.78 −0.71∗ −1.00 ∗ ∗

(0.57) (0.34) (0.41)
%-change −2.27 −2.07 −2.91

Panel B: Age 10-14
Effect −0.35 −0.34 −2.70∗∗∗

(0.93) (0.60) (0.59)
%-change −4.20 −4.01 −25.13

Panel C: Age 15-19
Effect −3.35∗ −3.89∗ −4.17∗

(1.76) (1.97) (2.07)
%-change −7.08 −8.13 −8.65

Panel D: Age 20-24
Effect −3.59 ∗ ∗ −3.39∗∗∗ −8.04∗∗∗

(1.24) (0.80) (0.85)
%-change −12.36 −11.75 −23.99

Panel E: Age 25-29
Effect −1.20 −0.30 −0.17

(0.87) (0.86) (0.88)
%-change −4.48 −1.16 −0.65

Panel F: Age 30+
Effect −0.29 0.23 0.15

(0.53) (0.62) (0.41)
%-change −0.79 0.62 0.41
N 19776 768 19776

Note: All specifications are based on the specification in the last column of table 5.2. See also
the note below that table. The first column includes state-specific linear time trends. The second
column is based on federal states instead of counties as unit of analysis. In addition to the main
specification, the third column controls for the extension of the general legal bar opening hours in
Baden-Württemberg in January 2010. * p < 0.1; ** p < 0.05; *** p < 0.01.
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5.10. Appendix

Figure 5.5.: The ban’s effect on ARH rates - further ages

Note: The figure displays the ban’s effect on alcohol-related hospitalization rates for 10-year age
groups (see specification four of table 5.2).
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