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Abstract

We study the impact of school smoking bans on individual health behavior in Germany.
Using a multiple difference-in-differences approach combined with randomization
inference, we find that the propensity towards smoking reduces by 14-21 percent, while
the number of smoked cigarettes per day decreases by 7-25 percent. After elaborating
on treatment effect heterogeneity and intensity, we evaluate spillovers to other health
behavior of the treated individual and to smoking behavior of non-treated persons
living in the same household.
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1 Introduction

Smoking is one of the leading causes of preventable death with about 7 million estimated global

fatalities in 2015 (Global Health Data Exchange, 2017).1 Amongst industrialized countries,

this is particularly an issue for Germany (Shafey et al., 2009). In 2003, e.g., more than 1.5

million years of potential life lost were attributable to smoking, which translates into an overall

cost of e 21 billion (Neubauer et al., 2006). More than ten years later, Germany still ranks high

for age-standardized smoking prevalence among European countries—at 30.3 percent (World

Health Organization, 2017). As a response, Germany as well as many other countries have

recently introduced public smoking bans to reduce the exposure of non-smokers to second-hand

smoke and encourage people to reduce the amount they smoke or stop entirely. However, the

most important goal of anti-smoking interventions is to prevent people in younger age cohorts,

i.e. school children, from starting to smoke at all. This demographic subgroup is probably the

most valuable one in terms of future economic prospects, which in turn are highly dependent

on health and well-being. While in the U.S. only about 8 percent of all high school students

report to smoke (Centers for Disease Control and Prevention, 2017b), the OECD average of

15-year-olds already smoking is about 12 percent; German figures even exhibit 15 percent

(OECD, 2016).

This paper evaluates short- and medium-term effects of school smoking bans on individual

health behavior in Germany. While public smoking bans have been introduced across federal

states from 2007 on, state-level school smoking bans had already been adopted between 2004

and 2008. Using data from the German Socio-Economic Panel (SOEP), a representative annual

survey of 11, 000 households covering 20, 000 individuals, we exploit such variation across

states and years. Additionally, we utilize variation in age cohorts, secondary school tracks,

grade repetitions, and timing of the survey interviews to improve our identification. Within

this setting, we firstly estimate the effect of school smoking bans on individuals’ smoking

propensity and intensity. Secondly, we examine how these measures change with increasing
1 See also, i.a., World Health Organization (2009) or Centers for Disease Control and Prevention (2017a).
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exposure time to the treatment. Thirdly, we elaborate on effect heterogeneity, allowing impacts

to vary with certain characteristics of our sample individuals. Lastly, we shift our focus towards

potential spillover effects. On the one hand, we are interested in impacts of school smoking

bans on other health outcomes of the treated individual like alcohol, obesity, or nutrition. On

the other hand, we are looking at impacts on smoking behavior of non-treated people living in

the same household as a treated individual. All these analyses account for the small number

of clusters, i.e. 16 federal states, by the use of randomization inference (RI), yielding valid and

conservative p-values.

While Chaloupka and Warner (2000) provide a comprehensive overview of the economics

of smoking, more specific studies related to smoking behavior have investigated, amongst

others, the effects of price changes induced by excise taxes on (youth) cigarette consumption

(Wasserman et al., 1991; Becker et al., 1994; Yurekli and Zhang, 2000; Tauras, 2006; Carpenter

and Cook, 2008; Hansen et al., 2017), the impact of legal restrictions on youth access to tobacco

products (Chaloupka and Grossman, 1996; Gruber and Zinman, 2001; Kvasnicka, 2010), the

effects of anti-smoking interventions on hospitalization (Sargent et al., 2004; Shetty et al.,

2010; Marlow, 2012; Sargent et al., 2012; Adams et al., 2013; Kvasnicka et al., 2016), or the

effects of public smoking bans on the exposure of non-smokers to second-hand smoke (Jiménez-

Ruiz et al., 2008; Carpenter, 2009; Adda and Cornaglia, 2010). More closely related to our

research are studies exploring the effects of workplace smoking bans. For instance, Evans et al.

(1999) find that workplace bans in the U.S. significantly reduced smoking prevalence and daily

tobacco consumption among employed smokers. A review by Fichtenberg and Glantz (2002)

concludes that workplace smoking restrictions were effective in reducing cigarette consumption

and smoking prevalence. Even more closely related to our study are those papers investigating

the effects of public smoking bans on individual smoking behavior. However, work in this area

remains inconclusive and has focused mainly on the U.S. Early research into the impact of

indoor air legislation on smoking behavior produced ambiguous results (Wasserman et al.,

1991; Chaloupka, 1992; Chaloupka and Saffer, 1992; Keeler et al., 1993; Sung et al., 1994;

3



Chaloupka and Grossman, 1996). The same holds true for more recent studies (Yurekli and

Zhang, 2000; Tauras, 2006; Adda and Cornaglia, 2010). Interestingly, Adda and Cornaglia

(2010) do not find any evidence that smoking bans in the U.S. had a direct causal impact

on either smoking prevalence or smoking cessation. However, they were able to show that

smoking bans had adverse effects on non-smokers, especially on young children, by displacing

smokers from public to private places. Probably closest to our research is the paper by Anger

et al. (2011), which evaluates the consequences of public smoking bans in the hospitality

industry (bars, restaurants, and discos)2 with respect to short-term smoking propensity and

intensity also using SOEP data. This intervention was introduced between 2007 and 2008

across Germany’s federal states and will be referred to as the general smoking ban throughout

this paper—to differentiate it from the school smoking ban we are focusing on. While Anger

et al. (2011) find that the introduction of the general ban did not change the population’s

average smoking behavior, they show that individuals who frequent bars and restaurants

exhibited a 2 percentage points lower propensity towards smoking. Their likelihood of smoking

regularly also fell, as did their average daily cigarette consumption.3

Now, our study focusing on school children and young adults strongly suggest that smoking

bans targeted at schools are effective in reducing smoking behavior. We find a significant

decrease in the probability of taking up smoking of 14-21 percent. When zooming in on the

monthly effect distribution, the impact grows stronger with increasing exposure time to the

treatment, leveling off four years after the ban introduction. For smoking intensity, results are

somewhat less pronounced, which seems plausible since it might be easier not to start smoking

in the first place than to reduce tobacco consumption. Nevertheless, our estimates indicate a

reduction of up to almost 1 cigarette per day, which amounts to a decrease in smoked cigarettes

of 7-25 percent. We further elaborate on treatment effect heterogeneity and find no evidence
2 The bans also prohibited smoking in other public areas, such as hospitals, theaters, museums, cinemas,

concert halls, or airports.
3 Using a different method, Brüderl and Ludwig (2011) broadly confirm the main results from Anger et al.

(2011). Further studies specifically focusing on general smoking bans in Germany are Ahlfeldt and Maennig
(2010) and Kvasnicka and Tauchmann (2012) (revenues/sales in the hospitality sector), Kvasnicka (2010)
(youth access), or Kuehnle and Wunder (2017) (self-assessed health).
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that our effects are driven by certain subgroups of our sample. However, we find evidence for

spillover effects in two dimensions. For the treated individual, we see an increase regarding

positive dietary behavior. For people not directly treated but living in the same household

as someone experiencing a school smoking ban, the extensive (intensive) margin of smoking

reduces by about 7 (9) percent. These results still hold if we account for the particular data

structure with its small number of clusters by evaluating the effects with RI.

Our paper contributes to the literature in several regards. While most of the related liter-

ature focuses on the U.S., we provide evidence on the effect of smoking bans for Germany, a

country which still has comparably high smoking rates. Even though there are some studies

examining general smoking bans in Germany, to the best of our knowledge, no other paper

explicitly focuses on school smoking bans.4 Using SOEP data for 2002 to 2014, we are able

to differentiate between the two types of interventions, and can explicitly evaluate the smok-

ing ban targeting the probably most important subgroup of the population: school children

and young adults. To achieve this, our identification strategy does not only exploit state-year

variation in the introduction of these school smoking bans, but also variation stemming from

different secondary school tracks, age cohorts, and grade repetition, which implicitly feature

different exposure time to the intervention. Eventually, we make use of additional technical

variation introduced by the timing of the survey interview within a given year. Hence, we do

not only control for the general smoking ban when evaluating the school smoking ban, but

also use a multiple difference-in-differences design to identify the effects of interest. Finally, we

treat the 16 federal states of Germany as clusters and, due to this small number, apply RI to

be as conservative as possible when assessing the significance of the results. This simple and

intuitive inferential technique gives valid p-values even for error terms which are clustered,

have unknown structures, or are otherwise complex. We exemplify this in a Monte Carlo sim-

ulation study. To date, RI has not been applied in the smoking literature, even though it is a
4 The only published study we know of specifically targeting school children (in the U.S.) is a medical

short-term experiment from 2000, where the authors conclude that bans on smoking at school “may” reduce
teenage smoking (Wakefield et al., 2000). Chaloupka and Grossman (1996) comprise a side-story on schools.
In the context of students and irrespective of smoking bans, Powell et al. (2005) and Robalino (2016) find that
peer effects play a significant role in youth smoking behavior.
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common method in other fields of treatment effect evaluation (Barrios et al., 2012; Cattaneo

et al., 2015; Erikson et al., 2010; Ho and Imai, 2006; Small et al., 2008).

The remainder proceeds as follows: Section 2 explains the institutional background, intro-

duces the data, and provides descriptive statistics. Section 3 lays out the econometric model

and discusses identification as well as randomization inference. Section 4 shows and interprets

our findings, and elaborates on augmenting the model with respect to treatment extent and

treatment effect heterogeneity. Section 5 evaluates spillovers, and Section 6 concludes.

2 Background and Data

Institutional Setting and Levels of Variation

Nowadays, throughout all German states, school smoking bans prohibit smoking in school

buildings, on school grounds, and at school events. Amongst others, this includes a prohibi-

tion on smokers’ corners or even teachers’ smoking rooms. While such bans cannot perfectly

prevent smoking,5 they make it more costly for students to smoke and create an environment

at schools where smoking is neither endorsed, exemplified, nor tolerated. Smoking corners

might broaden the appeal of smoking, especially for younger students, who often admire older

cohorts or popular kids (Powell et al., 2005; Robalino, 2016). Thus, banning such areas from

school grounds makes smoking less salient and should improve the impression of teachers and

older/influential students functioning as role models. Eventually, to enforce compliance, smok-

ing misbehavior at schools can be sanctioned by fines of up to e 150 per case (Ministerium

für Soziales und Integration Baden-Württemberg, 2014).6

As shown in Figure 1 (a), the first German federal state to introduce a school smoking

ban was Berlin in 2004. Five other states followed in 2005: Hesse, Lower-Saxony, North Rhine-
5 For instance, older students (and teachers) are allowed to leave the school ground, or students could leave

it without permission and smoke outside the school campus.
6 Anyways, as shown by Kuehnle and Wunder (2017) for the general smoking ban, people in Germany react

already to the enactment of smoking interventions, not only to their enforcement—which they explain by an
implicit social norm to accept restrictions.
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Figure 1: Variation of Treatment across and within Federal States in Germany

2004 2006 2008 2010 2012
Year

Saxony-Anhalt

Saxony

Rhineland-Palatinate

Thuringia

Mecklenburg-Vorpommern

Baden-Wuerttemberg

Hamburg

Brandenburg

Bavaria

Bremen

Saarland
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North Rhine-Westphalia
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Schleswig-Holstein

Berlin

No Smoking Ban Smoking Ban

(a) Variation across States

1987  '90  '91 ...  '06
Cohort Year

Lower Track

Medium Track

Upper Track

Never affected Affected

(b) Variation across School Tracks

Note: Subfigure (a) displays the implementation of school smoking bans across states and years (Bundeszentrale für
gesundheitliche Aufklärung, 2017). Subfigure (b) plots variation across school tracks within the state of Bavaria.

Westphalia, Saarland, and Schleswig-Holstein. Bavaria, Brandenburg, and Bremen introduced

their ban one year later. In 2007, schools in Baden-Wuerttemberg, Hamburg, Mecklenburg-

West Pomerania, and Thuringia followed. The last federal states to implement a school smok-

ing ban were Rhineland-Palatinate, Saxony, and Saxony-Anhalt in 2008 (Bundeszentrale für

gesundheitliche Aufklärung, 2017).7

In addition to these differences between states and time, our setting allows us to introduce

even more layers of variation. In Germany, one can broadly differentiate between a lower

(Hauptschule), a medium (Realschule), and an upper (Gymnasium) secondary school track,

which do not only differ with respect to academic subjects, but also how long they last (5,

6, and 9 years, respectively). Thus, two individuals of the same cohort and living in the

same state might have a different treatment status if one of them attends the upper track

and is still at school when the smoking ban is introduced, whereas the other one attends

the medium track and does not experience the ban since she has already left school before its

implementation. This introduces additional treatment variation as is illustrated in Figure 1 (b),
7 Note that between 2007 and 2008, Germany also introduced general public smoking bans on the state-

level as defined in the Introduction. In this study, however, we solely focus on German school smoking bans
and precisely control for general bans in all our regressions. For a detailed description of Germany’s different
anti-smoking initiatives, see Kvasnicka (2010).
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showing example data for the federal state of Bavaria which introduced the reform in 2006. As

apparent from this figure, no one born before 1987 was affected by the ban in Bavaria. Thus,

even individuals with the highest amount of school exposure (upper track) were not affected

by the reform, as they had already finished school before 2006. However, starting from the

1987 age cohorts, treatment status then depends on the attended school track. Analogously,

for all other states, the interaction between cohort and school track helps to identify the effects

of school smoking bans, since some cohorts might be fully affected by the ban, affected only

for particular years, or not affected at all.8 Further, even if two students belong to the same

state, cohort, and secondary school track, they could comprise different treatment status if

one of them has or had to repeat a certain grade. This is why we also consider grade repetition

for identifying our effects of interest.

Finally, the time of the survey interview varies within a given year, which provides a

“technical” variation in treatment status among individuals in the same state, cohort, and

school track (including repetition status) during the year the ban was introduced (also see

Anger et al., 2011). The majority of survey respondents are interviewed between February

and May. However, interview months do actually vary over the entire year.

In general, we consider an individual as treated if she was ever exposed to a school smoking

ban during her time at secondary school. From that moment onwards, she remains treated.

Contrarily, our control group consists of individuals who have never experienced smoking bans

at school or are not yet affected by a school smoking ban.

SOEP and Descriptive Statistics

We employ data from the German Socio-Economic Panel (SOEP), a representative annual

household panel of about 20, 000 individuals in around 11, 000 households (Wagner et al.,

2007). Adult household members are regularly interviewed on socio-economic and demographic

topics including education, income, employment, and health. In our sample, we observe an
8 Thus, our treatment assignment and identification strategy is similar to the setting of Pischke (2007),

who analyzes short- and long-term effects (scholastic and labor market performances, respectively) of short
school years in Germany.
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individual 2.8 times on average, hence the data structure can rather be considered as repeated

cross-sections than a panel in the classical sense. Every second year, from 2002 onwards, re-

spondents are additionally asked whether they currently smoke, and if so, how many cigarettes

on average per day. In our main empirical analysis, we consider two outcome measures: (i) the

propensity towards smoking (extensive margin), and (ii) the intensity of smoking (intensive

margin). The SOEP further provides information on the month in which survey respondents

were interviewed, the year and month of birth, as well as information on whether an individual

has repeated a grade once or twice. Thus, we can precisely determine the treatment status of

each individual, yielding a share of about 50 percent treated observations in our sample.9 Note

that our treatment variable can be retrospective, meaning that we study the effect of exposure

to a smoking ban during school days on health behavior also later in life. For our analysis, we

restrict the sample to birth cohorts from 1985 to 1996 (last survey cohort), while excluding

observations with extreme values for cigarette consumption with more than 50 cigarettes a

day.10

Table 1 provides descriptive statistics for our main outcomes and explanatory variables.

In our full sample, 29.9 percent do smoke, which is in line with official figures from the WHO

for Germany in that period (World Health Organization, 2015). Smokers consume on average

11.3 cigarettes a day, whereas the unconditional cigarette consumption in the full sample is

only 3.4.11 Our sample consists of 48.3 percent men, and the average age is 20.6 years. Figure 2

provides a distribution of the starting age of smoking, using SOEP information from the years

2002 and 2012 (asked for every tenth year). The red vertical line indicates the mean starting

age of 15.4 years. The median starting age is 15, meaning that 50 percent of our sample started

smoking at the age of 15 or younger. This clearly shows that the decision to become a smoker
9 Across respective secondary school tracks, we have 26% (lower), 37% (medium), 66% (upper) treated

graduates. Within the group of individuals still at school, we have 64% treated. Treatment status is based on
the assumption that the state of residence is the very state in which an individual has obtained her school
degree. However, only 2% of the observations in our sample exhibit changes regarding the federal state, and
we correct for possible back-switches in the treatment status due to moving to a different state.

10 Since our data contains only six such observations we decided on trimming. However, our results do not
change if we winsorize cigarette consumption or keep all available data.

11 Throughout the paper, we will follow Anger et al. (2011) and also report unconditional estimates, where
we use the full sample, as opposed to the conditional case excluding non-smokers.
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Table 1: Descriptive Statistics

Mean SD Min Max N

Outcomes
Smoker 0.299 0.458 0.0 1.0 10,793
#Cig per Day (full sample) 3.371 6.409 0.0 50.0 10,815
#Cig per Day (conditional) 11.320 6.925 0.0 50.0 3,220

Controls
Male 0.483 0.500 0.0 1.0 12,182
Age 20.589 3.241 15.0 29.0 12,182
Employed 0.507 0.500 0.0 1.0 12,182
Migration Background 0.255 0.436 0.0 1.0 12,163
Household Income (in 1,000 e) 42.201 30.717 0.0 726.4 12,176
Graduated from Lower Track 0.180 0.384 0.0 1.0 12,182
Graduated from Medium Track 0.285 0.451 0.0 1.0 12,182
Graduated from Upper Track 0.277 0.447 0.0 1.0 12,182
Still at School 0.258 0.437 0.0 1.0 12,182

Note: Means, standard deviations (SD), minimum and maximum values, as well as the number of
observations (N) for the variables of our analysis. #Cig. per Day is the number of cigarettes, cigars,
and pipes smoked per day for the full sample and for smokers only (conditional).

Figure 2: Age at Starting Smoking

0
.1

.2
.3

D
en

si
ty

5 10 15 20 25
Age

Note: Distribution of ages when (ever-)smokers first began to smoke
regularly. The red vertical line indicates 15.4, the mean starting age.
Median age is 15. SOEP data for the years 2002 and 2012 (asked for
every tenth year).

10



is made at an early stage of human life, which makes teenagers one of the most important

target groups for anti-smoking programs.

3 Estimation

Model and Identification

The variation in the exposure to school smoking bans across states, years, cohorts, school

tracks, repeater, and interview months can be exploited with a multiple Difference-in-

Differences (DiD) approach to identify causal effects on health behavior.12 We estimate the

following model:

yisyctrm = α + βDsyctrm + γs + δy + ηc + θt + κr + ϑm + X′λ+ εisyctrm, (1)

where yiscytrm is the outcome of interest for individual i, e.g., a binary variable indicating

her smoking status, or the number of cigarettes smoked per day. Dsyctrm indicates whether an

individual is or was ever affected by the smoking ban at school and depends on the combination

of state (s), year (y), cohort (c), school track (t), grade repetition (r), and interview month

(m). Under the common trends assumption, β identifies the effect of school smoking bans on

the respective outcome of interest. γs, δy, ηc, θt, κr, and ϑm are state, year, cohort, school track,

repeater, and interview month fixed effects, respectively. Note that country-wide interventions,

such as the electronic verification of customers’ age in cigarette vending machines or the

increase in the minimum legal smoking age from 16 to 18 (both introduced in 2007), are

captured by δy. The latter also absorbs price or tax shifts: cigarette prices in Germany do not

vary across states or regions; moreover, all taxes on cigarettes, such as sales tax and tobacco

tax, are federal taxes. Eventually, vector X′ controls for individual and family background

characteristics such as gender, age, employment status, migrant background, and household
12 We call this approach a multiple DiD since several dimensions determine the treatment variable in our

design, and not on only two as in the classical DiD setting, or three as in the extended triple DiD. For a similar
identification strategy and also regarding the German school system, see Pischke (2007).
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income. It also includes a dummy indicating the introduction of the general state-level smoking

ban.13

To validly estimate the effect of school smoking bans within a DiD approach, two important

factors must be considered. First, the causal effect of the intervention can only be identified

under the common trends assumption, meaning that in absence of the intervention, treatment

and control group should have evolved in the same way. This assumption can never be tested

directly, but there are several ways to examine its plausibility. To begin with, we test whether

effects appear prior to the school smoking ban. To investigate this matter, we include three

placebo indicators to Equation (1), i.e., we assign treatment status as if the school smoking

bans would have been introduced one, two, or three year(s) earlier than the actual introduction.

More formally, we estimate the following model:

yisyctrm = α +
3∑
j=1

ρjDs(y−j)ctrm + βDsyctrm + γs + δy + ηc + θt + κr + ϑm + X′λ+ εisyctrm.

(2)

Table 2 shows the results of this exercise. No placebo effect, ρj, is statistically significant for

any of the outcome variables, indicating that the common trends assumption is not violated.14

Further, throughout our subsequent analyses, we will relax the common trends assumption

by including state-specific linear time trends, γs · y, in an augmented specification to see

whether our effects of interest are robust to the inclusion of these trends (Angrist and Pischke,

2009). Analogously, we additionally include school track-specific linear time trends, θt · y, in

the richest specification of our regressions, which will also be our preferred one.15 As we

will see below (Table 4 in Section 4), the consideration of such linear time trends does not
13 Anyways, there exist only four states exhibiting temporal overlap of the two sorts of bans, i.e., the

respective introduction happened in the same year. If we drop these states from our regressions, corresponding
results are completely in line with results derived from the overall sample presented subsequently.

14 This also mitigates concerns regarding the influence of potential smoking bans introduced by schools prior
to the official state-level smoking bans on our estimated treatment effects.

15 Alternatively, when running specifications with interactions of state and year fixed effects, γs · δy, as
well as interactions between school track and year fixed effects, θt · δy, corresponding results stay robust. If
anything, they even appear somewhat more pronounced.
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Table 2: Common Trends Plausibility Check

(1) (2) (3)
Propensity Intensity (All) Intensity (Cond.)

Placebo Reform -1 -0.0356 -0.5520 -0.1853
(0.0348) (0.5481) (0.7939)

Placebo Reform -2 0.0104 0.1598 0.5741
(0.0357) (0.4767) (0.6977)

Placebo Reform -3 -0.0116 -0.0985 0.4894
(0.0278) (0.4376) (0.6353)

N 10,790 10,812 3,223
Note: Results of the common trends plausibility check, Equation (2). Placebo reform indi-

cators for 1, 2, and 3 years prior to the intervention are included to Equation (1). Standard
errors in parentheses are clustered on state-level. Level of significance: ∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗ p < 0.01.

significantly alter the coefficients of interest. Eventually, we will present event studies based

on regressions in the spirit of Granger (1969). Since we have multiple pre- and post-treatment

periods in our data, we can interact time dummies for the years before and after the smoking

ban introduction with the treatment group indicator. Under the common trends assumption,

treatment and control group should not follow different trends in the years before the reform,

i.e., the interactions prior to the smoking ban implementation (leads or anticipatory effects)

should not be significantly different from zero. Figure 4 in Section 4 shows that this indeed is

the case.

Randomization Inference

The second issue involves the correct calculation of standard errors. Many DiD applications

face the problem of clustered or serial correlated data, where conventional inference methods

lead to standard errors which are, in most cases, too small (Bertrand et al., 2004). A common

remedy for such situations is the use of cluster-robust standard errors. However, this only leads

to asymptotically valid inference, so the problem still persists in finite samples (Cameron and

Miller, 2015). As the number of clusters in our study is quite small (16 states), we apply

randomization inference, which originated in Fisher (1935), to obtain valid p-values. Early
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discussions of RI can be found in Edgington (1995), Kennedy and Cade (1996), or Manly

(2006). More recently, Barrios et al. (2012) provide a detailed theoretical and empirical expla-

nation of why researchers should care about the data structure beyond state-level clustering.

The application of RI is not restricted to DiD approaches (Erikson et al., 2010); it can also

be applied within the regression discontinuity design (Cattaneo et al., 2015) or the potential

outcome framework in general (Ho and Imai, 2006).

Table 3 shows the results of a Monte Carlo simulation we conducted to compare inference

with conventional or cluster-robust standard errors to the method of RI over several number

of clusters. More detailed information on the simulation study, e.g., the underlying data gen-

erating process, can be found in Appendix B. The results show that for default OLS standard

errors, the rejection rate is considerably larger than the nominal rejection rate of 5%. Thus,

they highly over-reject the true null hypothesis. As expected, this is pronounced when the

number of clusters is low and/or the variable of interest has a high within-cluster correlation

or is even perfectly correlated within clusters as in Specifications (1) (Cameron and Miller,

2015). In Specifications (2), treated and untreated observations may occur within a cluster,

which is similar to our setting. Throughout all variations, the 95% confidence intervals for the

randomization tests always include the true (nominal) size of 0.05, whereas this is not true

for the test with cluster-robust standard errors. Consequently, in cases with clustered data

and only 30 clusters or less, RI performs more reliable compared with traditional methods of

inference.

The basic idea of such randomization tests is intuitive and very applicable due to its

weak assumptions. This inferential technique changes the conventional thought experiment of

repeated sampling from an underlying population to fixed data and repeated permutations

of, e.g., the treatment variable. In so doing, we make use of an alternative inference approach

dealing with design-based (rather than sampling-based) uncertainty, which is induced by the

rearrangement of the policy intervention indicator (Abadie et al., 2017). The general procedure

can be summarized in four steps. First, the test statistic is computed for the original data set.
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Table 3: Estimated Type I Error for Variants of Tests and Number of Clusters

#Clusters 8 15 30
(1) (2) (1) (2) (1) (2)

OLS 0.439 0.176 0.404 0.198 0.4 0.187
(0.0157) (0.0120) (0.0155) (0.0126) (0.0155) (0.0123)

Cluster-robust 0.123 0.136 0.085 0.077 0.07 0.083
(0.0104) (0.0108) (0.0088) (0.0084) (0.0081) (0.0087)

RI 0.043 0.053 0.045 0.048 0.045 0.058
(0.0064) (0.0071) (0.0066) (0.0068) (0.0066) (0.0074)

Note: Rejection rates for tests with nominal size α = 0.05 from a Monte Carlo study with S = 1, 000 simulations.
In Specifications (1), clusters are either completely treated or not at all; in Specifications (2), treated and
untreated observations may occur within a cluster. Simulation standard errors seα̂ =

√
α̂(1− α̂)/S are in

parentheses. More details can be found in Appendix B.

Second, the data is permuted and the new test statistic is computed. Third, the second step

is repeated, e.g., 10, 000 times, as in our study. Finally, the original test statistic is compared

with the distribution generated in the third step and a decision is made. Thus, we create

the reference distribution for testing with the data at hand and do not have to rely on the

conventional t-distribution. Since, for clustered data, the randomization distribution often has

fatter tails than the t-distribution, we evaluate the effects of interest more conservatively. In

our application, individuals’ treatment statuses do not depend on merely one variable (e.g.,

the state of residence), which is often the case for policy interventions (Erikson et al., 2010),

but on several factors: state, year, age cohort, school track, grade repetition, and interview

month. Thus, we perform an augmented randomization procedure by permuting all treatment-

determining variables jointly and assigning the treatment status according to such pseudo

characteristics. Note that the permutations are conducted to randomize the treatment variable

only, whereas all other regressors remain unchanged during the regressions.
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4 Results

Average Treatment Effects on the Treated

Results based on the sample comprising survey years 2002 to 2014 are presented in Table 4,

i.e., we are examining effects up to 10 years after the intervention. We refer to this time

span as medium-term. As outlined in Equation (1), all regressions include a full set of state,

year, school track, cohort, repeater, and interview month fixed effects. They also contain an

indicator variable for the introduction of the general state-level smoking ban in Germany.

We further control for gender, age, age squared, migration background, employment status,

and (log) household income. To relax the common trends assumption, we additionally include

state-specific linear time trends, γs · y, from Column (2) onwards. Lastly, track-specific linear

time trends, θt · y, are included in Column (3), our preferred specification. Throughout all

specifications, we use heteroskedasticity-robust standard errors, which are clustered at the

state-level and shown in parentheses below the coefficient estimates. We further evaluate the

results of Specification (3) by using RI to obtain valid p-values despite the small number of

clusters; this is reported in square brackets in Table 4 and shown in Figure 3. Table 10 and

Figure 6 in Appendix A report analogous results for the subsample comprising survey years

2002 to 2010, i.e., up to 6 years after the intervention.16 This is referred to as short-term

effects of the reform.

Panel A of Table 4 reports results for the effect of school smoking bans on the propensity

towards smoking using a linear probability model.17 The coefficient for the treatment indicator

is negative and statistically significant in all specifications, suggesting that the introduction of

a school smoking ban exerts a negative impact on the extensive margin.18 Quantitatively, the
16 By restricting the sample to 2010, we merely use data up to one SOEP-wave after the last three German

states had implemented their school smoking bans in 2008 (smoking behavior is surveyed every second year).
In so doing, we want to make sure that our medium-term results do not overemphasize respective effects,
where we allow up to three waves of data after the last ban implementations.

17 We estimate and report results of linear probability models for the ease of interpretation and because the
identifying assumption of DiD approaches is linear. Our findings are robust to the use of alternative estimation
methods as, e.g., probit regressions.

18 The signs of the control variables are as expected and found in the previous literature. For instance, men
consume more cigarettes than women. As our sample comprises individuals aged 16 to 29, the coefficient of
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ban decreases the propensity towards smoking by around 5.1 percentage points. Relative to the

mean smoking propensity of (currently) unaffected individuals of 37 percent, this amounts to

a decrease of 14 percent.19 The analogous short-term effect of the reform (Panel A of Table 10

in Appendix A) is even more pronounced with a negative estimate ranging between 6.9 and

7.4 percentage points. Compared with the baseline average of 34 percent, this translates into

a decrease in the extensive margin of up to 21 percent. Moreover, our results remain robust if

we take the small number of clusters into account and evaluate the effects more conservatively

by applying RI. This can also be seen from Figure 3 (a), which we will discuss in more

detail below. The corresponding one-sided p-value for the effect of the smoking ban on the

propensity towards smoking is 0.0061. We test one-sided alternatives with the permutation

procedure since we expect the impact of the reform to be negative for both outcomes. This

is confirmed over all specifications and in line with the related health literature (Evans et al.,

1999; Fichtenberg and Glantz, 2002; Yurekli and Zhang, 2000; Tauras, 2006). Moreover, it is

a common approach within the RI framework in general (Barrios et al., 2012; Cattaneo et al.,

2015; Ho and Imai, 2006).

Panel B of Table 4 reports results regarding smoking intensity for the full sample as in

Anger et al. (2011).20 The coefficient estimate of interest is statistically significant and negative

across all specifications. The reform decreases the number of smoked cigarettes per day by

about 0.8, which translates into a decline of more than 18 percent when compared with the pre-

treatment average of 4.4 cigarettes per day over all survey participants, i.e., smokers and non-

smokers. This effect stays statistically significant when evaluated using RI, see Figure 3 (b) (p-

value: 0.0507). If we restrict the sample to individuals who reported being a smoker (Panel C),

the effect on the intensive margin is a bit more pronounced with −0.91. Due to a smaller

sample size, the significance of the coefficients decreases to a certain extent, although still

age is positive. The coefficient of age squared is negative, though, suggesting a concave relationship. Table 9
in Appendix A reports these results for our preferred specification and main outcomes.

19 Note that the relative effect determined at the overall mean is 17 percent, so our evaluation based on the
baseline/pre-treatment mean is more conservative.

20 There, the authors decide to examine unconditional rather than conditional demand, since the latter
would not yield a causal interpretation.

17



Table 4: Regression Results 2014

(1) (2) (3)

Panel A: Propensity (N=10,790)
Treated -0.0519∗∗∗ -0.0513∗∗∗ -0.0508∗∗∗

(0.0159) (0.0161) (0.0161)
RI p-value [0.0061]
%-Change -14.1 -13.9 -13.8

Panel B: Intensity (All, N=10,812)
Treated -0.8302∗∗∗ -0.8269∗∗∗ -0.8180∗∗∗

(0.2487) (0.2490) (0.2497)
RI p-value [0.0507]
%-Change -18.7 -18.7 -18.5

Panel C: Intensity (Cond., N=3,223)
Treated -0.9053∗ -0.9450∗ -0.9161∗

(0.4959) (0.4994) (0.5007)
RI p-value [0.0541]
%-Change -7.5 -7.8 -7.6

State-Specific Linear Time Trends - x x
School Track-Specific Linear Time Trends - - x

Note: Regression results for the sample 2002 to 2014. All columns include year, state, school track,
cohort, interview month, and repeater fixed effects. Moreover, gender, age, age squared, migration status,
employment status, and (log) household income are controlled for. Specification (1) is Equation (1). In
Specification (2), we include state-specific linear time trends. In Specification (3), we additionally include
school track-specific linear time trends. Standard errors, clustered at the state-level, in parenthesis. One-
sided RI p-values for the treatment effects of Specification (3) in brackets. Level of significance: ∗ p < 0.10,
∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Figure 3: Randomization Distribution and t-Values for 2014 Estimates
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Note: t-distributions (black lines) and randomization distributions (gray bars) with 10, 000 permutations for the effects on smoking
propensity (Subfigure (a)) and intensity (Subfigures (b) and (c) for the conditional effect) for the sample 2002 to 2014. The figure
corresponds to Specification (3) of Table 4. The red, vertical lines indicate the original t-values. The corresponding one-sided
(two-sided) RI p-values for the treatment effects are 0.0061 (0.0118), 0.0507 (0.1076), and 0.0541 (0.1108) for Panels (a), (b), and
(c), respectively.

remaining statistically significant at a 10 percent-level at the least. This is also true if the

randomization procedure is employed, see Figure 3 (c) (p-value: 0.0541). Quantitatively, this

means that smokers reduce their cigarette consumption by almost 1 cigarette per day due

to the ban. Translated into relative figures based on a baseline comparison among smokers

of 12 cigarettes per day, the intervention has a substantial impact on the number of smoked

cigarettes with a decrease of more than 7 percent.21 Analogous short-term effects of the reform

(Panels B and C of Table 10 in Appendix A) are in line with the medium-term results, showing

very similar or even more pronounced estimates.

Figure 3 depicts the RI evaluation of the school smoking ban effect on the respective

outcome variables. Subfigures (a), (b), and (c) correspond to Panels (A), (B), and (C) of

Specification (3) in Table 4, respectively. By comparing the original t-values (red vertical

lines) with the randomization distributions (gray bars), instead of the t-distributions (black

lines), the significance of the effects are determined more conservatively. From all subfigures

of Figure 3, it can be seen that some mass of the densities moves from the middle (around

zero) towards the tails of the distributions. Thus, a bigger number of extreme t-values will

make it harder to reject the null hypothesis. Put differently, the significance of the effects
21 Note that our results for smoking intensity do not change significantly if we control for self-selection via

a standard Heckman procedure.
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would be overestimated when using the regular t-distribution as reference distribution.22 The

graphical inspection justifies the use of testing a one-sided alternative and to compare the

original t-value to more extreme values to the left. For the probability towards smoking,

depicted in Subfigure (a), the original t-value is located to the extreme left side, yielding an

effect significantly different from zero with a one-sided p-value of 0.0061.23 A similar picture

emerges for smoking intensity (Subfigures (b) and (c)), where the original t-values are also

located to the extreme left sides of the respective distributions. As a consequence, the effect

remains statistically significant for a one-sided test of the full sample (p-value: 0.0507) as well

as for the smoker restricted sample (p-value: 0.0541).24

To eventually ascertain the plausibility of our findings’ underlying identifying assumption,

we conduct event studies where we interact time dummies for the years before and after

the smoking ban introduction with the treatment group indicator. Panel (a) of Figure 4

displays results, i.e. coefficients and corresponding 95% confidence intervals, for the propensity

towards smoking. Panel (b) reports the same for smoking intensity. Time “0” indicates the

year in which a state introduced its smoking ban at schools, whereas all other time periods

are expressed relatively to the ban introductions. For none of the years prior to the smoking

intervention there appears to be a statistically significant effect, indicating that the common

trends assumption holds. In contrast to that, almost all coefficients in the post-reform period

are considerably below zero. Moreover, they are statistically significant at a 5% level for

several years. Note that the SOEP contains information on smoking behavior every second

year only, and several large states of Germany introduced school smoking bans at the same

time or in a two-year-interval.25 Consequently, we have substantially less observations in event-
22 In general, with a clustered data structure and a small number of clusters, the test statistic is not t-

distributed. Consequently, it would be misleading to compare the t-values with the t-distributions, and one
should better employ randomization distributions as a reference.

23 This also holds true for the two-sided test with a p-value of 0.0118.
24 Table 10 and Figure 6 in Appendix A report analogous RI figures for the short-term analysis. Even when

examined more conservatively, our regressions yield statistically significant treatment effects.
25 If we, e.g., only look at the five states that introduced the ban in 2005, i.e. if we abstract from one of our

treatment dimensions (time), we find our main results from Table 4 to be confirmed. Similarly, if we ignore
the dimensions for grade repetition and/or survey interview month in our treatment indicator, our results still
hold.
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Figure 4: Event Studies for Smoking Propensity and Intensity (Full Sample)
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(b) Smoking Intensity (All)

Note: Subfigure (a) plots coefficients and corresponding 95% confidence intervals of an event study for the school smoking
ban effect on the propensity towards smoking. Subfigure (b) plots the same for smoking intensity of the full sample.

times −4, −2, 2, 4, and 6 than for the other periods, which explains the somewhat unstable

pattern of the post-reform frame—especially for the second and fourth year after the ban

introductions. Further note that Figure 4 illustrates the dynamics of the smoking ban impact

by estimating the effect for each pre- and post-intervention year separately, while the results

reported in Table 4 capture the average effects of the school smoking bans over the entire post-

intervention period. Taken together, the event studies support the plausibility of the common

trends assumption and show a negative and fairly persistent effect on smoking behavior.

Treatment Extent

In a next step, we examine whether the length of the period an individual is (or was) affected

by a school smoking ban determines the impact of the reform. This is based on the reasoning

that it could make a difference whether, e.g., students of full age were no longer allowed to

smoke on the school ground merely for their final school year, or whether young students grow

up within a culture of smoking in school being a “no go”. Thus, we might see a negative effect

for the extent of the treatment, where the reduction in smoking behavior is stronger the longer

an individual is exposed to a smoking ban at school.
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To elaborate on this, we alter Equation (1) with respect to our regressor of interest Dsyctrm:

this is no longer a binary indicator, but the extent of treatment that represents the number of

months a student is/was exposed to a school smoking ban, Esyctrm. As before, it depends on

the combination of state, year, cohort, school track, grade repetition, and interview month.

For individuals who are exposed to a smoking ban at school, the average extent is 47.8 months,

i.e., almost 4 years. We further include the square of treatment extent, E2
syctrm, allowing for

a potential non-linear relationship, analogously to the age effect on smoking behavior. Hence,

we estimate the following model:

yisyctrm = α + β1Esyctrm + β2E2
syctrm + γs + δy + ηc + θt + κr + ϑm + X′λ+ εisyctrm, (3)

where β1 and β2 are the treatment extent coefficients of interest, while yiscytrm, γs, δy, ηc, θt, κr

and ϑm, X′, as well as εisyctrm are the same as in Equation (1) explained above. Subsequently,

we focus on our preferred specification, which includes state-specific linear time trends, γs · y,

as well as school track-specific linear time trends, θt · y.

Table 5 shows the estimation results of Equation (3). Across all outcome variables, the

coefficient of the squared extent term is—while small in magnitude—statistically significant

and positive, indicating a non-linear relationship between smoking ban exposure time and

smoking behavior. The coefficient of the linear term is negative over all models. However, it is

statistically significant for the extensive margin only. This suggests that the length of exposure

to a smoking ban at school matters for the ban’s effect on the propensity towards smoking,

but not on smoking intensity.26

To interpret the extent effect on smoking propensity in more detail, Figure 5 depicts the

monthly treatment magnitudes and respective significance levels over a range of 72 months.

The figure visualizes the non-linear, convex relationship. When the extent of treatment is only

a few months, the negative effect grows stronger with every additional treatment period, but
26 If we alternatively account for the non-linearity with a logistic transformation of the extent variable, we

obtain results in line with our quadratic specification. These, however, turn also statistically significant for the
treatment extent effect on smoking intensity.
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Table 5: Treatment Extent

(1) (2) (3)
Propensity Intensity (All) Intensity (Cond.)

Extent -0.00155∗∗ -0.02065 -0.02873
(0.00070) (0.01332) (0.02751)

Extent2 0.00002∗∗∗ 0.00031∗∗∗ 0.00038∗∗
(0.00000) (0.00006) (0.00015)

N 10,716 10,738 3,201
Note: Regression results of Equation (3) for the sample 2002 to 2014. All

columns include year, state, school track, cohort, interview month, and re-
peater fixed effects. Moreover, gender, age, age squared, migration status, em-
ployment status, and (log) household income are controlled for. In all specifica-
tions, we additionally include state- and school track-specific linear time trends.
Standard errors are clustered on state-level. Level of significance: ∗ p < 0.10,
∗∗ p < 0.05, ∗∗∗ p < 0.01.

Figure 5: Effect Size for Smoking Propensity over Treatment Extent
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Note: Effect sizes of treatment extent on smoking propensity over a range of 72
months based on results reported in Table 5, Column (1). Level of significance
(obtained by RI): ◦ (white circle) p > 0.10, N (gray triangle) p < 0.10, � (black
diamond) p < 0.05.
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this diminishes until the effect reaches its minimum at approximately 48 months. Recall that

this is the same point that also describes the average extent over all affected individuals. At

that time, the effect size is about −0.04, i.e., individuals that have been exposed to a school

smoking ban for four years are 4 percentage points less likely to be a smoker. This is close to the

average effect of −0.05, estimated for Equation (1) and reported in Table (4), which translated

into a relative decrease of about 14 percent. For obtaining respective significance-levels of the

monthly effect sizes, we again employ RI. The general RI procedure is the same as explained

above, only now we regard t-values of the total extent effect. The resulting significance levels

are visualized as black diamonds, gray triangles, and white circles, yielding p-values of < 0.05,

< 0.10, and > 0.10, respectively. Thus, the total effect of treatment extent is statistically

significant for an exposure time from one month to about four years, where it levels off. After

that point in time, it turns and remains statistically insignificant.

Treatment Effect Heterogeneity

As other studies suggest that the effects of a general smoking ban might not be constant over

the population of Germany (Kuehnle and Wunder, 2017; Anger et al., 2011), we finally analyze

whether our school smoking ban findings are driven by or differ across specific subgroups of

our sample. Therefore, we interact our treatment indicator with several covariates, allowing

for heterogeneous effects by gender, migration background, socio-economic status (proxied by

household income), and educational stage. More precisely, we estimate the following model:

yisyctrm = α + βDsyctrm · C + γs + δy + ηc + θt + κr + ϑm + X′λ+ εisyctrm, (4)

where yiscytrm, Dsyctrm, γs, δy, ηc, θt, κr, ϑm, X′, and εisyctrm are as in Equation (1) above.

The treatment dummy, Dsyctrm, is interacted with C, i.e., one of the following binary variables:

male, migrant background, above median household income, and still at school. For the ease of

exposition, Table 6 only shows results for smoking propensity and our preferred specification,

which includes state-specific linear time trends, γs · y, as well as school track-specific linear

24



Table 6: Subgroup Effects on Smoking Propensity

(1) (2) (3) (4)

Treated -0.0722∗∗∗ -0.0586∗∗∗ -0.0505∗∗∗ -0.0530∗∗∗
(0.0161) (0.0186) (0.0171) (0.0162)

Tr·Male 0.0434
(0.0262)

Tr·Migrant 0.0308
(0.0310)

Tr·HighHHinc -0.0006
(0.0186)

Tr·StillAtSchool 0.0126
(0.0286)

N 10,790 10,790 10,790 10,790
Note: Regression results of the overall treatment effect on smoking propensity, as well as

the treatment effect for four subgroups: males, migrant background, household with above
median income, and individuals who are still at school. Results of Equation (4), sample
2002 to 2014. In all specifications, we additionally include state- and school track-specific
linear time trends. Standard errors are clustered on state-level. Level of significance:
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

time trends, θt · y.27

For all interaction terms, the coefficients are not statistically significant, whereas the overall

treatment effect stays roughly the same as estimated in the main analysis shown in Table 4.

This provides evidence that the reduction in smoking behavior is not driven by a particular

subgroup of our sample.

5 Spillovers

After evaluating direct effects of school smoking bans, i.e., effects on the treated person’s

smoking behavior, we have a look at indirect effects. More precisely, we can exploit the SOEP

data to examine two sorts of spillovers: (i) impacts of the intervention on other health behavior

of the same treated individual; and (ii) impacts of the intervention on smoking behavior of
27 Results for the other specifications as well as outcome variables tell a similar story and are available upon

request.
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persons not directly treated, but living in the same household as the treated individual.

On the first dimension (i), we re-use Equation (1), additionally include a smoking indicator

as control, and replace the outcome variable. We analyze the influence of school smoking bans

on a treated person’s drinking behavior, her BMI, her general health assessment, and her diet.

Except for BMI, we estimate linear probability models where the outcome variables indicate

whether a person drinks alcohol, is in good health, or follows a health-conscious diet.28 As in

the case of smoking behavior, almost all these health variables are asked for every second year.

However, drinking alcoholic beverages was asked for in 2006, 2008, and 2010 only, resulting

in a smaller sample size for this category. Table 7 reports corresponding findings. It shows

that most health outcomes yield small and/or statistically insignificant results. This indicates

that the scope of the policy intervention does not reach (m)any other health dimension(s)

other than smoking. Only for a person’s diet, the smoking ban seems to have a statistically

significant impact. Individuals exposed to a smoking ban at school have a 3 percentage points

higher probability to follow a health-conscious diet, which is a relative increase of 11 percent.29

Overall, these findings seem plausible since such anti-smoking campaigns were targeted at very

young people, who should not yet experience major issues regarding drinking, body weight,

or health status. However, since the intervention might influence general awareness of health

related matters and we find significant reductions in individuals’ smoking behavior, treated

people could indeed also react with respect to their nutritional intake or lead a more health-

conscious life in general.

For spillover effects on the household dimension (ii), we find more stable patterns. We

expand our sample to older individuals (up to birth cohort 1947), so that it potentially includes

older siblings, parents, or other relatives of the individuals from our main analysis in Section 4.

Again, we employ Equation (1), but include an indicator for treatment on the household

level. This dummy variable switches to one as soon as an observation of the same household

is affected by a school smoking ban. Thus, the coefficient of interest now shows the effect
28Note that these health behaviors are all self-assessed.
29 Significance levels are also verified by RI. Figure 7 in Appendix A shows corresponding randomization

distributions.
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Table 7: Spillover Effects on other Health Behavior

(1) (2) (3) (4)
Drinking Good Following a Health-
Alcohol BMI Health Status Conscious Diet

Treated 0.0030 -0.0570 0.0044 0.0301∗∗
(0.0107) (0.2033) (0.0141) (0.0115)

RI p-value [0.7984] [0.7936] [0.7695] [0.027]
%-Change 8.5 -0.2 0.6 11.3

N 4,027 10,688 10,768 10,768
Note: Regression results for spillover effects on other health behavior of the treated individual.

In Specifications (1), (3), and (4), the outcome variables indicate whether a person drinks
alcohol, is in a good health status, or follows a health-conscious diet. Specification (2) shows
the effect on BMI. Sample 2002 to 2014. In all specifications, we additionally include state-
and school track-specific linear time trends. Standard errors, clustered at the state-level, in
parenthesis. RI p-values in brackets. Level of significance: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Table 8: Spillover Effects on other Household Members

Propensity Intensity
2010 2014 2010 2014

Treated Household -0.0219∗∗ -0.0065 -0.4695∗∗∗ -0.1384
(0.0083) (0.0073) (0.1165) (0.1252)

RI p-value [0.0124] [0.1982] [0.0012] [0.154]
%-Change -6.6 -2.0 -9.3 -2.7

N 60,765 86,997 60,829 87,128

Note: Regression results for spillover effects on smoking behavior of other household
members. Sample expanded up to birth cohort 1947, while birth cohorts 1985 and
younger are excluded. Short- and medium-term impacts for smoking propensity and
intensity (full/unconditional sample): samples 2002 to 2010 and 2002 to 2014, respec-
tively. In all specifications, we additionally include state- and school track-specific linear
time trends. Standard errors, clustered at the state-level, in parenthesis. One-sided RI
p-values in brackets. Level of significance: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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of living in a household where somebody is or was exposed to a smoking ban at school on

individual smoking behavior. Note that we exclude the observations of our main analysis

(birth cohorts 1985 and younger) to obtain the pure effect on other household members, i.e.,

net of the direct effect we identified in Section 4. Table 8 shows that the influence of smoking

bans at schools spills over to the treated person’s household in the short-term. If we restrict

the sample to survey years until 2010, we find negative and statistically significant effects

on smoking behavior of other, not directly affected people in the household.30 For them, the

propensity towards smoking decreases by 2 percentage points and their smoking intensity

reduces by half a cigarette per day. As to be expected, these spillover effects are of smaller

magnitude than the direct treatment effects. Relative to the short-term results of −0.0685 for

smoking propensity and −0.9152 for smoking intensity (see Table 10 in Appendix A), 32 and

51 percent of such direct effects are transported to other household members, respectively. If

we look at the medium-term using the sample until 2014, corresponding spillover effects get

smaller and they are no longer significantly different from zero. Nevertheless, at least for the

short-term, the policy reform seems to have a substantially beneficial impact on indirectly

exposed household members.

6 Conclusion

We analyzed the impact of school smoking bans on individual health behavior in Germany.

Exploiting the timing of the introduction of bans across different federal states, the variation

stemming from different secondary school tracks, age cohorts, grade repetition, and the timing

of the survey interview within a given year, we were able to identify effects up to ten years after

the intervention (medium-term analysis). We also restrict the sample to estimate respective

short-term impacts. Over both analyses, we find that smoking bans targeted at schools cause

the extensive margin of smoking to decline by 14-21 percent. Concerning smoking intensity,

our estimates indicate a reduction of about 7-25 percent.
30 This is also confirmed by RI. See corresponding Figure 8 in Appendix A.
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These findings seem to deviate from previous studies focusing on general smoking inter-

ventions in Germany, e.g., Anger et al. (2011) and Brüderl and Ludwig (2011), who find no

effects for the overall population. However, such papers do find effects for a certain subgroup—

younger people—which is consistent with our estimates. Moreover, our results are broadly in

line with the literature on workplace smoking bans in the U.S. For instance, Evans et al.

(1999) and Fichtenberg and Glantz (2002) report a decrease in conditional smoking intensity

of about one to two cigarettes per day. With respect to smoking prevalence, these authors

report a reduction of about 4 percent, whereas our propensity estimates are much more pro-

nounced.

Overall, we therefore conclude that future anti-smoking initiatives should target school

children, i.e., (very) young age cohorts. From a tobacco industry point of view, this group

is very important since it might comprise the next wave of consumers, which could generate

income flows for years to come. From a health policy point of view, this group is even more

important, since it is not yet affected by tobacco and its addictive influences and, most notably,

reacts strongly to anti-smoking interventions. This should raise hope among health-conscious

governments, because such reactions are still observable many years after the initial treatment.

Finally, school smoking bans seem to be powerful also on indirect dimensions, as we find

influences on the dietary behavior of treated people as well as spillovers to other household

members with respect to smoking.
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A Tables and Figures

Table 9: Regression Results 2014 with all Controls

(1) (2) (3)
Propensity Intensity (All) Intensity (Cond.)

Treated -0.0508∗∗∗ -0.8180∗∗∗ -0.9161∗
(0.0161) (0.2497) (0.5007)

Male 0.0097 0.3388 0.7384∗
(0.0142) (0.2036) (0.3709)

Age 0.0988∗∗∗ 1.4385∗∗∗ 1.7883∗∗∗
(0.0319) (0.3108) (0.5764)

Age2 -0.0026∗∗∗ -0.0373∗∗∗ -0.0403∗∗
(0.0005) (0.0083) (0.0142)

Employed 0.0460∗∗∗ 0.5101∗∗∗ 0.2900
(0.0082) (0.1612) (0.2963)

Migrant -0.0236 -0.6077∗∗∗ -0.9080∗
(0.0149) (0.1991) (0.4958)

HH Income (log) -0.0407∗∗∗ -0.5081∗∗∗ -0.2230
(0.0094) (0.1352) (0.2139)

N 10,790 10,812 3,223
Note: Regression results with control variables for the sample 2002 to 2014 and our

preferred specification over all outcomes. All columns include year, state, school track,
cohort, interview month, and repeater fixed effects, as well as state- and school track-
specific linear time trends. Standard errors are clustered on state-level. Level of significance:
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 10: Regression Results 2010

(1) (2) (3)

Panel A: Propensity (N=5,336)
Treated -0.0723∗∗∗ -0.0736∗∗∗ -0.0685∗∗∗

(0.0204) (0.0196) (0.0184)
RI p-value [0.0017]
%-Change -21.0 -21.4 -19.9

Panel B: Intensity (All, N=5,343)
Treated -0.9687∗∗∗ -0.9978∗∗∗ -0.9152∗∗∗

(0.2748) (0.2476) (0.2343)
RI p-value [0.0521]
%-Change -24.9 -25.6 -23.5

Panel C: Intensity (Cond., N=1,578)
Treated -1.1066∗ -1.1502∗ -0.9915∗

(0.6089) (0.5470) (0.5405)
RI p-value [0.0538]
%-Change -9.7 -10.1 -8.7

State-Specific Linear Time Trends - x x
School Track-Specific Linear Time Trends - - x

Note: Regression results for the sample 2002 to 2010. All columns include year, state, school track,
cohort, interview month, and repeater fixed effects. Moreover, gender, age, age squared, migration status,
employment status, and (log) household income are controlled for. Specification (1) is Equation (1). In
Specification (2), we include state-specific linear time trends. In Specification (3), we additionally include
school track-specific linear time trends. Standard errors, clustered at the state-level, in parenthesis. One-
sided RI p-values for the treatment effects of Specification (3) in brackets. Level of significance: ∗ p < 0.10,
∗∗ p < 0.05, ∗∗∗ p < 0.01.

Figure 6: Randomization Distribution and t-Values for 2010 Estimates
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Note: t-distributions (black lines) and the randomization distributions (gray bars) with 10, 000 permutations for the effects
on smoking propensity (Subfigure (a)) and intensity (Subfigures (b) and (c) for the conditional effect) for the sample from
2002 to 2010. The figure corresponds to Specification (3) of Table 10. The red, vertical lines indicate the original t-values. The
corresponding one-sided (two-sided) RI p-values for the treatment effects are 0.0017 (0.0038), 0.0521 (0.1077), and 0.0538 (0.1075)
for Panels (a), (b), and (c), respectively.
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Figure 7: Randomization Distribution and t-Values for Spillover Effects (i)
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(d) Following a Health-Conscious Diet

Note: t-distributions (black lines) and randomization distributions (gray bars) with 10, 000 permutations for the effects on drinking
alcohol (Subfigure (a)), BMI (Subfigure (b)), general health assessment (Subfigure (c)), and following a health-conscious diet
(Subfigure (d)). The figure corresponds to the results of Table 7. The red, vertical lines indicate the original t-values.
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Figure 8: Randomization Distribution and t-Values for Spillover Effects (ii)
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Note: t-distributions (black lines) and randomization distributions (gray bars) with 10, 000 permutations for the effects on smoking
propensity (Subfigures (a) and (b)) and smoking intensity (Subfigures (c) and (d)) of indirectly affected household members.
Sample 2002 to 2010 and 2002 to 2014. The figure corresponds to the results of Table 8. The red, vertical lines indicate the
original t-values.
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B Details on Monte Carlo Simulation

In this section, we provide more detailed information on the Monte Carlo study of the eval-
uation of randomization tests in the context of the classical linear regression model. The
simulation is conducted to assess the suitability of RI in cases of clustered error terms and
a small number of clusters.31 In each repeated sample, the number of observations within a
cluster is set to 10, and the number of clusters is either 8, 15, or 30. Further, the dependent
variable yig of individual i belonging to group g is determined by the data generating process
(DGP) yig = β0 + β1z(i)g + εig. The error term is εig = νg + ηig. It consists of a random com-
ponent (νg), which is the same within each cluster, plus an individual level error component
(ηig), which is uncorrelated across individuals. Moreover, νg and ηig are random draws from
the standard normal, respectively. Thus, E(εig · εjg) 6= 0 for i 6= j, so the error term has a
cluster structure and is not independent and identically distributed (iid).32 Eventually, z(i)g

is a dummy variable which equals one for approximately one half of the observations. This
proportion is motivated by the share of treated units in our empirical analysis.

There exist two possible settings. On the one hand, the dummy variable is constant within
clusters. On the other hand, it may vary not only between but also within clusters. Conse-
quently, we model two slightly different specifications. In Specifications (1), zg is the same for
the whole cluster. This occurs in situations where data is on individual level and the regressor
of interest varies at a more aggregated level, such as state laws. Thus, either all individuals
within a certain state (cluster) are treated by the law or none (see, e.g., Moulton, 1986, 1990;
Barrios et al., 2012). However, in the setting analyzed in this paper, the variable of interest
varies within clusters. This is represented in Specifications (2) with zig. In order to create a
regressor of interest which is correlated within clusters, the variable determining the value
of the dummy variable (d) consists of a cluster specific (xig) as well as an individual specific
component (xi). To be precise, the assignment rule is the following: zig = 1 if d ≤ 0.5 where
d = xi + xig.

Moreover, β0 is set to 1 and β1 is set to 5.33 In order to evaluate the size of the randomization
test, the true null hypothesis H0 : β1 = 5 is tested against its two-sided alternative H1 : β1 6= 5.
Since the random reassignment of treatment ensures a reference distribution of no effect, a

31 Since cluster-robust standard errors are only asymptotically valid, this is critical for a small number of
clusters. In this context, the definition of small is widely discussed in the literature. Angrist and Pischke (2009)
suggest a number of 42 clusters for reliable inference. Cameron and Miller (2015) propose a range from 20 to
50 clusters, depending on the setting like, e.g., balanced or unbalanced clusters, or intra-cluster correlation.
We decided on balanced clusters, numbered 30 and less.

32 Note that in this simulation, the errors are homoskadastic. In case of heteroskedasticity, the data must
be adjusted before the randomization test is conducted (Kennedy, 1995).

33 β1 is the coefficient of core interest, however, its value of 5 is chosen arbitrarily. Corresponding results
hardly differ when other values are chosen.
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randomization test always tests H0 : τ = 0. However, the true effect is set to 5 and the size of
a test is determined by falsely rejecting a true null hypothesis. Consequently, in order to test
the true null hypothesis with a randomization test, the outcome variable has to be adjusted
first (Kennedy and Cade, 1996). Furthermore, the nominal size of the tests α is set to 0.05.

Note that in this simulation, the DGP is a regression model with a single regressor z(i)g.
Thus, it does not make a difference whether z(i)g or y are permuted. Moreover, the traditional
t-statistic as well as the monotonically related slope coefficient estimated by OLS can be
equally suitably used as test statistic. However, in the context of multiple regressions, this
does not hold. In such a case, the choice of the variable which is permuted as well as the
test statistic is important (Kennedy and Cade, 1996). Here, we interchange the values of the
treatment variable z(i)g, since this is the most intuitive way of conducting a randomization
test. With regard to our empirical analysis, we chose the traditional t-statistic as test statistic.
In case of multiple regressions and permutations of z(i)g, this test statistic leads to the correct
size of the randomization test (Kennedy and Cade, 1996).

For the number of permutations, the literature suggests a value between 1, 000 and 10, 000:
1, 000 permutations are often used in Monte Carlo studies, mostly due to computational re-
strictions; 10, 000 permutations would be more reasonable for empirical analyses (Kennedy,
1995). Note that even with a small sample size, the number of possible permutations increases
rapidly with an increase in clusters. Thus, for the simulation, we decided on 1, 000 random
permutations as a reasonable amount. However, we conduct 10, 000 permutations in the em-
pirical analysis. Based on S = 1, 000 simulations, Table 3 in Section 3 reports the estimated
test sizes α̂ of two-sided t-tests conducted in three different ways. In the first row, OLS default
standard errors which assume iid errors across observations are used. In the second row, the
test is based on cluster-robust standard errors, which allow for correlations of the error terms
within clusters but are only asymptotically valid (Cameron and Miller, 2015). In the last row,
the rejection rates are determined according to RI.
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