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CHAPTER 1

GENERAL INTRODUCTION

The economics literature presents a growing number of studies focusing on risky

health behaviors, or anti-health behaviors as in Chaloupka (1995). Risky health be-

haviors, in general, refer to the use of several substances such as cigarettes (tobacco),

cannabis (marijuana), alcohol, cocain, heroin or other hard drugs. Chaloupka et al.

(1999) state that these substances have 2 common characteristics, the first of which

is that they are addictive. Past use of such drugs increases the current use. The

second common characteristic is that consumption of these substances harms the

users, sometimes non-users who are in the immediate environment of the users,

and the society as a whole1. The economics literature focuses on both common char-

acteristics, some studies explaining the addictive nature of these substances within

economic and behavioral models, and some other studies analyzing the short and

the long term adverse effects of these substances. Figure 1.1 shows the total number

of publications on tobacco and health behaviors in general. After 1990 the cumula-

tive number of studies on tobacco increased sharply reaching a number above 400
1Nutt et al. (2010) talk about two kinds of harms that drugs have: harm to users and harm to

others. The authors also present rankings of several drugs in terms of their harm to users and
others.

1



2 GENERAL INTRODUCTION

in 2005. There is a similar trend for publications on health behaviors. After 2005,

the number of publications seem to cease increasing and became almost stable.2

This dissertation consists of two main parts and each part consists of 2 empirical

studies using Dutch data. The first part of this dissertation is on tobacco use. Both

studies in the first part analyze empirical questions related to tobacco use, which

will be briefly introduced later. The second part of the dissertation is on cannabis.

Each study in the second part answers policy related empirical questions related to

cannabis use. In all of the data sets used throughout this dissertation, tobacco and

cannabis use are self-reported. Note that there is a rather recent alternative to the

use of self-reported data: bio-marker data. In several economic and epidemiological

studies3, the authors take advantage of bio-marker data to measure tobacco and

cannabis use by using certain indicators in saliva, blood or urine. In the current

dissertation, such data is not available. That being said, self-reported data still offer

useful information on tobacco and cannabis use dynamics such as starting ages,

intensity of use, current use and quitting ages.

Tobacco is one of the most frequently studied substances within the economics

literature. Even though the number of studies on tobacco increased in the 1980s

and especially after the 1990s, a large amount of evidence had already been piling

up about the adverse health consequences of tobacco use since the 1964 US Surgeon

General’s report on the effects of smoking (Levine et al. (1997)). The adverse health

effects of tobacco use has recently reached an alarming peak: the World Health

Organization calls tobacco use an epidemic. Mathers et al. (2012) state that the

tobacco epidemic is one of the biggest health threats that humankind ever faced,

killing approximately one person every six seconds. This means nearly 6 million

people die every year because of tobacco related problems, a number estimated

to reach 8 million by 2030. Mathers et al. (2012) go on to argue that up to half of

2Cawley and Ruhm (2011) offer no explanation why there is a drastic change in 2005 as the in-
crease in the number of studies seems to stop suddenly.

3See Jerome and Cornaglia (2010), Lowe et al. (2009) and Centers for Disease Control and Pre-
vention -USA (2012)
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the current tobacco users today will eventually lose their lives because of tobacco

related health problems.

Apart from the serious effects it has on mortality, tobacco use has also been

shown to have many adverse effects on short and long term life outcomes such

as education and labor market performance4. Within the health economics litera-

ture, there is a substantial amount of studies on the wage effects of tobacco use. The

consensus is that smoking, especially when it is initiated early, negatively affects

hourly wages. Smokers earn less than non-smokers.

Chapters 2 and 3 in this dissertation focus on tobacco use. Chapter 2 studies the

spousal peer effects in the decision to quit smoking. If two individuals in a partner-

ship both smoke, their quit behavior may be related through correlation in unob-

served individual characteristics and common external shocks. However, there may

also be a causal effect whereby the quit behavior of one partner is affected by the

quit decision of the other partner. Even though there are several studies about the

peer effects on the smoking behavior among adolescents, there are only a handful

of studies about the peer effects among adults and even less among spouses. More-

over almost all of these studies focus on the smoking behavior in general without

making a clear distinction between the starting and the quitting behavior. Chapter

2 makes this distinction by using data on Dutch partnered individuals in studying

the relevance of spousal peer effects in the quitting behavior. The data set has infor-

mation on the timing of partnership formation, age of onset of smoking, the quit age

and several background characteristics. After controlling for common unobserved

heterogeneity and common external shocks, it is found that such spousal peer ef-

fects in the decision to quit smoking do not exist. Therefore this chapter concludes

that love might conquer all but nicotine addiction.

Chapter 3 investigates the effects of early smoking on educational attainment

and labor market performance. Previous studies mostly focus on the wage effects

4See Zhao et al. (2012), Levine et al. (1997), Kristein (1983), Levine et al. (1997), Halpern et al.
(2001), Weng et al. (2013)
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of smoking. However when smoking is initiated early, it can affect educational at-

tainment, and through education it affects the entrance in the labor market. The

data used in empirical analysis is rich as it has information on the history of smok-

ing, educational attainment, the first job that the respondents had, the current job

as well as current wages. The results show that early smoking adversely affects

educational attainment and initial labor market performance, but only for males.

The effect of early smoking on initial labor market performance is indirect through

educational attainment. Moreover, for males only, early smoking has a negative

effect on current labor market performance even after conditioning on educational

attainment. That means early smokers do not only perform worse at schools but

also in the labor market in the long run. For females neither education nor labor

market performance is affected by early smoking.

Cannabis use is another popular topic among health economists. The possible

effects of liberal cannabis policies on cannabis use constitute a very lively discus-

sion. One of the reasons is that there seems to be no consensus yet among scientists

about whether more liberal cannabis policies lead to an increase in cannabis use

or not. More evidence will be collected as more countries switch to more liberal

policies. Furthermore, similar to tobacco use, the effects of cannabis use on mental

and physical health, education and labor market performance are frequently stud-

ied aspects of cannabis use. van Ours and Williams (2014) offer a nice overview of

the studies about the effects of cannabis use on health, educational attainment and

labor market performance.

Even though cannabis is the most common soft drug, possession and use of

cannabis are prohibited in many countries. The European Monitoring Center for

Drugs and Drug Addiction (2013) offers several alternatives to prohibition. These

alternatives are decriminalization, regulation and legalization. Decriminalization

generally refers to the cancellation of the criminal status for personal possession

of cannabis or cannabis use. In other words, even though possession and use of

cannabis remain as offense, there is no legal punishment attached to the action. Reg-
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ulation refers to limits to access and restrictions on advertising. Legalization, on the

other hand, refers to cannabis use and supply, making lawful what previously was

prohibited. At first sight, regulation and legalization seem to be interconnected. Le-

galization mainly refers to removal of all criminal and non-criminal sanctions, and

it is generally used in the context of cannabis supply rather than demand.

The picture regarding the cannabis policies in the world seems to be changing

recently, as some countries started to become more tolerant towards cannabis. In

over 20 countries today cannabis is decriminalized.5 The Netherlands is one of the

more tolerant countries. In the Netherlands cannabis use has been quasi-legalized

for decades through the introduction of “coffeeshops” which are licensed cannabis

sales outlets. In the last couple of years, four US states – Washington, Colorado,

Oregon and Alaska6– voted in favor of a state licensing system for production and

supply of cannabis to retail outlets. In Uruguay a licensed production and retail

system for cannabis was introduced in 2014, making the country the first one in

the world to completely legalize cannabis. A brief overview of the legal framework

regarding cannabis in these three countries is given in Table 1.1.

When it comes to policy debates about cannabis legalization, there are frequent

references to adverse effects of cannabis use on physical and mental health as well

as several life outcomes such as educational attainment and labor market perfor-

mance. Opponents of liberal cannabis policies usually argue that liberal policies

worsen the drug problems because if cannabis becomes more available, more peo-

ple use it. As mentioned earlier, the Netherlands quasi-legalized cannabis use

through the introduction of cannabis-shops where the residents can purchase small

quantities of cannabis. Chapter 4 investigates how the distance to the nearest cannabis-

shop affects the age of onset of cannabis use. In this chapter, distance to the nearest

cannabis-shop is measured in municipality level. For those who live in munici-

5To name a few: Spain, Portugal, Italy, Belgium, Russia, Brazil, Argentina, Mexico, Australia
(certain states).

6In Oregon the regulation law will be in force as of July 1, 2015. In Alaska, it is said to be in force
in later 2015 or 2016 (expected). Therefore the details of the cannabis regulation in Alaska is not fully
clear. In Washington and Colorado the residents already have access to recreational cannabis.
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palities without a cannabis-shop, the distance is the distance in km to the nearest

municipality with at least one cannabis-shop. For those who live in municipalities

with cannabis-shops, distance variable is normalized to 1km. A Mixed Proportional

Hazard framework is used in the empirical analysis to take account of observable

as well as unobservable characteristics that influence the uptake of cannabis. Af-

ter several robustness checks and detailed counter-factual analysis, it is concluded

that distance matters. Individuals who grow up within 20 kilometers of a cannabis-

shop have a lower age of onset. However this does not immediately suggest that it

is better to close coffeeshops from a welfare point of view. The end of this chapter

discusses why not.

Chapter 5 investigates the determinants of the support for cannabis legalization

in the Netherlands, using a detailed data set on cannabis use and opinions about

cannabis policies. The respondents report their opinions about several possible

cannabis policies by indicating if they agree or disagree (in a scale of 1 to 5) with

certain policy statements. Mixed ordered probit models are used to take advantage

of this ordered nature of the data. The results indicate a causal effect of personal

experience with cannabis use. Current and past cannabis users are more in favor of

legalization. This is related to self-interest and inside information about potential

dangers of cannabis. The effect of current cannabis use may be a mixture of self-

interest and inside information. However, the effect of past cannabis use is related

to inside information only. Ex-users are no longer consuming cannabis and do not

have a self interest in keeping cannabis-shops open. While the self-interest effect

is not very surprising, the effect of inside information suggests that cannabis use

is not as harmful as cannabis users originally thought it was before they started

consuming. An extensive set of sensitivity analyzes is provided to support the ro-

bustness of the results. Chapter 5 also suggests that as the share of cannabis users

in the population increases, support for cannabis legalization will also increase.

The set up for the remainder of this dissertation is arranged as follows. Each

chapter is a stand-alone study with a separate introduction and conclusion. Ap-
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pendices, figures and tables related to each chapter are presented at the end of the

chapters separately. A single bibliography section is introduced at the end for all

the chapters.
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Figure 1.1: Number of Economics Publications on Health Behaviors
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CHAPTER 2

LOVE CONQUERS ALL BUT NICOTINE;

SPOUSAL PEER EFFECTS ON THE DECISION TO

QUIT SMOKING1

2.1 Introduction

If partnered individuals both smoke, the decision of one partner to quit smoking

may induce the other partner to quit smoking as well. From a policy point of view

it is interesting to know whether such spousal spillover effects exist. If they do, this

might affect government policy aiming to reduce the number of smokers. If there

are spousal peer effects in the decision to quit smoking, then anti-smoking policies

get ‘two for the price of one’.

There are several ways how one partner can affect the quit decision of the other.

The first is household bargaining. One partner might try to convince the other

partner to quit through bargaining, after he or she takes a decision to quit smoking.

1Joint with Jan C. van Ours.

11



12 LOVE CONQUERS ALL BUT NICOTINE

The reason is not always clear. The partner can do so because he or she wants to

protect the other from the adverse effects of smoking. However, it is also likely that

he or she thinks that to quit smoking will be hard if the partner persists in smoking.

Whatever the reason is, the spouse who decides to quit first can have an interest

in persuading the other to quit as well. The second is learning. Partners can learn

from the smoking or the quit decision of each other. If there is such a partner-caused

accumulation of information, then the decision of one partner might affect the other.

The third is spill-over effects. One partner can consider the quit decision of the other

as a self-commitment tool for himself or herself. If so, after one partner quits the

other will be likely to do the same. Clearly, even in the absence of bargaining or

learning there can be a spousal peer effect.

From a research point of view it is not easy to establish the existence of spousal

peer effects. Individuals become partnered through an assortative matching pro-

cess. Therefore, they have correlated characteristics and their preferences and at-

titudes, including smoking behavior are likely to be similar. However, it is also

possible that smoking behavior is not an important factor in the matching process

that leads two individuals to form a partnership. The strength of the average cor-

relation in smoking behavior between two partners and the magnitude of spousal

peer effects are empirical questions.

Studies from different fields of social sciences find that individuals partner through

an assortative matching process and therefore share similar personalities and be-

haviors, similar proclivities and similar risk attitudes (Humbad et al. (2010), Leonard

and Mudar (2003), Canta and Dubois (2010), Powdthavee (2009), Abrevaya and

Tang (2011)). In addition to assortative matching there may be convergence in be-

havior due to learning, bargaining or spillover effects. Humbad et al. (2010) state

that partners are found to show similar personality traits and these similarities are

mostly due to selection in the marriage market rather than a convergence between

partners. Leonard and Mudar (2003) show that these similarities are not limited to

personality traits but can also be found in observable behaviors such as drinking
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habits. The authors find strong positive correlation between drinking behavior of

husbands and wives. Canta and Dubois (2010) find similar results for smoking be-

havior; there is a significant correlation between cigarette smoking patterns of part-

ners. They show that individuals whose partner smokes are more likely to smoke

themselves and individuals of whom the partner does not smoke are less likely to

smoke than singles. Economists have shown interest in establishing peer effects

for risky behaviors because it has important policy implications but also because

of the research challenges in identifying unbiased causal effects. As we discuss in

more detail below there are quite a few economic studies on peer effects in smoking

although not so many on spousal peer effects.

In the current paper, we study spousal peer effects in the decision to quit smok-

ing. The main issue in studying peer effects is identification. According to Manski

(1993) there are at least three problems related to identification of peer effects. First,

there is the endogeneity problem. The influence of peers may not be exogenous

because the peer may be influenced by the behavior of the individual subject to

the peer effect. Second, individuals may self-select into a particular social environ-

ment; i.e. there is correlation in behavior through self-selection. Finally, apparent

spillover effects in behavior may originate from correlation in personal characteris-

tics or behavior. According to Angrist (2014) correlation among peers is a reliable

descriptive fact but going from correlation to causality in peer analysis is non-trivial

and the risk of inappropriate attribution of causality is high. To establish peer ef-

fects a clear distinction is needed between the subjects of a peer effects investigation

on the one hand and the peers who potentially provide the mechanism for causal

effects on these subjects on the other. Then, mechanical links between own and peer

characteristics can be eliminated.

The existence and magnitude of peer effects is of interest, since peer effects may

serve to amplify the effects of interventions i.e. there may be “social multipliers".

In order to estimate peer effects the researcher must know the appropriate peer-

group associated with each individual. For our paper this is not an issue. It is clear



14 LOVE CONQUERS ALL BUT NICOTINE

who the peer is, it is the partner. Peers are seldom randomly allocated i.e. they

are rarely exogenous to individual behavior. Unless random assignment is avail-

able assumptions have to be made to establish causality. Sometimes, in peer effect

studies in education classroom level data or grade level data are used, assuming

that the peers are in the same classroom or grade. This is done in combination with

school fixed effects whereby the assumption is that conditional on the school effects

allocation of students over classrooms is random, or conditional of school effects al-

location of students within the same grade over cohorts is random.2 Alternatively,

instrumental variables are used to correct for selectivity. Smoking bans at the work-

place for example will only affect workers directly and not partners in a different

workplace or without a job.

To investigate whether or not there are spousal peer effects in the decision to

quit smoking, we follow an alternative approach. We study dynamics in smoking

behavior, i.e. the process by which individuals start smoking and if they smoke the

process by which they quit smoking. We establish the importance of correlation

in spousal smoking dynamics using mixed proportional hazard models with fully

flexible baseline specification. This enables us to take account of observable as well

as unobservable factors that might affect the dynamics in smoking. We use biannual

data obtained in the Netherlands over the period 2001 to 2007. Our data include

information on the age of first smoking as well as the year in which respondents

quit smoking. Using this basic retrospective information, we model the dynamic of

smoking for males and females in couples. The baseline results show that there is

a strong positive correlation between quit behavior of the partners. Quit behavior

of one partner is associated with an increase in the probability that the other part-

ner quits smoking as well. We distinguish between correlation and causal effects

by estimating a simultaneous model of spousal smoking dynamics. We find that

the association in quit behavior is driven by correlated unobserved characteristics.

2Sacerdote (2011) presents an overview of peer effect studies in education but with some refer-
ences to other types of peer effect studies.
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There are no causal peer effects in the decision to quit smoking.

Our contribution to the existing literature on spousal peer effects in quitting-to-

smoke behavior is threefold. First, dynamics in smoking behavior are complex. In-

dividuals start smoking over a limited age range. If they have not started smoking

at age 25 they are very unlikely to start smoking later on. Some individuals smoke

for a period of time after which they quit to never return to smoke. We use hazard

rate models to study these dynamics in smoking behavior. Hazard rate models al-

low us to model transition in smoking status, first from non-smoker to smoker and

then from smoker to non-smoker, providing a complete picture of the smoking dy-

namics. Hazard rate models also provide a natural way to analyze the dynamics of

tobacco use and to study its determinants both in terms of observed personal char-

acteristics as well as unobserved determinants. Second, we explicitly focus on the

quit behavior of partners by using the unique information that our data set has on

the exact times when the respondents quit smoking. Therefore, we can accurately

identify a quit behavior and prevent our results from being contaminated by failed

or mis-specified quitting that might occur in most panel data studies. Moreover, as

peer effects on the starting behavior and the quitting behavior can be very differ-

ent, it is important to separate the two. Third, we estimate simultaneous models of

smoking dynamics of two partners. This allows use to distinguish between corre-

lated spousal behavior and spousal peer effects. Thus, we contribute to the small

literature on spousal peer effects.

The set up of our paper is as follows. Section 2.2 provides an overview of previ-

ous studies on peer effects in smoking behavior. In section 2.3 we present our data

and stylized facts highlighting the dynamics of tobacco use for females and males in

couples. In section 2.4 we discuss the details behind the empirical method used in

this study. In section 2.5 parameter estimates are presented. Section 2.6 concludes.
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2.2 Previous studies

There are quite a few peer effect studies on risky health behaviors during adoles-

cence. Some of these studies analyze the broad set of risky health behaviors such as

smoking, using cannabis, drinking alcohol or early participation in sexual activity.

Some examples are as follows. Lundborg (2006) studies school-class based peer ef-

fects in (among others) smoking. He uses Swedish cross-sectional data finding that

peer smoking has significant positive effects on the probability of smoking. Clark

and Youenn (2007) investigate peer group influence in the consumption of cannabis,

alcohol and tobacco by American adolescents. They use the Add Health (National

Longitudinal Study of Adolescent Health) survey which allows them to make a dis-

tinction between two peer groups, those in the same school year and friends. Iden-

tifying friends is possible because participants in the survey were asked to identify

a number of their friends which very often were present in the same school. The au-

thors find strong peer effects for alcohol use while for smoking the peer effects are

substantially smaller. Card and Giuliano (2013) use US data on networks of friends

to study peer effects. The focus of the paper is on interactions in the decision to

initiate sexual activity, but part of the paper addresses the issue of peer effects in

smoking behavior. For initiation into sexual activity the authors find clear peer ef-

fects, whereas for cigarette smoking the results suggest that some of the correlation

patterns are due to common unobserved heterogeneity. Eisenberg et al. (2014) use

US data on a natural experiment of assigned college roommates to estimate peer ef-

fects of among others cigarette smoking. There are significant peer effects for binge

drinking but little evidence of effects for cigarette smoking. The authors argue that

in college settings binge drinking takes place in social contexts with many peers and

therefore is likely to have large peer effects. Also, heavy drinking has a low stigma

in college-age populations. When a distinction is made by gender, the authors find

a positive though not significant smoking peer effect for men and a negative and

significant smoking effect for women. Apparently, women have a negative reaction
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to being around a smoker; they become less likely to smoke.

There are also several studies that explicitly focus on the peer effects on smok-

ing during adolescence. An early example is Gaviria and Raphael (2001) who use

US data to study school-based peer effects of among others cigarette smoking. The

authors argue that focusing on schools rather than neighborhood reduces the im-

portance of selectivity because students are less exposed to the family background

of their school peers than they are exposed to the family background of peers re-

siding in the same neighborhood. They find significant peer effects for smoking.

Kawaguchi (2004) analyzes NLSY (National Longitudinal Survey of Youth) data us-

ing subjective perceptions of respondents concerning the share of children at school

who smoke cigarettes. The probability that a subject smokes increases with the per-

ceived number of smoking peers. Powell et al. (2005) investigate smoking behavior

of US high school students and how this is affected by peers. Cigarette prices and

tobacco control policies are allowed to have a direct effect and an indirect effect –

through school level peer effects. The authors find significant peer effects and show

that cigarette prices and tobacco policies have direct effects as well as indirect ef-

fects. Ali and Dwyer (2009) use data from AddHealth to establish peer effects in

adolescent smoking behavior. They distinguish two possible types of peers: friends

nominated by the respondent and school-level peers, i.e. students in the respon-

dents grade and school. It appears that school-level peer effects are not long-lasting

whereas the effect of close friends persists. Fletcher (2010) uses US classroom data to

study peer effects in smoking behavior. Using information on students in different

grades within the same high school who face a different set of classmates the author

identifies significant peer effects in smoking i.e. individual smoking decisions are

influenced by classmate smoking decisions.

The study of peer effects usually relates the behavior of an individual to charac-

teristics and behavior of a group of individuals who are the peers of the individual.

Our paper differs from this since the peer is the partner. Previous studies have usu-

ally examined peer effects either at the neighborhood, at the school level or at the
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level of colleges. In the latter case random assignment of roommates is exploited

to account for potential selectivity in the interaction between individuals. Whereas

usually in peer effect studies random variation in peer groups is needed to distin-

guish correlation from causation, in our study it is clear that there is a non-random

assignment to peers. In fact, it is the opposite. Partnership formation is a non-

random process, it is the result of assortative matching.

There are only a few studies that investigate the spousal peer effects in smok-

ing, and even less studies on spousal peer effects in quitting smoking. Cutler and

Glaeser (2010) distinguish three broad categories of reasons for social interactions

in smoking behavior: direct social interactions including approval and stigma, so-

cial formation of beliefs, market-mediated spillovers. Direct social interaction may

especially occur between a smoker and a non-smoker because of the discomfort

caused by secondhand smoke to a nonsmoker. Social learning may occur if smokers

convince non-smokers that cigarettes are pleasurable or not harmful. Market-based

spillovers may occur through price effects. Cutler and Glaeser (2010) study the in-

fluence of one spouse’s smoking decisions on the smoking propensity of the other

spouse. They use the presence of workplace smoking bans as an instrument for the

smoking of one spouse. They also investigate peer group effects whereby the peer

group is defined as people within the same metropolitan area and with the same

age and education level. They conclude that spousal smoking does have spillovers,

but peer group smoking does not. From this they conclude that smoking bans in

the workplace have not only reduced smoking of the worker but also the smoking

of the worker’s spouse.

According to Clark and Etile (2006) assortative matching on lifestyle preferences

will be picked up by correlated individual effects in the male and female smoking

equations. Smoking is one of the domains over which sorting takes place in the

marriage market. Smoking may be considered as one of the traits that determine

marriage assignments; lifestyle variables will be complements in the sense that part-

ners enjoy sharing these activities. Matching on the marriage market corresponds
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to correlated effects in partners’ behaviors. Clark and Etile (2006) control for this by

including correlated individual random effects in both male and female smoking

equations. Analyzing British data, their main finding is that all of the correlation in

smoking status between partners works through correlation of individual effects.

Conditional on this correlation smoking behavior of partners is statistically inde-

pendent. This implies that it is not sufficient from a policy point of view to target

one person per household in terms of health education. Interventions targeting

only the female partner – for instance during pregnancy – would not appear to be

effective in reducing male smoking.

Canta and Dubois (2010) model the smoking decision of spouses as a non-cooperative

game by eliminating the possibility of bargaining. They use a 2-wave panel data set

to investigate the implications of their model on the spousal peer effects. Contrary

to Clark and Etile (2006), the authors find that strong spousal peer effects exist.

The respondent with a smoking partner seem to enjoy smoking more than those

with non-smoking partners. Moreover, comparing singles and partnered individ-

uals, they find that singles enjoy smoking more than partnered individuals with

non-smoking partners. Overall, the authors claim that the smoking behavior of one

spouse has strong effects on the smoking behavior of the other.

McGeary (2013) investigates the spousal peer effects on the decision to quit smok-

ing using Health and Retirement Study (HRS). The author uses a fixed effects model

to identify the peer effects by defining the quitting decision as reporting no tobacco

use in a survey while reporting use in a previous one. There is evidence of spousal

peer effects. Spouses affect each other’s quitting behavior though bargaining. Fur-

thermore, the authors state that females learn from the health stock of their spouses.

Khwaja et al. (2006) indirectly analyze if partners learn from the smoking behavior

of each other. Using the first 6 waves of HRS data and Arrelano-Bond estimates,

they find that spousal peer effects through household learning do not exist. They

do not investigate the other possible channels of spousal peer effects, i.e. spill-overs

or bargaining.
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All in all, a detailed review of the previous studies on the peer effects on smok-

ing shows that the vast majority of the studies deal with the peer effects during

adolescence and without making a clear distinction between the starting and the

quitting behavior. Starting to smoke can occur with a gentle nudge by a third party.

However, as smoking is addictive, quitting requires more than a nudge, it requires

a much stronger motivation and determination. Therefore, the peer effects on quit-

ting to smoke can be very different from the peer effects on starting to smoke. More-

over, the nature of the peers may be different in starting and quitting. For starting,

this could be friends and classmates, for example, for quitting this could be part-

ners and colleagues. Furthermore, most of the studies use panel data techniques to

analyze the peer effects. Since the time dimension is generally not very long, this

creates two kinds of problems. First, it becomes very hard to identify quitting be-

havior. Most studies rely on the observation that a respondent report no smoking

behavior in a single year to identify the quitting. Second, depending on the age co-

horts in the samples, it becomes hard to identify the starting behavior. Individuals

mature out of the risk of initiating smoking in their mid-20s. Therefore, an analysis

based on data sets without sufficiently young cohorts cannot capture the dynamics

of starting to smoke, which can be very important to capture the unobserved het-

erogeneity in smoking dynamics. To the best of our knowledge, our study is the

first one to analyze the spousal peer effects on quitting by clearly separating the

starting and quitting behaviors.3

3We do not analyze the peer effects on starting. This is because peers can be different for starting
and quitting behaviors. The peers who can affect the starting behavior can be classmates or siblings,
for example, whereas peers who can affect the quitting behavior can be partners or colleagues. In
the data at hand, there is no information on the peers which can affect smoking initiation.
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2.3 Data and Stylized Facts

2.3.1 Data

CentERdata collects information about individuals through an internet-based panel

consisting of around 2000 households in the Netherlands. The participants in the

panel fill in questionnaires on the internet every week without any intervention

from an interviewer. Furthermore those who donâTMt have access to internet are

provided with computers and internet to complete the surveys. The panel is rep-

resentative of the overall Dutch population. Since several members of the same

household fill the survey separately, we can use information for both partners for

households consisting of a couple. Most of the information collected by CentERdata

is on work, pensions, housing, mortgages, income, assets, loans, health, economic

and psychological concepts, and personal characteristics. We use a specific data

collection in 2001, 2003, 2005 and 2007 when individuals provided detailed infor-

mation on their tobacco consumption, for example whether they ever used tobacco

and if so at what age they started using tobacco. Furthermore, if the respondent

reported ever tobacco use but no use at the time of the survey, the question was

posed at what age the individual used tobacco for the last time.4

Since we are interested in spousal peer effects in the decision to quit smoking, we

restrict our sample to partnered individuals. Partnered individuals are those who

report that they live together with a partner within the same household. For such

cases, the partner also completes the survey so that he or she can be easily identified.

For the other cases where the respondent is divorced or has lost her partner, we

do not have any information about the ex-partner.5 Restricting the sample to only

partnered individuals gives us a sample of 812 males and 812 females. The complete

set of variables which are used throughout this study, their descriptions and sample

statistics are given in Appendix 3.

4Further information on the data set is given in Appendix 2.
5In the whole sample, 7% of males and 8% of females reported that they were currently divorced.

5% of males and 7% of females reported that they lost their partner
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Figure 2.1 presents the relationship between age and starting rates of tobacco use.

Starting rates – the rate to start using at a particular age conditional on not having

started to use up to that age – show a considerable peak at age of 16. There are other

but smaller peaks at ages of 18 and 20 for both males and females. The substantial

drop in the starting rates after age 23 shown in panel (a) indicates that those who

have not used tobacco before are very unlikely to do so later on in life. Apparently

individuals mature out of using tobacco in their mid 20s. Panel (b) shows that cu-

mulative starting rates level off at 75% for males and at 60-65% for females after

the age of 25. This means, on average, we expect 25% of males and 40-35% of fe-

males to be never smoke. This is also clear from the slope of the cumulative starting

probability, which becomes virtually zero after age 25. Figure 2.2 shows quit and

cumulative quit rates for females and males in couples. Panel (a) shows that in the

first couple of years after initiation into tobacco use, the conditional probability of

quitting rapidly decreases. Later on, until 12 or 13 years after the start quit rates

gradually increase. The cumulative quit rates are found to be very similar for males

and females indicating that smoking cessation behavior is not gender-specific.

2.3.2 Stylized Facts

We are interested in spousal peer effects in quitting-to-smoke behavior. Since the

quit behavior can be observed only if the individual starts smoking in the first place,

we report some stylized statistics about starting and quit patterns in the sample. Ta-

ble 2.7 shows that 61% of females and 75% of males in the sample ever use tobacco.

Among these users 46% of females and 45% of males quit smoking. Table 2.1 shows

how these numbers are distributed in couples. Among all the couples in the sample

we see that 51% consists of couples in which both female and male start using to-

bacco. In 25% of the couples only male starts, in 11% only female starts and finally

in 14% of the couples none of the partners starts using tobacco. The asymmetry be-

tween female behavior and male behavior disappears in quit behavior. We see that
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in 16% of the couples the male quits while the female continues smoking. In 17%

it is vice versa. In 29% both partners quit whereas in 38% both partners continue

smoking.

Table 2.2 presents the detailed distribution of the couples based on starting and

quit behavior. We define 3 groups for both females and males: those who start and

quit using tobacco, those who start and do not quit using tobacco and those who

do not start using tobacco. The figures in Table 2.2 basically show that there is cor-

relation between partners’ smoking behavior. In almost 50% of the couples (a+e+i)

both partners follow the same starting-quit behavior. We also see that percentage

of couples in which the male uses tobacco but not the female (g+h) is considerably

higher than the percentage of couple in which only the female uses it (c+f).

Finally, Table 2.3 shows the distribution of couples based on the timing of the quit

behavior. The first row presents the percentage of couples in which only one partner

quits smoking. The figures in the table shows that in 32% of the couples male quits

before female and in 68% female quits first. By definition the percentage of “quits

in the same year" is zero. The distribution becomes symmetric when we consider

couples in which both partners quit smoking. In 44% of these couples the male quits

first while in 45% the female quits first. Figure 2.3 presents the scatter plot of these

couples. The figure shows that there are numerous observations where only one

partner quits. Moreover, there is a considerable number of observations which are

scattered around 45 degree line indicating that quit behaviors of one partners spills

over to the other partner since the calendar time gap between two quit behaviors is

small.
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2.4 Empirical Model

2.4.1 Tobacco use dynamics assuming that partner’s decision to

quit is exogenous

To investigate the determinants of the starting rates and quit rates of smoking, we

use mixed proportional hazard models with a flexible baseline hazard specifica-

tion and Heckman and Singer type unobserved heterogeneity (Heckman and Singer

(1984)). The flexible nature of this model enables us to control not only for observed

but also for unobserved characteristics that might affect transitions into and out of

tobacco use. Following the extensive literature on initiation into tobacco use, we as-

sume that individuals become vulnerable to the risk of tobacco consumption from

age 11 onwards.

The hazard function for starting rate for tobacco use at time t (t = 0 at age 11)

for females (j = f ) and males (j = m) conditional on observed characteristics x and

unobserved characteristics u are defined as

θs
j (t | xj, uj) = λs

j(t) exp(x′jβ j + uj) (2.1)

where β j represent the effects of control variables and λs
j(t) represents individual

duration dependence. Since we assume that everyone becomes vulnerable to the

risk of initiation into tobacco use at age of 11, this duration dependence becomes

age dependence. uj denotes unobserved heterogeneity in the starting rates of to-

bacco use for females and males and controls for differences in unobserved sus-

ceptibility of individuals to tobacco use. Duration (age) dependence is specified in

a fully flexible way by means of a step function λs
j(t) = exp(Σkλs

jk Ik(t)), where k

(= 1,..,11) is a subscript for age categories starting from age 12 and Ik(t) are time-

varying dummy variables that are one in subsequent categories, 10 of which are for

individual ages or age intervals (age 12, ..,18, 19-20,21-23,24-27) and the last interval

is for ages above 27 years. Because we estimate a constant term in the analysis, we
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normalize λs
j,1 = 0.

The conditional density function of the completed durations until the first use of

tobacco can be written as

f s
j (tj | xj, uj) = θs

j (t | xj, uj) exp(−
∫ tj

0
θs

j (s | xj, uj)ds) (2.2)

In order to take account of unobserved component we integrate out the unobserved

heterogeneity such that density function for the duration of time until tobacco up-

take t conditional on x becomes

f s
j (tj | xj) =

∫
u

f s
j (t | xj, uj)dG(uj) (2.3)

where G(uj) is assumed to be a discrete mixing distribution with 2 points of support

uj1 and uj2. This reflects the presence of two types of individuals in the hazard rate

for tobacco uptake. The associated probabilities are denoted as follows: Pr(uj =

uj1) = pj and Pr(uj = uj2) = 1− pj with 0 ≤ pj ≤ 1, where pj is modeled using a

logit specification, pj =
exp(αj)

1+exp(αj)
. Individuals who do not start using tobacco until

the time of the survey are considered as right censored. Inflow nature of the data

guarantees that there are no left censored individuals.

Quit rates are also modeled using mixed proportional hazard specification. The

quit rate of tobacco use at time τ (τ = time elapsed from the first use of tobacco)

for females (j = f ) and males (j = m) conditional on observed characteristics z and

unobserved characteristics v is defined as

θ
q
j (τ | zj, Iq

p(τ), Is
p(t), v) = λ

q
j (τ) exp(z′jγj + φj Is

p(t) + δj I
q
p(τ) + vj) (2.4)

where q refers to quit rate. Iq
p(τ) is a time varying indicator variable, I(τ > τp)

where τp is the first duration in which the partner quits smoking, which takes a

value of 1 after the specific duration in which the partner quits smoking; 0 other-
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wise.6 Therefore δj is the parameter of interest of our study and it captures the effect

of an individual’s quit behavior on the quit behavior of the partner, i.e. it represents

the spousal peer effect in quitting behavior. Is
p(t) is a time varying indicator variable

which takes a value of 1 if the partner starts smoking. Since in our sample initia-

tion of smoking occurs before the partnership is formed for almost everyone, this

variable practically becomes a time invariant dummy variable for partner’s smok-

ing status in the analysis. Representation of these two effects is given in Figure 2.4.

λ
q
j (τ) represents the duration dependence which is similar to age dependence in

the starting rates. This duration dependence is modeled as

λ
q
j (τ) = exp(Σmλ

q
jm Im(τ)) (2.5)

where m (= 1,..,M) is a subscript for duration of use intervals and Im(τ) are time-

varying dummy variables that are one in subsequent intervals which are not age

intervals any more but year intervals after the first use of tobacco. Individuals who

are still using tobacco are right censored in their quitting. Since the quit analysis

is performed only on those who start using tobacco, there are no left censored in-

dividuals. As in the analysis of the uptake of tobacco, we assume that there are 2

unobserved heterogeneity groups where the probabilities are assumed to follow a

logistic distribution. Note that we need to account for the fact that we only observe

age as a discrete variable in both the starting rate analysis and the quit rate analysis.

So, if an individual starts smoking at age 16 we do not know whether this is on his

or her 16th birthday or on the day before he or she turned 17. To account for that, we

specify likelihood functions that control for such age related interval-observations.

In order to take account for possible correlation between unobserved compo-

nents of starting and quit rates of each partner, we specify a joint density function

6If two partners quit in the same year, then there is no partner effect because the model assumes
that partner effect kicks in the next year after someone quits smoking. In a sensitivity analysis we
allow for a mutual influence if quitting occurs in the same year.
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of the durations of non use and durations of use conditional on z and x as

f sq
j (tj, τj | Iq

p(τ), Is
p(t), xj, zj) =

∫
vj

∫
uj

f s
j (tj | xj, uj) f q

j (τj | zj, Iq
p(τ), Is

p(t), vj)dGj(uj, vj)

(2.6)

where Gj(uj, vj) is assumed to be a discrete mixing distribution with 3 points of

support (u1j, v1j), (u1j, v2j), (u2j); where v2j = u2j = −∞ in order to allow for the

possibility that zero starting rates and zero quit rates exist. This specification of the

distribution of unobserved component assumes that there are three types of indi-

viduals regarding starting and quit smoking. The first group consists of those with

a positive starting and positive quit rate. The second group consists of individuals

with a positive starting rate but a zero quit rate. The third group has a zero starting

rate, therefore the quit rate does not exist at all.

2.4.2 Tobacco use dynamics when controlling for endogeneity

Separate estimates of tobacco use dynamics for females and males only capture

spousal peer effects if there is no correlation in smoking behavior through unob-

served characteristics, i.e. one partner’s decision to quit smoking is orthogonal to

the decision of the other partner. This is unlikely to be the case due to for example

assortative matching underlying partnership formation or common external shocks

in the household. In order to control for correlated behavior in the decision to quit

smoking, we perform a joint maximum likelihood estimation of partners’ starting

and quit behavior using mixed proportional hazard specifications in which we al-

low for spousal correlations in unobserved heterogeneity.

Smoking bans affecting one partner but not the other could be a credible in-

strumental variable but this would require smoking bans to have an effect at all.

General anti-smoking measures do not qualify as instrumental variable since these

would affect both partners simultaneously. Peer effect models on smoking are al-

ways about whether or not an individual smokes as a consequence of peer behav-

ior. We study peer effects in terms of quitting to smoke which is as far as we know
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not been studied before. Whereas peer effect are usually studied as a static phe-

nomenon we study a dynamic process; i.e. we do not study whether or not an

individual smokes but whether an individual quits smoking, i.e. makes a transi-

tion from being a smoker to being a non-smoker. When analyzing peer effects of

quitting to smoke behavior between partners no instrumental variable can be used

as there will be no variables that affect the decision of one partner without having

a direct effect of the decision of the other partner. Therefore we rely on functional

form assumptions – the mixed proportional hazard specification of the smoking dy-

namics using the “timing of events" approach (Abbring and van den Berg (2003)).7

Identification of peer effects does not rely on a conditional independence assump-

tion and it is not necessary to have a valid instrument. Rather, identification comes

from the timing of events, that is the order in which quitting-to-smoke occurs.

We specify the following joint density function of the durations of use and non

use for females and males conditional on z and x

f sq
f m(t f , τf , tm, τm, | x f , z f , xm, zm) =

∫
v f

∫
u f

∫
vm

∫
um

f s
m(tm | xm, um)

f q
m(τm | zm, Iq

p(τ), Is
p(t), vm) f s

f (t f | x f , u f ) f q
f (τf | z f , Iq

p(τ), Is
p(t), v f )dG(u f , v f ; um, vm)

(2.7)

where G(u f , v f ; um, vm) is assumed to be a mixing distribution with 9 points of sup-

port. Each of these 9 points of support corresponds to a pairing of points of sup-

ports in separate estimations for males and females.8 This is akin to assume that 3

points of support in the starting-quit estimation of males and 3 points of support

in the starting-quit estimation of females can match up in all possible ways. These

combinations enable us to have a very detailed and interpretable distribution of

unobserved heterogeneity which prevail in starting and quit rates of tobacco use.

7See for an example of a study on peer effects in the context of a duration model Drepper and
Effraimidis (2013).

8The distribution of these points of supports is given in Appendix 1.
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2.5 Parameter Estimates

2.5.1 Baseline Estimates

The parameter estimates of mixed proportional hazard models on starting rates and

quit rates of tobacco use for both females and males are given in Table 2.4. Panel

(a) of the first column presents the results for quit rates of males in couples for the

restricted model where partner’s quit behavior is assumed to be exogenous.9 The

parameter estimate of Partner quits is positive and significant indicating that those

whose partner quits become more likely to quit. This is because a positive estimate

indicates an increase in the hazard rate; exit rates from the spell where the spell is

years passed after the first use of tobacco until the year in which quit happens.

Not many of the observed characteristics have a significant effect on the quit

rates. The same holds for “shocks" to family life. Pregnancy for example has a

significant effect of the quit rates of females (at the 10% level) but not on the quit

rates of males.10 Furthermore, significant estimate for the mass point parameter in-

dicates that there is unobserved heterogeneity in the quit rates of males. Panel b of

the first column presents the results for starting rates of tobacco use. The probabil-

ity parameters (α1,α2) indicate that 37% of males has a positive starting rate and a

positive quit rate, i.e. they will start using tobacco but will quit at some point. 38%

of males has a positive starting rate and a zero quit rate. Finally 25% of males has a

zero starting rate of tobacco use, i.e. they will never use tobacco.

Panel (a) of the second column presents the results for quit rates of females in

couples for the restricted model. The parameter estimate of Partner quits is also

found to be positive and significant suggesting that females whose partners quit,

quit smoking earlier than females whose partners do not quit. Similar to males,

we find significant estimates for the mass point parameters indicating that there is

9The model is restricted in the sense that correlation between unobserved components of females
and males is assumed to be absent.

10Clark and Etile (2006) also find a pregnancy effect on women’s smoking (at a 10% significance
level) but not on men’s smoking.
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indeed unobserved heterogeneity in the quit rates of females. Panel (b) presents

the results for starting rates of tobacco use. In this case, the probability parameters

(α1,α2) indicate that 28% of females has a positive starting rate and a positive quit

rate, i.e. they will start using tobacco but will quit at some point. Furthermore, 33%

of females has a positive starting rate and a zero quit rate. Finally, 39% of females

has a zero starting rate of tobacco use.

Columns 3 and 4 of Table 2.4 present the results of mixed proportional hazard

models where endogeneity of the partner’s quit behavior is taken into account by al-

lowing for correlation between partner’s unobserved heterogeneity affecting start-

ing and quit rates of tobacco use. In both columns, parameter estimate of partner’s

quit behavior is found to be positive but insignificant. Comparing the results in

the first two columns with the ones in columns 3 and 4 shows that parameter esti-

mates decrease considerably. This is because a large part of the effect found in the

restricted models is due to correlation in unobserved heterogeneity. In fact, a like-

lihood ratio test comparing the likelihood obtained in joint estimation of restricted

models and the likelihood of unrestricted model shows that correlation between

unobserved heterogeneity is highly significant.11 Since the distribution of unob-

served heterogeneity has 9 points of support, we obtain 8 probability parameters

(α1,α2,...,α8). The corresponding probabilities are given in Table 2.5. These prob-

abilities indicate that almost half of the couples consists of partners who are the

same types in terms of unobserved heterogeneity affecting the starting rates and

quit rates of tobacco use. Furthermore they suggest that it is more likely to find

couples in which the male is a smoker but not the female than couples in which

only the female is a smoker.

One of the interesting results in Table 2.4 is that the parameter estimate of “both

smokers" variable is negative and statistically significant. Since the quit rates anal-

ysis is performed only on those who start smoking, this variable actually captures

11The LR test statistic is 134.5; the critical value for 4 degree of freedom is 13.2 at 1% significance
level.
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the smoking behavior of the partner. The negative parameter estimate indicates that

males whose partner starts smoking become less likely to quit smoking, compared

to those whose partner is a non-smoker. The same holds for females. Furthermore,

the results of the joint model show that this result is not peculiar to the individual

models. Apparently, those with smoking partners are less likely to quit. A possible

explanation is that smoking together is an extra utility source for both-smoker cou-

ples. Thus, quitting has a higher marginal cost (Canta and Dubois (2010)). Another

reason could be that the cost of smoking is higher when the spouse does not smoke.

This can happen if non-smoker spouse, for example, imposes direct or indirect re-

strictions on the smoker spouse.

2.5.2 Robustness Checks

In order to investigate the extent of our baseline findings we perform several sen-

sitivity analysis. Table 2.6 presents the relevant parts of these estimations. Panel

(a) presents the parameter estimate of our variable of interest obtained in a joint

estimation of mixed proportional hazard models by taking account of partners who

quit in the same year. So far, in the estimations we assume that partner effect kicks

in the next year after someone quits smoking. Therefore, there is no effect if both

partners quit in the same year. In order to see the real effects of possible bargaining

in the household we need to allow for such effects. The results in panel (a) show

that bargaining also does not matter for partners, i.e. quit behavior of neither males

nor females is significantly and causally affected by the partner.

Panel (b) restricts the partner effect to couples who get together before quit be-

havior takes place. Even though there are only a few observations where quitting

occurs before partnership is formed, we present these estimates to check the robust-

ness of our baseline results. The no-partner-effect result remains. Panel (c) reports

the results of mixed proportional hazard models of couples if we restrict the quit

analysis to those who quit at least 2 years before the survey time. We perform this
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analysis because of possible cases where partners’ quit decisions might be tempo-

rary. Someone who reports that using tobacco last year for the last time might use

it again after the survey year. However our baseline results do not change after re-

stricting the quit analysis to those who quit at least 2 years before the survey time.

Panel (d) shows that baseline results do not change if we control for years in which

observations appear in the data.

Furthermore, it is possible that the effect of quit behavior of one partner might

prevail only shortly after quitting happens or change its magnitude over time, i.e.

the effect might disappear in the course of time. In order to investigate this pos-

sibility we introduce a form of duration dependence in the effect of quit behav-

ior of partners. We do so by allowing our parameter of interest, δj, to change its

value from δj to δj + δ1j at 5 and 10 years after the partner quits. In other words

δj = δj + δ1,κ j I(τ > τp + κ) where κ= 5 or 10. Panels (e) and (f) present the result

of these estimations, indicating that no causal effect result remains after controlling

for possible changes in the partner effect.

Finally to complete our robustness checks, we consider two arguments that can

possibly explain no-partner-effect result. The first is that we use annual data in our

estimations whereas more frequent data (monthly for example) might be needed

to establish the spousal peer effects. It is true that more frequent data about the

smoking behavior can be more useful to study quitting smoking. Especially if part-

ners decide to quit more or less the same time, more frequent data can serve well.

However, the data at hand have only yearly information on quitting. Therefore it is

not possible to use more frequent data for either starting rates analysis or quit rate

analysis. That being said, Table 2.3 shows that in only 11% of the cases partners

quit within the same year. 89% of the both-quitter-couples quit in different years.

From this we can deduce that the percentage of couples where both partners quit

smoking within the same month will be very small, at least smaller than 11.

The second argument is that measurement errors due to self-reported informa-

tion of tobacco use can explain the no-partner-effect. As mentioned earlier, we use
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self-reported information about tobacco use in our study. In order to see if our

self-reported data contain large measurement errors, we use the bi-annual charac-

teristics of our data set. As mentioned earlier we use a specific data collection of

CentERdata in 2001, 2003, 2005 and 2007. Each of these 4 data sets has self-reported

information about starting and quitting ages of tobacco use, very similar to our data

set. Using these 4 waves, we can compare the reported starting and quitting ages to

see how consistent our respondents are. Although not reported here and available

upon request, a simple comparison over years showed that for starting ages the

average difference over years is 1.26 (or -1.24). It is even smaller for quitting ages.

Moreover, we also compared the hazard rates of starting and quitting by using the

reported minimum and the reported maximum ages in these 4 bi-annual data sets.

We did not find considerable differences. Therefore, we conclude that measurement

error due to self-reporting does not seem to be a crucial problem.

Although not reported in the paper, we also controlled for the effects of tobacco

prices, several smoking bans over time and calendar years in order to fully model

possible joint shocks to partners’ smoking behavior. Our baseline results remain the

same. All in all, the results of various sensitivity checks show that the no-spousal-

peer-effect result on the quitting to smoke behavior is very robust.

2.6 Conclusions

If two partnered individuals both smoke, the decision of one of them to quit smok-

ing may lead the other to quit smoking as well. Such spousal peer effects can exist

for several reasons. First, one partner can try to convince the other to quit through

bargaining. Second, one partner can learn from the smoking experience of the other.

Third, one partner can even consider the quitting behavior of the other as a self com-

mitment tool to quit. However, an observed association between the smoking and

quitting behaviors of partners does not necessarily mean that this is due to any of

these mechanisms. Individuals form partnerships through an assortative matching
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process. Therefore, they have correlated characteristics. Their preferences and atti-

tudes, including smoking behavior are likely to be similar. This means an observed

association between the smoking behaviors of two partners can be due to unob-

served factors rather than bargaining, learning or spill-over effects, and can reflect

only a correlation rather than a causal peer effect.

Spousal peer effects on quit-smoking behavior are interesting from a policy point

of view because if they exists anti-smoking policies get ‘two for the price of one’.

Through peer effects the quitting of one partner works as a social multiplier for the

anti-smoking policies. Therefore, it is important to distinguish the causal spousal

peer effect from the correlation in spousal behavior due to assortative matching.

We use a unique longitudinal data set from the Netherlands that provides in-

formation for smokers about their age of onset of smoking and for ex-smokers the

year in which they quit smoking. This allows us to model smoking dynamics i.e.

the rate by which individuals start smoking and for smokers the rate by which they

quit smoking. In our modeling we use Mixed Proportional Hazard specifications

which allow us to study how transitions in smoker status are affected by duration

and by observed and unobserved individual characteristics. For two smoking part-

ners, we study how the quitting behavior of one partner affect the quit rate of the

other partner. First, we estimate smoking dynamics for both partners separately

assuming that a quit decision of one partner is exogenous to the quit decision of

the other partner. If we do this, we find that the quit decision of one partner has

a positive effect on the quit rate of the other partner. Then, to account for assorta-

tive matching of the partners, we allow unobserved heterogeneity to be correlated

between partners. If we do this, the cross-partner effect of the quit decision disap-

pears, i.e. there is no causal spousal peer effect in the decision to quit smoking. We

find that similarities in smoking behavior of partners are due to assortative match-

ing in the partnership formation and common household shocks. The behavior of

two partners is correlated and there may be cross-partner effects in behavior but

this does not concern the decision to quit smoking. Apparently, love conquers a lot
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and perhaps all except for nicotine addiction.
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Appendix 1: Details on the mixing distribution

The mixing distribution G(u f , v f ; um, vm) is specified as follows:

P(u f = u f 1, v f = v f 1; um = um1, vm = vm1) = p1
P(u f = u f 1, v f = v f 2; um = um1, vm = vm1) = p2
P(u f = u f 2; um = um1, vm = vm1) = p3
P(u f = u f 1, v f = v f 1; um = um1, vm = vm2) = p4
P(u f = u f 1, v f = v f 2; um = um1, vm = vm2) = p5
P(u f = u f 2; um = um2) = p6
P(u f = u f 1, v f = v f 1; um = um2) = p7
P(u f = u f 1, v f = v f 2; um = um2) = p8
P(u f = u f 2; um = um2) = p9

where v2 f = u2 f = v2m = u2m = −∞ in order to allow for the existence of zero
starting rates and zero quit rates. The probabilities associated with these 9 sup-
port points are assumed to follow logistic distribution, pi =

exp(αi)

∑9
i=1 exp(αi)

, where α9 is

normalized to 0. Apparently, there are 9 groups of people who are systematically
different from others due to some unobserved factors. Following the order of the
probabilities given above; the first group of people consists of couples where both
female and male have a positive starting rate and a positive quit rate. The second
group consists of couples where female has a positive starting rate, zero quit rate
and male has positive starting and quit rates. The third group consists of couples in
which female has a zero starting rate, henceforth no quit rate and male as a positive
starting and quit rate, and so on. The last group consists of couples where both
female and male have a zero starting rate of tobacco use.
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Appendix 2: Details on data

The CentERdata DNB Household Survey is an internet based panel survey which
was initially launched in 1993. The panel is a representative sample of the Dutch-
speaking population in the Netherlands. Participants in this panel were provided
with access to internet if they did not have it themselves. The questionnaires of the
surveys were completed once a week without the intervention of an interviewer.
The specific questions which enabled us to perform our estimations are asked in
2001, 2003, 2005 and 2007 to some 2,000 households participating in the CentER-
panel. The surveys with the smoking questions used in our study were filled by a
sub-sample of the CentER-panel. Furthermore in our study we use information of
individuals who live with a partner in the same household.

The data collected in 2001 is taken as a base data set. Missing observations in
this data set are replaced with information in later data, if available. There are a
few individuals who appear in later data but not in 2001 data. Furthermore there
are observations with conflicting reporting of the first age of smoking and the last
age of smoking. For example an individual reported age of 14 as the first age of
using tobacco in 2003 and age of 15 in 2005. For such observations, we consider the
first report since we think that memory would be more fresh for the first reporting.
The baseline results do not change when we also control for the years in which
observations appear. Furthermore baseline results remain the same if we consider
the minimum reported age or the maximum reported age as the age of first use of
tobacco use for observations with conflicting information in different years. The
reason is that the average difference between such conflicting starting or quit age
reports is less than 1.2.
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Appendix 3: Description of variables

• Ever smoke: Dummy variable if individual reports ever smoking.

• Quit: Dummy variable if individual reports having quit smoking.

• Partner quits: Time variant dummy variable if partner reports having quit
smoking.

• Both smoke: Dummy variable if both partners were ever smoking.

• Having a child: Persistent effect of having a child in the household: 0 for the
years in which there is no child; 1 after a child enters the family.

• Pregnancy: Year effect of pregnancy: 0 if there is no pregnancy; 1 for the year
in which the female partner is pregnant.

• Age: Age of individual at the time of survey (2007).

• Cohort dummy variables (reference: born before 1945):

– Cohort55: Born between 1945 and 1954.

– Cohort65: Born between 1955 and 1964.

– Cohort75: Born between 1965 and 1974.

– Cohort75+: Born after 1974.

• Education dummy variables (reference: basic and primary education):

– Vocational: Secondary general or vocational education.

– Higher: Academic or vocational high education.

– Other: Special education.

• Degree of urbanization dummy variables based on population density per
km2 (reference: more than 2500)

– Urban: 1500-2500.

– Moderately urban: 1000-1500.

– Rural: 500-1000.

– Very rural: below 500.

• Social status dummy variables (reference: very high social status):

– High social st.: High social status.

– Moderate social st.: Moderate social status.

– Low social st.: Low social status.

– Very low social st.: Very low social status.

• Religion dummy variables (reference: no religion):

– Catholic: Catholic.

– Protestant: Protestant.
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– Others: Other religion.

Table 2.7 provides the summary statistics of the variables.
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Table 2.1: Percentage of females and males in couples who ever smoked
cigarettes (on the left) and who quit smoking conditional on ever
use (on the right), in %.

Males

Starting Quitting

Yes No Total Yes No Total
Female Yes 50 11 61 29 17 46

No 25 14 39 16 38 54

Total 75 25 100 35 65 100

Table 2.2: Distribution of females and males in couples based on starting
and quitting smoking, in %.

Male

Starting and Starting but
Quitting no Quitting No starting Total

Starting and Quitting 15a 8b 5c 27

Female Starting but no Quitting 8d 19e 6 f 34
No starting 14g 11h 14i 39

Total 37 38 25 100

Table 2.3: Distribution of females and males in couples based on the timing
of quitting smoking; conditional on starting smoking, in %.

Quit in the same year Male quits first Female quits first Total

Only one quits 0 32 68 100
Both Quit 11 44 45 100

Percentage of the individuals among ever smokers who fall into the groups given in the table above are:
At least one quits: 62% (a+b+d/a+b+d+e); Both quit: 30% (a/a+b+d+e); No one quits: 38% (e/a+b+d+e).
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Table 2.4: Parameter estimates of starting rates and quit rates of tobacco
use for males and females in couples.

Independent Correlated

Males Females Males Females
(1) (2) (3) (4)

a.Quit rates:

Time-varying

Partner quits 0.76 (2.7)** 0.62 (2.2)** -0.13 (0.7) -0.14 (0.6)
Having a child 0.48 (1.2) 0.34 (1.0) 0.45 (1.7)* 0.04 (0.1)
Pregnancy 0.69 (0.9) 1.23 (1.6)* 0.53 (0.7) 1.25 (1.6)*

Time-invariant

Both smoke -0.58 (3.0)** -0.35 (1.2) -0.85 (4.8)** -0.71 (2.3)**
Starting age 0.93 (3.3)** 0.50 (1.5) 0.82 (3.1)** 0.27 (0.8)

Vocational -0.03 (0.1) 0.11 (0.4) -0.09 (0.4) 0.28 (1.2)
Higher 0.11 (0.3) 0.00 (0.0) 0.11 (0.4) 0.16 (0.7)
Other 0.28 (0.1) -0.12 (0.1) -0.12 (0.1) 0.00 (0.0)

Urban 0.14 (0.4) 0.23 (0.6) 0.10 (0.4) 0.17 (0.5)
Moderately urban 0.21 (0.7) 0.20 (0.6) 0.23 (1.0) 0.22 (0.7)
Rural 0.10 (0.3) 0.39 (1.0) 0.00 (0.0) 0.30 (1.0)
Very rural 0.24 (0.9) 0.45 (1.2) 0.19 (0.8) 0.39 (1.2)

Cohort55 0.54 (2.2)** 0.67 (1.9)** 0.45 (2.2)** 0.60 (2.1)**
Cohort65 0.88 (3.3)** 1.07 (2.9)** 0.63 (2.9)** 1.01 (3.2)**
Cohort75 1.38 (4.7)** 1.49 (3.3)** 1.19 (4.9)** 1.32 (3.6)**
Cohort75+ 1.92 (3.5)** 2.21 (3.6)** 1.68 (4.0)** 1.85 (3.9)**

High social st. -0.02 (0.1) -0.02 (0.1) -0.06 (0.3) -0.03 (0.1)
Moderate social st. 0.10 (0.3) 0.33 (1.0) 0.08 (0.3) 0.17 (0.6)
Low social st. -0.04 (0.1) 0.11 (0.3) -0.24 (0.8) 0.24 (0.7)
Very low social st. -0.52 (0.3) 1.37 (1.5) -0.09 (0.1) 1.79 (2.2)**

Catholic -0.06 (0.3) -0.01 (0.0) -0.05 (0.3) -0.09 (0.4)
Protestant 0.02 (0.1) 0.15 (0.5) 0.01 (0.0) 0.21 (0.9)
Others 0.13 (0.2) 0.27 (0.4) 0.05 (0.1) 0.51 (0.7)

v1 -5.61 (6.7)** -5.38 (5.3)** -5.16 (7.1)** -4.82 (5.3)**
v2 −∞ −∞ −∞ −∞

Duration dependence Yes Yes Yes Yes
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Table 2.4 Continued

Independent Correlated

Males Females Males Females
(1) (2) (3) (4)

b.Starting rates:

Vocational -0.27 (2.1)** -0.15 (1.1) -0.27 (2.1)** -0.15 (1.1)
Higher -0.36 (2.4)** -0.33 (2.3)** -0.36 (2.4)** -0.33 (2.3)**
Other -0.08 (0.1) -0.61 (0.6) -0.08 (0.1) -0.61 (0.5)

Urban -0.04 (0.3) -0.31 (1.6)* -0.04 (0.3) -0.31 (1.6)*
Moderate urban -0.09 (0.6) -0.10 (0.5) -0.09 (0.6) -0.10 (0.5)
Rural 0.03 (0.2) -0.18 (1.0) 0.03 (0.2) -0.18 (1.0)
Very rural 0.21 (1.4) -0.15 (0.8) 0.21 (1.4) -0.15 (0.8)

Cohort55 0.07 (0.6) 0.58 (2.9)** 0.07 (0.6) 0.58 (2.8)**
Cohort65 0.17 (1.2) 1.13 (6.0)** 0.17 (1.2) 1.13 (5.8)**
Cohort75 -0.12 (0.7) 0.76 (3.7)** -0.12 (0.7) 0.76 (3.7)**
Cohort75+ 0.18 (1.0) 1.50 (6.5)** 0.18 (1.0) 1.50 (6.4)**

High social st. 0.15 (1.0) -0.08 (0.4) 0.15 (1.0) -0.08 (0.4)
Moderate social st. 0.12 (0.7) -0.22 (1.1) 0.12 (0.7) -0.22 (1.1)
Low social st. 0.09 (0.5) -0.27 (1.4) 0.09 (0.5) -0.27 (1.4)
Very low social st. 0.12 (0.3) -0.46 (0.9) 0.12 (0.3) -0.46 (0.9)

Catholic -0.01 (0.1) -0.08 (0.6) -0.01 (0.1) -0.08 (0.6)
Protestant -0.09 (0.7) -0.15 (1.1) -0.09 (0.8) -0.15 (1.1)
Others 0.12 (0.5) 0.06 (0.3) 0.12 (0.5) 0.06 (0.2)

u1 -3.53 (10.9)** -4.98 (8.8)** -3.53 (10.9)** -4.98 (9.0)**
u2 −∞ −∞ −∞ −∞

Age dependence Yes Yes Yes Yes

α1 0.47 (4.7)** -0.26 (2.7)** 0.29 (2.1)**
α2 0.41 (4.1)** -0.12 (1.3) -0.72 (3.4)**
α3 -1.08 (5.5)**
α4 -0.84 (3.7)**
α5 0.33 (2.8)**
α6 -0.83 (4.9)**
α7 0.00 (0.1)
α8 -0.22 (1.6)*

-Loglikelihood 6453.55 6386.31
Observations 812 812

All estimates contain duration dependence parameters in the quit rates and age dependence parameters in the starting rates;
absolute t-statistics in parentheses. * and ** are for statistical significance at 10% and 5%, respectively.
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Table 2.5: Distribution of probabilities, in %.

Males

[+] Starting [+] Starting
[+] Quitting [-] Quitting [-] Starting Total

[+] Starting [+] Quitting 19 7 5 31
Females [+] Starting [-] Quitting 6 18 6 30

[-] Starting 14 11 14 39
Total 39 36 25 100

The numbers above show the percentage of couples in each category of the unobserved heterogeneity groups. For example,
19% of the couples consist of females and males with a positive starting and positive quit rates.
[+] indicates a positive starting or quit rate. [−] indicates a zero starting or quit rate.
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Table 2.6: Parameter estimates of various sensitivity checks

Restricted Restricted Unrestricted

Males Females Males Females
(1) (2) (3) (4)

a.Same year quits

Partner quits (δ) 0.95 (4.0)** 0.73 (2.8)** 0.12 (0.7) 0.01 (0.1)

-Loglikelihood 6446.0 6386.5

b.Timing of the partnership

Partner quits (δ) 0.72 (2.4)** 0.62 (2.2)** -0.22 (1.2) -0.14 (0.6)

-Loglikelihood 6455.1 6385.8

c.Quit at least 2 years ago

Partner quits (δ) 0.72 (2.6)** 0.61 (2.0)** -0.18 (0.9) -0.24 (1.1)

-Loglikelihood 6410.1 6367.0

d.Controlling survey years

Partner quits (δ) 0.81 (2.8)** 0.64 (2.2)** -0.11 (0.6) -0.08 (0.3)

Year 2001 -0.06 (0.1) 0.24 (1.0) -0.16 (0.1) 0.21 (1.5)
Year 2003 -0.20 (0.6) 0.12 (0.5) -0.02 (0.6) 0.07 (0.5)
Year 2005 -0.25 (0.6) -0.03 (0.1) -0.12 (0.2) 0.01 (0.1)
Year 2007 -0.08 (0.7) 0.15 (0.3) -0.10 (0.9) 0.29 (1.0)

-Loglikelihood 6442.7 6375.7

e.κ=5

Partner quits 0.86 (2.3)** 0.87 (1.7)** 0.40 (1.1) 0.41 (0.8)
Partner quits and 5 years -0.17 (0.4) -0.02 (0.4) -0.62 (1.6) -0.43 (0.9)

-Loglikelihood 6455.2 6389.2

f.κ=10

Partner quits 0.66 (2.6)** 0.57 (2.4)** -0.12 (0.6) -0.05 (0.3)
Partner quits and 10 years 0.27 (0.6) 0.40 (0.9) 0.06 (0.3) -0.14 (0.5)

-Loglikelihood 6456.2 6391.0

Absolute t-statistics in parentheses. * and ** are for statistical significance at 10% and 5%, respectively.
Number of observation is 812 for all estimations.
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Table 2.7: Summary statistics of variables

Females Males

Mean St.Dev. Min Max Mean St.Dev. Min Max

Prevalence

Ever smoker 0.61 0.49 0 1 0.75 0.43 0 1
Quitting 0.46 0.45 0 1 0.45 0.48 0 1

Age

Age 49.47 14.13 23 90 51.92 14.45 21 87
Cohort45 0.19 0.40 0 1 0.25 0.44 0 1
Cohort55 0.21 0.41 0 1 0.22 0.41 0 1
Cohort65 0.24 0.43 0 1 0.22 0.42 0 1
Cohort75 0.24 0.42 0 1 0.23 0.42 0 1
Cohort75+ 0.12 0.33 0 1 0.08 0.27 0 1

Education

Lower 0.39 0.49 0 1 0.30 0.46 0 1
Vocational 0.34 0.47 0 1 0.34 0.47 0 1
Higher 0.27 0.44 0 1 0.35 0.48 0 1
Other 0.01 0.09 0 1 0.01 0.11 0 1

Urbanization

Very urban 0.13 0.34 0 1 0.13 0.34 0 1
Urban 0.24 0.43 0 1 0.24 0.43 0 1
Moderate urban 0.23 0.42 0 1 0.23 0.42 0 1
Rural 0.23 0.42 0 1 0.23 0.42 0 1
Very rural 0.18 0.38 0 1 0.17 0.38 0 1

SocialStatus

Very high 0.21 0.41 0 1 0.20 0.40 0 1
High 0.32 0.47 0 1 0.32 0.47 0 1
Moderate 0.25 0.43 0 1 0.25 0.43 0 1
Low 0.21 0.41 0 1 0.21 0.41 0 1
Very low 0.01 0.11 0 1 0.01 0.11 0 1

Religion

No Religion 0.32 0.47 0 1 0.35 0.48 0 1
Catholic 0.29 0.45 0 1 0.26 0.44 0 1
Protestant 0.24 0.43 0 1 0.23 0.42 0 1
Others 0.15 0.36 0 1 0.15 0.36 0 1

Other

Child 0.54 0.50 0 1 0.54 0.50 0 1
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Figure 2.1: Smoking dynamics: starting rates and cumulative starting
probabilities of partnered individuals

a. Starting rates (percentage/year)

b. Cumulative starting probabilities (percentages)
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Figure 2.2: Smoking dynamics: quit rates and cumulative quit probabilities
partnered individuals

a. Quit rates (percentage/year)

b. Cumulative quit probabilities (percentages)
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Figure 2.3: Scatter plot of years of quitting for females and males in cou-
ples, conditional on ever smoking.

Each dot represents a couple in the sample. There are several dots which are aligned on a vertical line or a horizontal line in
year 2007. These are for couples in which only one spouse quits smoking. In other words, the dots aligned on the vertical
line shows the quit years of females in couples in which male does not quit smoking. The horizontally lined dotes show the
same figure for males whose partner does not quit smoking.
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Figure 2.4: Representation of the partner effect
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CHAPTER 3

EARLY SMOKING, EDUCATION AND

LABOR MARKET PERFORMANCE

3.1 Introduction

A vast amount of evidence has piled up about serious negative consequences of

smoking since the 1964 Surgeon General’s report on the health effects of smoking

(Levine et al. (1997)). This evidence has lead economists to investigate the potential

short term and long term relationship between smoking and various life outcomes

such as labor market performance; finding a strong negative association between

the two.

There are several reasons for a negative association between smoking and labor

market performance. The first is that there are causal mechanisms through which

smoking adversely affects labor market performance. These mechanisms may be

related to both the employer-side and the employee-side. The first set of mecha-

nisms, related to the employer-side, is mainly about the perception of and expecta-

tion about smokers. First of all, a general negative perception of smokers and pub-

51
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lic intolerance can induce employers to use a discriminatory employment policy

(Levine et al. (1997)). Employers may consider smoking behavior as a signal for life

style, worker preferences and worker performance. Second, employers may think

that hiring a smoker is more expensive than hiring a non-smoker as smoking has

strong associations with absenteeism and long term health problems. Even though

employers may not be able to observe the smoking status of an applicant, they can

indicate the non-friendly employment practices towards smokers (such as smoking

bans or restrictions). Furthermore, as the employers may observe the smoking sta-

tus of their employees over time, they might be reluctant to offer improvements in

employment conditions to smokers.

The second set of reasons relate to the employee (smoker) side. It is well known

that smoking, especially long term and intensive smoking, causes serious health

problems. Health problems consequently affect absenteeism and productivity (Kris-

tein (1983), Levine et al. (1997), Halpern et al. (2001), Weng et al. (2013)). An increase

in absenteeism or a decrease in productivity will naturally cause deterioration in la-

bor market performance such as negative career developments, smaller probability

of receiving a promotion and lower wage increases. Furthermore, smokers need

to take breaks throughout the day as it is forbidden to smoke inside workplaces

in many countries.1 Several breaks during a working day can substantially reduce

the total amount of hours worked, which subsequently reduces the productivity

(Halpern et al. (2001)).

There is one more causal mechanism through which smoking can affect labor

market performance. Smoking negatively affects educational attainment if it is ini-

tiated early (Zhao et al. (2012)); thus, indirectly deteriorates labor market perfor-

mance through education. Even though the majority of the documented adverse

health effects of smoking is observed in the long term, smoking may have adverse

immediate health consequences on young people; if so, early smoking affects edu-

cation. A report of the Surgeon General in 1994 shows that teenagers who smoke

1In fact in the Netherlands every employee has a legal right to work at a smoke-free workplace.
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suffer from shortness of breath, increased heart beat and other respiratory prob-

lems. Furthermore, they are more vulnerable to the risk of other drug use. Levine

et al. (1997) reveal that smoking is associated with decreased physical endurance. In

addition, early smoking shows strong association with mental health problems and

depression (Andreski and Breslau (1993)). Although the nature of this association

is yet to be established, there is evidence that mild depression may follow smoking

initiation (Steuber and Danner (2006); Goodman and Capitman (2000)). Moreover,

brain development, cognitive abilities and memory skills of young individuals can

also be adversely affected by smoking (Trauth et al. (2000); Jacobsen et al. (2005)).

Consequently, all these negative effects on health can distort academic achievement.

Health condition of the individuals is not the only way early smoking can af-

fect educational attainment. Some of the documented mechanisms for the negative

effects of smoking on labor market performance can also explain the negative ef-

fects on educational attainment. Since it is forbidden to smoke at schools2, smokers

need to leave the campus during the breaks and turn back to classrooms after the

break. Therefore, they are more likely to be distracted by life outside the school

and more likely to return late to classrooms. This, in combination with the imme-

diate health effects, can easily affect their concentration and ability to focus. That

subsequently distorts the overall academic achievement, and through that it affects

the entrance in the labor market. Moreover, in their seminal paper Rosenthal and

Jacobson (1968) showed that expectations breed the performance. In other words,

teachers’ expectations about potential performance of students actually affect even-

tual performance. In the case of early smoking, if teachers form lower expectations

about smokers, because of the same reasons explaining the employer discrimina-

tion, then early smokers might actually perform worse. Furthermore, early smok-

ing can lead students to search for side jobs because they need to finance their new

habit. Time spent at such jobs eventually reduces the time spent for studying; thus,

2In the Netherlands where the data used in this study are collected, the students cannot smoke
within school premises. This is a part of a general tobacco law passed in 1990.
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it subsequently harms students’ performance at school.3

Admittedly, the negative association between smoking and labor market perfor-

mance does not have to be causal. The second reason for this negative association

is that there may be a negative non-causal correlation. Such a correlation between

smoking and labor market performance may occur when they are jointly deter-

mined by a set of observable and unobservable factors, e.g. parental characteristics,

important life events, general attitude towards risk in life, myopic behavior or time

preferences.4 Finally, the third reason is the reverse causality. In other words, labor

market performance affects the smoking decision; for example, loss of a job might

nudge individuals towards substance use including tobacco.

The investigation of the smoking effects on labor market performance has been

in the research agenda of several economists for many years. The possible adverse

effects of smoking on absenteeism and productivity explain the early interest of

economists in analyzing the smoking behavior. Moreover, the puzzle concerning

three different aforementioned reasons for a strong negative association further in-

tensifies this interest as the economists are in search for correct policy recommenda-

tions. To be able to make correct policy recommendations, one needs to distinguish

between causality from correlation and reverse causality. Furthermore not only di-

rect effects but also indirect effects of smoking on labor market performance need

to be taken into account. Indirect effects can occur through two important human

capitals: educational attainment and health. Since these two human capitals play

significant roles in almost each decision that an individual takes, smoking can have

many indirect effects in the long term. Especially, the effects on education can be

formed early in life and remain persistent. Therefore, smoking -especially if it is ini-

tiated early- can have significant consequences on short and long term labor market

performance.

3An alternative mechanism can potential changes in life expectancy. If smoking reduces the life
expectancy then it also reduces incentives to invest in human capital.

4In fact Hersch and Viscusi (1990) find that the wage compensation for risk is smaller for smokers
indicating that those who smoke might have a different perception of risk.



CHAPTER 3 55

This brings us to one of the important aspects of smoking dynamics: early ini-

tiation. Van Ours (2005) shows that as the age of onset of smoking decreases quit

rates decrease. Therefore, an individual who starts smoking before the age of, for

example, 15 has a higher probability of long-term use compared to someone starts

smoking after 15. This, in return, can increase accumulated adverse effects later in

life, including the adverse effects on labor market performance. Moreover, young

individuals under 15 are mostly in the process of completing education. An early

change in behavior -especially during puberty- can adversely affect school achieve-

ment and mental health development, which may have long lasting effects on other

several life outcomes. Thus, exploring the direct and indirect effects of early smok-

ing on labor market performance, as it is done in this study, stands as an important

empirical task.

In the current study, I first investigate the causal effects of early smoking on edu-

cation, and then explore the direct and the indirect effects of early smoking on labor

market performance.5 Unlike previous studies, this study uses not only hourly

wage information but also other indicators to measure labor market performance. I

use information on the jobs that respondents have to construct an ordered variable,

i.e. job rankings.6 The data at hand enable construction of such a variable for both

the first job, the first jobs that individuals had, and the current job, the jobs that

the individuals had at the time of the survey. The empirical methodology uses the

5Note that the current study only focuses on tobacco use. However tobacco use is found to be
strongly related to alcohol use and cannabis use. Even though it is not the focus of this paper, it
needs to be acknowledged that several studies show that unobserved factors related to the use of
these three drugs are correlated. Zhao and Harris (2004) find significant and positive correlations
across all three drugs -cannabis, alcohol and tobacco- through unobservable characteristics. They
also report that the correlation coefficient between marijuana and tobacco is the highest. There are
also several studies showing that there is a substitute/complementary relationship between these
drugs (noting that there seems to be no consensus which ones are substitutes and which ones are
complementary). Cameron and Williams (2001) find that cannabis is a substitute for alcohol and
a complement to tobacco. The authors also find that alcohol and tobacco are found to be comple-
ments. Tauchmann et al. (2008) and Tauchmann et al. (2013) also find that alcohol and tobacco are
complements. Williams (2004) find that alcohol and marijuana are economic complements.

6This is neither better not worse than using hourly wage information to measure labor market
performance. That is why I also report the estimates of hourly wage estimations. The main reason
behind why I focus on ordering of jobs is that this information is available for both the first job and
the current job whereas wage information is available for the current job only, as in many other data
sets.
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discrete factors approach to capture the unobserved heterogeneity in the analysis of

all ordered variables; educational attainment, the first job rankings and the current

job rankings (Heckman and Singer (1984)). Straightforward maximum likelihood

estimations of mixed ordered probit models indicate a strong negative association

between early smoking and these three life outcomes.

To tackle the endogeneity problem, this study uses a correlated discrete factor ap-

proach. Heckman and Singer (1984) introduced this approach in order to control for

unobserved heterogeneity in hazard rates, and Mroz (1999), for example, used it to

estimate the effects of dummy endogenous variables.7 I first model the dynamics of

smoking - accounting for both starting rates and quit rates to use this approach. Al-

though the main interest is on the early starting behavior, the analysis also includes

quit rates of smoking to have a complete picture of the unobserved heterogeneity

affecting the smoking dynamics. Second, I analyze the ordered outcomes using

mixed ordered probit models with unobserved heterogeneity like the smoking dy-

namics. Finally, I allow for correlation between unobserved heterogeneity affecting

the smoking dynamics and three life outcomes within joint models. This controls

for unobserved factors that can jointly affect smoking, education and labor market

performance. Since reverse causality is not an issue here, because the early smoking

behavior occurs before the age of 158, this method corrects for possible endogeneity

caused by omitted variables.

The results show that early smoking has a negative effect on educational attain-

ment. Once education is controlled for, the effect of early smoking on the first job

rankings vanishes. However, there is still an effect on the current job rankings,

which is a finding in line with the existing literature on the wage effects of smoking.

An analysis of the probability of moving upward in the job rankings over time sup-

7This method is used to correct for endogeneity problem in investigations of health and labor
market effects of cannabis use and smoking. See Van Ours (2003), Van Ours (2004), Van Ours (2006),
Van Ours (2007b), and Van Ours and Williams (2009)

8Note that this is conditional on no-anticipation-effect. If the individuals anticipate their future
life outcomes and make their decisions on tobacco use accordingly, then we cannot rule out reverse
causality.
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ports the aforementioned effects on the current job; showing that those who start

smoking early are less likely to move upward. In other words, early smokers not

only end up with worse first jobs due the effects through education, but also they

are less likely to make a career. Finally, an investigation into the log-hourly-wages

shows that reported wage effects of early smoking may be due to the smoking ef-

fects on the type of jobs, rather than the wage differentials within the same job.

There are several contributions of this study to the literature on the smoking ef-

fects on labor market performance. First, the empirical analysis uses not only the

classical hourly wages information to measure labor market performance, but also

the initial and the current job rankings. Second, this is the first study which explic-

itly explores the smoking effects on education. It shows that there is an early smok-

ing effect on labor market performance through educational attainment. Third, em-

pirical analysis contrasts the effects of early smoking on the first job rankings and

the effects on the current job rankings. Analysis of the first job rankings is interest-

ing as it shows whether early smokers start their job career from a disadvantaged

point early in life. Fourth, the analysis on the difference between the first and the

current job rankings reveals that early smoking prevents individuals from making

a career; a finding in line with the long term health consequences of smoking. Fi-

nally, the last part of the empirical analysis connects the results to the existing wage

effects literature; showing that the reported effects might be due to the effects on

the job types rather than the wage differentials within the same job.

3.2 Previous studies

It is challenging to investigate the causal effect of smoking on educational attain-

ment and labor market performance. First of all, the smoking decision is largely

taken around the ages at which individuals are still in the process of completing

their education; thus, it is hard to draw a clear picture of the timing of events.

However, for labor market performance, the common observation that individu-
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als mature out of substance use around mid-20s makes it possible to investigate the

smoking effects as it is possible to document what comes the first and what follows.

Nevertheless, in both educational attainment and labor market performance analy-

sis the smoking decision is possibly endogenous. Therefore, any investigation has

to consider the timing of events and more importantly the endogeneity problem.

The existing literature analyzing the smoking effects on labor market perfor-

mance focuses on the effects of current smoking on wages and uses various econo-

metric tools to tackle the problem of endogeneity. The first method is to use ex-

clusion restrictions. Auld (2005) establishes a system of equations to estimate the

effects of smoking cigarettes and drinking alcohol on income by introducing prices

and religiousness as exclusion restrictions in the wage equation. Thus prices and

religiousness are assumed to determine the smoking behavior and the drinking be-

havior but to have no direct effects on income. The author acknowledges that with-

out proper exclusion restrictions, the functional form of FIML estimation might not

be adequate for identification.9 After the introduction of restrictions into the wage

equation, the wage effect of smoking remains high at 26%10, which suggests that

smokers earn 26% less than non-smokers.

Similar exclusion restrictions are used to perform 2SLS in studying the wage

effects of substance use. However, Zarkin et al. (1998) states that estimates become

very large after introducing instruments. Similarly Van Ours (2004) reports that

the coefficient estimates of tobacco and alcohol use variables become very large

in 2SLS estimations. The exact reason of this phenomenon is yet to be studied.

French and Zarkin (1995) argue that it is very hard to find reasonable instruments

to estimate the effects of alcohol use on wages. Perhaps, the same goes for the effects

of smoking.11

9In an earlier study,Auld (1998) specifies a similar system of equations defining hourly wages,
alcohol consumption and smoking cigarettes. Using cross sectional data collected in Canada in
1991, the author finds that the wage penalty to smoking in the full model is 67.5%. In other words
smoking habit decreases wages by approximately 67.5%, which is a very high decrease.

10In both of his studies, the author controls for the type of job by including dummy variables
capturing job characteristics such as managerial, administrative, service, etc.

11See French and Popovici (2011) for a discussion of instruments for smoking. See also Bound
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The second method that is used in the literature is to perform twin studies, or to

control for sibling effects. Using a sample of Australian twins, Lee (1999) analyzes

the effects of tobacco consumption on annual earnings. The author reports that both

current and past smokers earn 6% less than never-smokers. Levine et al. (1997) use

a large panel data set from National Longitudinal Survey of Youth from USA to

study the wage effects of smoking. The authors control for sibling behavior to take

account of unobserved heterogeneity. Their conclusion is that workers who smoke

earn 8% less than those who do not once sibling effects are controlled for. Never-

theless, as admitted by the authors, using sibling information helps controlling for

unobserved heterogeneity between families, but not unobserved heterogeneity be-

tween individuals. There still might be some unobserved individual specific factors

jointly determining wages and the smoking decision.

The third method is to construct panel data and use fixed effect models. Similar

to previous studies, Heineck and Schwarze (2003) find that smoking has a negative

effect on monthly earnings in simple OLS estimations. The negative sign, however,

switches for young males once fixed effect estimates are used in a panel data ap-

proach. The authors find no evidence for the wage effects for females. However,

the number of years in their panel is only 3, which can be a low number in order

to identify the wage effects. The reason is that not many people might start or quit

smoking within 3 years. Similarly, not many people are expected to change their

jobs within a period of 3 years. It is, thus, hard to imagine why employers would

offer a lower wage once their employee stops smoking. Grafova and Stafford (2009)

also use panel data collected from 1986 to 2001. The authors report that there is

a wage gap in terms of hourly wages between smokers who are planning to quit,

smokers who have already quit and those who have never smoked before. On the

other hand, no wage gap is found between those who have never smoked and those

who smoked in the past. Furthermore, the authors show that the observed wage dif-

et al. (1995) for a well documented discussion of weak instruments and Conley et al. (2012) for
further discussions on the inference in IV estimations.
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ference between smokers and non-smokers is mainly driven by those who remain

as smokers until 2001. They, accordingly, conclude that the wage effects of smoking

may not be driven by smoking per se but rather by a non-causal mechanism.

The fourth method is to take advantage of timing of events and make functional

form assumptions on unobserved heterogeneity affecting smoking and labor mar-

ket performance. Van Ours (2004) uses a correlated discrete factor approach by

which he controls for correlated unobserved heterogeneity to estimate the effects of

tobacco and alcohol use on hourly wages.12 Using a data set collected in the Nether-

lands in 2001, the author finds that those who smoke earn approximately 8.5% less

than the others.

The remainder of this paper is set up as follows. Section 3 introduces the data and

briefly presents some stylized facts. Section 4 gives details about the econometric

strategy. Section 5 presents and discusses parameter estimates obtained through

maximum likelihood estimations, and section 6 concludes.

3.3 Data and stylized facts

3.3.1 Data

The data used in the empirical part of this study are from the Longitudinal Internet

Studies for the Social Sciences (LISS), which comprises detailed data for a repre-

sentative sample of Dutch population above 16 years old. More specifically, a com-

bined data set -from three specific single-wave collections of information within the

LISS data- is used; namely Alcohol and Drugs Study, Work and Schooling Study

and Wage Indicator Study. These three surveys, which are explained later in detail,

constitute a rich set of information about smoking dynamics, labor market perfor-

mance, and history of labor market transitions.

Alcohol and Drugs study is a single wave data set, which is ideal for the purpose

12See footnote 4 for more use of this method in empirical work. In a forthcoming paper, Palali and
van Ours (2014b) use this method to test the endogeneity of a continuous variable.
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of the current study because it contains answers to detailed questions on smoking.

Respondents in the LISS panel report whether they have ever used tobacco. If so,

they also answer the following question: At what age, approximately, did you first use

tobacco?. This information allows for the investigation of the determinants of uptake

of tobacco, i.e, starting rates of smoking. The respondents who reported ever smok-

ing also report whether they smoked in the last 30 days prior to the survey time.

This information is used to estimate the determinants of tobacco cessation, i.e, quit

rates of smoking. Analyses of starting and quit rates, then, enables a complete pic-

ture of smoking dynamics. This single wave data set consists of 5597 observations

in total.

Work and Schooling and Wage Indicator are two data sets which focus on the

working history of the respondents and their educational attainment. Respondents

in the LISS panel answer detailed questions on their educational background (the

highest degree of education with a diploma), type of the first and the current job

(the job than an individual has at the time of the survey) as well as many other

questions on wages, working hours, job satisfaction, etc. Merging these two data

sets with Alcohol and Drugs study results in considerable number of missing ob-

servations. The resulting merged data set consists of 4030 observations. The reason

is that 1567 individuals who participated in Alcohol and Drugs study did not par-

ticipate in Work and Schooling and Wage Indicator studies. However, in terms of

observables, these 1567 respondents and the remaining 4030 respondents are com-

parable; therefore, there is no immediate evidence for a selection problem between

the data sets.

This paper focuses on three outcome variables: educational attainment, the first

job rankings and the current job rankings. Each of the outcomes variables are con-

structed as ordered variables on a scale from 1 to 9; 1 denotes the lowest educational

attainment or the lowest ranked job and 9 denotes the highest educational attain-

ment or the highest ranked job. The exact details of the scales of education and

job variables are given in Appendix 1. As for the job variables, Table 3.2 displays
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the details of the rankings. The main idea is that clerical jobs are ranked higher

than manual jobs, and non-manual jobs are ranked the highest. Within non-manual

jobs, professional ones are ranked higher than managerial ones. Table 3.2 also dis-

plays the mean hourly wages corresponding to each category in the ordered jobs.

Both for males and females, there is a strong positive correlation between hourly

wages and job categories, except for the last category. Higher academic jobs pay

less than higher supervisory jobs, on average.13 However, job rankings seem to

capture the overall wage differentials, and swapping the last two categories do not

cause changes in the empirical findings.

Empirical analysis in the current study uses information only on respondents

between 22 and 60 years old; restricting the sample size to 2174 respondents, 1021

of whom are males. The age restriction is imposed on the sample because most

individuals complete their education around the age of 22 and enter the labor mar-

ket. Moreover, many of them leave the labor market mainly due to early retirement

around the age of 60. Not surprisingly, the data at hand also demonstrates this phe-

nomenon. Percentage of those who are in paid employment rises sharply after the

age of 22 and drops sharply after the age of 60.14

In addition, there are several sensitivity analyses throughout this study to pro-

vide evidence for the robustness of the results. Some of these sensitivity analyses

were only possible after merging the data set with other assembled studies within

the LISS data. Appendix 2 briefly discusses data coming from other assembled

studies.

3.3.2 Stylized facts

Figure 3.1 highlights unconditional dynamics of starting age of smoking in the sam-

ple. Panel (a) displays the empirical hazard rates of tobacco uptake for both males

13Note that the number of females in the lowest ranked job is very limited, which explains the
high jump in the wages for higher ranked jobs.

14Similarly the percentage of those without a job is 24% for under 22 and 57% for above 60,
whereas it is only 4% for between 22-60.
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and females. The figure shows that starting rates make a peak at the age of 16 and

then another -smaller peak at the age of 18 for both males and females. The first

peak indicates that, conditional on not smoking before, individuals have the high-

est risk of smoking at the age of 16.15 Starting rates virtually become zero after the

age of 25 for males and 23 for females; indicating that those who do not start smok-

ing until mid 20s are very unlikely to do so afterwords. In other words, individuals

mature out of smoking risk in their mid 20s regardless of gender. This finding is

replicated by the cumulative starting probability figures in panel (b), where the

slope of cumulative probability becomes almost zero around the age of 23 for fe-

males and 25 for males. The vertical axis displays the probabilities where the slope

of cumulative probability becomes almost zero; indicating that more than 60% of

females and 65% of males start using tobacco at some point in time. 16

Appendix 5 presents the details and the descriptive statistics of the control vari-

ables (on the left panel) and the variables of interest (on the right). The second

row on the right panel shows that around 25% of the individuals, male or female,

start using tobacco before the age of 15. The first sub-panel on the right presents

the statistics of education variables and shows that, for both males and females,

approximately 10% of the respondents have a university degree. Most individuals

obtain an applied or a higher vocational degree. Around 4% of the respondents

report that their education level is below the compulsory education in the Nether-

lands (a VMBO degree).17 The last two sub-panels present the statistics of labor

market performance variables. A quick comparison of the figures in the table re-

veals that there is an upward movement. The percentage of individuals having a

lower ranked job is smaller in the current job variable whereas that having a higher

15As of 2013 the sale of tobacco to people under 18 is illegal in the Netherlands. However, the
legal age before 2013 was 16, which explains the peak at the age of 16.

16Moreover, 28% of males and 24% of females report that they have used tobacco in the last 30
days. This percentage for the whole population is 26%. Van Laar et al. (2010) show that percent-
age of smokers in the Netherlands was 27 in 2009. Therefore, it seems that the sample at hand is
representative of the Dutch population also in terms of smoking habit.

17Note that for these cases it is not possible to identify if the early smoking takes place before the
education is over. However, assuming that early smoking effect exists for only those with (educa-
tion>2) does not change the results as the percentage of those with (education<3) is very small.
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ranked job is larger. Since the individuals can move upward in the job rankings

after years of experience, this observation is reasonable.

Figure 3.2 displays the percentage of early smokers in each category of the or-

dered variables. For males, there is a clear pattern showing that lower ranked cate-

gories are mostly filled with early smokers.18 For females, as can be seen in Figure

3.3, there seems to be no obvious pattern in educational attainment and labor mar-

ket performance. This unconditional and purely descriptive evidence suggests that

there is a negative association between early smoking and educational attainment

as well as early smoking and labor market performance for males. Whether this

association is causal or not is an empirical question.

3.4 Empirical Model

3.4.1 Dynamics of smoking

Two main components of the smoking dynamics are analyzed: starting rates and

quit rates. In the starting rates analysis, I assume that individuals become vulner-

able to the risk of smoking from age 13 onwards, as only a handful of respondents

report a smaller starting age. Specification of the starting rate at time t (t = 0 at age

12), conditional on observed characteristics x and unobserved characteristics u, is

θs(t | x, u) = λs(t) exp
(
x′βs + u

)
(3.1)

where βs represents the effects of independent variables; λs(t), individual duration

(age) dependence. u denotes Heckman and Singer type discrete unobserved het-

erogeneity (Heckman and Singer (1984)), which is unmeasurable set of differences

in individuals’ susceptibility to smoking. Duration (age) dependence has a form of

flexible step function; λs(t) = exp(Σkλk Ik(t)), where k (= 1,..,9) is a subscript for age

18The very high percentage in the second category of the current job rankings is caused by low
number of observations.
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categories. Ik(t) presents time-varying dummy variables that are one in subsequent

categories, 8 of which are for individual ages (age 13, ..,20) and the last interval is for

ages above 20. Given that the model has a constant term in x′βc, the first parameter

in duration dependence, λ1, is normalized to 0.

This specification of the starting rates yields the following functional form for the

conditional density function of the completed durations until the uptake of tobacco;

fs(t | x, u) = θs(t | x, u) exp
(
−
∫ t

0
θs(µ | x, u)dµ

)
(3.2)

Similar to starting rates of smoking, quit rates are also assessed using a duration

model. The LISS panel includes questions on the last month use of tobacco. The

specification below assumes that if an individual reports no use of tobacco in the

last 30 days, that individual quit smoking in the time period starting from the first

use of tobacco until 30 days prior to the survey.19 The conditional density function

for the completed durations until the last use is

fq(τ | x1, v) = θq(x1, v) exp(−θq(x1, v) · τ) (3.3)

where x1 is the set of control variables, which might be different than x in the start-

ing rates analysis because the starting decision is taken before the quitting decision.

Thus, the factors affecting these two processes can be different. v is the unobserved

heterogeneity in the quit rates. This analysis does not contain any duration depen-

dence, because observing the exact time of quitting in terms of respondents’ ages

is not possible. However, interval censored nature of the data allows for the quit

duration analysis (i.e., total duration of use) thanks to the information on the year

19Admittedly, some of those who did not use tobacco within the last 30 days might fail in quitting
and use tobacco later. However, the data at hand do not allow for identification of such failures.
That said, one should note that the quitting rate analysis is only used to establish the unobserved
heterogeneity behind the smoking dynamics. The current setting, which fails in accounting for short
and long term quitting behavior, is still very useful for this purpose. Furthermore the data shows
that the majority of those who used tobacco within the last 30 days used it more than 2-3 days a
week on average. So, they are not one time experimenters. They smoked tobacco for the first time
some time ago, and they are still using.
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in which the first use of tobacco takes place. This information gives an interval

for quit duration; in other words, even though total duration of smoking is not

observed, minimum and maximum values of this duration are known. Explicitly,

duration of smoking, denoted by τ, will lie in the interval [0,τq] where τq is the dif-

ference between age at the time of survey and the age of the first use. Integrating

out the conditional density function over this interval, then, yields the distribution

function, Fq.

Finally, I allow for the possibility that conditional on the observed characteris-

tics, starting age of smoking and total duration of smoking are correlated through

unobserved characteristics. The reason is that unobserved factors affecting the de-

cision to use tobacco at an early or a late age can also affect the decision to quit.

The joint density of completed durations until initiation of smoking and completed

durations of smoking is specified as:

g1(t, τ | x, x1) =
∫

v

∫
u

fs(t | x, u) fq(τ | x1, v)dG(u, v) (3.4)

where G(u, v) is the joint mixing distribution of unobserved heterogeneity with 3

points of support (u1, v1), (u1, v2), (u2); where v2 = u2 = −∞ so that zero starting

rates and zero quit rates exist can exist. Such specification of the distribution of

unobserved heterogeneity assumes that there are three types of individuals regard-

ing starting and quitting smoking. The first group consists of individuals with a

positive starting and positive quit rate. The second group consists of those with a

positive starting rate but a zero quit rate. The third group has a zero starting rate,

therefore the quit rate does not exist at all.

3.4.2 Educational attainment and labor market performance

I use ordered probit models to investigate how early smoking affects educational at-

tainment and labor market performance. First, I assume that the smoking decision

is independent from all the unobserved factors than can be correlated with educa-
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tional attainment, i.e. that the smoking decision is exogenous. Given that such an

assumption is, by and large, not plausible, the following section (section 3.4.3) will

present the model that takes account of possible endogeneity.

Educational attainment is measured as an ordinal variable in a scale of 1 to 9.

To exploit the ordinal character of the dependent variable, I use an ordered pro-

bit model with discrete unobserved heterogeneity. Such unobserved heterogeneity

captures time-invariant person specific unobserved factors that cause systematic

differences in educational attainment. The unobserved latent variable in the or-

dered probit model is

y∗ed = x′βed + ρedsmoke15− + εed + eed (3.5)

where ρed represents the effect of early smoking. εed controls for discrete type of

unobserved heterogeneity, which is different from the error term eed. Furthermore,

βed measures the effect of the control variables. The observed ordered categories in

the data are

yed =



1 if y∗ed ≤ µ1

2 if µ1 < y∗ed ≤ µ2

.

.

ked − 1 if µked−2 < y∗ed ≤ µked−1

ked if µked−1 < y∗ed

(3.6)

where µ’s are to be estimated threshold parameters in the ordered probit model

and ked is the number of alternatives in the ordered choice; 9. Assuming that the

error term eed has a standard normal distribution, one can write the following prob-

abilities for the ordered probit model, conditional on observable and unobservable



68 EARLY SMOKING

individual heterogeneity20:

Pr(yed = ked|x2,ed, εed) = Φ(µked
− x′2,edβed − εed)−Φ(µked−1 − x′2,edβed − εed) .

(3.7)

where Φ(.) is standard normal cdf. with Φ(µ0 − x′2,edβed − εed) = 0 and Φ(µ9 −

x′2,edβed − εed) = 1. Since there are heterogeneity specific constants in the model,

I set the first threshold parameter µ1 to zero. The other threshold parameters are

modeled in the following way so as to ensure that the probabilities are positive and

thresholds are ordered: µ2 = γ2
1, µ3 = µ2 + γ2

2, ..., and µked−1 = µked−2 + γ2
ked−2.

Similar to educational attainment, labor market performance is also investigated

through an ordered probit model. The unobserved latent variable in the analysis of

labor market performance is

y∗j = x′β j + φjeducation + ρjsmoke15− + εj + ej (3.8)

where ρj represents the effect of early smoking. φj controls for the effect of edu-

cational attainment on labor market performance. εj controls for discrete type of

unobserved heterogeneity. β j measures the effect of the control variables. The rest

of the analysis is analogous to the analysis of educational attainment; therefore, the

details of the model specifications are omitted.21

3.4.3 Joint (correlated) model

Assuming that smoking is exogenous to educational attainment and labor market

performance might be unrealistic. The exogeneity assumption requires that the

early smoking decision is orthogonal to any factor that affects educational attain-

ment and labor market performance. It is, however, likely that there are unob-

served personal characteristics that affect all three processes. Some individuals, to

20For simplicity I write x′2,edβed = x′βed + ρedsmoke15−
21The analysis of labor market performance is the same for the initial and the current job rankings.
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exemplify, can exhibit myopic behavior in general by opting for immediate plea-

sure rather than long term achievement. If such a behavior is formed early in life,

then these individuals will be more likely to smoke at an early age and will be less

likely to complete higher levels of education and less likely to invest in human cap-

ital. Thus, an estimated negative effect of smoking will reflect a correlation rather

than causality. Distinguishing causality from correlation by relaxing the exogeneity

assumption is crucial to explore the true effects of early smoking.

The first method to deal with such an endogeneity problem is to take advantage

of instrumental variables. However, most of the instruments used in the litera-

ture so far, such as religiosity or parental characteristics, suffer from endogeneity as

well. It is hard to assume that such type of individual-level or family-level factors

do not have direct effects on educational attainment or labor market performance.

Moreover, the results presented by the literature shows that the negative smoking

effect on labor market performance increases in magnitude once the instruments

are used.22 These findings might suggest that unobserved factors that make an in-

dividual more likely to smoke also make them perform better in the job market.

Although it is technically not possible to refute such a case, the more likely scenario

is that unobserved factors that make an individual more likely to smoke, such as

ability, time preferences or parental characteristics, make them perform worse in

the job market. The same probably goes for educational attainment as well. A sec-

ond set of instrumental variables could be external shocks such as tobacco prices or

various smoking bans. However, these variables tend to be weakly related to the

initial smoking decision. Indeed, the results of unreported 2SLS estimations using

the same data set showed that tobacco prices and smoking bans failed to pass the

22There are several reasons why this can be the case. The first is that maybe there is measurement
error in the smoking variables. If so, simple OLS estimations will result in a downward bias. The
second is that proposed instruments might have an effect on only a part of the sample, for example
occasional users. This is likely to be the case when the instruments are derived from policy changes.
In such a case, IV estimates will reflect the effect of smoking on wages for those who are affected
by the variations in the instruments under the condition that the smoking effect is individual spe-
cific. However both of these cases suggest that endogeneity of the smoking decision in the wage
estimations is not caused by unobserved factors such as ability or time preferences.
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first stage tests in both educational attainment and labor market performance esti-

mations. Information on these estimates together with the details of tobacco prices

and smoking bans in the Netherlands are available upon request.

Instead, I adopt a model that takes account of the potential endogeneity prob-

lem by controlling for correlation between unobserved heterogeneity affecting the

smoking decision and educational attainment. To establish a causal effect, the smok-

ing decision and educational attainment are modeled simultaneously such that un-

observed factors in both processes are allowed to be correlated by using discrete

mixing distributions. This correlated discrete factor approach is equivalent to a cor-

related random effects model. The main idea is that unobserved heterogeneity af-

fecting educational attainment and unobserved heterogeneity affecting the dynam-

ics of smoking can be correlated, i.e. they come from a joint mixing distribution.23

In the absence of reverse causality, this method corrects the endogeneity problem

stemming from possible omitted variables.

The joint density function of the completed duration of smoking initiation, to-

tal duration of smoking and ordered educational attainment – g2(t, τ, yed = ked |

x, x1, x2,ed) is:

∫
εed

∫
v

∫
u

fs(t | x, u) fq(τ | x1, v)Prob(yed = ked | x2,ed, εed)dG(u, v, εed) (3.9)

where G(u, v, εed) is a discrete mixing distribution underlying unobserved hetero-

geneity affecting the starting rates of smoking, duration of smoking and ordered

choices. The number of support points determines the underlying unobserved

types of individuals. Suppose there are 3 types in starting and quit rates and 2

types in educational attainment, then 6 types may exist in the joint model. In other

words, each type in the starting and quit rates will have a probability of belonging

23This is akin to assume that the endogeneity of the smoking decision stems only from unobserved
time invariant factors affecting early smoking and educational attainment, such as innate ability or
rate of time preferences. Since the early smoking decision is taken before the age of 15, reverse
causality is not an issue here. Therefore, this assumption fits well in the empirical question that this
study investigates.
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to a high education group and a low education group. In case of perfect correla-

tion, 3 types exist in the joint model. Perfect correlation could imply that those who

are more likely to smoke will be in the low education group and those who are

less likely to smoke will be in the high education group. It is possible to compare

the likelihood ratio statistics of all of such cases to determine which specification

is the preferred one, which makes the the specification of unobserved heterogene-

ity almost non-parametric. The same joint model is used to estimate labor market

performance. Therefore, the equations describing this estimation are omitted.

One of the explanatory variables in the labor market performance estimations is

educational attainment. Since this variable can also be endogenous in labor market

performance estimations, I extend the joint model summarized in equation 3.9 by

controlling for correlation between unobserved heterogeneity affecting the smok-

ing decision, educational attainment and labor market performance. That means

the smoking decision, educational attainment and labor market performance are

simultaneously estimated. The joint density function of the completed duration of

smoking initiation, duration of smoking, educational attainment and labor market

performance – g3(t, τ, yed = ked, yj = k j | x, x1, x2,ed, x2,j) is specified as:

∫
εed

∫
εj

∫
v

∫
u

fs(t | x, u) fq(τ | x1, v)Prob(yed = ked | x2,ed, εed)Prob(yj = k j | x2,j, εj)

dG(u, v, εed, εj)

(3.10)

where G(u, v, εed, εj) is a discrete mixing distribution underlying unobserved het-

erogeneity affecting age of onset of smoking, duration of use, educational attain-

ment and labor market performance. 24

24In the most flexible case, this distribution can have 12 points of supports (3 x 2 x 2). In the case of
perfect correlation between the smoking dynamics and educational attainment, smoking dynamics
and labor market performance and educational attainment and labor market outcomes, 3 support
points exist.
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3.5 Parameter Estimates

The following sections will present the parameter estimates of individual and joint

models, all are obtained through maximum likelihood estimations. The details of

these maximum likelihood estimations are given in Appendix 3 as an extension of

the empirical model section. The estimations are done separately for males and fe-

males because of the fundamental differences between the underlying characteris-

tics of the labor market positions of males and females. Although the main focus of

the paper is on the possible effects of early smoking on labor market performance,

I will first present the estimates of smoking dynamics. Section 3.5.2 will discuss

the early smoking effects on educational attainment. Sections 3.5.3 will present the

effects on labor market performance, separately for the first job and the current job

rankings. Section 3.5.4 will discuss the magnitude of the effects.

3.5.1 The dynamics of smoking

Table 3.3 presents the parameter estimates of mixed proportional hazard models

for starting and quit rates, for both males and females. The negative coefficient

estimates on religiosity and age-cohort dummies show that individuals who were

living with religious parents during their adolescence and individuals who belong

to older birth cohorts have smaller hazard rates. In other words, they have a lower

probability of initiating smoking. Moreover, males in couples seem to have higher

quit rates compared to singles. In addition, those who start smoking at early ages

are less likely to quit smoking. The parameter estimates for females display very

similar results. Panel (b) in Table 3.3 presents the estimates for duration (age) de-

pendence parameters. In line with the patterns observed in Figure 3.1, smoking

initiation makes a peak at the age of 16 and then a smaller peak at the age of 18 for

both gender groups.

Panel (c) in Table 3.3 presents the parameter estimates of unobserved heterogene-

ity. In all columns, I set the second mass points to minus infinity, thereby allowing
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for the possibility of zero starting and quit rates. Columns (2) and (3) show that

three mass points are identified in the joint mixing distribution. The finding of 3

points of support suggests that there are three types of individuals regarding start-

ing and quitting smoking. The first group consists of individuals with a positive

starting and positive quitting rate. The second group consists of those with a posi-

tive starting rate but a zero quitting rate; the third group, those with a zero starting

rate. For the last group, therefore, quitting rate does not exist at all. The parame-

ter estimates of probabilities associated to these mass points show that 47% of the

males and 45% of the females have a positive starting rate and a positive quitting

rate; 22% of the males and 18% of the females have a positive starting rate but a

zero quitting rate. 31% of the males and 37% of the females have a zero starting

rate. Finally, the log-likelihood test statistics presented in the same panel shows

that correlation between unobserved heterogeneity affecting starting rates and quit

rates is statistically significant.25 Therefore, it is important to jointly model start-

ing and quit rates to identify the unobserved heterogeneity behind the dynamics of

smoking.

3.5.2 Educational attainment

Table 3.4 displays the estimated parameters of individual and correlated ordered

probit models. Columns (1) and (3) show that early smoking has a negative associ-

ation with educational attainment for both males and females. As clarified before,

these regressions ignore the possible endogeneity of the smoking decision. Accord-

ingly, the parameter estimates are bound to be inconsistent.

Columns (2) and (4) present the results of the joint models that control for the

possible correlation between unobserved heterogeneity affecting education and smok-

ing. As can be seen in both columns, the parameter estimate of the early smoking

25However, note that a formal LR test is problematic since one of the parameters (α) is not iden-
tified under the null hypothesis. This will be the case in the other LR tests reported in this study
where the null hypothesis characterizes no unobserved heterogeneity case.
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effect decreases in size. For females early smoking does not have a causal effect on

the educational attainment, and previously reported negative effect is purely due

to the correlation through unobserved factors. For males, on the other hand, even

though the coefficient estimate decreases in the joint model, it remains significant.

Therefore, I cannot rule out the possibility that early smoking has a causal effect

on educational attainment for males. Finally, the statistics for likelihood ratio tests

that appear in panel (c) show that correlation between unobserved heterogeneity

affecting education and smoking dynamics is statistically significant.26

Admittedly, the finding that early smoking has a causal effect on education might

seem surprising. One can argue that a few years of smoking would not possibly

cause significant health problems that can impair the youth and prevent him or

her from completing education. Such an argument has, of course, merit for the

current analysis as well because even those who start using tobacco at an early age

will not consume it for long years before they finish their education. Undeniably,

certain adverse health effects can naturally be observed if individuals use tobacco

early. Some of such affects are briefly discussed before. However, for the sake of

the argument, I assume that these effects are not observed. If negative health effects

are not driving the significant results presented in Table 3.4, and if none the other

mechanisms discussed before is strong enough for an early smoking effect, then

what can explain the results?

An alternative mechanism is the possibility of exogenous time-varying shocks

that can simultaneously affect educational attainment and the smoking decision.

For example, loss of a friend or a family member or parental divorce can cause

frustration and depression; resulting in both lower education and involvement in

risky health behaviors including smoking. Panels (a) and (b) of Table 3.5 attempt

to control for some of such possibilities. Panel (a) introduces a dummy variable for

26Note that in this education estimation late starters, those who start smoking after the age of 14,
are in the reference group. Therefore the early smoking effect can be actually a lower bound for
the actual effect of smoking on education. Lower panel of Table 3.4 presents the results after I add
another dummy variable for those who start smoking after the age of 14. The early smoking effect
does not change.
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early loss of parent(s); panel (b), a dummy variable for early parental divorce. In

both cases, “early" means that the mentioned frustrating and depressive event takes

place before the age of 15. Under both specifications the smoking effect remains un-

changed; therefore, I conclude that the early smoking effect is robust to exogenous

childhood shocks.

One can alternatively argue that the proposed joint model is unable to capture

unobserved factors affecting the smoking decision and educational attainment. To

investigate such a possibility I perform several robustness analyses by introducing

control variables that are expected to be highly correlated with the unobserved fac-

tors that can affect both processes. One of such unobserved factors could be system-

atic differences between the rate of time preferences between individuals. If such

preferences are formed early in life, then they can explain the negative coefficient

estimates of early smoking. Individuals with high rates of time preference will place

a higher value on present than on future. Consequently, they will be more likely to

enjoy risky health behaviors and less likely to invest in human capital (Levine et al.

(1997)). In panel (c) of Table 3.5, I control for certain preference patterns to check the

robustness of the smoking effect. If the early smoking effect changes after adding

the preference variables, then it means the joint model fails to capture unobserved

systematic differences. The preference patterns for which the specification controls

are risk aversion, prudence and temperance. Appendix 2 gives more information

on the measurement and the use of these preference variables. For both males and

females, parameter estimates in the table show that the results do not change; there-

fore, such preferences are already captured by the joint model and not driving the

main results.27

Another unobserved factor can be the effects of parental characteristics. If cer-

tain parents fail in providing their children with proper supervision (due to various

important but -for this study- irrelevant reasons), then both educational attainment

27Adding these preference variables in the individual ordered probit models yields parameter es-
timates that are closed to the ones presented by the joint models. This is a further evidence showing
that the joint model is able to control for such unobserved factors.
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and smoking behavior of such children can be influenced. Panel (d) of Table 3.5 in-

vestigates this possibility by controlling for parental education variables. Appendix

2 shortly but adequately introduces the Life History Questionnaire that provides in-

formation on parental education. The smoking effect is robust to the inclusion of

these variables. Finally, the last panel of Table 3.5 displays the results of an estima-

tion where I include a dummy variable for the early use of alcohol (before age of 15).

There is no data on the peer use of tobacco during childhood. Therefore, the idea

here is that the peer effects that can lead an individual to use tobacco can also lead

the same individual to involve in other risky health behaviors such as early alcohol

use. In other words early alcohol use can be used as an imperfect proxy for the

general peer effects. The results show that the early smoking effect is unchanged.28

All in all, the results of these sensitivity checks show that the joint model success-

fully controls for correlated unobserved factors that can jointly affect the smoking

decision and educational attainment.

Finally, the remaining mechanism possibly explaining the negative smoking ef-

fect is that early smoking has indeed a causal effect on education via the various

channels mentioned before.29 Unfortunately the data at hand does not allow for

exploration of these mechanisms for there is no information on physical or mental

28In an unreported estimation I also included a dummy for the early cannabis use. The coefficient
estimate for the smoking effect is -0.26 and -0.09 for males and females, respectively. However, there
are only a handful of individuals who start using cannabis before the age of 13.

29One special aspect of the Dutch education system is that the students are assigned to different
types of secondary school after the age of 12 based on their academic success. That means it is possi-
ble that certain types of kids get together in different types of schools, which can affect the smoking
behavior. In such a case it is hard to assume no-reverse-causality.
Even though I try to control for possible peer effects in a reported estimation, I investigate the ef-
fects of this early assignment into schools. I performed the baseline joint analysis with a new early
smoking dummy which takes a value of 1 if the respondent starts smoking before the age of 13 (the
age at which they are in the assigned secondary school). This new analysis cannot suffer from any
possible reverse causality because for these starters the provided education is exactly the same. The
estimated coefficients for this new early smoking dummy are -0.23 for males, and 0.01 for females.
Even though there are only a few individuals starting smoking before the age of 13, reverse causal-
ity does not seem to be an issue. The new coefficients are very similar to the baseline results, albeit
imprecisely estimated.
In an alternative method, I checked the robustness of the early smoking effect by introducing ed-
ucational attainment dummies into the starting rates analysis. Even though this estimation is not
perfect due to the unavailability of information on the early education tracks of the respondents, it
serves well as a sensitivity analysis. The results showed that the negative early smoking effect for
males is robust. Full estimation results are available upon request.



CHAPTER 3 77

health of individuals at young ages, or on attendance patterns at schools. If there is

indeed a causal effect, then those who start smoking at an early age unintentionally

enter a different life-labor path. Subsequently, such an early path diversion be-

tween smokers and non-smokers can result in serious disadvantages for the former

through the accumulation of the effects. The following section will partly shed light

on 2 of these disadvantages by presenting the analysis of the first and the current

job rankings.

3.5.3 Labor market performance

The first job rankings

Table 3.6 presents the coefficient estimates of the joint models on the first job rank-

ings for males and females. The first column suggests that the early smoking deci-

sion has a negative effect on the type of the first job that a male has. Nonetheless,

this effect alters once the specification includes educational attainment variables.

Considering the discussion about the effects of early smoking on education in the

previous section, one can indeed expect a change in the coefficient estimate. How-

ever, the change is so manifest that as presented in the second column of the table,

keeping the level of education constant, early smoking does not affect the first job.

Considering the aforementioned mechanisms through which smoking can affect la-

bor market performance, this empirical finding is reasonable. For the first jobs, no

employer discrimination is expected as the smoking status of the first time job ap-

plicants will not be observable. Moreover, the serious health consequences that can

affect the productivity are probably not observed since they take place after long

years of use. The remaining mechanism is the educational attainment, which is

what the results also indicate.

Additionally, column (3) controls for possible endogeneity of the educational at-

tainment in the first job rankings estimation. The coefficient estimate of early smok-

ing is unchanged; showing that it is robust to the extension of the functional form
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defining unobserved heterogeneity. The last three columns present the same results

for females. For both gender groups, statistics of likelihood ratio tests that appear

in panel (d) reveal that the correlation between unobserved heterogeneity affecting

smoking dynamics, education and the first job rankings is significant. Therefore,

estimations that fail in controlling for this correlation would suffer inconsistency.30

Table 3.7 presents the results of various sensitivity analysis on the joint model

for males and females, respectively. The first sensitivity analysis controls for the

preference patterns to take account of different rate of time preferences, prudence

and patience. Although the sample size decreases substantially, a quick comparison

with the columns (3) and (6) of Table 3.6 reveals that the results remain similar. The

second sensitivity analysis controls for the search efforts before an individuals finds

his or her first job. Similar to the previous sensitivity analysis, the purpose is to

take account of different preferences. This sensitivity analysis also takes account of

possible exogenous shocks that can impair abilities to put search effort. The results

show that the coefficient estimate of early smoking is robust to this specification

for both gender groups. The final sensitivity check controls for possible calender

effects by introducing the year in which an individuals starts his or her first job.

The results are also robust to this final specification for both gender groups.

All in all, the results indicate that early smoking has an adverse effect on the

first job rankings, but only through education. Therefore, if the academic problems

stemming from early smoking can be prevented, early smokers will be less likely

to start their career in the labor market from a disadvantaged point. Admittedly,

the first job is only a part of the life-time labor market performance, and the next

section will explore the possible long-term effects of early smoking by investigating

the effects on the current jobs of individuals.

30Indeed the lowest panel shows that ignoring the endogeneity problem results in much higher
and significant coefficient estimates for the smoking effect.
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The current job rankings

Table 3.8 presents the parameter estimates of the current job ranking regressions.31

Column (1) in Table 3.8 present the results when educational attainment is not

controlled for. Column (2) adds the educational attainment dummies into the anal-

ysis. Comparing the coefficient estimates of early smoking in columns (1) and (2)

shows that, similar to the first job rankings, early smoking has an effect on the cur-

rent job rankings through education for males.

Column (2) shows the estimates of individual model for males, where early

smoking is assumed to be exogenous. There is a negative and significant associ-

ation between early smoking and the current job rankings. Column (3) presents the

results of the correlated model, where the correlation between unobserved hetero-

geneity is taken into account. The coefficient estimate of early smoking decreases

from column (2) to column (3). However,it remains significant.32 Columns (5) and

(6) present the results for females. Neither in the individual model nor in the joint

model there is evidence for a negative effect. Likelihood ratio tests show that the

joint model is preferred over individual models, which ignore the correlation be-

tween unobserved heterogeneity.

Contrasting the results in the previous section with the ones here shows that

there is a difference between the first job rankings and the current job rankings in

terms of the early smoking effect. Even though there is no evidence for the early

smoking effect on the first job rankings (conditional on education), the results in

Table 3.8 show that there is an effect on the current job rankings. Statistically, there

31Note that there might be a selection bias in the ranked information on jobs since the ranking
exists for individuals who select into employment. In order to check if this is a serious problem in
the data at hand, I re-estimated the simple ordered probit model by re-categorizing the job rankings.
In the new rankings I set the first category for those who do not have a paid job. The remaining
categories are kept the same. The results and interpretation of this estimation remain the same.

32One caveat in the current job rankings estimations is that cohort effects can be important. The
reason is that since the current job information is collected for everyone in the sample in the same
year, young cohorts are less likely to have a current job which is different than their first job. Ideally
age categories control for such an effect because they serve as cohort dummies. Moreover, I also
included a variable to control for the years elapsed from the moment respondents started working
in their first jobs until the survey time. The results did not change, because as expected this new
variable is highly correlated with the cohort dummies.
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can be two main reasons for such a phenomenon. The first is that those who start

smoking at an early age are more likely to move downward in the labor market

performance rankings, compared to those who do not start smoking early. The

second is that early smokers are less likely to move upward. Since there are only

a handful of observations where the first job is higher ranked than the current job,

the second explanation sounds more plausible.

To check if early smokers are indeed less likely to more upward, I perform a

similar ordered probit estimation, where the dependent variable is the difference

between the current job rankings and the first job rankings. This variable takes a

value of 1 if there is no change or the difference is negative; 2 if the difference is

1; 3 if the difference is 2; and 4 if the difference is more than 2. Table 3.12 displays

the sample statistics of these job transitions. The parameter estimates are reported

in Table 3.9. Since the chances of moving upward in the rankings can depend on

the initial position, I also control for the first job type. Coefficient estimate of early

smoking shows that males who start using tobacco at an early age are less likely to

move upward in the job rankings. This inertia explains why there is no effect on the

first job, but there is on the current job. This finding is in line with the expected long

term adverse effects of smoking (especially on physical health). Apparently, the

accumulation of effects distorts labor market performance and harms individuals’

ability to move upward in the job rankings.33

Finally, Table 3.10 succinctly connects the labor market effects of early smoking

to the wider literature on the wage effects of tobacco consumption. The dependent

variable, in this estimation, is the log hourly wages of the individuals calculated

as Monthly wages
hours worked per week∗4.29 . For hourly wage estimations, I use information from in-

dividuals who report at least 20 hours of work per week or at most 60.34 Unlike

the foregoing sections, the dependent variable is not an ordered one in this case.

33This is indeed supported by estimations which include a dummy variable for current smoking
behavior. The effect is higher on those who are current smokers.

34These are natural cutoff points in the data. Only a handful of male respondents report working
less than 20 hours and more than 60 hours. One respondent reports 124 hours of working per week.
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Therefore, Appendix 4 briefly presents the econometric model that produces the

parameter estimates in the table. The main idea behind the estimation is the same;

the joint model allows for correlation between unobserved heterogeneity affecting

hourly wages, smoking dynamics, education and job rankings.35

In order to analyze the effect of early smoking, I initially include the early smok-

ing dummy and the available control variables in the wage equation. The results

show that early smoking negatively affect the wages of males. There seems to be

no negative effect for females. In order to see the occupation-specific effects of early

smoking, I include interactions between the early smoking variable and the job type

dummies into the wage equation. Lower panel of Table Table 3.10 report the results.

For almost all of the job types of males early smoking negatively affects wages. The

effect seems to be the highest for lower ranked jobs. For females, on the other hand,

there is no evidence for a smoking effect.

Although not reported, I performed several other sensitivity analysis on the cur-

rent job rankings, wages and the probability of switching to a better job. First, I

re-estimated the effect of early smoking on current labor market performance by

using information about the current status of smoking. It seems that negative effect

on the wages and the current job is higher for those who start smoking early and

continue smoking until the time of the survey. However, the coefficient estimate of

interaction between early smoking and current smoking is imprecisely estimated.

The possible reason is that the vast majority of those who start using tobacco before

the age of 15 consists of still-smokers. Second, I controlled for risk attitudes in the

analysis of current labor market performance. The reason is that preferences and

risk attitudes can affect incentives to invest further in human capital, e.g. through

on the job trainings. The results in Tables 3.9 and 3.10 are found to be robust to the

inclusion of the risk attitude and preference variables. Furthermore, using ordered

35Similar to the ordered probit model on the current job rankings, there might be a selection bias
in the wage estimation because wages exists only for those who select into employment. I controlled
for the same bias by estimating a simple Heckman’s sample selection model. For both males and
females, Mills ratio is found to be insignificant. In short, selection bias due to sample selection is not
an issue in the wage estimations.
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logit models instead of probit ones did not also change the results, only rescaled the

coefficient estimates.

3.5.4 Magnitude of the effects

Figure 3.4 briefly displays the magnitude of the early smoking effect on educational

attainment and the current job rankings for only males. The numbers in the figure

are obtained as follows. First, I simulated the probabilities of belonging to the each

category in the ordered choices for those who smoked before the age of 15 using the

estimates presented in column 2 of Table 3.4 and column 2 of Table 3.8. Then, the

same probabilities are simulated for those who did not smoke before the age of 15.

The numbers in the figure reflect the differences between these probabilities for the

each category. For all of the other control variables, sample means are used in the

simulations.

The results show that early smoking decreases the probability of finishing a high

level of education. The effect is the largest on the probability of finishing a scientific

degree. The probability of completing scientific education is 4%-point lower for

someone who smoked before the age of 15. Similarly, early smoking decreases the

probability of having an academic job by almost 4%-point in the long run.

3.6 Conclusion

There is a small literature studying the causal effects of smoking on labor market

performance. The majority of the studies within this literature focuses on earnings

or hourly wages. The literature on the relationship between smoking and edu-

cational attainment is even smaller. A handful of studies explore the association

between smoking behavior and education without establishing causal effects.

This study focuses on the effects of early initiation of smoking on educational at-

tainment and labor market performance. It uses not only hourly wage information

but also ranking of jobs to measure labor market performance as this information
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is available for both the first jobs and the current jobs. Since educational attainment

and job ranking variables have ordinal character, ordered probit models are used in

estimations. The results indicate that there is a strong negative association between

smoking and education as well as smoking and labor market performance for both

the first job and the current job rankings. However, it is possible that smoking and

education, and smoking and labor market performance are jointly determined by

a set of unobserved factors. To tackle this endogeneity problem, the current study

uses a correlated discrete factor approach, which is equivalent to a correlated ran-

dom effects model in which the main idea is that unobserved personal characteris-

tics affecting smoking, education and labor market performance can be correlated.36

In the absence of reverse causality, this method yields causal effects as it controls for

the endogeneity problem stemming from omitted variables.

The results show that early smoking has a negative effect on educational attain-

ment for males only. This negative effect is robust to several sensitivity checks such

as controlling for risk preferences and depressive childhood events. Apparently,

smoking does not only have long term negative consequences, but also can start

affecting one’s life earlier on. Once education is controlled for, there is no evidence

for the early smoking effect on the first jobs. The only effect seems to be through ed-

ucation. This effect suggests that early smokers start their labor market career from

a disadvantaged point, and this disadvantage is due to that early smokers perform

worse in schools. No causal effect is found for females.

Unlike the first job rankings, educational attainment is not the only channel

through which early smoking affects the current job rankings of males. The re-

sults show that there is still an effect on the current job conditional on educational

attainment; which is a finding in line with the existing literature on the wage effects

36It is important to emphasize that this study focuses only on early initiation of smoking; possibly
missing other aspects of smoking behavior such as intensity of use or the duration of use. It is possi-
ble that those who start smoking after the age of 14 face with negative labor market consequences as
well. On the other hand, the reported results are strong enough to show that early initiation matters.
Moreover, because of data limitations possible mechanisms though which early smoking can affect
the current labor market performance and the wages are not investigated.
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of smoking. Proposed mechanisms for the wage effects of smoking are mainly dis-

crimination, serious health consequences and smoking breaks at workplaces. All

these mechanisms might work after years in the labor market. All in all, it seems

that the adverse effects of early smoking accumulates over time and early smokers

who start their career with low ranked jobs become stuck in those jobs or become

less likely to make a career. Finally, an analysis of the log-hourly-wages shows that

reported wage effects of early smoking may be due to the possible effects on the

type of jobs.

The reported effects of early smoking on educational attainment of males suggest

that policies against smoking, targeting especially youth, can be indeed effective. It

is not only the case that early smoking affects solely education, but it also affects

other important life outcomes through education. Therefore fight against the ad-

verse effects of smoking needs to begin very early in schools for once the smoking

effect on educational attainment materializes, there might be several long term con-

sequences. If the negative effect of early smoking on education can be prevented,

the indirect adverse effects can also be prevented. The easiest way to do so is, of

course, to prevent young individuals from initiation into smoking. This requires a

much more detailed analysis of the determinants of tobacco uptake. Only then it is

possible to identify the more vulnerable individuals and fight against the negative

aspects of tobacco uptake. Furthermore, the difference between males and females

in terms of the early smoking effect indicates that there is need for further analy-

sis of the mechanisms through which smoking affects education and labor market

performance. Apparently, some of the proposed mechanisms work only for males.

Finally, the existence of early smoking effect on the current job conditional on ed-

ucational attainment suggests that early smoking affects labor market performance

through other channels in the long run. Apparently, the problems related to early

initiation of smoking accumulate, and it is not only the education that matters in

the long run. This further calls for preventive measures.
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Appendix 1: Ordered variables

Two tables below show the ordered categories of the education and the job ranking
variables. In the Netherlands, currently, the compulsory education ends at the age
of 16; corresponding to a VMBO degree. Any of the other degrees are based on vol-
untary education. Due to the changes in the education system, name of the degrees
obtained by the older part of the sample may be different. For those cases, I used
the current categories that correspond to the old ones, according to CBS (Statistics
Netherlands).

The information on jobs come jointly from Working and Schooling and Wage
Indicator data sets. The first job and the current job have the same categories, dis-
regarding side jobs and holiday jobs. The columns on the right display the aver-
age hourly wages (in Euros) for each category. There are other variables which
might possibly be used in the ordering of the jobs. However, for none of these vari-
ables such as satisfaction with job, satisfaction with wages or working hours there
is enough variation between job categories. It seems that almost all of the respon-
dents have similar levels of satisfaction with their jobs, wages or working hours
regardless of the job that they have.

Table 3.1: Ordered categories of education variable

Dutch Expected age
Educationi Explanation abbreviation at graduation

1 Primary or no education 16-
2 Special or other education 16-
3 Preparatory middle-level applied education (vocational) VMBO 16
4 Preparatory middle-level applied education (technical, combined) VMBO 16
5 Higher general continued education HAVO 17
6 Preparatory scholarly education VWO 18
7 Middle-level applied education MBO 19
8 Higher vocational education HBO 21
9 Scientific education (bachelor and higher) WO 21+

Table 3.2: Ordered categories of the job variables

Hourly wages
Jobi Explanation Males Females

1 Agrarian job (e.g., farm worker) 12.5 9.2
2 Unskilled and trained manual work (e.g., cleaner) 13.3 12.2
3 Semi-skilled manual work (e.g., driver, factory worker) 14.6 13.8
4 Skilled manual work (e.g., car mechanic, electrician) 15.4 13.9
5 Other clerical work (e.g., administrative assistant) 17.7 14.6
6 Intermediate supervisory or commercial work (e.g., department manager) 18.4 15.2
7 Intermediate academic or independent job (e.g., teacher, nurse) 19.7 17.0
8 Higher supervisory job (e.g, manager, director) 28.5 24.4
9 Higher academic or independent job (e.g., physician, scholar) 25.4 20.7
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Appendix 2: Additional data sets from the LISS panel

In addition to the three main single wave studies of the LISS panel- Alcohol and
Drugs, Working and Schooling, and Wage Indicator- the following two data sets
are used in some sensitivity analysis.

2.1 Life History Questionnaire

Life history questionnaire is a single wave study consisting of several parts that con-
cern family histories of the respondents. In each part of the survey the respondents
answer different questions regarding their family situation during childhood. The
questionnaire was made available in 2012, and in total 5231 individuals completed
the questionnaire.

2.2 Measuring Higher Order Risk Attitudes of the General Popula-
tion

This single wave questionnaire concerns the measurement of the degree of risk
aversion, prudence and temperance of respondents by recording answers given to
several choices between lotteries. The respondents were presented lottery choices
after being assigned to different situations by means of random dice throws. Their
choices between lotteries are used to measure the risk attitudes.

I use the same strategy in Noussair et al. (2014) to measure the incidence of pru-
dence, temperance, and risk aversion. I measure risk aversion with the number of
safe choices an individual makes, out of the five decisions involving a sure pay-
off and a risky lottery. Similarly, I measure prudence with the number of prudent
choices, and temperance with the number of temperate choices that an individual
makes. Then, I assume that an individual is risk averse (prudent, temperate) if the
number of choices is greater than 3. Since the data set used in Noussair et al. (2014)
is the same, a more detailed explanation of the questions and measurement strategy
can be found in their study.
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Appendix 3: ML of the starting rates, quit rates and or-

dered probit models

3.1 Starting rates

Integrating out the unobserved heterogeneity in the conditional density in equation
3.2 gives the following density function for the duration until tobacco uptake (t)
conditional on x, but unconditional on u:

fs(t | x) =
∫

u
fs(t | x, u)dG(u) (3.11)

where G(u) is a discrete mixing distribution with 2 points of support ua and ub.
Note that it is possible to have more points of support. However, since empirical
tests indicated the existence of 2 support points, I chose to present the model with
2 support points. (The same goes for all the models explained below: the preferred
models are presented). This indicates that two types of individuals exist regarding
the hazard rate for tobacco uptake: those who are more likely to smoke and those
who are less likely to smoke. Each individual has a probability of belonging to one
of these types, and the probabilities, being the same for everyone, are denoted as
follows: Pr(u = ua) = r and Pr(u = ub + ua) = 1− r. r has a logit specification;
r = exp(α)

1+exp(α) , where α is the parameter defining the probabilities and to be estimated
by the model. The mixed proportional hazard framework assumes that α does not
depend on any observables, including calender or age effects.

The log-likelihood that accounts for the discrete nature of the observations on
the onset age of smoking is

n

∑
i=1

ds,i log [Fs(ti − 1)− Fs(ti)] + (1− ds,i) log [1− Fs(ts,i)] (3.12)

where i is an index for individual, n is the number of individuals in the sample and
ds,i is a dummy variable that is equal to 1 if an individual started using tobacco and
equal to 0 otherwise.

3.2 Quit rates

Using the distribution function, Fq, I specify the following log-likelihood for the
analysis of quit rates

m

∑
i=1

dq,i log
[
Fq(τq,i)

]
+
(
1− dq,i

)
log
[
1− Fq(τq,i)

]
(3.13)

where m is the number of individuals that ever used tobacco and dq,i is a dummy
variable that has a value of 1 if the individual stopped using tobacco and a value of 0
if the individual did not stop using tobacco. Individuals who report using tobacco
in the last 30 days are right censored, i.e. they are assumed to be non-quitters. I
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perform the quitting analysis using only those who ever use tobacco; otherwise
quit rates do not exist. Similar to starting rates I assume that there are 2 unobserved
heterogeneity groups.

3.3 Ordered probit models

Analogous to starting and quit rates, integrating out the unobserved heterogeneity
in the conditional probabilities, given in equation 3.7, yields the unconditional ones.
Explicitly;

Pr(yed = ked|x2) =
∫

εed

Prob(yed = ked|x2, εed)dG(εed) (3.14)

where k ∈ {1, 2, 3, , , 9}, denoting ordered choices. I assume that G(εed) is a dis-
crete mixing distribution with 2 points of support εa,ed and εb,ed. 2 support points
indicate that, conditional on observed characteristics, there are 2 types of indi-
viduals in the ordered choices on educational attainment: high education types
and low education types. The associated probabilities are: Pr(εed = εa,ed) = p
and Pr(εed = εb,ed + εa,ed) = 1 − p, where p is modeled using a logit specifica-
tion, p =

exp(α)
1+exp(α) . Finally, the likelihood function of the ordered probit models is

∏N Prob(yed = ked|x2)
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Appendix 4: ML of the wage equation

In order to investigate the wage effects of smoking, I first estimate a simple linear
model where log hourly wage is a function of early smoking for males and females
separately. To take account of unobserved heterogeneity in the wage equation, I
use a discrete factor approach proposed by Heckman and Singer (1984). The wage
equation is specified as

wi = β0 + β1x4,i + β2ti + β3dti + ωi + ei (3.15)

where wi is log hourly wage, xi represents personal characteristics, ti is a dummy
indicator of early smoking and dti is the interaction of early smoking dummy with
the first job ranking dummies. ωi is the unobserved heterogeneity component of the
wage equation for hourly wages. ei is the error term. This discrete factor approach
makes the probability density function conditional on unobserved heterogeneity,
which can be integrated out once we assume a functional form. The resulting log
likelihood of this linear model is

L =
N

∑
i=1

log
(∫

ω
f (w|x4, ω)dG(ω)

)
(3.16)

where f (.) is the probability density function of the normal distribution and G(ω)
is a discrete mixing distribution with 2 points of supports with the property that
ωi = ω1 with probability of p1 and ωi = ω2 with probability of p2. p1 and p2 are
assumed to have a logistic functional form where p1 = exp(α)

1+exp(α) = 1− p2. α is the
probability parameter to be estimated by the maximum likelihood estimation. Since
I estimate both points of support I normalize β0 to 0.

The joint model -for starting rates, quit rates, education, the current job and
wages- is specified as:∫

ω

∫
εed

∫
εj

∫
v

∫
u

fs(t | x, u) fq(τ | x1, v)Prob(yed = ked | x2,ed, εed)Prob(yj = k j | x2,j, εj)

fc(w | x4, ω)dG(u, v, εed, εj, ω)

(3.17)

where dG(u, v, εed, εj, ω) is the mixing distribution.
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Appendix 5: Estimates

Table 3.3: Parameter estimates of the mixed proportional hazard models
on the starting and quit rates of smoking.

Males Females
(1) (2) (3) (4)

a. Control variables

Religious -0.32 (7.3)** 0.01 (0.2) -0.05 (2.3)** 0.06 (0.8)
Migrant -0.13 (1.2) 0.12 (0.8) -0.13 (1.0) 0.40 (1.0)
Very urban 0.57 (3.8)** -0.11 (0.5) 0.33 (2.5) -0.21 (0.5)
Urban 0.27 (2.2)** 0.12 (0.8) 0.21 (1.7)* -0.30 (0.8)
Rural 0.30 (2.2)** 0.10 (0.6) 0.23 (1.6) -0.31 (0.7)
Cohort(30-36) -0.30 (0.8) -0.15 (0.4) -0.27 (2.2)** 1.21 (0.5)
Cohort(37-43) -0.22 (0.7) -0.85 (2.3)** -0.56 (3.6)** -0.58 (0.3)
Cohort(44-49) -0.37 (1.1) -1.24 (3.3)** -0.32 (1.1) -1.47 (0.9)
Cohort(50+) -0.10 (0.3) -1.27 (3.4)** -0.39 (1.9)* -1.12 (0.7)
Married wo. children 0.57 (3.1)** 0.73 (2.0)**
Married w. children 0.73 (4.2)** 0.96 (2.6)**
Single w. children 0.25 (0.6) -0.50 (1.2)
Starting age 0.66 (3.8)** 2.23 (4.8)**

b. Age(Duration) dependence

λ20+ 0.22 (1.3) 0.11 (0.4)
λ20 0.31 (0.9) 1.30 (4.8)**
λ19 0.74 (2.9)** 1.00 (3.9)**
λ18 1.30 (7.9)** 1.60 (10.4)**
λ17 0.35 (1.8)* 0.66 (3.9)**
λ16 1.22 (9.1)** 1.14 (8.8)**
λ15 0.66 (5.3)** 0.66 (5.1)**
λ14 0.01 (0.0) 0.40 (3.2)**

c. Unobserved heterogeneity

ua, va -1.20 (3.6)** -4.02 (8.4)** -2.12 (11.0)** -5.38 (3.0)**
ub, vb −∞ −∞ −∞ −∞

α1 0.39 (4.9)** 0.23 (3.0)**
α2 -0.36 (3.3)** -0.70 (5.5)**

-LogLikelihood 2366.8 2580.6
LR-Test 40.5** 34.2**
Observations 1071 1103

LR-Test presents LR statistics for the significance of correlation between unobserved heterogeneity affecting starting and
quit rates. Null hypothesis assumes no unobserved heterogeneity in quit rates.
Absolute t-statistics in parentheses. *,** denote statistical significance at 10% and 5%, respectively.
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Table 3.4: Parameter estimates of the ordered probit models on educational
attainment.

Males Females
(1) (2) (3) (4)

Smoking15− -0.27 (3.5)** -0.20 (2.6)** -0.12 (1.7)* -0.04 (0.5)

a. Control variables

Religious 0.04 (2.0)** 0.04 (2.1)** 0.06 (3.7)** 0.06 (3.5)**
Migrant 0.06 (0.7) 0.06 (0.6) 0.15 (1.6) 0.15 (1.5)
Very urban 0.43 (3.3)** 0.47 (3.6)** 0.28 (2.2)** 0.28 (2.1)**
Urban 0.09 (0.9) 0.09 (0.9) -0.04 (0.4) -0.06 (0.6)
Rural -0.02 (0.2) -0.02 (0.1) -0.12 (1.1) -0.14 (1.3)
Cohort(30-36) 0.14 (0.3) 0.14 (0.3) -0.04 (0.1) -0.01 (0.0)
Cohort(37-43) -0.28 (0.7) -0.28 (0.7) -0.34 (0.8) -0.30 (0.7)
Cohort(44-49) -0.26 (0.6) -0.25 (0.6) -0.54 (1.3) -0.49 (1.2)
Cohort(50+) -0.34 (1.8)* -0.33 (1.8)* -0.87 (2.1)** -0.83 (2.0)**

b. Ordered probit thresholds

γ1 0.97 (21.5)** 0.98 (20.9)** 0.99 (20.8)** 1.00 (20.7)**
γ2 0.66 (22.7)** 0.66 (22.6)** 0.75 (26.1)** 0.75 (25.8)**
γ3 0.39 (14.5)** 0.40 (14.3)** 0.44 (16.8)** 0.44 (16.5)**
γ4 0.37 (14.1)** 0.37 (13.8)** 0.30 (11.8)** 0.30 (11.8)**
γ5 1.16 (52.6)** 1.17 (51.7)** 1.24 (58.6)** 1.24 (58.0)**
γ6 0.31 (9.8)** 0.31 (9.6)** 0.40 (12.0)** 0.40 (11.9)**
γ7 1.02 (24.3)** 1.02 (24.0)** 0.88 (20.7)** 0.88 (20.3)**

c. Unobserved heterogeneity

εed,a 2.18 (5.1)** 2.28 (5.2)** 2.56 (6.0)** 2.61 (6.1)**
εed,b -0.39 (4.7)** -0.33 (3.7)**

α1 0.33 (4.2)** 0.16 (2.1)**
α2 -0.22 (2.3)** -0.57 (5.3)**

-LogLikelihood 4199.4 4188.1 4363.3 4356.6
LR-Test 22.6** 6.7**
Observations 1017 1017 1103 1103

Controlling for the late smoking behavior
Smoking15− -0.36 (3.9)** -0.22 (2.2)** -0.15 (1.9)* -0.04 (0.4)
Smoking14+ -0.14 (1.7)* 0.00 (0.0) -0.18 (2.4)** -0.10 (1.2)

-LogLikelihood 4198.0 4187.5 4362.1 4356.1
Observations 1017 1017 1103 1103

LR-Test presents LR statistics for the significance of correlation between unobserved heterogeneity affecting smoking
dynamics and education. Null hypothesis assumes no unobserved heterogeneity in education.
Absolute t-statistics in parentheses. *,** denote statistical significance at 10% and 5%, respectively.
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Table 3.5: Parameter estimates of sensitivity analysis on education

Males Females
(1) (2)

a. Early parental divorce

Smoking15− -0.22 (2.5)** -0.01 (0.1)

Parental divorce -0.13 (0.7) -0.14 (1.0)

-LogLikelihood 3089.6 3271.5
Observation 758 825

b. Early parental loss

Smoking15− -0.22 (2.5)** -0.01 (0.1)

Parent loss -0.06 (0.3) -0.09 (1.5)

-LogLikelihood 3089.8 3270.7
Observation 758 825

c. Risk attitudes

Smoking15− -0.19 (2.8)** 0.05 (1.0)

Risk aversion -0.09 (0.9) -0.09 (0.9)
Prudence 0.18 (1.8)* 0.21 (2.0)**
Temperance 0.11 (1.1) 0.11 (1.1)

-LogLikelihood 2426.7 2267.1
Observation 585 579

d. Educational attainment of parents

Smoking15− -0.21 (2.4)** -0.03 (0.3)

Mother’s education 0.01 (0.7) 0.04 (2.6)**
Father’s education 0.03 (1.7)* -0.01 (0.6)

-LogLikelihood 3010.2 3198.8
Observation 737 810

e. Use of alcohol

Smoking15− -0.22 (2.9)** -0.01 (0.9)

Early use of alcohol 0.12 (0.3) 0.34 (0.8)

-LogLikelihood 4187.9 4356.1
Observation 1017 1103

Absolute t-statistics in parentheses. *,** denote statistical significance at 10% and 5%, respectively.
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Table 3.6: Parameter estimates of the ordered probit models on the first job
rankings

Males Females
(1) (2) (3) (4) (5) (6)

Smoking15− -0.16 (2.0)** -0.07 (0.9) -0.06 (1.2) -0.15 (1.8)* -0.10 (1.4) -0.07 (1.1)

a. Control variables

Religious 0.01 (0.8) 0.00 (0.0) 0.02 (1.0) 0.05 (3.0)** 0.03 (1.3) 0.05 (3.5)*
Migrant 0.02 (0.2) 0.05 (0.5) 0.08 (0.9) 0.17 (1.7)* 0.09 (0.8) 0.12 (1.8)
Very urban 0.61 (5.0)** 0.37 (2.8)** 0.55 (3.5)** 0.27 (2.1)** 0.15 (1.7)* 0.17 (1.7)*
Urban 0.32 (3.4)** 0.26 (2.7)** 0.34 (2.9)** 0.08 (0.9) 0.10 (1.1) 0.12 (1.3)
Rural 0.18 (1.7)* 0.16 (1.5) 0.20 (1.4) 0.04 (0.4) 0.09 (0.8) 0.10 (0.9)
Cohort(30-36) 0.49 (2.2)** 0.52 (2.5)** 0.66 (2.1)** 0.18 (0.9) 0.27 (1.4) 0.25 (1.3)
Cohort(37-43) 0.17 (0.8) 0.40 (2.0)** 0.41 (1.4) -0.06 (0.3) 0.15 (0.8) 0.14 (0.7)
Cohort(44-49) 0.47 (2.1)** 0.71 (3.5)** 0.67 (2.2)** 0.13 (1.6)* 0.49 (2.6)** 0.48 (2.5)**
Cohort(50+) 0.53 (2.3)** 0.83 (3.9)** 0.81 (2.6)** -0.06 (1.3) 0.44 (2.1)** 0.43 (2.0)**

b. Educational attainment

Special or other 0.71 (2.7)** -0.81 (2.1)** 1.67 (5.8)** 1.84 (5.6)**
Prep. vocational 0.19 (0.8) 0.18 (0.7) 0.35 (1.4) 0.34 (1.4)
Prep. technical 0.54 (2.3)** 0.53 (2.1)** 0.91 (3.7)** 0.91 (3.7)**
General continued 1.02 (3.7)** 1.06 (3.8)** 1.05 (3.9)** 1.06 (4.0)**
Prep. scholarly 0.92 (3.6)** 0.86 (3.1)** 0.88 (2.4)** 0.89 (2.4)**
Middle applied 1.25 (6.1)** 0.94 (3.9)** 1.61 (7.2)** 1.63 (7.2)**
Higher vocational 1.85 (6.5)** 0.92 (2.4)** 1.94 (6.4)** 1.95 (6.3)**
Scientific 2.19 (10.0)** 1.26 (4.3)** 2.44 (10.0)** 2.48 (10.1)**

c. Ordered probit thresholds

γ1 0.71 (16.6)** 0.72 (16.3)** 0.74 (15.9)** 1.00 (17.6)** 1.10 (17.8)** 1.12 (16.6)**
γ2 0.79 (27.4)** 0.82 (28.4)** 0.85 (26.5)** 0.51 (14.7)** 0.55 (14.6)** 0.55 (14.7)**
γ3 0.67 (27.4)** 0.72 (27.1)** 0.76 (23.7)** 0.25 (8.1)** 0.28 (8.0)** 0.28 (7.9)**
γ4 0.74 (31.3)** 0.80 (31.2)** 0.88 (21.3)** 1.11 (49.1)** 1.18 (47.7)** 1.19 (47.3)**
γ5 0.61 (23.3)** 0.66 (23.1)** 0.76 (15.1)** 0.43 (17.8)** 0.46 (17.8)** 0.46 (17.6)**
γ6 0.75 (24.1)** 0.81 (24.5)** 0.94 (15.2)** 1.15 (39.3)** 1.22 (38.4)** 1.23 (37.5)**
γ7 0.36 (9.1)** 0.39 (8.9)** 0.44 (8.0)** 0.43 (8.1)** 0.46 (7.9)** 0.46 (7.8)**

d.Unobserved heterogeneity

εj,a 1.13 (4.9)** 0.01 (0.0) 1.77 (3.4)** 2.17 (9.2)** -2.65 (1.7)* 3.12 (2.8)**
εj,b -0.23 (2.8)** -0.05 (0.6) -1.75 (6.0)** -0.19 (1.9)* 0.95 (3.0)** -2.18 (1.9)*

α1 0.35 (4.4)** 0.35 (4.4)** -0.48 (1.9)** 0.17 (2.2)** 0.17 (2.3)** -3.94 (5.6)**
α2 -0.22 (2.2)** -0.22 (2.2)** -1.52 (4.5)** -0.60 (5.4)** -0.63 (5.4)** 0.20 (2.5)**
α3 -0.80 (3.0)** -0.71 (4.9)**
α4 0.32 (3.1)**
α5 0.01 (0.4)

-LogLikelihood 4573.4 4442.0 6091.1 4289.5 4172.7 5876.7
LR-Test-1 26.4** 26.2** 24.1** 30.1** 30.0** 22.2**
LR-Test-2 14.4** 0.6
Observations 1017 1017 1017 1103 1103 1103

Columns (1) and (4) when the endogeneity of the smoking decision is ignored

Smoking15− -0.19 (2.3)** -0.20 (2.5)**

LR-Test-1 presents LR statistics for the significance of correlation between unobserved heterogeneity affecting smoking
dynamics and the first job (for the last column, also education). Null hypothesis assumes no unobserved heterogeneity in
the first job.
LR-Test-2 presents LR statistics for the significance of correlation between unobserved heterogeneity affecting education and
the first job.
Absolute t-statistics in parentheses. *,** denote statistical significance at 10% and 5%, respectively.
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Table 3.7: Parameter estimates of sensitivity analysis on the first job rank-
ings

Males Females
(1) (2)

a. Controlling for the risk attitude

Smoking15− -0.05 (0.4) -0.06 (0.7)

Risk aversion 0.07 (0.7) 0.02 (0.5)
Prudence 0.19 (1.8)* 0.06 (0.5)
Temperance -0.05 (0.5) -0.10 (1.3)

-LogLikelihood 3466.2 3004.6
Observation 582 573

b. Time spent to search for the first job

Smoking15− -0.04 (0.5) -0.09 (1.0)

Short search -0.01 (0.1) 0.10 (1.6)
Moderate search 0.07 (0.5) 0.19 (1.1)
Intensive search 0.47 (2.4)** 0.33 (1.3)

-LogLikelihood 3397.5 2867.4
Observation 570 546

c. Year at the time of first job

Smoking15− -0.05 (0.6) -0.08 (1.1)

Year at the time of first job 0.01 (2.0)** 0.00 (0.7)

-LogLikelihood 5922.3 5582.3
Observation 990 1054

Absolute t-statistics in parentheses.
*,** denote statistical significance at 10% and 5%, respectively.
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Table 3.8: Parameter estimates of the ordered probit models on the current
job rankings

Males Females
(1) (2) (3) (4) (5) (6)

Smoking15− -0.31 (4.2)** -0.23 (2.7)** -0.18 (2.9)** -0.10 (1.4) -0.03 (0.4) -0.04 (0.5)

a. Control variables

Religious 0.02 (0.9) 0.00 (0.0) 0.12 (0.2) 0.04 (2.2)** 0.00 (0.1) -0.01 (0.6)
Migrant -0.13 (1.4) -0.13 (1.4) -0.14 (0.1) 0.08 (0.8) -0.02 (0.2) -0.09 (0.6)
Very urban 0.71 (5.9)** 0.47 (3.6)** 0.51 (3.7)** 0.51 (4.3)** 0.38 (3.0)** 0.39 (3.1)**
Urban 0.33 (3.5)** 0.29 (3.1)** 0.32 (3.3)** 0.29 (3.4)** 0.34 (3.9)** 0.35 (3.9)**
Rural 0.24 (2.2)** 0.26 (2.4)** 0.28 (2.6)** 0.20 (2.0)** 0.28 (2.8)** 0.29 (2.8)**
Cohort(30-36) -0.78 (3.0)** -0.12 (3.9) 0.12 (3.9) -0.10 (0.4) -0.06 (0.3) -0.07 (0.3)
Cohort(37-43) -1.01 (3.9)** 0.05 (3.7) 0.05 (3.7) -0.41 (1.7)* -0.12 (1.1) -0.13 (1.0)
Cohort(44-49) -0.70 (2.7)** 0.28 (2.2)* 0.28 (2.2)* -0.34 (1.4) 0.02 (0.1) 0.00 (0.0)
Cohort(50+) -0.82 (3.2)** 0.18 (2.4)* 0.18 (2.4)* -0.58 (2.3)** 0.07 (0.3) 0.11 (0.4)

b. Educational attainment

Special or no 1.02 (4.1)** 0.06 (0.2) 1.91 (5.4)** 0.81 (5.2)**
Prep. vocational 0.17 (0.8) 0.19 (0.8) 0.47 (1.4) 0.45 (1.4)
Prep. technical 0.47 (2.1)** 0.50 (2.1)** 1.00 (3.0)** 0.99 (3.0)**
General continued 1.33 (5.1)** 1.36 (5.1)** 1.12 (3.2)** 1.12 (3.1)**
Prep.scholarly 1.36 (5.7)** 1.40 (5.7)** 1.02 (2.6)** 1.00 (2.5)**
Middle applied 1.59 (7.8)** 1.61 (7.8)** 1.77 (5.5)** 1.76 (5.4)**
Higher vocational 2.15 (3.5)** 2.19 (3.6)** 2.03 (5.6)** 2.02 (5.5)**
Scientific 2.78 (12.7)** 2.81 (12.7)** 3.00 (8.8)** 3.00 (8.6)**

c. Ordered probit thresholds

γ1 0.48 (8.0)** 0.49 (8.5)** 0.50 (8.0)** 1.05 (18.5)** 1.05 (18.5)** 1.05 (17.5)**
γ2 0.88 (21.7)** 0.88 (21.7)** 0.89 (20.7)** 0.53 (13.7)** 0.53 (13.7)** 0.53 (13.4)**
γ3 0.79 (25.1)** 0.79 (25.1)** 0.79 (24.6)** 0.30 (8.3)** 0.30 (8.3)** 0.30 (8.1)**
γ4 0.76 (37.4)** 0.76 (27.4)** 0.76 (26.5)** 1.09 (43.0)** 1.09 (43.0)** 1.09 (41.9)**
γ5 0.77 (28.9)** 0.77 (28.9)** 0.77 (28.4)** 0.54 (21.7)** 0.54 (21.7)** 0.54 (21.1)**
γ6 0.81 (28.9)** 0.81 (28.9)** 0.81 (27.3)** 1.16 (43.7)** 1.16 (43.7)** 1.16 (41.6)**
γ7 0.81 (23.3)** 0.81 (23.3)** 0.81 (22.9)** 0.68 (15.4)** 0.68 (15.4)** 0.68 (14.9)**

d. Unobserved heterogeneity

εj,a 2.56 (9.3)** 1.56 (4.7)** 3.71 (4.7)** 2.41 (9.1)** 1.01 (2.5)** 1.04 (2.5)**
εj,b -2.19 (3.1)** -0.18 (0.7)

α1 -4.11 (7.9)** -0.20 (1.4)**
α2 -4.18 (7.9)** -0.10 (0.7)
α3 0.30 (3.9)**
α4 -0.18 (2.1)**

-LogLikelihood 2047.4 1832.5 6005.3 1851.5 1684.2 5988.0
LR-Test-1 60.4** 50.8**
LR-Test-2 5.2** 1.8
Observations 1017 1017 1017 1103 1103 1103

LR-Test-1 presents LR statistics for the significance of correlation between unobserved heterogeneity affecting smoking
dynamics and the current job (for the last column, also education). Null hypothesis assumes no unobserved heterogeneity in
the current job.
LR-Test-2 presents LR statistics for the significance of correlation between unobserved heterogeneity affecting education and
the current job.
Absolute t-statistics in parentheses. *,** denote statistical significance at 10% and 5%, respectively.
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Table 3.9: Parameter estimates of the ordered probit models on the proba-
bility of having a higher ranked job.

Males Females
(1) (2)

Smoking15− -0.27 (2.7)** 0.01 (0.0)

a. Control variables

Religious 0.01 (0.4) -0.02 (0.9)
Migrant -0.13 (1.1) -0.12 (0.8)
Very urban 0.34 (2.1)** 0.34 (2.0)**
Urban 0.18 (1.5) 0.25 (2.0)**
Rural 0.31 (2.4)** 0.16 (1.1)
Cohort(30-36) 0.07 (3.3) -0.19 (0.6)
Cohort(37-43) 0.41 (2.3)** 0.02 (0.1)
Cohort(44-49) 0.64 (3.5)** 0.03 (0.1)
Cohort(50+) 0.56 (3.1)** 0.06 (0.2)

b. Educational attainment

Special or other 1.13 (3.4)** 1.82 (4.2)**
Prep. vocational 0.35 (1.3) 0.56 (1.5)
prep. technical 0.45 (1.7)* 0.89 (2.5)**
General continued 1.42 (4.7)** 1.02 (2.6)**
Prep. scholarly 1.35 (4.6)** 1.08 (2.5)**
Middle applied 1.46 (5.7)** 1.43 (4.1)**
Higher vocational 1.34 (3.1)** 1.42 (2.8)**
Scientific 1.83 (6.5)** 2.32 (6.1)**

c. The first job types

Unskilled manual 0.78 (3.7)** 0.38 (1.1)
Semi-skilled manual -0.01 (0.1) -0.73 (2.0)**
Skilled manual -0.64 (3.7)** -0.71 (1.8)*
Other clerical -0.67 (3.9)** -1.77 (5.3)**
Int. supervisory -1.73 (10.1)** -2.74 (7.9)**

d. Ordered probit thresholds

γ1 0.67 (24.3)** 0.61 (19.1)**
γ2 0.79 (23.4)** 0.82 (18.7)**

e. Unobserved heterogeneity

εa 0.15 (1.5) 0.27 (2.6)**
εb -0.13 (0.3) -0.36 (0.6)

α1 0.35 (4.4)** 0.18 (0.1)
α2 -0.22 (2.2)** -0.61 (0.1)

-LogLikelihood 3513.6 3377.9
Observations 1017 1103

Absolute t-statistics in parentheses. *,** denote statistical significance at 10% and 5%, respectively.
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Table 3.10: Parameter estimates of the joint model on log-hourly wages

Males Females
(1) (2)

Smoking15− -0.08 (1.9)* -0.04 (1.1)

a. Control variables

Religious 0.00 (0.5) 0.00 (0.3)
Migrant 0.01 (0.1) -0.10 (2.2)**
Very urban -0.02 (0.9) 0.14 (2.0)**
Urban 0.04 (0.1) 0.06 (1.9)
Rural 0.03 (1.0) 0.01 (0.1)
Cohort(30-36) 0.28 (3.8)** 0.38 (3.9)**
Cohort(37-43) 0.41 (4.2)** 0.46 (3.5)**
Cohort(44-49) 0.44 (5.2)** 0.52 (4.2)**
Cohort(50+) 0.48 (8.2)** 0.33 (4.8)**
σ 0.31 (53.6)** 0.49 (62.9)**

b. Educational attainment

Special or other 0.20 (1.5) 0.01 (0.3)
Prep. vocational 0.31 (2.3)** 0.02 (0.2)
Prep. technical 0.43 (3.1)** 0.01 (0.1)
General continued 0.53 (4.2)** 0.10 (0.4)
Prep. scholarly 0.48 (3.8)** 0.14 (1.1)
Middle applied 0.57 (5.1)** 0.12 (0.8)
Higher vocational 0.70 (2.1)** 0.24 (1.1)
Scientific 0.30 (2.0)** 0.13 (0.5)

c. Unobserved heterogeneity

ω1 2.26 (14.1)** 1.54 (3.1)**
ω2 -0.29 (1.9)* 0.11 (0.4)

α1 0.34 (3.2)** -0.12 (0.1)
α2 -0.18 (1.1) -0.03 (0.1)

-LogLikelihood 5464.6 4135.9
Observations 897 661

Introducing the interaction between the job types
and the smoking indicator

Smoking15− -0.40 (12.9)** -0.04 (1.1)
x Unskilled manual 0.08 (1.5) 0.01 (0.3)
x Semi-skilled manual 0.22 (1.9)* 0.02 (0.2)
x Skilled manual 0.31 (1.9)* 0.01 (0.1)
x Other clerical 0.35 (2.7)** 0.10 (0.4)
x Int. supervisory 0.37 (2.4)** 0.14 (1.1)
x Int. academic/independent 0.41 (2.8)** 0.12 (0.8)
x Higher supervisory 0.62 (3.9)** 0.24 (1.1)
x higher academic/independent 0.22 (1.2) 0.13 (0.5)

-LogLikelihood 5474.3 4132.0
Observations 897 661

Absolute t-statistics in parentheses. *,** denote statistical significance at 10% and 5%, respectively.
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Appendix 6: Descriptive statistics

Definition of the variables used throughout this study and their summary statistics
are given below:

• Smoke: Dummy variable with a value of 1 if individual ever used tobacco; 0
otherwise.

• Smoking15− : Dummy variable with a value of 1 if individual used tobacco
before age of 15; 0 otherwise.

• Background variables

– Religious: Amount of the times that the parents of the respondent visited
the church in a week when the respondent was 15 years old.

– Migrant: Dummy variable with a value of 1 if individual is migrant; 0
otherwise.

• Cohort effects

– Cohort(30-) (Reference): Dummy variable; 1 if aged below 30; 0 other-
wise.

– Cohort(30-36): Dummy variable; 1 if aged between 30-36; 0 otherwise.

– Cohort(37-43): Dummy variable; 1 if aged between 37-43; 0 otherwise.

– Cohort(44-49): Dummy variable; 1 if aged between 44-49; 0 otherwise.

– Cohort(50+):Dummy variable; 1 if aged above 50; 0 otherwise.

• Urbanization level

– Very urban: Dummy variable with a value of 1 if the municipality of
residence is very urban (population density per km2 is above 2500); 0
otherwise.

– Urban: Dummy variable with a value of 1 if the municipality of residence
is urban (population density per km2 is between 1000-2500); 0 otherwise.

– Rural: Dummy variable with a value of 1 if the municipality of residence
is rural (population density per km2 is between 500-1000); 0 otherwise.

– Very rural (Reference): Dummy variable with a value of 1 if the munic-
ipality of residence is very rural (population density per km2 is below
500); 0 otherwise.

• Domestic situation

– Single wo. children (Reference): Dummy variable; 1 if individual is sin-
gle without children; 0 otherwise.

– Married wo. children: Dummy variable with; 1 if individual is married
without children; 0 otherwise.
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– Married w. children: Dummy variable with; 1 if individual is married
with children; 0 otherwise.

– Single w. children: Dummy variable with; 1 if individual is single with
children; 0 otherwise.

• Risk attitudes

– Risk Aversion: Dummy variable; 1 if the individual displays risk aver-
sion; 0 otherwise.

– Prudence: Dummy variable; 1 if the individual displays prudence; 0 oth-
erwise.

– Temperance: Dummy variable; 1 if the individual displays temperance;
0 otherwise.

• Parental characteristics

– Mother’s education: Highest degree the mother of the individual ob-
tained; 1-9.

– Father’s education: Highest degree the father of the individual obtained;
1-9.

– Parental loss: Dummy variable; 1 if the individual lost at least one of his
or her parents before the age of 15.

– Parental divorce: Dummy variable; 1 the parents of the individuals di-
vorced before the age of 15.

• Search efforts before the first job

– No search: Dummy variable; 1 if the individual reports no search effort
for the first job.

– Short search: Dummy variable; 1 if individual spent less than 1 month to
find his or her first job.

– Moderate search: Dummy variable; 1 if individual spent 1-3 months to
find his or her first job.

– Intensive search (Reference): Dummy variable; 1 if individual spent more
than 3 months to find his or her first job.
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Table 3.11: Descriptive statistics of the variables

Control variables

Males Females
Mean S.Dev Mean S.Dev

Religious 2.14 1.87 2.15 1.89
Migrant 0.14 0.34 0.11 0.32

Urbanization dummies
Very urban 0.11 0.32 0.12 0.33
Urban 0.51 0.44 0.49 0.43
Rural 0.22 0.41 0.21 0.41
Very rural 0.16 0.37 0.18 0.38

Domestic situation
Single wo. children 0.14 0.35 0.13 0.34
Married wo. children 0.3 0.46 0.29 0.46
Married w. children 0.52 0.5 0.5 0.5
Single w. children 0.03 0.16 0.07 0.25

Cohort dummies
Cohort(30-) 0.02 0.12 0.02 0.15
Cohort(30-36) 0.18 0.38 0.21 0.41
Cohort(37-43) 0.29 0.46 0.29 0.46
Cohort(44-49) 0.32 0.47 0.33 0.47
Cohort(50+) 0.2 0.4 0.15 0.35

Risk attitudes
Risk Averse 0.45 0.5 0.6 0.49
Prudence 0.57 0.49 0.57 0.5
Temperance 0.43 0.5 0.49 0.5

Parents’ education
Mother edc 4.36 2.88 4.27 2.53
Father edc 5.27 3.1 5.35 3.19

Childhood events
Parents Death 0.04 0.18 0.03 0.18
Parent Divorced 0.04 0.19 0.05 0.21

Search efforts (first job)
No search 0.46 0.5 0.42 0.49
Short search 0.33 0.47 0.39 0.49
Moderate search 0.11 0.31 0.09 0.29
Intensive search 0.1 0.31 0.11 0.31
Moderate search 0.11 0.31 0.09 0.29
Intensive search 0.1 0.31 0.11 0.31
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Table 3.11: Continued

Variables of interest

Males Females
Mean S.Dev Mean S.Dev

Smoke 0.69 0.46 0.64 0.48
Smoke<15 0.26 0.45 0.24 0.43

Educational attainment
Primary or no 0.02 0.15 0.02 0.12
Special or other 0.02 0.15 0.03 0.16
Prep. vocational 0.11 0.32 0.1 0.29
Prep. Technical 0.11 0.32 0.13 0.34
General continued 0.05 0.22 0.06 0.24
Prep. scholarly 0.05 0.21 0.03 0.17
Middle applied 0.26 0.44 0.29 0.45
Higher vocational 0.24 0.43 0.26 0.44
Scientific 0.13 0.34 0.09 0.28

The first job rankings
Agrarian 0.05 0.21 0.01 0.1
Unskilled manual 0.07 0.26 0.08 0.27
Semi-skilled manual 0.16 0.37 0.05 0.21
Skilled manual 0.16 0.37 0.01 0.12
Other clerical 0.2 0.4 0.42 0.49
Int. supervisory 0.12 0.33 0.07 0.25
Int. academic/independent 0.13 0.34 0.31 0.46
Higher supervisory 0.02 0.14 0.02 0.12
Higher academic/independent 0.08 0.27 0.03 0.18

The current job rankings
Agrarian 0.03 0.17 0.01 0.1
Unskilled manual 0.02 0.13 0.08 0.26
Semi-skilled manual 0.1 0.3 0.04 0.2
Skilled manual 0.13 0.34 0.02 0.12
Other clerical 0.16 0.37 0.32 0.47
Int. supervisory 0.18 0.38 0.1 0.3
Int. academic/independent 0.17 0.38 0.34 0.47
Higher supervisory 0.12 0.32 0.05 0.22
Higher academic/independent 0.1 0.3 0.05 0.22
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Table 3.12: Job transitions (from the initial job rankings to the current job
rankings)

Males Females

Mean S.Dev Mean S.Dev

the current job < the first job 0.03 0.18 0.09 0.29
the current job = the first job 0.54 0.50 0.66 0.47
the current job > the first job 0.43 0.50 0.25 0.43
the current job = the first job +1 0.13 0.34 0.08 0.28
the current job = the first job +2 0.14 0.34 0.09 0.29
the current job > the first job +2 0.16 0.37 0.08 0.26

Table 3.12 shows the percentage of individuals in each category based on the difference between the first job rankings and
the current job rankings.
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Figure 3.1: Starting rates and cumulative starting probabilities of smoking
(in %).

a. Starting rates
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Figure 3.2: Males: Proportion of early smokers in each category of the or-
dered variables. (in %)
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Figure 3.3: Females: Proportion of early smokers in each category of the
ordered variables. (in %)
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Figure 3.4: Males: Differences in the estimated probabilities of belonging
to one of the ordered categories for those who start smoking
before the age of 15 and those who do not (in %).
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The figure above is obtained as follows: First, I simulated the probabilities of belonging to the each category in the ordered
choices for someone who smoked before the age of 15. Then, I simulated the same probabilities for someone who did not
smoke before the age of 15. The levels above reflect the difference between these probabilities for the each category. For all
of the other control variables, I used the sample means in simulations.



CHAPTER 4

DISTANCE TO CANNABIS-SHOPS AND

AGE OF ONSET OF CANNABIS USE1

4.1 Introduction

In the Netherlands cannabis use is quasi-legalized. Small quantities of cannabis can

be bought in cannabis-shops, retail outlets which are referred to as “coffeeshops".

Cannabis-shops are subject to strict rules. Some of the fundamental rules are: no

sale of hard drugs, no advertising, no sale to youngsters below 18 years of age, no

sale above 5 grams per transaction and no more than 500 grams of cannabis on the

premises. The quasi-legal status makes it easy for consumers to buy cannabis. This

situation is not unique in the world. In the United States some states have medical

marijuana dispensaries which also make access to cannabis easy.2 The potential ef-

fects of the presence of these medical marijuana dispensaries have been analyzed in

a number of studies. Pacula et al. (2010) analyze the effects of decriminalization and

1Joint with Jan C. van Ours. Forthcoming in Health Economics: Palali and van Ours (2014b).
2In the US cannabis is usually referred to as marijuana.
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medical marijuana laws on cannabis supply and demand. They conclude that after

medical marijuana laws were passed cannabis use increased. Cerdá et al. (2012)

find that the states which had legalized medical marijuana in 2004 experienced in-

creased rates of cannabis use, cannabis abuse and cannabis dependence. However,

cannabis abuse and cannabis dependence rates among current users are found to be

very similar in states with and without medical marijuana laws. Wall et al. (2011)

find that states with medical marijuana laws have higher rates of recent cannabis

use. Harper et al. (2012) replicate the results of Wall et al. (2011) by using similar

data but applying a difference-in-difference methodology also controlling for time-

invariant state specific characteristics. They find that the medical marijuana laws

do not seem to have caused an increase in cannabis use. In fact, their estimates sug-

gest that reported cannabis use might actually decrease after passing the medical

marijuana laws. Anderson et al. (2012) find that the introduction of the medical

marijuana laws did not cause an increase in the probability of recent cannabis use,

the probability of frequent cannabis use and the number of admissions to cannabis

treatment programs. Anderson and Rees (2014) compare marijuana use patterns

among high school student living in Los Angeles where medical marijuana dispen-

saries boomed after 2004 and other cities where there were no medical marijuana

dispensaries. They find no evidence that medical marijuana dispensaries increased

cannabis use among teenagers in Los Angeles. Wagenaar et al. (2013) compare the

individuals living in states with and without medical marijuana laws. They find

that neither the prevalence rate nor the frequency of cannabis use seem to have

been affected by the dispensaries. Chu (2013) estimates the effect of medical mar-

ijuana laws on marijuana, cocaine and heroin arrest rates controlling for city fixed

effects, time effects and city specific time effects. The results indicate that cannabis

arrest rates significantly increased after medical marijuana laws were passed and

the author concludes that medical marijuana laws increased cannabis use. There

is also a British study relating cannabis use to cannabis policy. Adda et al. (2013)

investigate how the crime patterns changed after a local policing experiment de-
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penalized the possession of small quantities of cannabis in the London borough of

Lambeth. Similar to Chu (2013), the authors find that de-penalization in Lambeth

led to significant increases in cannabis possession offenses that persisted even after

the policy experiment was terminated.

The easy access to cannabis through cannabis-shops has led to worries about po-

tential negative spillover effects to youngsters who could be tempted to start using

cannabis earlier on in their lives.3 There are various reasons why cannabis-shops,

or the distance to the nearest cannabis-shop, might cause youngsters to initiate

cannabis use at an early age. Rational addiction theory by Becker and Murphy

(1988) suggests that individuals are rational forward looking utility maximizers

with stable preferences (see also Cawley and Ruhm (2012)). First, the availabil-

ity of cannabis through cannabis-shops decreases transaction costs. If there is no

cannabis-shop nearby youngsters will have higher costs of searching and obtaining

cannabis. Second, the availability of cannabis at cannabis-shops also changes the

perception of potential health effects of cannabis. Contrary to youngsters who live

further away from cannabis-shops, those who live close to a cannabis-shops will

regularly observe people consuming cannabis. This may cause youngsters to think

that the negative health effects are overrated. In short, for individuals living close

to a cannabis-shop the perceived marginal costs may be smaller than the marginal

benefits of consuming cannabis while for individuals living further away from a

cannabis-shop the perceive marginal costs are higher than the marginal benefits.

Furthermore seeing people consuming cannabis at cannabis-shops can also cause

pupils to become overoptimistic about their risk of being addicts. Rational addic-

tion with learning and uncertainty by Orphanides and Zervos (1995) postulates that

those who believe that they have a small likelihood of being addicts can turn out to

3Early onset of cannabis may have negative effects on individuals in various dimensions. Early
onset of cannabis use increases the intensity of use and the probability of subsequent drug use (Yam-
aguchi and Kandel (1984)). Van Ours and Williams (2007) using Australian data find that individuals
who start using cannabis at earlier ages are less likely to quit at later ages. Van Ours (2007a) finds
for cannabis users in Amsterdam that quitting rates increase with the age of onset. Van Ours et al.
(2013) using data from New Zealand find that early onset of cannabis use may lead to mental health
problems i.e. to suicidal thoughts.
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be addicts more easily.

The Netherlands is an interesting country to study the uptake of cannabis be-

cause selling or buying small quantities of cannabis in cannabis-shops is not prose-

cuted. We investigate to what extent living nearby a cannabis-shop affects the age of

onset of cannabis use. Nevertheless, cannabis-shops are just one way to get access

to cannabis. In the absence of a nearby cannabis-shop, cannabis can be accessed

through friends or dealers. Whether or not indeed the distance to a cannabis-shop

affects the uptake of cannabis is an empirical issue. Wouters and Korf (2009) for

example find that in municipalities without a cannabis-shop less cannabis is pur-

chased through cannabis-shops. Wouters et al. (2012) analyze a sample of people

between 15 and 35 years old who visit nightlife venues finding that there is no rela-

tionship between the proximity to a cannabis-shop and the prevalence or intensity

of cannabis use.4

Our main research question is whether the presence of a cannabis-shop in a mu-

nicipality or a municipality nearby induces individuals to start using cannabis ear-

lier on in their life. We analyze data that were collected in a survey in 2008. Us-

ing information on the reported age of onset of cannabis use, we apply a hazard

rate framework to model the starting rate, i.e. the transition rate from non-use to

use. The hazard rate framework allows us to take account of observable as well

as unobservable characteristics that influence the uptake of cannabis. We find that

youngsters have a lower starting rate of cannabis use if they live more than 20 kilo-

meters away from a municipality with a cannabis-shop. To investigate whether

there is indeed a causal effect from distance to uptake of cannabis use we perform

a counterfactual analysis in two parts. First, we show that for the uptake of to-

bacco the distance to a cannabis-shop does not matter. Van Ours (2006) for example

shows that correlation between the unobserved characteristics affecting the onset

4The study by Wouters et al. (2012) differs from our study in various dimensions. Wouters et al.
(2012) have a highly selective sample of cannabis users who visit nightclubs and mostly live within
5 km of a cannabis-shop. We use a representative sample of the Dutch population with much more
variation in the distance to a cannabis-shop. Furthermore, Wouters et al. (2012) focus on cannabis
use while we investigate the onset of cannabis use.
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ages of cannabis and smoking cigarettes is an important phenomenon. If there

would be unobserved municipality characteristics that affected both the presence

of cannabis-shops and the uptake of cannabis these unobserved municipality char-

acteristics would also affect the uptake of other drugs such as tobacco. Since we

do not find that the distance to a cannabis-shop affects the uptake of tobacco, we

conclude that individuals who live close to a cannabis-shop do not have a differ-

ent attitude toward drugs use than other individuals who live further away from a

cannabis-shop. Second, we show that the effect of distance to a cannabis-shop on

cannabis uptake is only present for the youngest birth cohort. Individuals from an

older birth cohort who grew up before the era of cannabis-shops are not affected by

the current distance to a cannabis-shop. This is additional evidence that it is not the

case that cannabis-shops were located in an environment where people are more

likely to start using cannabis anyway. In addition to the counterfactual analysis, we

perform an extensive sensitivity analysis confirming the robustness of our findings.

The set-up of our paper is as follows. In section 4.2 we discuss cannabis policy

in the Netherlands and the role of cannabis-shops as a policy instrument. Section

4.3 presents our data and gives some stylized facts. In section 4.4 we present our

empirical model and in section 4.5 we discuss our parameter estimates. Section 4.6

concludes.

4.2 Cannabis Policy in the Netherlands

Drug policy in the Netherlands focuses on health issues (De Graaf et al. (2010)) and

can be summarized with one word: tolerance (Van Solinge (1999)). The basic aim

of the drug policy is to reduce the harm done to users and their environment. The

policy of harm reduction aims at reducing the demand for drugs by means of strong

prevention measures, campaigning against the production and trade of drugs and

taking preventive and legal measures against any disturbance to public order.

The history of the drug policy of the Netherlands starts with the introduction
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of the first two opium laws which date back to 1919 and 1928, respectively. These

laws intended to regulate trade and production of certain drugs that were consid-

ered to be highly addictive and a threat to the health of its users. The first two laws

were later entrenched in the main (and the third) Opium Law introduced in 1976.

In this law a distinction is made between soft drugs and hard drugs. Production

or trade of soft drugs is accepted to be a much more severe offense than personal

use. Moreover, even though personal use of soft drugs is tolerated, the use of hard

drugs is illegal. Cannabis is the most common soft drug and readily available in

retail outlets called coffeeshops – a name which has to be used instead of cannabis-

shops as the retail outlets are not supposed to advertise their merchandise (Korf

(2002)). According to the Opium Law, possession of any amount less than 30 grams

of cannabis was considered not as an offense but as a misdemeanor and therefore

not prosecuted. Allowing a possession of less than 30 grams of cannabis paved

the way for house dealers which later turned into cannabis-shops. The tolerance

policy aims at providing quasi-legal access to cannabis. Grapendaal et al. (1995)

consider this as a ‘normalization model of social control policy’. The intention is

to provide an organized environment for selling of cannabis and keeping potential

customers away from otherwise illegal ways where they can come across dealers of

more harmful drugs. Cannabis-shops are regulated by law. Some of the fundamen-

tal rules are: no sale of hard drugs, no advertising, no sale to youngsters below 18

years of age, no nuisance and no more than 500 grams of cannabis on the premises.

Failures to operate within the regulations might result in shutting down of the shop

where the duration of shut-down depends on the seriousness of the violations com-

mitted by the owner.

In 1980, the policy of tolerance to cannabis-shops was publicly announced and

this announcement was followed by a sharp increase in the number of cannabis-

shops (Jansen (1991)). In the mid 1990s there were around 1500 cannabis-shops.

However, the 1990s also marked increased criticism against the tolerant cannabis

policy of the Netherlands from inside the country as well as from other countries.
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In 1995 the Dutch government changed the rules under which cannabis-shops could

operate. From 1996 onwards the limit for personal possession of cannabis was de-

creased from 30 grams to 5 grams. Moreover the monitoring and punishment of

production and trade of cannabis were increased and local governments were given

the opportunity to decide whether or not they wanted to have a cannabis-shop in

their municipality. These policies were followed by a substantial decrease in the

amount of cannabis-shops in the country to an estimated number of around 1200

in the late 1990s (Bieleman et al. (2007)). In 1999 the so called ‘Damocles’ law gave

more flexibility to local governments to close cannabis-shops in their municipalities.

The law resulted in further decline in the total number of cannabis-shops.5 In 1999

there were 846 cannabis-shops across the Netherlands, a number that went down

to 651 in 2011. Figure 4.1 shows the evolution of the number of cannabis-shops

in the Netherlands from 1999 to 2011. Even though the total number of cannabis-

shops decreased, the number of 100 municipalities with at least one cannabis-shop

remained roughly the same and it is still the case that 80% of the municipalities do

not have a cannabis-shop at all (Bieleman et al. (2012)).6

An important question for our research is how important cannabis-shops are

as a supply channel for cannabis users. If individuals obtain cannabis from other

sources, then policies on cannabis-shops may not have an important effect on cannabis

use or the age of onset of cannabis use. A study by Abraham et al. (1999) shows

that, among those who used cannabis in the last year, about 40% of people aged

between 12 and 17; and almost 50% of people aged 18 or above purchased cannabis

in cannabis-shops. Cannabis-shops are the most commonly used supply channel.

They are followed by relatives and friends, dealers, pubs and strangers. One gram

of cannabis costs around 7.5-15 Euros depending on the quality of the cannabis.

Cannabis bought at cannabis-shops is mostly consumed in combination with to-

5From 1999 onwards the number of cannabis-shops in each municipality was monitored.
6In 2012 a further policy change was introduced according to which tourists can legally be banned

from entering cannabis-shops.
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bacco by using 0.5-1 gram of cannabis in a so called ‘joint’7.

4.3 Data and Stylized Facts

4.3.1 Data

Our data are from the Alcohol and Drugs study, one of the assembled studies of

the Longitudinal Internet Studies for the Social Sciences (LISS) panel. Although the

LISS panel provides longitudinal data, we use data from a single wave in November

2008 which focused on questions about alcohol and drugs. Individuals were asked

whether they ever used cannabis and if they answered affirmative they were faced

with the following question: At what age, approximately, did you first use cannabis?

In our analysis we distinguish between two birth cohorts depending on whether

or not their behavior was potentially influenced by the presence of cannabis-shops.

The youngest cohort is born between 1974 and 1992 (988 observations), the oldest

cohort is born between 1955 and 1973 (1615 observations). The cannabis use of the

youngest cohort might have been affected by the presence of cannabis-shops. For

the oldest cohort such an effect is not very likely. Many individuals in this cohort

have grown up when cannabis-shops simply did not exist.

Table 4.4 presents information about the composition of the two samples and of

the relationship between personal and municipality characteristics and the use of

cannabis and tobacco. The variables which have been used throughout the study

and their descriptions are presented in Appendix 1.8 In terms of observable char-

acteristics the samples do not display any striking difference. The first rows of

Table 4.4 show that lifetime prevalence, i.e. the percentage of people who have ever

used cannabis is higher among males than among females. Among the men in the

youngest cohort more than 40 percent had ever used cannabis, which is around 30

7Note that there are various other ways to consume cannabis, for example through a waterpipe,
or in brownies/cookies, tea, pancakes, etc.

8Appendix 1 is available online.
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percent for women. This gender difference is also present in the older birth cohort

although lifetime prevalence is substantially smaller than among the younger birth

cohort. Also for tobacco use lifetime prevalence is higher among males than among

females, a difference of about 3.5%-points. The lifetime prevalence of smoking in

the younger cohort is about 10%-point lower than in the older cohort.9 Lifetime

use for cannabis and tobacco does not differ much between native Dutch and im-

migrants. The self-reported religious status of parents correlates strongly, both with

cannabis use and tobacco use. Of the non-religious individuals in the younger co-

hort more than 40 percent ever used cannabis, while for similar individuals in the

older cohort this is about 25 percent. For individuals from both cohorts lifetime

prevalence for cannabis is below 20 percent. Also for smoking there are such rela-

tionships although the gradients are less steep. Panel d of Table 4.4 indicates that

individuals living in highly urbanized municipalities are more likely to be cannabis

users than individuals from rural municipalities. For smoking a similar relationship

only holds in the younger cohort. For the older cohort the probability to be a lifetime

tobacco user is higher in rural municipalities than in urbanized areas. Furthermore,

the number of cannabis-shops in each municipality is obtained from Bieleman et al.

(2007), which provides detailed information about the number of cannabis-shops in

each municipality in the Netherlands between years 1999 and 2007. Panel e shows

that the presence of a cannabis-shop in the municipality coincides with a higher

lifetime prevalence of cannabis use. Finally, panel f indicates that the distance to

a municipality with a cannabis-shop seems to matter. Distance to a cannabis-shop

is calculated as the geographical distance in kilometers between the municipality

where an individual lives and the nearest municipality with at least one cannabis-

shop. For those who live in a municipality with at least one cannabis-shop this

9Note that the LISS data is representative of the Dutch population in terms of substance use and
age of onset. Abraham et al. (2002) shows that average ages of first time cannabis and tobacco use
for those aged above 12 were 19.7 and 16.8, respectively. The LISS data shows that these rates are
19.2 and 16.3 (note that these statistics relate to individuals aged 16 years and older). Furthermore,
a nation-wide report by Van Laar et al. (2011) shows that life-time prevalence of cannabis use in the
Dutch population between 15-65 years old was 22.6 in 2005. This prevalence rate is 23.1 in the LISS
data.
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distance is normalized to 1. More than half of the individuals in our samples live

in a municipality that has a cannabis-shop or has a distance to a municipality with

a cannabis-shop that is less than 5 km. In the younger cohort the individuals in

this distance range had a lifetime cannabis use of 40 percent while individuals liv-

ing more than 20 km away from a cannabis-shop had a lifetime prevalence of 16.9

percent. As was to be expected for the older cohort, the distance effect on lifetime

prevalence of cannabis use is almost absent. Also, there does not seem to be a re-

lationship between distance to a cannabis-shop and lifetime prevalence of tobacco

use.

4.3.2 Stylized facts

Figure 4.2 gives an overview of the distribution of cannabis-shops in the Nether-

lands. The left-hand side graph shows the distribution of the absolute number

of cannabis retail outlets per municipality. Only Amsterdam and Rotterdam have

more than 60 cannabis-shops. There are however also many municipalities with-

out a cannabis-shop. Nevertheless, the distribution of cannabis-shops is spread out

across the country, such that many inhabitants are not far away from a cannabis-

shop. The right-hand side graph shows the distribution in terms of cannabis-shops

per capita. A little less than half of the respondents in our sample live in a munici-

pality which had at least one cannabis-shop in 2007. About 10 percent lives within

10 km of a municipality with a cannabis-shop, 25 percent lives in between 10 to

20 km from a cannabis-shop and 10 percent lives more than 20 kilometers from a

cannabis-shop. Cannabis-shops are not randomly distributed across the Nether-

lands. In section 3.3 we perform an exploratory analysis on the determinants of the

number of cannabis-shops in each municipality. We find that larger municipalities

and municipalities near the Belgian border have more cannabis-shops.

To calculate age-dependent starting rates for cannabis use, we assume that in-

dividuals become vulnerable to the risk of initiation into cannabis use from age
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13. Therefore, for anyone in the sample, time until failure is the time elapsed from

age 12 until the age of first cannabis use. Any duration which is not related to a

transition into cannabis use in 2008 or at the observed age is considered to be right-

censored. The left-hand side graph of Figure 4.3 shows the evolution of the cannabis

starting rate by age.

The general pattern of uptake of cannabis is the same for both cohorts although

the level of the uptake is very different. Individuals have the highest starting rate

around ages 16 and 18. There is another peak at age 20. For the youngest cohort the

peak at age 16 is at 12 percent. This indicates that for those individuals who had

not used cannabis up to age 16, 12 percent started using at that age. For the oldest

cohort the peak at age 16 is only 5 percent. The right-hand side graph of Figure

4.3 shows the cumulative starting probabilities by age. These are based on the esti-

mated starting rates. For both cohorts there is hardly an increase of the cumulative

starting probability beyond age 21. The growth of the cumulative starting probabil-

ity for cannabis use levels off at about 40 percent for the youngest cohort and about

25 percent for the oldest cohort. All in all, the age range 15 to 25 is important. If

individuals have not taken up cannabis at age 25 they are very unlikely to do so

later on in life. To the extent that cannabis-shops have an effect on the uptake of

cannabis it will be in the crucial age range 15 to 25. Figure 4.4 presents the start-

ing rates and cumulative starting probabilities for tobacco use for both cohorts. The

pattern is very similar between young and old cohorts: Starting rates have a peak at

age 15 for the young cohort and at age 16 for the old cohort. For both cohorts there

is hardly an increase of the cumulative starting probability beyond age 25. Tobacco

use prevalence seems to be slightly higher for the old cohort.
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4.3.3 Determinants of the number of cannabis-shops in a munici-

pality

In our analysis we assume that the distance to the nearest cannabis-shop and the

number of cannabis-shops are exogenous to the uptake of cannabis, i.e. there are no

unobserved variables that affect both the distance to a cannabis-shop and the age

of onset. One of the concerns we have to address is whether openings or closures

of cannabis-shops are driven by demand for cannabis. If the number of cannabis-

shops is driven by the trends in use then developments in cannabis use and the

number of cannabis-shops will be correlated. This does not seem to be the case. The

trends in the consumption of cannabis in the Netherlands are very similar to those

in other European countries where there are no cannabis-shops at all (Korf (2002)).

Furthermore, whereas prevalence of cannabis use has increased over time, the num-

ber of cannabis-shops in the Netherlands dropped sharply after the early 1990s.

This is not surprising because since then Dutch drug policy aimed at curbing the

number of cannabis-shops (Korf (2002)). The trend in the number of cannabis-shops

is driven by local policy makers rather than by the demand for cannabis (Reuband

(1995)). All in all, there is no reason to argue that differences in the cannabis-shop

policies followed by the municipalities are the results of different prevalence rates

in these municipalities. In fact, in most of the municipalities prevalence rates are

quite similar except for Amsterdam which has higher rates.10

Nevertheless, cannabis-shops are not randomly distributed across the Nether-

lands. By way of descriptive analysis we relate the number of cannabis-shops in

each municipality to population size, average gross income per capita, the share

of immigrants in the population and whether the municipality is on Belgian or

German border.11 We also add time effects, province fixed effects and the inter-

10An interesting decrease in the number of cannabis-shops from 59 to 5 occurred in Venlo, a town
close to German border, between 1991 and 1995. There is no immediate reason to think that such a
decrease might be result of changes in the demand for cannabis from the local population because
prevalence rates in Venlo were not very different from the average prevalence rates. In fact, the
stricter policy was implemented to reduce cannabis ‘tourism’ from Germany.

11The data on the number of cannabis-shops are from Bieleman et al. (2012). The data on the
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actions between time and province fixed effects. Because many municipalities have

no cannabis-shops, we use Tobit specifications, in a random effects pooled data

model and a panel data model, which are both estimated with robust standard er-

rors clustered at the municipality level. Table 4.9 presents the parameter estimates.

As shown, the size of the municipality – measured as the population in the munic-

ipality – is highly significant. Municipalities on the Belgian border have systemati-

cally higher number of cannabis-shops whereas the ones on the German border are

not different from the rest. A higher percentage of immigrants relates to a larger

number of cannabis-shops and income per capita in the municipality is inversely

related to the number of coffeeshops. Both of these effects are due to the fact that in

the large cities in the Netherlands the share of immigrants in the population is high

while income per capita is low.12

4.4 Empirical Model

When modeling the uptake of regular cannabis use, we assume that potential ex-

posure to cannabis occurs from age 13. The starting rate for regular cannabis use at

time t (t = 0 at age 12) conditional on observed characteristics x, the distance to the

nearest cannabis-shop and unobserved characteristics u is specified as

θc(t | x, ds, u) = λc(t) exp(x′βc + ρcds + u) (4.1)

characteristics of the municipalities are from Statistics Netherlands.
12Time effects, fixed effects and the interaction terms mostly are all insignificantly different from

zero.



120 DISTANCE TO CANNABIS-SHOPS

where ds represent the distance to the nearest cannabis-shop.13 Furthermore, λc(t)

represents individual duration dependence and β represents a vector of parameters

to be estimated. Unobserved heterogeneity u accounts for differences in individu-

als susceptibility to cannabis use. We model duration (age) dependence in a flexible

way by using a step function λc(t) = exp(Σkλk Ik(t)), where k (= 1,..,8) is a sub-

script for age categories and Ik(t) are time-varying dummy variables that are one

in subsequent categories, 7 of which are for individual ages (age 13, ..,19) and the

last interval is for ages above 19 years. Because we also estimate a constant term,

we normalize λc,1 = 0. A description of our explanatory variables is provided in

Appendix 1.

The parameter ρc is of particular interest as it indicates whether the distance to

the nearest cannabis-shop has an effect on cannabis uptake. The conditional density

function of the completed durations until the uptake of cannabis use can be written

as

fc(t | x, ds, u) = θ(t | x, ds(t), u) exp(−
∫ t

0
θ(s | x, ds, u)ds) (4.2)

We integrate out the unobserved heterogeneity such that density function for the

duration of time until cannabis uptake t conditional on x is

fc(t | x, ds(t)) =
∫

u
f (t | x, ds, u)dG(u) (4.3)

where G(u) is assumed to be a discrete distribution with 2 points of support ua and

ub reflecting the finding of two types of individuals in the hazard rate for cannabis

13In principle the distance to a cannabis-shop is a time-varying variable. However, whereas the
number of cannabis-shops per municipality has changed a lot over time the distance to the nearest
municipality with a cannabis-shop only changes if the number of cannabis-shops in that munici-
pality drops to zero or alternatively because a municipality introduces a cannabis-shop for the first
time. This is rarely the case. In our sample only a few individuals were confronted with this.
Moreover, we assume that during the time they are exposed to potential cannabis use, respondents
live in a similar type of municipality – in terms of presence or absence of a cannabis-shop – as at
the time they answer the questions about cannabis use. Due to movements between municipalities
some measurement error is introduced. Annually 3 percent of the population moves between mu-
nicipality where half of these movement concern a movement to a different type of municipality.
This implies that annually 1.5 percent of individuals moving from a cannabis-shop-municipality to
a non-cannabis-shop-municipality or vice versa.
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uptake. The two mass points imply that conditional on observed characteristics

there are two types of individuals. The associated probabilities are denoted as fol-

lows: Pr(u = ua) = p and Pr(u = ub) = 1− p with 0 ≤ p ≤ 1, where p is modeled

using a logit specification, p =
exp(α)

1+exp(α) .

To account for the fact that we only observe age in intervals we specify the log-

likelihood as follows:

n

∑
i=1

ci log [F(ti − 1)− F(ti)] + (1− ci) log [1− F(ti)] (4.4)

where ci is a dummy indicating whether the individual started using cannabis in the

interval t− 1 to t or whether the individual in time t had still never used cannabis.

As a counterfactual analysis we also investigate in a similar way how the distance

to a cannabis-shop affects the starting rate of smoking using a similar specification

as for cannabis:

θs(t | x, ds(t), v) = λs(t) exp(x′βs + ρsds + v) (4.5)

where ρs measures whether the distance to the nearest cannabis-shop indeed has

an effect on the uptake of smoking. The related density function for complete du-

rations until smoking is

fs(t | x, ds(t)) =
∫

v
f (t | x, ds, v)dG(v) (4.6)

where v are the unobserved components which may affect the starting rate of smok-

ing and also G(v) is assumed to be a discrete distribution with 2 points of support.
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4.5 Parameter Estimates

4.5.1 Baseline estimates

The first column of Table 4.5 shows the parameter estimates for our baseline spec-

ification of cannabis uptake for individuals from the youngest cohort. First and

foremost, the distance to a cannabis-shop has a significant negative effect on the

starting rate for cannabis use. This result indicates that those who live in munici-

palities with a cannabis-shop and those who live closer to the municipalities with a

cannabis-shop start using cannabis at earlier ages.14

Although not the focus of our analysis, the other determinants of cannabis up-

take are interesting too. The parameter estimate for female is found to be negative.

So, on average females start using cannabis at a later age. Height of the individual

has a positive and significant effect. We assume that height of adolescents serves

as a proxy for the nutrition in early childhood and therefore partly reflects the eco-

nomic environment in the family. Religiosity is found to be highly significant with

a negative coefficient indicating that as the parents are more religious, the starting

rate for cannabis use of the children goes down and thus the age of initiation to

cannabis use increases.15 Migrant status of the individual is found to be insignifi-

cant. As noted before, the literature provides mixed results for the effect of ethnicity

on cannabis use. On the one hand, non-Dutch agents might start using cannabis at

earlier ages because of the systematic differences between Dutch and non-Dutch in-

dividuals that cannot be controlled in the model. On the other hand, certain groups

of immigrants might be more cautious towards drug use because of some cultural

and traditional factors. The degree of urbanization of the municipality does not

have a significant effect on the uptake of cannabis. Finally, birth year does not seem

to be an important determinant of cannabis uptake.

14Note that these results are not specific to the MPH-model we use. The same effects are found in
simple linear probability models which can be found in Palali and van Ours (2013)

15Note that we specify religiosity as a continuous variable. Specifying religiosity using a set of
dummy variables does not change any of the results presented in the paper.
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As Figure 4.3 suggested, there are peaks in the uptake of cannabis at ages 16 and

18. This is indeed what the parameter estimates in the lower part of the first column

show. The mass point estimate of column 1 shows that unobserved heterogeneity

is indeed significant in the data at hand. The estimate of α implies a probability

of 0.90; which indicates that 90% of the youngsters have a positive starting rate of

cannabis whereas 10% of them have a zero starting rate, i.e. they will never start

consuming cannabis.16

4.5.2 Exogeneity of distance to the nearest cannabis-shop

In section 3.3 we argue that although characteristics of a municipality influence

the presence of a cannabis-shop in that municipality, it is not the case that there

is a relationship between cannabis demand and the presence of a cannabis-shop.

Here, we explore whether at the level of the individual the distance to the nearest

cannabis-shop and cannabis uptake are correlated through unobserved personal

characteristics. If so, it could be the case that there is no causal effect from distance

to uptake but just spurious correlation.

First of all, to account for correlated unobserved factors we present and estimate

a bivariate model that combines the uptake of cannabis and the choice of distance

to a cannabis-shop using a discrete factor approach.17 We use an interval repre-

sentation of the distance to the nearest cannabis-shop by constructing an ordered

probit model with known thresholds. We assume that the logarithm of the distance

variable depends on personal characteristics x2 and unobserved characteristics w:

ln d∗i = β′x2i + wi + εi (4.7)

16Note that this seems at odds with Figure 4.3 but could be a consequence of the young age of the
cohort so that it is difficult to identify unobserved heterogeneity. If we ignore unobserved hetero-
geneity the parameter estimates hardly change.

17In the context of a MPH model describing the dynamics in cannabis this has been used for ex-
ample by Van Ours and Williams (2012) and Van Ours and Williams (2011) to study the relationship
between cannabis use and health and by Van Ours (2007b) to study wage effects of cannabis use.
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where β is a vector of parameters, w represents a discrete type of unobserved het-

erogeneity which is different from ε that represents the random error term. The

observed categories of the distance variable in the data are assumed to be

d =



1 if d∗ ≤ µ1

2 if µ1 < d∗ ≤ µ2

3 if µ2 < d∗ ≤ µ3

4 if µ3 < d∗ ≤ µ4

5 if µ4 < d∗

(4.8)

where µ’s are the known threshold parameters of distance to the nearest cannabis-

shop in kilometers: µ1 = ln(5), µ2 = ln(10), µ3 = ln(15), µ4 = ln(20). Assuming

that the error term ε has a standard normal distribution, we can write the following

probabilities as in an ordered probit model conditional on observable and unob-

servable individual heterogeneity

Pr(y = 1|x2, w) = Φ(µ1 − x′2βp − w)

Pr(y = 2|x2, w) = Φ(µ2 − x′2βp − w)−Φ(µ1 − x′2βp − w)

.

Pr(y = 5|x2, w) = 1−Φ(µ4 − x′2βp − w)

. (4.9)

Unobserved heterogeneity can be removed by integration:

Pr(y = j|x2) =
∫

u
Prob(y = j|x2, w)dG(w) (4.10)

where j ∈ {1, 2, 3, 4, 5}, denote ordered responses. G(w) is assumed to be a discrete

mixing distribution with 2 points of support wa and wb indicating that there are 2

types of individuals in the choice of distance. These two mass points imply that

conditional on observed characteristics there are two types of individuals: one type

prefers to live close to the cannabis-shops and the other prefers to live further away.

The associated probabilities are denoted as follows: Pr(w = wa) = pd and Pr(w =



CHAPTER 4 125

wb) = 1− pd with 0 ≤ pd ≤ 1, where pd is modeled using a logit specification,

pd =
exp(αd)

1+exp(αd)
.

We jointly estimate the ordered probit model for distance and the mixed propor-

tional hazard model for the uptake of cannabis. In this joint estimate we allow for

correlation between the unobserved heterogeneity that affects the two processes.

In Table 4.10 we present the relevant parameter estimates for a model in which

correlation between unobserved heterogeneity is ignored and a model in which we

allow for correlation between unobserved heterogeneity affecting the choice of dis-

tance and unobserved heterogeneity affecting cannabis uptake. The loglikelihood

values of the separate estimations and the joint estimation are almost identical. This

indicates that the correlation between the unobserved heterogeneity is not signifi-

cant in the data at hand. Indeed, the parameter estimate of the distance variable is

almost the same in both estimations.

In addition to this, we investigated whether cannabis use prior to the introduc-

tion of the new Opium Law in 1976 induced the creation of cannabis-shops later

on. Using our LISS data on individuals born before 1964 (who turned 12 in 1976)

we estimated a linear probability model in which the dependent variable is the

presence of a cannabis-shop in the municipality while the explanatory variables are

whether the individual used cannabis prior to 1976 and the degree of urbanization

of the municipality. We find an insignificant effect of cannabis consumption on the

presence of a cannabis-shop, confirming that cannabis-shops were not located in

municipalities that had a population prone to cannabis use.

Finally, we address the issue of dynamic selectivity, i.e. individuals responding

to cannabis-shops by moving in or out a municipality. This might happen if par-

ents concerned about cannabis-shops want to keep their children away from these

cannabis outlets by moving to another municipality without any cannabis-shop.

We use a panel data model in which our dependent variable is the percentage of

individuals who leave a municipality or move to a municipality in a year between

1999 and 2007. The main explanatory variable is the number of cannabis-shops in a
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municipality. The results, not reported here and available upon request show that

relocation decision is independent of the number of cannabis-shops.

4.5.3 Counterfactual analysis

To investigate the robustness of our findings we perform two types of counterfac-

tual analysis. First, we investigate whether, also for an older cohort of individuals,

the uptake of cannabis in the past is affected by the current distance to cannabis-

shops. If we find a negative impact, we know that this is not a causal effect. The

vast majority of the individuals in the older cohort were already more than 20 years

old when the first cannabis-shops were opened. Considering that most people ma-

ture out of drug use in their mid 20s, we can safely assume that individuals in old

cohorts had already, by and large, taken their decision before they could have been

affected by the presence of cannabis-shops. Therefore, using the distance variable

in the analysis for the older cohort enables us to observe if there are municipality

related unobserved factors affecting cannabis use. If there was a different attitude

towards cannabis use in certain municipalities (such that this attitude affects both

cannabis use patterns in the municipality and the opening-up of cannabis-shops),

it would be reflected in the distance variable. So, a negative effect of distance to the

nearest cannabis-shop on the uptake of cannabis would be due to reverse causal-

ity: cannabis-shops are located in the neighborhood of individuals who are prone

to start using cannabis. If we find no negative impact, this is supporting the causal

effect of cannabis-shops on the uptake of cannabis for the younger cohort. Second,

we investigate whether the uptake of tobacco is affected by the distance to cannabis-

shops. If we find a negative impact, again we know that this is not a causal effect

because the presence of cannabis-shops should not stimulate tobacco smoking. The

explanation would then be that cannabis-shops are located in areas with individ-

uals who are prone to start using tobacco early. Since unobserved heterogeneity

for cannabis uptake and for tobacco uptake is correlated this would also imply that
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cannabis-shops are located in areas with individuals who are likely to start using

cannabis anyway.

The parameter estimates of our counterfactual analysis on the older cohort are

shown in Column 2 of Table 4.5. Clearly, we do not find a significant effect of dis-

tance. An unreported MPH estimation on the uptake age of cannabis for people

who were born between 1945 and 1955 also confirms our counterfactual findings

that municipality related unobserved factors are not driving results. Some of the

other parameter estimates are different but by and large the pattern of the estimates

is very much the same. The third and fourth column of Table 4.5 show the parame-

ter estimates for the uptake of tobacco by the individuals in the two cohorts. Again,

there is no significant effect from the distance to cannabis-shops. In both cases of

counterfactual analysis there is no significant effect of distance to cannabis-shop.

Thus, it seems likely that the effect of distance to cannabis-shops on the uptake of

cannabis for the younger cohort is a causal effect.

4.5.4 Sensitivity analysis

Table 4.6 shows the results of some sensitivity analysis with respect to the distance

measure. Instead of using a linear distance term we investigated nonlinearities by

using dummy variables for distance categories. Using 1-5 km as the reference cate-

gory we introduced dummy variables for distances 6-10, 11-15, 16-20, and 20+ km.

As shown in panel a only the 20+ category has a significant negative effect on the

uptake of cannabis. Indeed, from a comparison of the likelihood values of esti-

mates 2 and 3 we can calculate the LR-test statistic to be equal to 5.0, which is not

significant (With 3 degrees of freedom the 5% critical χ2-value is 7.82.) In row 4

we introduce a further dummy for distance 11-20. The coefficient estimate is nega-

tive and marginally significant. A likelihood ratio comparison with estimate 3 also

shows that it is not the case that nothing is happening within 20 km distance to a
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cannabis-shop. A smaller effect exists within 11-20 km as well.18 Panels b and e

show that the 20+ dummy variable has no significant effect in the counterfactual

estimates, confirming earlier results about the exogeneity of distance variable. Fur-

thermore panels c and f show that there is no effect of the distance variable on

the starting age of cannabis use or tobacco use for a smaller counterfactual group

where we remove younger individuals from our counterfactual cohort (those who

are born between 1964 and 1973).19

Table 4.7 shows some additional sensitivity analysis, starting with an analysis

based on the birth cohort 1986-92. Individuals who start using cannabis usually do

so between age 12 and 25. To establish whether the age of onset is influenced by

the presence of cannabis-shops or the distance to cannabis-shops we need to have

information about cannabis-shops in the years in which individuals were “at risk”

to start using cannabis. The limited number of 393 observations on the evolution of

the number cannabis-shops over time puts a considerable restriction on the sample

we can use for our analysis as we can only use information about those who were

born in or after 1987 in order to have an inflow sample.20

The first two estimates of Table 4.7 show that the number of cannabis-shops in a

municipality specified as a time-varying variable and the interaction between this

variable with distance do not have significant effects on the uptake of cannabis.

The third estimate shows that the parameter estimate of the per capita number of

cannabis-shops is also insignificant. This parameter becomes significant at 10% sig-

nificance level once we introduce an interaction term with distance. However, a

LR-test for the joint significance of the parameter estimates for the per capita vari-

able and the interaction term reveals that the per capita number of cannabis-shops

18To further investigate the non-linearity of the effects, we performed the same mixed proportional
hazard estimations (baseline estimations reported in Table 2 using our main sample) with different
thresholds in the distance variable. In other words, we use a dummy variable which is equal to 1 if
the distance variable is greater than -1,2,3,4,....-km and 0 otherwise. A comparison of the likelihood
values obtained in each estimation shows that 19+ km provides the best fit.

19These individuals might have been exposed to cannabis-shops during their teenage years which
would contaminate our counterfactual analysis.

20People who are for the first time at risk of cannabis use in the year 1999 – the first year about
which we have information on the number of cannabis-shops – were born in 1987.
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does not have an effect on the starting ages of cannabis use. The time-invariant

number of cannabis-shops in 1999 has a significant positive effect on the uptake of

cannabis but as the sixth estimate shows this effect is driven by the large munici-

palities. Once these are removed there is no longer a significant effect. The seventh

estimate shows that the presence of one of more cannabis-shops in a municipal-

ity does not affect the uptake of cannabis. Finally, the eighth estimate shows that

also for this youngest sample, where the older individuals in our young cohort are

removed, there is a significant negative effect of distance to cannabis-shop on the

uptake of cannabis.

The lower part of Table 4.7 shows parameter estimates for the youngest cohort of

individuals using distance to cannabis-shop as a linear measure. Row 9 shows that

ignoring the degree of urbanization of a municipality does not remove the distance

effect. Row 10 shows that if the sample is restricted to rural municipalities there is

still a significant negative distance effect on the uptake age of cannabis.21 In the last

two rows, we finally investigate to what extent direct peer effects are important.

Ignoring reverse causality – knowing people who use cannabis after starting to use

yourself – we included in the baseline estimates two additional variables: “One

person" is a dummy variable indicating whether the respondent knows one per-

son who uses cannabis; “Several people" is a dummy variable indicating whether

the respondent knows multiple people who use cannabis. The results show that

these additional variables have an effect on the uptake of cannabis but they are not

influencing the effect of distance to a cannabis-shop.

We also performed some additional sensitivity analysis of which the parameter

estimates are not reported. First, we included information about the educational

attainment as explanatory variables. The reason why we do not include any vari-

ables for education of the respondents is that the main sample at hand is young.

This means the most of the respondents are still in the process of receiving their

21Although not reported in the text, we also estimated the same MPH models on this young cohort
to see if the distance effect is age specific by adding interactions of age dummies with distance.
However, there is no evidence for such an age-specific distance effect.
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education which would possibly violate any assumption on the exogeneity of the

educational level with respect to drug use. The baseline results presented in the

first column of Table 4.5 are not affected by the inclusion of educational attainment.

Second, we included the logarithm of personal monthly income to capture socioe-

conomic situation of the respondents. The baseline results did not change. Third,

we omitted information about religiosity as this might be an endogenous variable.

This too did not affect our baseline estimates. Finally, we investigated how sensitive

our parameter estimates are for the choice of the two birth cohorts with 1973/1974

as the distinguishing birth year. We find that taking 1970/71 or 1976/77 as the

distinguishing birth year does not affect the main parameter estimates.22

Finally, to give an impression on the magnitude of the distance effect on the start-

ing age of cannabis use we use the parameter estimates reported in row 3 of Table

4.6 to simulate the cumulative starting probabilities. The results in Table 4.8 report

the estimated cumulative starting probabilities for a reference person (a Dutch male

who has an average height, non religious parents, living in a moderately urban mu-

nicipality and born in 1980). The numbers in the table indicate a substantial effect

of distance to a cannabis-shop. About 30 percent of the individuals who live within

20 km of a cannabis-shop have started using cannabis at age of 20. If they live 20

kilometers away or more from a cannabis-shop this is 17 percent.

4.6 Conclusions

In some countries cannabis use is illegal and cannabis can only be bought through

an illegal supplier. In other countries cannabis is more easily available. In the

Netherlands cannabis use is quasi-legalized. Small quantities of cannabis can be

bought at retail outlets which are called coffeeshops although everyone is actually

aware that these are cannabis-shops. The quasi-legal status makes it easy for con-

sumers to buy cannabis. If it is easy to buy cannabis youngsters may be tempted to

22Note that both of these birth year choices preserve the counterfactual nature of the older cohort.
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start using cannabis earlier on in their life. Early onset of cannabis may have neg-

ative effects on individuals in various dimensions such as education and mental

health.

Our main research question is whether the distance to a cannabis-shop has neg-

ative spillover effects in terms of an earlier age of onset of cannabis use. The main

challenge is to distinguish between the treatment effect of the presence of cannabis-

shops and the correlated effect of cannabis-shops being present in an environment

where people are more likely to start using cannabis. We use data from a 2008 sur-

vey with a retrospective question on the age of onset of cannabis use. This allows

us to exploit a hazard rate framework to model the starting rate of cannabis use

and take into account observable as well as unobservable characteristics that influ-

ence the uptake of cannabis. We find that for a cohort of individuals born between

1974 and 1992, distance has a negative effect on the starting rate of cannabis use. To

motivate that this is indeed a causal effect we perform two types of counterfactual

analysis. In the first counterfactual analysis we investigate whether an older birth

cohort, born between 1955 and 1973, the distance to a cannabis-shop has a negative

effect too. This older birth cohort could not have been affected by the presence of

cannabis-shops because when they grew up and could have started using cannabis

there were no cannabis-shops at all. If we would have found a distance effect for

this birth cohort, then we would know that this could not be a causal effect and such

a finding would cast doubt on the effects we find for the younger cohort. However,

for the older birth cohort, we find no significant effect of the distance to a cannabis-

shop on the uptake of cannabis. In the second counterfactual analysis we relate

the uptake of tobacco to the distance to a cannabis-shop. Again, there cannot be a

causal effect and if we would have found a negative distance effect, then this would

suggest that cannabis-shops are located in areas where individuals are more likely

to start smoking and use cannabis. Again, also in this counterfactual analysis we

find no significant distance effects.

All in all, after an extensive sensitivity analysis we conclude that youngsters who
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live more than 20 kilometers from a municipality with a cannabis-shop have a lower

starting rate of cannabis use. Youngsters living closer to cannabis-shops are more

likely to start using cannabis earlier on. This does not necessarily imply that living

closer to a cannabis-shop has a negative effect on overall welfare. The overall wel-

fare effect also depends on how the distance to a cannabis-shop affects the intensity

of use, total cannabis consumption and the uptake of other drugs.
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Appendix 1: Details on the LISS data

Table 4.1 provides a description of the variables we use in the analysis and provides

descriptive statistics for both birth-cohorts separately. As expected, time dependent

variables such as income, conditional/unconditional duration and age differ be-

tween the two samples. However, time invariant variables such as female, migrant

status and living in a municipality which has at least one cannabis-shop are similar

across the two samples. Around 53% of the individuals live in municipalities with

at least 1 cannabis-shop. The average age of onset of cannabis use for those who

started using cannabis is around 16.

A comparison of individuals living in municipalities within 20 km distance from

a cannabis-shop and those living further away than 20 km is presented in Table

4.2. The figures are obtained for everyone born between 1955 and 1992 for whom

we run MPH estimations throughout the paper. There are 2369 observations with a

distance smaller than 20 km and 234 observations with a distance larger than 20 km.

The percentage of migrants and education levels are slightly higher in the short-

distance group which tend to be those who live in more urban areas. However,

t-tests for the equality of means yield that in terms of observed characteristics the

samples are not significantly different from each other.

Finally, Table 4.3 shows that the distribution of individuals over the various dis-

tance to a cannabis-shop intervals is almost the same both birth-cohorts.



134 DISTANCE TO CANNABIS-SHOPS

Ta
bl

e
4.

1:
D

es
cr

ip
ti

on
s

an
d

de
sc

ri
pt

iv
e

st
at

is
ti

cs
of

va
ri

ab
le

s;
tw

o
sa

m
pl

es

19
74

-1
99

2
19

55
-1

97
3

V
ar

ia
bl

e
D

es
cr

ip
ti

on
O

bs
M

ea
n

m
in

m
ax

O
bs

M
ea

n
m

in
m

ax
Fe

m
al

e
1

if
th

e
re

sp
on

de
r

is
fe

m
al

e
98

8
0.

59
0

1
16

15
0.

55
0

1
A

ge
C

al
en

de
r

ag
e

of
th

e
re

sp
on

de
r

98
8

24
.9

8
16

34
16

15
44

.0
0

34
53

Im
m

ig
ra

nt
1

if
th

e
re

sp
on

de
r

ha
s

a
no

n-
D

ut
ch

ba
ck

gr
ou

nd
98

8
0.

14
0

1
16

15
0.

14
0

1
(0

fo
r

th
e

fir
st

an
d

se
co

nd
ge

ne
ra

ti
on

im
m

ig
ra

nt
s)

R
el

ig
io

us
D

eg
re

e
of

re
lig

io
si

ty
of

th
e

pa
re

nt
s

of
re

sp
on

de
r

at
ag

e
of

15
98

8
1.

45
0

6
16

15
2.

04
0

6
(m

ea
su

re
d

in
a

sc
al

e
of

0-
6

as
th

e
fr

eq
ue

nc
y

of
vi

si
ti

ng
ch

ur
ch

)
St

ar
ti

ng
ag

e
A

ge
of

on
se

to
fc

an
na

bi
s

us
e

co
nd

it
io

na
lo

n
ev

er
us

e
35

4
16

.5
9

13
28

40
5

19
.9

8
13

42
(C

an
na

bi
s)

a

St
ar

ti
ng

ag
e

A
ge

of
on

se
to

ft
ob

ac
co

us
e

co
nd

it
io

na
lo

n
ev

er
us

e
52

7
15

.1
3

11
28

10
37

15
.3

3
11

25
(T

ob
ac

co
)b

Ta
ll-

f
H

ei
gh

tf
or

m
al

es
58

3
16

9.
95

15
0

19
0

89
6

16
8.

76
14

9
18

7
Ta

ll-
m

H
ei

gh
tf

or
fe

m
al

es
40

5
18

4.
09

15
0

20
4

71
9

18
2.

33
15

0
20

3
D

sh
op

1
if

th
er

e
is

at
le

as
to

ne
ca

nn
ab

is
-s

ho
p

in
th

e
m

un
ic

ip
al

it
y

98
8

0.
54

0
1

16
15

0.
53

0
1

D
is

ta
nc

e
D

is
ta

nc
e

in
km

to
cl

os
es

tm
un

ic
ip

al
it

y
w

it
h

ca
nn

ab
is

-s
ho

ps
98

8
7.

25
1

44
.5

16
15

7.
30

1
44

.5
(n

or
m

al
iz

ed
to

1
if

th
er

e
is

a
ca

nn
ab

is
-s

ho
p

in
th

e
m

un
ic

ip
al

it
y)

St
ed

U
rb

an
ch

ar
ac

te
r

of
th

e
m

un
ic

ip
al

it
y

(m
ea

su
re

d
in

a
sc

al
e

of
98

8
2.

94
1

5
16

15
3.

09
1

5
1-

5
ba

se
d

on
th

e
nu

m
be

r
of

pe
op

le
liv

in
g

in
th

e
m

un
ic

ip
al

it
y)

N
ot

e
th

at
H

ei
gh

ti
s

th
e

de
vi

at
io

n
fr

om
m

ea
n

he
ig

ht
fo

r
m

al
es

an
d

fe
m

al
es

se
pa

ra
te

ly
.S

in
ce

de
sc

ri
pt

iv
es

of
th

is
va

ri
ab

le
is

no
tv

er
y

in
fo

rm
at

iv
e,

he
ig

ht
of

fe
m

al
es

an
d

m
al

es
ar

e
re

po
rt

ed
in

th
e

ta
bl

e
in

st
ea

d.
a,

b
N

ot
e

th
at

th
es

e
si

m
pl

e
st

at
is

ti
cs

do
no

tt
ak

e
ac

co
un

to
fc

en
so

re
d

ob
se

rv
at

io
ns

.M
ed

ia
n

ag
e

of
on

se
ts

ar
e

gi
ve

n
in

Fi
gu

re
4.

4



CHAPTER 4 135

Table 4.2: Comparison of individuals based on distance variable

Distance≤20 Distance>20

Mean St.Dev. Mean St.Dev.

Immigrant 0.14 0.34 0.10 0.30
Female 0.57 0.50 0.59 0.49
Education 3.60 1.43 3.40 1.33
Height (m) 1.75 0.10 1.75 0.10
Age (/10) 3.68 1.10 3.66 1.14
Smoke 0.60 0.49 0.59 0.49
Religious 1.80 1.83 2.01 1.86

Observations 2369 234

Smoke is a dummy variable indicating if the individual ever smoked cigarettes before.
For all of the variables above except education, we fail to reject the null hypothesis that the means are equal at 5%

significance level. For education variable we can reject this null at 1% significance level.

Table 4.3: Distribution of distance to a municipality with at least one
cannabis-shop in 2007; two samples (percentages)

Sample Sample
1974-92 1955-73

No cannabis-shop in municipality
Distance to cannabis-shop
≤ 5 km 1 1
6-10 km 11 12
11-20 km 23 24
> 20 km 9 9

Total no cannabis-shops 44 46
At least one cannabis-shop 56 54

Total 100 100
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Table 4.4: Means of variables, lifetime cannabis use and lifetime tobacco
use; two birth-cohorts

Cohort 1974-92 Cohort 1955-73
Variable category Means of Cannabis Tobacco Means of Cannabis Tobacco

variables use use variables use use
a. Gender
Female 59.0 32.1 52.0 55.5 16.6 62.6
Male 41.0 41.2 55.3 44.5 31.9 66.2
b. Migrant status
Dutch 86.0 36.2 53.5 86.4 23.7 64.2
Immigrant 14.0 33.3 52.2 13.6 21.4 64.6
c. Religiosity
Never 47.5 41.6 57.1 38.9 24.2 64.5
Less often 10.6 42.9 58.1 5.9 26.3 67.4
Only on special days 17.0 35.1 51.8 11.5 25.3 64.5
Around once a month 7.9 33.3 52.6 7.6 26.8 59.4
Once a week 9.5 22.3 44.7 28.8 21.3 65.4
More than once a week 6.8 10.5 40.3 6.7 19.4 59.3
Every day 0.7 14.3 14.3 0.6 10.0 70.0
d. Urbanization
Extremely 14.6 48.6 63.2 12.1 32.8 63.1
Very 27.9 37.0 52.5 24.0 24.6 62.5
Moderate 21.4 36.5 51.7 24.0 21.1 60.6
Slightly 21.2 30.6 48.8 22.4 24.4 67.6
Not 15.0 27.7 54.0 17.6 17.3 68.0
e. Cannabis-shop
in municipality
(1999 numbers)
No 48.7 31.2 52.2 50.2 20.7 66.7
Yes 51.3 40.2 54.4 49.8 26.1 61.7
f. Distance to cannabis-shop
1-5 km 56.9 40.2 53.7 55.1 25.5 62.6
6-10 km 10.9 40.7 57.4 12.0 21.2 64.8
11-15 km 13.9 29.9 51.1 15.8 21.6 64.7
16-20 km 9.3 30.4 56.5 8.2 17.4 70.4
20+ km 9.0 16.9 46.1 9.0 22.1 66.9
Total 100.0 35.8 53.3 100.0 23.4 64.2

Cohort 1974-92: 988 observations, cohort 1955-73: 1615 observations
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Table 4.5: Parameter estimates of the effects of distance to cannabis-shops
(km/10) on the starting rates for cannabis and smoking; two co-
horts

Cannabis Tobacco
Cohort 1974-92 Cohort 1955-73 Cohort 1974-92 Cohort 1955-73

Distance -0.28 (2.9)** 0.01 (0.1) 0.09 (1.1) 0.07 (1.2)
Female -0.33 (2.7)** -0.93 (6.4)** 0.18 (1.6) 0.04 (0.7)
Height 0.02 (2.1)** 0.02 (1.5) 0.01 (1.2) 0.00 (0.8)
Religious -0.22 (4.6)** -0.06 (1.7)* -0.11 (3.0)** -0.04 (2.3)**
Immigrant -0.06 (0.3) -0.24 (1.2) -0.05 (0.3) -0.08 (0.8)
Extremely urban 0.28 (1.1) 0.71 (2.5)** -0.16 (0.8) -0.26 (1.9)*
Very urban -0.10 (0.5) 0.58 (2.2)** -0.10 (0.5) 0.02 (0.2)
Moderate urban 0.04 (0.2) 0.25 (0.9) 0.05 (0.2) 0.08 (0.7)
Slightly urban 0.05 (0.3) 0.61 (2.7)** -0.09 (0.5) 0.04 (0.4)
Birth year 0.20 (0.2) 4.24 (3.5)** -0.66 (0.7) -0.37 (0.6)
Age (duration) dependence
14 0.86 (2.6)** 0.56 (1.2) 1.68 (4.6)** 1.40 (6.3)**
15 1.59 (5.3)** 1.62 (3.8)** 1.98 (5.4)** 1.51 (6.8)**
16 2.16 (7.0)** 2.51 (6.2)** 2.79 (7.9)** 2.35 (11.1)**
17 1.71 (5.0)** 2.00 (4.7)** 3.27 (9.3)** 2.73 (13.0)**
18 1.91 (5.0)** 2.71 (6.5)** 3.57 (10.1)** 3.10 (14.6)**
19 0.81 (1.8)* 1.90 (4.3)** 3.02 (7.8)** 2.40 (10.1)**
20 1.00 (2.2)** 2.38 (5.5) ** 4.02 (10.5)** 3.27 (14.5)**
20+ -0.66 (1.4) 0.71 1.6) 3.31 (7.9)** 2.97 (12.7)**
Second masspoint −∞ −∞ −∞ −∞
α 2.15 (0.7) -0.31 (1.7)** 0.39 (5.0)** 0.58 (11.3)**
-Loglikelihood 1319.8 2008.1 1728.7 3363.8

Note: The α’s imply the following probabilities: 90, 42, 60, 64%. The number of observations are 988 for the young cohort
and 1615 for the old cohort.

Absolute t-statistics in parentheses. *,** denote statistical significance at 10% and 5%, respectively.
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Table 4.6: MPH estimates of the effect of distance to a cannabis-shop on the
starting rate of cannabis use; various distance measures

Parameter estimate -Loglikelihood Observations
a. Cannabis Cohort 1974-92

1. Distance (km/10) -0.28 (2.9)** 1319.8 988
2. Distance 6-10 km 0.25 (1.2) 1316.5 988

11-15 km -0.27 (1.3)
16-20 km -0.14 (0.5)

20+ km -0.87 (3.0)**
3. Distance 20+ km -0.81 (3.0)** 1319.0 988

4. Distance 11-20 km -0.32 (1.8)* 1317.3 988
20+ km -0.98 (3.4)**

b. Cannabis Cohort 1955-73
5. Distance (km/10) 0.01 (0.1) 2008.1 1615
6. Distance 20+ km 0.11 (0.4) 2008.0 1615

c. Cannabis Cohort 1955-63
7. Distance (km/10) 0.02 (1.0) 909.9 808
8. Distance 20+ km 0.30 (0.7) 910.5 808

d. Tobacco Cohort 1974-92
9. Distance (km/10) 0.09 (0.1) 1728.7 988
10. Distance 20+ km 0.32 (1.5) 1728.2 988

e. Tobacco Cohort 1955-73
11. Distance (km/10) 0.07 (1.2) 3363.8 1615
12. Distance 20+ km 0.05 (0.4) 3364.6 1615

f. Tobacco Cohort 1955-63
13. Distance (km/10) 0.01 (0,4) 1706.6 808
14. Distance 20+ km 0.02 (0.1) 1706.7 808

Absolute t-statistics in parentheses. *,** denote statistical significance at 10% and 5%, respectively.
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Table 4.7: Sensitivity analysis MPH estimates of the effect of distance to a
cannabis-shop on the starting rate of cannabis use

Birth cohort 1986-92 Estimate -Loglikelihood Observations
Starting rate
1. Number of cannabis-shops 0.007 (0.3) 443.6 393
2. Number of cannabis-shops -0.058 (0.9) 443.1 393

Interaction with distance 0.68 (1.1)
3. Per capita cannabis-shops 0.01 (1.4) 388.2 393
4. Per capita cannabis-shops 0.04 (1.8)* 387.7 393

Interaction with distance -0.29 (1.3)
5. Cannabis-shops 1999 0.004 (2.0)** 450.1 393
6. Cannabis-shops 1999 – no big cities -0.001 (0.0) 419.0 366
7. Presence of cannabis-shops 0.03 (0.1) 451.6 393
8. Distance (km/10) -0.55 (3.4)** 444.1 393
Birth cohort 1974-92; distance (km/10)
9. Starting rate – no urbanization dummies -0.24 (3.0)** 1320.2 988
10. Starting rate – only rural municipalities -0.69 (3.9)** 388.6 355
11. Distance (km/10) -0.31 (3.2)** 1195.9 981
Knowing one person who uses cannabis 1.32 (5.5)**
Knowing several people who use cannabis 2.34 (10.6)**
12. Distance 20+ km -0.92 (3.2)** 1195.2 981
Knowing one person who uses cannabis 1.36 (5.5)**
Knowing several people who use cannabis 2.46 (11.1)**

LR test statistics for the joint significance of the variables at (4) is 2.86; critical value for 2 d.o.f. is χ2
0.10 = 4.605

Absolute t-statistics in parentheses. *,** denote statistical significance at 10% and 5%, respectively.
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Table 4.8: Simulated cumulative starting probabilities for different age and
distance to a cannabis-shop

Age <20 km ≥20 km
12 0 0
15 0.09 0.04
18 0.27 0.15
20 0.30 0.17

Note that the reference person is a Dutch male who has an average height, non religious parents, living in a moderately urban
municipality and born in 1980. The simulations are based on the estimates of which the distance effect is reported in row (3)
of Table 4.6.
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Table 4.9: Parameter estimates of tobit models for the number of cannabis-
shops in each municipality

Characteristic Panel Tobit Pooled Tobit
Municipality (1) (2)

Population size (1000) 0.008 (25.56)** 0.005 (2.61)**
Income (1000 Euro) -0.067 (-4.46)** -0.097 (-3.12)**
Immigrants (%) 0.097 (17.65)** 0.139 (6.35)**
Near Belgian border 0.447 (3.18)** 0.740 (2.82)**
Near German border -0.058 (-0.53) 0.058 (0.31)

Note that both estimates are based on 3537 observations (9 years, 393 municipalities); both estimates contain fixed effects for
provinces, calendar years and the interaction between provinces and calendar years.

Absolute t-statistics in parentheses. *,** denote statistical significance at 10% and 5%, respectively.

Table 4.10: Ordered probit estimation of distance choice and MPH estima-
tion of the starting age of cannabis use

Correlated Model

Ordered Probit Cannabis Ordered Probit Cannabis

Distance -0.28 (2.7)** -0.29 (2.5)**

-LogLikelihood 2274.2 2274.3

The extra set of variables included in the probit estimations are a set of dummies for education level and a set of dummies
for domestic situation.

Absolute t-statistics in parentheses. *,** denote statistical significance at 10% and 5%, respectively.
We identify 3 mass-points in the correlated model representing 3 unobserved groups of individuals.
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Figure 4.1: Number of cannabis-shops, municipalities and municipalities
with cannabis-shops in the Netherlands
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Figure 4.2: Cannabis-shops by municipality; absolute number (top) and
per capita (bottom); 2007
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Figure 4.2: Continued
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Figure 4.3: Starting rates and cumulative starting probabilities cannabis
use; two birth-cohorts

a. Starting rates
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Figure 4.4: Starting rates and cumulative starting probabilities tobacco use;
two birth-cohorts
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CHAPTER 5

CANNABIS USE AND

SUPPORT FOR CANNABIS LEGALIZATION1

5.1 Introduction

In many countries the production, use and distribution of cannabis is prohibited.

However, the legal framework on cannabis is changing as some countries are be-

coming more tolerant. The Netherlands quasi-legalized cannabis use through the

introduction of “coffeeshops" which are licensed cannabis sales outlets. Recently,

four states in the USA – Alaska, Colorado, Oregon and Washington – legalized

cannabis for personal use. There are several alternatives to prohibition varying

from decriminalization to regulation and legalization (European Monitoring Cen-

ter for Drugs and Drug Addiction (2013)). Whereas decriminalization refers to the

removal of the criminal status for personal possession or use, regulation refers to

limits on access and restrictions on advertizing. Legalization refers to cannabis use

and cannabis supply, making lawful what previously was prohibited. Although

1Joint with Jan C. van Ours. Published as a discussion paper: Palali and van Ours (2014a).
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in the policy debate a distinction is made between legalization and regulation of

cannabis, we consider regulation as legalization under restrictions and focus on the

dichotomy between prohibition and legalization.2

In the policy debate on cannabis legalization there are frequent references to

studies which find that cannabis use has adverse effects on physical and mental

health as well as other negative effects on important life outcomes such as edu-

cational attainment and labor market position (Ellickson et al. (1999), Brook et al.

(1999), French et al. (2001), Arseneault et al. (2004), Van Ours (2006), Van Ours

(2007b), Van Ours et al. (2013)). There are also frequent references to harm to so-

ciety through crime and anti-social behavior of users, the impacts on drug tourism

and the gateway hypothesis.3 Nevertheless, in their overview study on the effects

of cannabis use, van Ours and Williams (2014) conclude that there do not appear

to be serious harmful health effects of moderate cannabis use but there is evidence

of reduced mental well-being for heavy users who are susceptible to mental health

problems. Furthermore, they conclude that while there is robust evidence that early

cannabis use reduces educational attainment, there remains substantial uncertainty

as to whether using cannabis has adverse labor market effects. Negative effects of

cannabis use seem to be related to a small group of users while for the majority of

cannabis users these effects are absent.

In previous studies, cannabis use is related to outcome variables such as health,

education and labor market outcomes. In the current paper we follow a different

strategy to establish whether cannabis use has harmful effects. We analyze the de-

terminants of opinions on the legalization of cannabis. Thus, we aim to establish

whether perceptions of potential negative effects of cannabis use change through

personal experience with cannabis use. We argue that differences in opinions be-

2What the optimal cannabis policy is from an economic point of view is not clear. Economic
arguments are based on the tradeoff between legalizing cannabis which would allow taxes to be
introduced on cannabis use or prohibiting cannabis use because it is easier to limit cannabis supply
than to implement taxation. See for studies that analyze the pros and cons of legalization Becker
et al. (2006), Caulkins et al. (2012), Glaeser and Shleifer (2001), Miron and Zwiebel (1995).

3The gateway hypothesis suggests cannabis use can be a gateway to hard drug use such as co-
caine or heroin.
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tween non-users, current users and past users of cannabis are informative about

potential dangers of cannabis use. If cannabis use changes the opinion in favor of

legalization of cannabis this is evidence that cannabis use may not be as harmful as

individuals originally thought before they started using. Since all of the aforemen-

tioned possible negative effects of cannabis use influence opinions about cannabis

policies, our analysis not only sheds light on opinions on the perceived negative

effects on individuals but also the negative effects on society.

It is well-known that cannabis users are more in favor of legalization than non-

users. This is confirmed in a European study on youth attitudes toward drugs (Eu-

ropean Commission (2011)). Individuals aged 15-24 years in the 27 EU-countries

were asked to report their opinions on specific cannabis policies. On average, 60

percent of the youngsters think that cannabis use should be banned, while 40 per-

cent thinks it should be legalized (with or without restrictions). Figure 5.1 shows

that in EU-countries where the percentage of youngsters who ever used cannabis is

high, also the support for legalization of cannabis use is high. The graph also shows

the situation in the USA where among youngsters of 18-29 years old 36 percent

ever tried cannabis and 69 percent thinks that cannabis use should be legalized. In

terms of the combination of cannabis use and opinions on legalization youngsters

in the USA and the Netherlands are not very different. Admittedly, Figure 5.1 is

based on only cross-country averages. Nevertheless, more detailed studies have

also found that cannabis users are more in favor of legalizing cannabis and less in

favor of prohibition than individuals who have never used cannabis. For example,

a 1989 study from Norway shows that 65% of cannabis users were in favor of pro-

hibition of cannabis while among non-users this was 95% (Skretting (1993)). This

study also finds that those who use cannabis do not consider drug possession as

a serious crime possibly because of self-interest.4 Trevino and Richard (2002) finds

that drug users in Houston have different attitudes towards drug policies than non-

4The influence of self-interest is present also in the use of other (legal) drugs. Using Californian
data, Green and Gerken (1989) find that self-interest plays a decisive role in forming attitudes toward
restrictions on smoking and cigarette taxes.
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drug users; 68% of drug users were in favor of legalizing cannabis, while only 33%

of the non-drug users were in favor. In the Netherlands, in 2008, among cannabis

users only 7% was in favor of prohibition of cannabis, while this was 50% among

non-users (Van der Sar et al. (2011)). In Australia, in 1998, 57% of cannabis users

were in favor of legalizing cannabis while among the non-users this was only 18%

(Williams et al. (2011)).

All in all, several studies suggest that support for cannabis legalization is higher

among cannabis users. Interesting as this may be in itself, the fact that cannabis

users are more in favor of legalizing cannabis does not necessarily imply that opin-

ions are influenced by cannabis use in a causal way. It could be that individuals who

are more likely to consume cannabis are also more in favor of legalization without

personal experience affecting opinions. Knowing whether or not there is a causal

effect from cannabis use to opinions is interesting because if there is a causal effect,

this reveals how potential dangers of cannabis use are assessed. If cannabis use

has a favorable effect on opinions about cannabis legalization then this may reveal

that cannabis use is not as harmful as what it is originally believed. However, such a

causal effect may also have to do with self-interest, i.e. cannabis legalization leading

to easier access to cannabis and perhaps lower prices. We argue that is is possible

to make a distinction between inside information and self-interest by comparing

how past cannabis use and current cannabis use affect opinions. Whereas the effect

of current cannabis use may be a mixture of self-interest and inside information,

the effect of past cannabis use is related to inside information only. Although pre-

vious studies clearly show that there is a significant difference between cannabis

users and non-users in the opinions about cannabis policies, they do not establish

whether this has to do with a causal relationship. The only study that establishes a

causal relationship between user status and opinions on cannabis policy is Williams

et al. (2011). They analyze Australian data from cross-sectional surveys over the pe-

riod 1993 to 2007 using a quasi-panel approach to account for potential endogeneity

of cannabis use. The main conclusion is that past users’ preference for legalization
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is consistent with information on net benefits of cannabis use while self-interest

as contributing to current users’ support for legalization cannot be ruled out. Al-

though focusing on a similar research question, our study differs from theirs in

many aspects including the econometric specification, identification strategy and

the findings.5

In the empirical part of our analysis, we use a statistical model that allows us

to establish the causal effects of cannabis use on opinions about cannabis policies.

We focus on two policy statements in a survey conducted in the Netherlands in

2008. Individuals were asked to indicate their support for statements on prohi-

bition and legalization of cannabis. We estimate simultaneous models that inte-

grate cannabis use dynamics and opinions on cannabis use. We find that cannabis

user status is correlated with opinions on cannabis legalization. This correlation

partly reflects a causal effect. Current cannabis users and past cannabis users seem

to have learned from their experiences and are therefore more in favor of legaliz-

ing cannabis. Current cannabis users are more in favor of legalizing cannabis than

past cannabis users. This suggests that self-interest plays a role in opinions about

cannabis policies but more interestingly, it also suggests that cannabis use may not

be as harmful as non-users are inclined to think.6

By establishing a causal effect of cannabis use on support for legalization, our

analysis provides information about future support for cannabis legalization. Fig-

ure 5.2 shows the cross country relationship between lifetime use of cannabis for

youngsters and lifetime use of cannabis among the 15+ population. As is clear from

the figure, in every country lifetime use of cannabis among youngsters is at least

5Williams et al. (2011) use a quasi-panel approach and apply an Arellano-Bond (AB) procedure
to take account of endogeneity of cannabis use. The results presented by the authors show that
magnitude of the effect of cannabis use on opinions increases once endogeneity is taken into account.
We use an alternative identification strategy based on a discrete factor approach finding that the
effects of cannabis use on opinions decrease once endogeneity is taken into account. Furthermore,
thanks to the well informative nature of the Dutch data, we are able to perform several sensitivity
checks and a wide range of robustness analysis to support our findings.

6Note that the expectation about the effect of past use on opinions is not very clear. It can be also
the case that past users face the negative effects of cannabis use and regret the fact that they have
used cannabis. Our empirical findings suggests that there is no regret.
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as high as among the 15+ population. Taking into account that lifetime cannabis

use of youngsters will increase because some of them will start using cannabis later

on, cannabis use among youngsters is above average in every country presented in

Figure 5.2.7 Clearly, in the future, as the share of cannabis users in the population

increases support for cannabis legalization will also increase.

Our contribution to the literature on the economics of cannabis use is threefold.

First, we present an analysis of opinions on cannabis policies in a quasi-legal en-

vironment. The Dutch respondents have less incentive to misreport cannabis use

compared to many other countries as there is nothing illegal about using cannabis.8

Because of the quasi-legal environment they are also familiar with potential con-

sequences of making cannabis easily available. Second, we establish a causal link

from cannabis use to opinions on cannabis policy. Third, we present a novel strat-

egy to investigate the assessment of potential harmful effects by distinguishing be-

tween self-interest and inside information. Since several aspects of cannabis use

feed into opinions on cannabis policies, these harmful effects are not only related to

the individuals themselves but also to the society in general.

The set-up of our paper is as follows. In section 5.2 we give a brief overview

of cannabis policy in the Netherlands. In section 5.3 we discuss our data and give

some stylized facts. Section 5.4 presents our empirical model and in section 5.5

we discuss our baseline parameter estimates together with estimates from several

sensitivity and falsification/placebo analysis. Section 5.6 finally concludes.

5.2 Cannabis Policy in the Netherlands

As indicated in the introduction, in the Netherlands, cannabis use is quasi-legalized.

Small quantities of cannabis can be bought in cannabis-shops. These are retail out-

lets and referred to as “coffeeshops". Cannabis policy is focused on health issues

7Because youngsters are part of the 15+ population also among the full population cannabis use
will go up but less than proportional since after age 25 uptake of cannabis hardly occurs.

8Only in the Netherlands, Uruguay and 4 states in USA cannabis is legalized.
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(De Graaf et al. (2010)) and can be summarized as tolerant (Van Solinge (1999)). The

basic aim of the cannabis policy is to lessen the potential harm to users and their en-

vironment. Although cannabis is tolerated by Dutch authorities, use of hard drugs

and production and trade of soft drugs and hard drugs are classified as serious of-

fenses (Palali and van Ours (2013)). The distinction between soft and hard drugs in

terms of legal measures is at the heart of drug policy. The intention is to provide an

organized environment for cannabis sale, thus keeping potential customers away

from dealers of more harmful illicit drugs and having a control over the quality of

cannabis. Coffeeshops are regulated by law. Some of the fundamental rules are:

no sale of hard drugs, no advertising, no sale to youngsters below 18 years of age,

no nuisance and no more than 500 grams of cannabis on the premises. Failures to

operate within the regulations might result in shutting down of the shop. The du-

ration of shut down depends on the seriousness of the violations committed by the

owners of coffeeshops.

The 1980s stand as a crucial period in the history of Dutch cannabis policies. In

1980, the policy of tolerance of coffeeshops was publicly announced by Dutch au-

thorities and this announcement was followed by a sharp increase in the number of

coffeeshops (Jansen (1991)). In the mid 1990s there were around 1500 coffeeshops.

However, in the 1990s the tolerant cannabis policy was increasingly criticized from

inside the country as well as from other countries. In 1995, the Dutch government

made changes in the rules under which coffeeshops could operate. From 1996 on-

wards the limit for personal possession of cannabis was decreased from 30 grams

to 5 grams. Moreover, the monitoring and punishment of production and trade

of cannabis were increased and more importantly, local governments were given

the opportunity to decide whether or not they wanted to have a cannabis-shop in

their municipality. These policies caused a substantial decrease in the number of

coffeeshops (Bieleman et al. (2007)). In 1999, there were 846 coffeeshops across the

Netherlands, a number that went down to 651 in 2011.
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5.3 Data and Stylized Facts

5.3.1 Data

Our data are from the 2008 Alcohol and Drugs study, one of the assembled stud-

ies of the Dutch Longitudinal Internet Studies for the Social Sciences (LISS) panel.

Respondents answered various questions about their opinions on different types of

government policies on cannabis. Furthermore, respondents were asked whether

they had ever used cannabis and if they answered affirmatively they were faced

with the question: At what age, approximately, did you first use cannabis? Individu-

als were also asked to report if they were currently using cannabis, i.e. whether

they had used cannabis in the previous 30 days. Because older individuals were

never confronted with cannabis supply, we perform our analysis on individuals

who were born in 1960 or later. It appears that about 20% of the respondents ever

used cannabis whereas less than 5% used cannabis in the previous 30 days. The lat-

ter are considered to be current users whereas the others are considered to be past

users. A description and summary statistics of all variables used in our analysis are

given in Appendix 1.

We use information on past cannabis use and current cannabis use, together with

the retrospective question on the age of first cannabis use to analyze cannabis use

dynamics. Figure 5.3 shows the dynamics in cannabis use. Panel a shows that the

starting rate for cannabis use has a peak at age 17. The probability to use cannabis

for the first time is at its highest point at age of 17. There are other smaller peaks

at age 19 and 21. After age 25 the probability of using cannabis conditional on

not using before virtually becomes zero. Panel b confirms this finding by showing

that the slope of the line representing the cumulative probability of using cannabis

becomes very small after age 25.
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5.3.2 Stylized Facts

In the main part of our empirical analysis, we focus on two statements. The re-

spondents were asked to indicate their opinion on a scale from 1 to 5 ranging from

definitely disagree to definitely agree with the following statement: cannabis should

be prohibited. We rescaled the responses given to this statement assuming that those

who indicated to agree with it would disagree with the statement that cannabis

should be legalized and vice versa. The respondents were also asked to report their

opinion on the statement coffeeshops should be allowed to sell cannabis. We assume

that this statement on coffeeshops is equivalent to a statement on the current sta-

tus of cannabis policy in the Netherlands. Panels a and b of Table 5.1 present the

distribution of opinions for the full sample and sub-samples distinguished by user

status. On average, the responses are evenly distributed; 45% of the sample agree

that cannabis should be legalized whereas another 34% state that they disagree. The

remaining 21% is indifferent. Similarly, 46% of the individuals state that they agree

with the idea of selling cannabis through coffeeshops whereas 35% disagree.9

Dividing the sample into 3 categories based on user status exhibits interesting

results. Among current cannabis users only 1 percent definitely disagree and 2

percent disagree that cannabis should be legalized whereas 89 percent agrees. Sim-

ilarly 85% of the current users of cannabis agree with the statement that coffeeshops

should be allowed to sell cannabis. These percentages are different for past users

of cannabis of whom 77% disagrees with prohibition whereas 9% agrees with this

idea. Similarly 74% of the past cannabis users agree with the statement that cof-

feeshops should be allowed sell cannabis. The numbers are reversed for those who

have never used cannabis in their lives. Almost half of the never users state that

they disagree with the idea of legalization whereas only 31% of the never users

agree. Among the never users only 32% agree with coffeeshops while 45% of these

9If no birth year restriction is imposed on the sample, these figures are 39% and 43%, respectively.
In 1998 this distribution was very much the same: Back then, 43% of the Dutch population of 19 years
and older thought that coffeeshops were admissible while 46% thought they were not admissible
(Sociaal en Cultureel Planbureau (1998)).
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respondents disagree.

The last column in Table 5.1 presents the p-values of a chi-square test where we

test if the differences between reported percentages among current, past and never

users are statistically significant as compared to never users, never users and ever

users respectively. For most of the policy statements, the raw data indicates that

there are significant differences in opinions about cannabis policies depending on

the user status.

5.4 Empirical Model

5.4.1 Cannabis use dynamics

In the analysis of cannabis use starting rates, we assume that individuals become

vulnerable to the risk of cannabis use from age 13 onwards. We specify the starting

rate for cannabis use at time t (t = 0 at age 12) conditional on observed characteristics

x and unobserved characteristics u as

θc(t | x, u) = λc(t) exp(x′βc + u) (5.1)

where βc represent the effects of independent variables and λc(t) represents indi-

vidual duration (age) dependence. Unobserved heterogeneity, in this case, is de-

noted with u which controls for differences in individuals’ unobserved suscepti-

bility to cannabis use. We model duration (age) dependence in a flexible way by

using a step function λc(t) = exp(Σkλk Ik(t)), where k (= 1,..,8) is a subscript for age

categories and Ik(t) are time-varying dummy variables that are one in subsequent

categories, 7 of which are for individual ages (age 13, ..,19) and the last interval is

for ages above 19 years. Because we also estimate a constant term, we normalize

λc,1 = 0.

The conditional density function of the completed durations until the uptake of
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cannabis use can be written as

fc(t | x, u) = θc(t | x, u) exp(−
∫ t

0
θc(s | x, u)ds) (5.2)

We integrate out the unobserved heterogeneity such that density function for the

duration of time until cannabis uptake t conditional on x is

fc(t | x) =
∫

u
fc(t | x, u)dG(u) (5.3)

where G(u) is assumed to be a discrete mixing distribution with 2 points of support

ua and ub reflecting the presence of two types of individuals in the hazard rate for

cannabis uptake. The associated probabilities are denoted as follows: Pr(u = ua) =

r and Pr(u = ub + ua) = 1 − r with 0 ≤ r ≤ 1, and r is modeled using a logit

specification, r = exp(α)
1+exp(α) .

To account for the discrete nature of the observations of age of onset of cannabis

use, the loglikelihood is specified as

n

∑
i=1

dc,i log [Fc(ts,i − 1)− Fc(ts,i)] + (1− dc,i) log [1− Fc(ts,i)] (5.4)

where i is an index for individual, n is the number of individuals in the sample and

dc,i is a dummy variable that is equal to 1 if an individual started using cannabis and

equal to 0 if an individual did not start using cannabis before being interviewed at

age ts.

In addition to starting rates of cannabis use, we also estimate quitting rates in or-

der to have a complete analysis of cannabis use dynamics. The LISS panel includes

questions on the last month use of cannabis. We assume that if the individual re-

ports no use of cannabis in the last 30 days, that individual stopped using cannabis

in time period starting from the first use of cannabis until 30 days prior to the sur-

vey. The conditional density function for the completed durations until the last use
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of cannabis can be written as

fq(τ | x1, v) = θq(x1, v) exp(−θq(x1, v) · τ) (5.5)

Even though we do not observe the exact time of quitting in terms of age of respon-

dents, we can still analyze the duration of quitting thanks to the interval censored

nature of the data. However, note that due to the uncertainty about the exact time

of quitting, duration dependence is not estimated here. On the other hand it is cer-

tain that the duration of cannabis use, τ, will lie in the interval [0,τq] where τq is

the difference between age at the time of survey and the age of the first use. This

means that we can integrate out the conditional density function over this period

to account for the uncertainty of quitting time and obtain the distribution function,

Fq. Individuals who report using cannabis in the last 30 days are assumed to be

right censored in their quitting i.e. those who did not quit. Since the quitting anal-

ysis is performed only on those who ever use cannabis there are no left censored

individuals. As in the analysis of the uptake of cannabis, we assume that there are

2 unobserved heterogeneity groups where the probabilities are assumed to have a

logistic form. The log-likelihood is specified as

m

∑
i=1

dq,i log
[
Fq(τq,i)

]
+
(
1− dq,i

)
log
[
1− Fq(τq,i)

]
(5.6)

where m is the number of individuals that ever used cannabis and dq,i is a dummy

variable which has a value of 1 if the individual stopped using cannabis and a value

of 0 if the individual did not stop using cannabis.

Finally, we allow for the possibility that conditional on the observed characteris-

tics, the age of uptake and the duration of use cannabis uptake and cannabis quits

are correlated through unobserved characteristics. The joint density of completed

durations until the uptake of cannabis use and completed durations of cannabis use
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is specified as:

g1(t, τ | x1, x2) =
∫

v

∫
u

fc(t | x1, v) fq(τ | x2, u)dG(u, v) (5.7)

where G(u, v) is the mixing joint distribution of unobserved heterogeneity.

5.4.2 Opinions on cannabis policy

We first model the determinants of opinions on cannabis policy assuming that the

dynamics in cannabis use are exogenous. Then we take possible correlation be-

tween the two processes into account. Individuals report their opinions on the rel-

evant cannabis policy statements on a scale of 1 to 5; with 1 representing definitely

disagree and 5 representing definitely agree. In order to exploit this ordinal charac-

ter of the dependent variable, we use an ordered probit model with Heckman and

Singer type discrete unobserved heterogeneity (Heckman and Singer (1984)). The

unobserved latent variable in the ordered response model is defined as

y∗ = x′2βp + ρccc + ρpcp + ε + e (5.8)

where cc represent current cannabis use, cp represents past cannabis use and ε con-

trols for discrete type of unobserved heterogeneity which is different from the error

term e that represents the random error term. The parameters of interest in our

study are ρc and ρp which measure the effect of current and past use of cannabis on

the opinions about cannabis policy statements. Furthermore, βp measures the effect

of our control variables whose descriptions and summary statistics are provided in

detail in Appendix 1. The observed responses on the cannabis policy statements in
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the data are, then, assumed to be

y =



1 (Definitely disagree) if y∗ ≤ µ1

2 (Disagree) if µ1 < y∗ ≤ µ2

3 (Indifferent) if µ2 < y∗ ≤ µ3

4 (Agree) if µ3 < y∗ ≤ µ4

5 (Definitely agree) if µ4 < y∗

(5.9)

where µ’s are to be estimated threshold parameters in the ordered choice models.

Assuming that the error term e has a standard normal distribution, we can write the

following probabilities for the ordered probit model conditional on observable and

unobservable individual heterogeneity10:

Pr(y = 1|x3, ε) = Φ(µ1 − x′3βp − ε)

Pr(y = 2|x3, ε) = Φ(µ2 − x′3βp − ε)−Φ(µ1 − x′3βp − ε)

.

Pr(y = 5|x3, ε) = 1−Φ(µ4 − x′3βp − ε)

. (5.10)

Where Φ(.) is standard normal cdf. Unconditional probabilities, then, can be writ-

ten as

Pr(y = j|x3) =
∫

ε
Prob(y = j|x3, ε)dG(ε) (5.11)

where j ∈ {1, 2, 3, 4, 5}, denoting ordered responses. G(ε) is assumed to be a dis-

crete mixing distribution with 2 points of support εa and εb indicating that condi-

tional on observed characteristics there are 2 types of individuals in the ordered

responses given to the policy statements. The associated probabilities are denoted

as follows: Pr(ε = εa) = p and Pr(ε = εb + εa) = 1− p with 0 ≤ p ≤ 1, where p is

modeled using a logit specification, p =
exp(α)

1+exp(α) .

There are a number of assumptions and normalizations which need to be made

for model identification. First, we assume that mean and variance of the error term e
10For simplicity we write x′3βp = x′2βp + ρccc + ρpcp
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in the latent equation are 0 and 1, respectively. Since we have heterogeneity specific

constants in the model, we also set the first threshold parameter µ1 to zero. The

other threshold parameters are modeled in the following way in order to ensure

that probabilities are positive and thresholds are ordered: µ2 = γ2
1, µ3 = µ2 + γ2

2

and µ4 = µ3 + γ2
3. Finally, we write the likelihood function of the ordered choice

model as ∏N Prob(y = j|x3).

Until now, in the ordered probit models for opinions, we have assumed that the

decision to use cannabis is exogenous, i.e. independent from any factor that would

affect the opinions about cannabis policies. However it is possible that there are un-

observed personal characteristics that affect both the decision to use cannabis and

opinions about cannabis policies. If, for example, certain individuals have an incli-

nation toward cannabis use due to some intrinsic factors that would also lead them

to have positive attitudes towards liberal cannabis policies11, then we might end up

with significant parameter estimates for ρc and ρp even though there is no causal

relationship. In order to control for correlation between unobserved characteristics

and establish a causal effect, we jointly estimate the ordered probit model and the

mixed proportional hazard models following a discrete factor approach. The joint

density function of the completed duration of uptake of cannabis, the duration of

cannabis use and opinions on cannabis use is specified as:

g2(t, τ, y = j | x1, x2, x3) =
∫

ε

∫
v

∫
u

fc(t | x1, v) fq(τ | x2, u)Prob(y = j | x3, ε)dG(v, w, ε)

(5.12)

where G(v, w, ε) is a discrete mixing distribution underlying unobserved hetero-

geneity affecting age of onset of cannabis use, duration of use and opinions about

cannabis policies.12 This approach is introduced by Heckman and Singer (1984) in

11For example some individuals could have ex-ante belief about cannabis. This would naturally
affect their opinions about cannabis policies and decision to use cannabis as well. The joint model
controls for such correlations.

12Note that in the specification of opinions two discrete variables are used. It might seem like
in the smoking dynamics, starting and quitting behaviors can also be modeled with discrete choice
models. However, it must be kept in mind that we have the models on smoking dynamics in order to
identify the unobserved heterogeneity. Because of the nature of starting and quitting behaviors, un-
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order to control for unobserved heterogeneity in hazard rates and used for exam-

ple by Mroz (1999) to estimate the effects of dummy endogenous variables. The

approach is equivalent to a correlated random effects model in which the main

idea is that unobserved heterogeneity affecting opinions about cannabis policies

and unobserved heterogeneity affecting cannabis use dynamics can be correlated,

i.e. they come from a joint mixing distribution. The assumption on support points

of this joint distribution defines the types of individuals regarding opinions and

cannabis use. If, for example, conditional on observed characteristics there are two

types of individuals in terms of uptake of cannabis and two types in terms of quit-

ting cannabis, then there could be four types of individuals in terms of cannabis

dynamics. If in addition to this conditional on unobserved characteristics there

are two types of individuals in terms of opinions on cannabis policy, then there

could be eight types of individuals in terms of cannabis dynamics and opinions on

cannabis policy. However, it could also be that there are only two types of individ-

uals in terms of cannabis dynamics: Individuals who are inclined to used cannabis

and individuals who will never start using cannabis. If this is the case, then there

could be four types of individuals: Those who are more in favor of cannabis poli-

cies and more likely to use drugs, those who are less in favor of cannabis policies

and more likely to use drugs, those who are more in favor of liberal drug policies

and more likely to abstain from drugs and those who are against liberal drug poli-

cies and more likely to abstain from drugs. Finally, if there is a perfect correlation

between unobserved heterogeneity behind cannabis use dynamics and opinions,

only the first and the last types are identified. An important advantage of using the

functional form assumptions behind this approach is that identification is achieved

without relying on exclusion restrictions which can be very challenging to find be-

cause cannabis use is likely to be affected by the same determinants as opinions on

cannabis policy.13

observed heterogeneity is much better identified using duration models rather than discrete choice
models because more information is used in the former.

13This of course means that the identification depends on the functional form assumptions of the
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5.5 Parameter Estimates

5.5.1 Cannabis use dynamics

The parameter estimates of the various models are obtained through the method of

maximum likelihood. The parameter estimates of the mixed proportional hazard

models describing starting rates and quitting rates of cannabis use are presented in

Table 5.2. The first column presents the results for the starting rates. The parameter

estimate for female is found to be negative and significant. Thus, as in previous

studies we find that on average females start using cannabis at a later age. Religios-

ity of the parents during the childhood of respondents is found to be significantly

negative. So, as the parents are more religious, the age of initiation to cannabis use

increases. Migrant status of the individual is found to be insignificant. Moreover,

the degree of urbanization of the municipality has a significant effect on the uptake

of cannabis indicating that individuals residing in highly urban areas start using

cannabis at earlier ages. The most likely reasons are that cannabis happens to be

more available and living styles of individuals might make them more vulnerable

to the risk of cannabis use in highly urban regions. Educational attainment does

not seem to affect the uptake of cannabis.14 Finally, there is a clear cohort effect

since age at the time of the survey is an important determinant of cannabis uptake.

Older cohorts were less likely to start using cannabis. In line with figure 2, age de-

pendency parameters indicate that there is a peak in the uptake of cannabis at age

17 and another peak at age 19. The mass point estimates of column 1 show that

unobserved heterogeneity is indeed significant in the data at hand. The estimate of

-1.25 for α implies that 22% of the respondents have a high starting rate of cannabis

use whereas 78% of them have a substantially lower starting rate.

Column 2 of Table 5.2 presents the parameter estimates for quitting rates. We

model. This can turn out to be a disadvantage rather than an advantage if the assumptions are
wrong.

14We assume that educational attainment represents ability since many individuals start using
cannabis before finishing school.
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find that females are not only more likely to start using cannabis at later ages but

they are also more likely to quit at earlier ages. The parameter estimate for the first

urbanization category is negative and significant, indicating that those who live in

highly urban areas quit using cannabis at later ages. Lower educated individuals

have a smaller quit rate and individuals from the older birth cohorts have a smaller

quit rate as well. Finally, we find that those who start using cannabis at a later age

quit earlier, i.e. early starters quit late. Conditional on the observed characteris-

tics we did not find evidence of the presence of unobserved heterogeneity in the

quit rate. If we estimate a joint model of cannabis starting and cannabis quitting we

find that there is correlation between the two processes through unobserved hetero-

geneity. However, the second LR-test reported at the bottom of the table compares

the independent models of cannabis uptake and cannabis quits against the corre-

lated model. As shown we cannot reject the hypothesis that the two processes are

independent.

5.5.2 Opinions on cannabis use – baseline parameter estimates

Table 5.3 presents our baseline parameter estimates. The results for the univariate

ordered probit model for the first policy statement – cannabis should be legalized –

are shown in the first column. We found no evidence of unobserved heterogeneity

having a significant effect. The parameter estimates of both past use and current

use of cannabis are positive and significant indicating that both self-interest and

information may have an effect on opinions. However, the estimates in the first col-

umn are based on the assumption that the decision to use cannabis is exogenous to

the opinions regarding cannabis policies. The correlated models whose parameter

estimates are presented in the second column of Table 5.3 are obtained after control-

ling for possible endogeneity. Now, we are able to identify two mass-points in the

ordered probit for opinions indicating that once we take correlation with cannabis
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use dynamics in account there is unobserved heterogeneity affecting opinions.15

Clearly, the parameter estimates of cannabis use status become smaller in absolute

terms indicating that part of the effects found in the univariate model are due to

the correlated unobserved heterogeneity. The remaining effect may be interpreted

as causal. The second LR test shows that past and current cannabis use have sig-

nificant effects on opinion on cannabis legalization while the third LR test shows

that the effect of past cannabis use is significantly smaller than the effect of current

cannabis use.

The opinions of current cannabis users are expected to be affected by both self-

interest and information. The opinions of past cannabis users are not affected by

self-interest simply because they are no longer users. Thus, for them their param-

eter estimates reflect only the effect of information about cannabis use.16,17 The re-

sults obtained for past users indicate that cannabis may not be as harmful as they

originally thought or as non-users are inclined to think.18 Past users of cannabis

– knowing about cannabis use more than never users – are more likely to support

liberal policies. Since the parameter estimate for current users is larger in abso-

lute terms than the parameter estimate for past users there is also evidence of self-

interest influencing opinions. Indeed likelihood ratio test 3 in Table 5.3 shows that

we strongly reject the hypothesis that current and past use of cannabis have the

same effect on opinions.

15The first Likelihood Ratio test-statistic has a value of 6.6 which is significant with 1 degree of
freedom (εb).

16In the interpretation of the estimates, self-assessed harm of cannabis should not be considered
only as harm to health or harm to productivity. It is rather the collection of possible harms to indi-
vidual himself and also to the society as a whole.

17An alternative interpretation could be that those who experience cannabis report more liberal
opinions because they want to justify their behavior. Note that such a behavior would especially be
a problem in a country where cannabis use is not legal.

18Note that society as whole is constantly learning about negative effects or absence of negative
effects of cannabis use through the accumulation of scientific evidence and its public presentation.
So in reality, all individuals have potential access to public and private signals about the self-harm
effects of cannabis use. In this sense, own use (current or past) is not the only way to learn about this
margin, but the most effective indeed since it is the first hand information. Although all the other
information is available to all individuals, this first hand information is only available to cannabis
users.
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5.5.3 Robustness checks: Sensitivity to policy statements

Table 5.4 presents the results of a sensitivity analysis focusing on opinions about

different types of cannabis policy. For reasons of comparison panel a replicates the

main findings of Table 5.3. Panel b present the results of the same correlated param-

eter estimates for the second policy statement on coffeeshops: It should be permitted

to sell cannabis at coffeeshops. We obtain very similar results. Both current use of

cannabis and past use of cannabis have positive and significant effects on opinions.

In panel b of column (2), similar to column 2 of Table 5.3, the parameter estimate

of current use is found to be twice as large as the coefficient estimate of past use.19

This suggests that the magnitude of the effect of self-interest is almost the same as

that of inside information. For opinions on the first and the second type of cannabis

policy there is a causal effect from past cannabis use to opinions. Individuals that

used cannabis in the past changed their opinion after they had personal experience

with cannabis towards a more liberal policy. They became more likely to support

no-prohibition and more likely to support cannabis legalization. This suggests that

cannabis use is not as harmful as they originally thought.

Panels c to f of Table 5.1 give descriptive information about opinions on other

drug policy statements which are not directly related to availability of cannabis. For

all these policies, the distribution of the responses is very skewed. Almost 90% of

the individuals agree with the statements that coffeeshops should not sell cannabis to

people below 18 years old, the government should organize education campaigns against

drugs, there should not be coffeeshops in the vicinity of schools and the government should

ensure that schools organize education campaigns against drugs. The percentages of

those who agree with a specific cannabis policy remain high irrespective of the user

19Note that for the second policy, we can identify a significant unobserved heterogeneity in the
univariate model although the estimated probability parameter is not well-identified. For this opin-
ion, we can compare univariate models with unobserved heterogeneity and the correlated models
through likelihood ratio tests. Once we performed such a test, the results indicated that we fail to re-
ject the correlated model against the univariate one. Therefore there is further evidence supporting
the findings of the previous LR tests that correlation between unobserved heterogeneity affecting
opinions and cannabis use dynamics is significant.
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status. Nevertheless, to investigate whether there was a causal effect from cannabis

use to opinions we performed a similar type of analysis as for the two main policy

statements that referred to cannabis prohibition and cannabis legalization. Since

the following policy statements are not directly about availability of cannabis, they

serve as falsification analysis on the self-interest aspect of cannabis use.

Panels c and d of Table 5.4 present the parameter estimates of the effects of current

and past cannabis use on restriction on sale of cannabis.20 Concerning no sale of

cannabis to youngsters there is correlation with user status but this disappears once

correlated unobserved heterogeneity is taken into account. Apparently, individuals

who started using cannabis did not change their opinion on no sale of cannabis to

youngsters because they started using cannabis. They had a different opinion all

along. They were less likely to support the idea of no sale of cannabis to youngsters

anyway. The findings for the statement that there should be no coffeeshops near

schools is somewhat different. In order to explore the possible reason behind the

significant negative parameter estimate we performed the same correlated analysis

by dividing the current cannabis use variable into 3 parts: those who frequently

(more than once) used cannabis in the last 30 days, those who used cannabis only

once in the last 30 days but started using cannabis at an earlier age and those who

for the first time used cannabis only once in the last 30 days. Although not reported

here, the results after this distinction show that the negative effect is located among

those who used cannabis for the first time in the last 30 days, which has a very small

number of observations. Once they are ignored, there is no effect. Moreover since

these people cannot accumulate inside information from one time use and they are

mostly below 25 years old, we argue that self-interest plays a small role.21

Panels e and f of Table 5.4 show the main parameter estimates for statements on

education programs. For education campaigns there is no big difference between

20See also Appendix 2.
21Making the same distinction in 2 main legalization policies whose results are given in Table 5.3

did not make any changes. This distinction seems to make a difference only for this specific policy
statement on the location of coffeeshops.
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the univariate model and the correlated model. This suggests that initially opinions

were not different but once some individuals started using cannabis they changed

their minds. Moreover, the fact that there is no difference between the effects of past

use and current use suggests that it is inside information that is driving the results.

Apparently, after personal experience with cannabis, some individuals were less

inclined to support education campaigns because they thought there was less need

for such campaigns. For drugs education at school, there is no difference in opinions

according to user status.

All in all, the findings for the specific types of drug policy show that cannabis use

did not have a big effect on opinions and if it did such as is the case for education

campaigns, inside information is driving the results.22 As expected self-interest

does not play a significant role in shaping opinions about these policy statements.

5.5.4 Magnitude of the effects

To indicate the magnitude of the effect of past and current use of cannabis, we

simulated the probabilities for each alternative in the ordered response variable.

The simulation results are given in Table 5.5. The first panel presents the results

for the first policy statement (cannabis should be legalized). As shown there is a

large effect of cannabis use. The estimated probability of agreeing with the idea of

no-prohibition is 33% for our reference person who has never used cannabis which

is reported in row (3). If that reference person used cannabis in the past, support

for no-prohibition increases to 60% and if this person is still using cannabis the

support for no-prohibition jumps to 81%. Similarly, the second panel presents the

simulation results for the second policy statement on cannabis legalization. The

numbers in the table indicate that estimated probability of agreeing with the idea

of selling cannabis at coffeeshops is 36% for a never user reference person. This

probability increases to 53% if this reference person is a past-user and to 74% if the

22The exception to these findings is the negative of current cannabis use on support for the ban of
coffeeshops near schools. It is hard to imagine that this has a causal interpretation.
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individual is a current user. Similarly the probability of disagreeing decreases from

43% to 26% and 11%, respectively.

A comparison of the simulated probabilities with the unconditional distribution

given in Table 5.1 shows that even though difference between cannabis users and

non-users decreases after controlling for observable and unobservable factors, it

remains as considerable. However note that the numbers given in Table 5.1 are un-

conditional raw percentage. In order to see the effect of unobservable factors, we

simulated the same probabilities using our univariate models. The results are given

in Table 5.6. Since the same observables are used in the univariate and correlated

models, the difference between Table 5.5 and Table 5.6 is due to the effect of unob-

servable factors, i.e. due to the endogeneity of the cannabis use variables. A quick

comparison shows that not controlling for the endogeneity causes serious overes-

timation of the effect of cannabis use on the probability to agree with more liberal

cannabis policies.

5.5.5 Robustness checks: placebo analysis

In order to investigate whether the results obtained on the first two policy state-

ments about cannabis legalization are driven by some overlooked unobserved con-

founding factors, we perform placebo analysis investigating the effect of past and

current cannabis use on opinions about policies unrelated to cannabis use. The first

set of placebo analysis is on the opinions about alcohol legislation. Cannabis use

should not have causal effects on opinions about alcohol legislation. Since unob-

served factors correlated with cannabis use are likely to be correlated with alcohol

use as well, we expect to find significant correlation between cannabis use and opin-

ions about alcohol legislation. This correlation, however, should disappear in the

joint models because there is no causal link. If it does not disappear then we know

that this is not due to a causal effect, but due to the unobserved factors. Therefore,

by using alcohol policies we can test the strength of our joint models in capturing
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the unobserved factors. The second set of placebo analysis is on the opinions about

government policies which are completely unrelated to risky health behaviors. By

using these opinions we can test if cannabis users and non-users are systematically

different from each other in their opinions about government policies regardless of

what the policies are about.

In the first placebo analysis we use information about opinions on various types

of alcohol policy all aiming at restricting access to alcohol. The proposed poli-

cies are: no sale of alcohol in supermarkets, banning alcohol advertisements, no

sale of alcohol to youngsters under age 16, no happy hours in bars and discos,

no sale of alcohol in places which are frequently visited by youngsters. Table 5.7

presents the results. The first column presents the results of univariate models in

which unobserved heterogeneity and correlation with cannabis use dynamics is ig-

nored. For all statements about restricting alcohol availability, current and past

use of cannabis have significant negative effects. The second column presents the

results of the correlated models where we take account of correlation between opin-

ions and cannabis use dynamics through correlated unobserved heterogeneity. For

the first two statement there is no significant correlation between unobserved het-

erogeneity affecting opinions and cannabis use dynamics, and we cannot reject the

joint hypothesis of no significant effects of cannabis use on opinions in the corre-

lated models. For the last three statements we do find significant correlation be-

tween unobserved heterogeneity affecting opinions and cannabis use dynamics,

and here too we find no causal effect of cannabis use on opinions about restrict-

ing alcohol availability in the correlated models. The reason behind why there are

significant negative effects in univariate models but not in correlated models is that

unobserved factors related to cannabis use are likely to be correlated with alcohol

consumption and therefore opinions about alcohol legislation, which is ignored by

the first model. In correlated models such correlation is taken into account and pre-

sented coefficients show causal effects of cannabis use on opinions about alcohol

availability. As expected there is no causal effect.



CHAPTER 5 171

There is a strand of literature on substance use claiming that alcohol use and drug

use can be complementary. If that is true, then our expectation about no-causal ef-

fect of cannabis use on opinions toward alcohol availability no longer holds. There-

fore we perform a second set of placebo analysis using opinions about policy state-

ments which are unrelated to substance use. Table 5.8 presents the parameter esti-

mates of these new placebo analysis. In the first panel, we use information about

opinions on “The state should no longer give students a study grant but only a study

loan under favorable conditions". In both univariate and correlated models there is no

effect of cannabis use on opinions. In the second panel, we use information about

opinions on “Citizens should have more influence on government policies". Again there

is no effect of cannabis use.23 It does not seem to be the case that cannabis users

and non-users are systematically different in responses given to policy statements

regardless of the nature of the policies.24 Finally, Table 5.12 shows the distribu-

tion of opinions about all of the statements used in our placebo analysis. It is not

the case that these distributions are systematically different from the distribution of

opinions about our baseline statements. Therefore, the results of placebo analysis

are not driven by peculiarities related to the distribution of opinions.

5.5.6 Robustness checks: Sensitivity to model specifications

In a further set of robustness checks, we investigate the sensitivity of our baseline re-

sults to various model specifications. Table 5.9 presents the results of some of these

robustness checks. Panel (a) repeats our baseline results. In panel (b) we remove

education dummies from starting rate analysis as these dummies are expected to

be endogenous in age of onset of cannabis use. The presented results show that our

23The sample size substantially drops because information on these policy statements is not avail-
able for everyone. However, re-estimating the baseline model using this small sample shows that the
baseline results for cannabis legalization are robust. It is not the case that the insignificant parameter
estimates reported in Table 5.8 are due to small sample sizes.

24Note that for both of these policy statements we have to match Alcohol and Drugs study of LISS
panel with other studies of the panel, which causes a substantial loss in the number of observations.
However dynamics and patterns of cannabis use in these smaller samples is found to be very similar
to what we have in the main sample of our study.
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conclusion remains the same. Panel (c) presents the results when we add political

preference dummies in the starting rates. Again our conclusion remains the same.

One issue with retrospective responses about substance use is that there might

be measurement errors due to recall bias. In order to see if our results are sensitive

to such a recall bias, we restrict our sample to a much younger cohort as they are

expected to recall more accurately. Panel (d) presents the results of this estimation

where we use information on individuals who were born after 1969. Although we

lose almost half of our main sample, we still obtain similar results.

In panel (e), we investigate the sensitivity of the effect of current use of cannabis

to the intensity of use in the last 30 days. Respondent in the LISS panel also report

how many days a week on average they used cannabis in the last 30 days. In order

to use this information, we divide current use variable into 4 parts depending on

the intensity of use. Coefficient estimates in panel (e) indicate that even for those

who used cannabis only one day a week on average, there is a causal effect on opin-

ions. However, a likelihood ratio test indicates that for those who used cannabis

only one day a week on average or less, we fail to reject the null hypothesis that co-

efficient estimates of current use and past use are the same. It seems that for those

who very rarely use cannabis, inside information is driving the results rather than

self-interest, which is consistent with our interpretations of the results.25 Panel (f)

investigates the effect of duration of cannabis use. The coefficient estimate of dura-

tion is found to be positive but insignificant.

In the last couple of robustness checks presented in Table 5.9, we investigate

other possible mechanisms that can harm our interpretation of the results. We in-

terpret the positive effect of past use of cannabis on the support given to cannabis

legalization as an evidence that those who used cannabis in the past have superior

25Note that we assume that 30 days of no-use prior to the survey date signal past-use. It might
be the case that some of those who did not use cannabis in the last 30 days are occasional users.
If this is indeed the case, then we cannot clearly separate the self-interest from inside-information.
However, for such users we expect that self-interest plays a much smaller role compared to intensive
users. In fact, panel e of Table 5.9 shows that the effect of cannabis use increases as the intensity of
use increases. Therefore, even if some of the past users are actually occasional users, there is still an
effect of inside information.
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information about cannabis use and costs/benefits related to it. That is why we con-

clude that cannabis use may not be as harmful as it is originally thought. An alter-

native mechanism can be that both past cannabis use and opinions about cannabis

legalization are driven by peer effects (Williams et al. (2011)). Panel (g) shows that

controlling for peer use of cannabis does not cause considerable changes in our

conclusion.26 Another mechanism could be that those who used cannabis have

engaged with some negative aspects of drug markets such as crime even though

possession and use of soft drugs are not criminal offenses in the Netherlands. Such

people might be in favor of legalization not because they think cannabis is not sub-

stantially detrimental but because legalization can be a way of reducing criminal

activity related to drugs. Panel (h) presents the results after controlling for opinions

of the respondents about criminal nature27 of the drug market. Again our conclu-

sion remains the same.28

Finally, we estimated ordered logit models with discrete unobserved heterogene-

ity to re-analyze the effect of past and current use of cannabis on opinions about two

legalization policies. The probabilities for the ordered logit specification of opinions

conditional on observable and unobservable characteristics are defined as

Pr(y = 1|x3, ε) = F(µ1 − x′3βp − ε)

Pr(y = 2|x3, ε) = F(µ2 − x′3βp − ε)− F(µ1 − x′3βp − ε)

.

Pr(y = 5|x3, ε) = 1− F(µ4 − x′3βp − ε)

. (5.13)

where F(.) is cumulative density function of the logistic distribution. Although

not reported here the parameter estimates of univariate and correlated models with

ordered logit are found to be qualitatively and quantitatively very similar to those

26LISS panel also has information on peer use: The respondents are asked if they have family
members or friends who use cannabis. They report “no", “1 person" or “several people".

27The respondent in LISS panel also report their opinions about the following statement on a scale
of 1-to-7: “The drugs problem should first of all be considered as a criminal issue".

28One remaining mechanism is the reverse causality. If opinions about cannabis legalization are
formed earlier in life and if they are rigid in the sense that they do not change over time, then
opinions might be driving cannabis use instead.
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in Table 5.3.29 Thus, we conclude that the results are not peculiar to the assumption

of normality. Furthermore as a final robustness analysis we estimated the univariate

and correlated models by fitting opinion variables into a scale from 1 to 3. In other

words, the observed responses on the cannabis policy statements in the data are

assumed to be

y =


1 (Definitely disagree or Disagree) if y∗ ≤ µ1

2 (Indifferent) if µ1 < y∗ ≤ µ2

3 (Agree or Definitely agree) if µ2 < y∗

(5.14)

The rest of the model specifications is kept the same. The parameter estimates of

this model are found to be very similar to those which are reported until now, indi-

cating that results are mainly driven by differences between individuals who agree

or disagree to given policy statements; not by differences between those who agree

(disagree) or definitely agree (definitely disagree).

5.6 Conclusions

Opinions on cannabis policy are interesting to study as they provide some infor-

mation about public support of certain types of policy. From previous studies

and a simple cross-country comparisons it appears that support for legalization

of cannabis increases with the share of cannabis users. Interesting as this may be

in itself, the fact that cannabis users are more in favor of legalizing cannabis does

not necessarily imply that opinions are influenced by cannabis use in a causal way.

Cannabis users may be more in favor of legalization because individuals who are

more likely to consume cannabis are also more in favor of legalization without the

personal experience affecting opinions. Knowing whether or not there is a causal ef-

fect from cannabis use is interesting because if so, it reveals how potential dangers

29As expected the coefficient estimates in logit models are higher than those in probit models. A
rescaling of logit estimates with 1.7 gave almost the same coefficient estimates as those given by
probit models.
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of cannabis use are assessed. If cannabis use increases the support for legalizing

cannabis then this reveals that cannabis use may not be so harmful as individuals

were inclined to think before they started using cannabis. However, such a causal

effect may also have to do with self-interest, i.e. the expectation that cannabis legal-

ization will induce easier access and perhaps lower prices.

We use data from a 2008 survey which includes detailed questions about cannabis

use and opinions about cannabis policies in the Netherlands. After an extensive

sensitivity analysis we conclude that there is a causal effect of personal experience

with cannabis use on the support given to more liberal cannabis policies. Those

who currently use cannabis and those who used it in the past are more in favor of

legalization. The opinion of current cannabis users may be driven by self-interest

and inside information but the opinion of past users will be driven mainly by inside

information about the dangers of cannabis use. From the significance of the effect of

past cannabis use we conclude that cannabis use may not be as harmful as cannabis

users originally thought it was and non-users are inclined to think. Furthermore,

our analysis suggests that as the share of cannabis users in the population goes up

support for cannabis legalization will increase.
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Appendix 1: Details on the LISS data

The LISS survey is administered by CentERdata, a research institute of Tilburg Uni-

versity. The data used in our study are from one of the special cross-sectional sur-

veys conducted in November 2008. The online survey is addressed to a representa-

tive Dutch sample. Table 5.11 provides a description and summary statistics of the

variables used in our analysis. Most of the descriptions are self-explanatory. For the

question on political preferences we grouped the various parties in the Netherlands

as follows: Conservatives (VVD, Trots op Nederland, PVV), Left wing (PvdA, SP,

Groen-Links, D66, Partij van de Dieren), Center (CDA, Christenunie, SGP), Others

(other party, would rather not say, would not vote, is not entitled to vote, blank

vote, does not know).
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Appendix 2: Opinions on cannabis policy apart from le-

galization

Apart from the main policy statements on cannabis legalization, the LISS survey

includes various other statements on drug policy. Table 5.4 panel c presents the pa-

rameter estimates on opinions about the statement that the government should ensure

that coffeeshops don’t sell cannabis to people below 18 years old. As with prohibition and

legalization, respondents are asked to report their opinions in a scale from 1 to 5; 5

indicating definite agreement. A study by Abraham et al. (1999) shows that around

40% of the individuals aged between 12 and 17 obtain the cannabis that they use

from coffeeshops. This is a striking percentage considering the regulations on cof-

feeshops which forbid selling of cannabis to people below 18 years old. Panel d of

the same table present the parameter estimates on opinions about the statement that

coffeeshops should not be located in the vicinity of schools. In 2008, it was decided that

all municipalities would ban coffee shops which are located within a distance of

250 meters of schools for secondary education. The main purpose of the law was to

prevent pupils from considering soft drugs as non-detrimental or normal and pre-

vent them from constantly coming across drug purchase points. The distance of 250

meter is to be increased to 350 meter as of January 2014 (Van Laar et al. (2011)). The

results show that even though there seems to be an effect of past use of cannabis on

opinions about these two policy statements, this effect is solely due to correlations.

In correlated models the effect of past use of cannabis on opinions virtually disap-

pears. Current use of cannabis displays slightly different results. There is no causal

effect of current use of cannabis on opinions about sale of cannabis to youngsters

at coffeeshops. There is, however, an effect on opinions about coffeeshops being

close to schools. Those who currently uses cannabis seem to worry less about the

existence of coffeeshops in the vicinity of schools. We show that this effect solely

comes through those who used cannabis for the first time in the last 30 days. Since

these people are likely to be less than 25 years old (cannabis use literature shows
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that people above 25 years old are very unlikely to use start using cannabis), self-

interest can play a role. Likelihood ratio tests on the joint significance of past and

current use of cannabis show that only in the case of the second policy statement

the parameters are jointly significant.

Table 5.4 panel e shows the parameter estimates on opinions regarding the state-

ment that the government should conduct drug education campaigns. From a likelihood

ratio test it appears that in the correlated model we cannot reject the hypothesis

that there is an effect of cannabis use on opinions. However, we cannot reject the

hypothesis that the effect is the same for current cannabis use and past cannabis

use. This suggests that self-interest does not play a role and the causal effect has

to do with inside information. Finally, panel f presents the parameter estimates on

opinions about the statement that the government should ensure that schools provide

drug education. For these policy statements, the parameter estimates of current and

past use of cannabis are found to be jointly insignificant. For the rest of the policy

statements used in the falsification analysis and reported in Tables 5.7 and 5.8, we

do not find any causal effect of cannabis use which gives empirical support to our

main findings.
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Table 5.1: Opinions on various types of cannabis policy (percentages)

Definitely Definitely
disagree Disagree Indifferent Agree agree Total N P-valuea

a. Cannabis legalized

1 All 16 18 21 28 17 100 2016
2 Current users 1 2 8 33 56 100 96 0.00
3 Past users 4 5 14 43 34 100 529 0.00
4 Never users 21 24 24 22 9 100 1391 0.00

b. Coffeeshops permitted

1 All 19 16 19 36 10 100 2015
2 Current users 3 5 7 45 40 100 95 0.00
3 Past users 6 7 13 57 17 100 529 0.00
4 Never users 25 20 22 27 5 100 1391 0.00

c. No sale to youngsters

1 All 1 3 12 50 34 100 2015
2 Current users 3 7 15 50 26 100 95 0.01
3 Past users 1 4 11 53 31 100 529 0.04
4 Never users 1 2 12 50 36 100 1391 0.00

d. No coffeeshops near schools

1 All 2 4 11 39 44 100 2014
2 Current users 5 11 27 33 24 100 95 0.00
3 Past users 2 5 15 47 31 100 528 0.00
4 Never users 2 3 8 36 50 100 1390 0.00

e. Education campaigns

1 All 1 1 6 52 40 100 2012
2 Current users 1 1 10 52 36 100 95 0.00
3 Past users 1 1 6 57 35 100 528 0.00
4 Never users 1 1 6 50 42 100 1389 0.00

f. Drugs education at schools

1 All 1 1 8 53 36 100 2005
2 Current users 2 5 14 50 29 100 95 0.49
3 Past users 1 2 9 58 30 100 528 0.03
4 Never users 1 1 7 2 39 100 1382 0.02

a shows the p-value of a chi-square test of independence with null hypothesis that the reported difference in opinion
categories between current (past, never) users and never (never, ever) users is not significant. For most of the cases we reject
this null hypothesis.
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Table 5.2: Dynamics in cannabis use: parameter estimates of mixed propor-
tional hazard models on starting age and quitting age of cannabis
use.

Bivariate

Starting rates Quitting rates
(1) (2)

Female -0.68 (5.0)** 0.33 (2.6)**
Religion -0.22 (5.2)** 0.00 (0.1)
Migrant -0.27 (1.3) 0.06 (0.3)
Urban 1 0.92 (3.8)** -0.76 (3.2)**
Urban 2 0.21 (1.0) -0.38 (1.8)*
Urban 3 0.28 (1.2) -0.41 (1.8)*
Secondary1 -0.03 (0.1) 0.46 (1.7)*
Secondary2 0.08 (0.2) 1.14 (3.6)**
Vocational1 -0.37 (1.1) 0.62 (2.4)**
Vocational2 0.15 (0.5) 1.00 (3.6)**
University 0.31 (0.8) 1.06 (3.4)**
Age25-34 -0.11 (0.6) -0.36 (1.7)*
Age35-44 -1.27 (6.1)** -0.89 (4.5)**
Age45+ -2.05 (7.3)** -0.85 (2.4)**
Age of onset 0.76 (5.6)**

Age dependence

Age dep. 20+ 1.39 (3.7)**
Age dep. 19 2.98 (8.2)**
Age dep. 18 2.50 (6.6)**
Age dep. 17 3.26 (9.7)**
Age dep. 16 2.72 (8.3)**
Age dep. 15 2.89 (9.9)**
Age dep. 14 1.86 (6.4)**
Age dep. 13 0.94 (3.0)**

Unobserved heterogeneity

ua -2.49 (5.3)** -3.11 (7.9)**
ub -5.95 (14.1)** -
α -1.25 (8.5)** -

-Loglikelihood 2921.6
LR test 1 4.6
LR test 2 0.4
Observations 2016

The Likelihood Ratio test 1 indicates that unobserved heterogeneity is not significant in the quitting rates. Note that d.o.f of
the test is 2 since when ub = 0, α is not identified in the quitting rates estimation.

The Likelihood Ratio test 2 compares the independent models against the correlated model and shows that we cannot reject
that the two processes are independent; absolute t-statistics in parentheses. * and ** are for statistical significance at 10% and
5%, respectively.
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Table 5.3: Parameter estimates of the effect of past and current use of
cannabis on the cannabis policy statement: Cannabis should be le-
galized.

Univariate Correlated
(1) (2)

Past cannabis use 0.97 (16.0)** 0.71 (5.7)**
Current cannabis use 1.60 (10.5)** 1.35 (7.8)**

Female 0.01 (0.2) -0.03 (0.6)
Religion -0.05 (3.1)** -0.05 (3.6)**
Migrant -0.07 (1.0) -0.11 (1.6)
Urban 1 -0.12 (1.2) -0.07 (0.7)
Urban 2 -0.09 (1.2) -0.08 (1.0)
Urban 3 -0.12 (1.4) -0.10 (1.1)

Secondary1 0.04 (0.1) -0.03 (0.2)
Secondary2 0.30 (2.2)** 0.26 (2.1)**
Vocational1 0.21 (1.6) 0.13 (1.2)
Vocational2 0.41 (3.1)** 0.37 (3.2)**
University 0.56 (3.7)** 0.53 (3.8)**

Couple without child -0.03 (0.5) -0.05 (0.5)
Couple with child -0.27 (3.7)** -0.28 (3.7)**
Single with child -0.06 (0.6) -0.09 (0.7)
Other -0.33 (1.3) -0.39 (1.5)

Age 25-34 -0.06 (0.7) -0.09 (1.4)
Age 35-44 -0.24 (2.9)** -0.29 (3.6)**
Age 45+ -0.20 (2.1)** -0.25 (2.7)**

Left wing 0.28 (3.8)** 0.26 (3.8)**
Center -0.31 (3.4)** -0.29 (3.5)**
Others -0.20 (2.0)** -0.18 (2.0)**
I don’t know 0.01 (0.2) 0.00 (0.0)

εa 1.5 (7.3)** 0.73 (3.0)**
εb 0.43 (2.3)**

α -1.26 (8.7)**

γ1 1.01 (52.7)** 1.02 (50.8)**
µ2 [1.1] [1.0]
γ2 0.82 (44.4)** 0.81 (44.1)**
µ3 [1.8] [1.7]
γ3 0.81 (41.2)** 0.82 (41.6)**
µ4 [2.5] [2.4]

-Loglikelihood 5783.25 5779.9
LR test 1 6.6 **
LR test 2 50.1 **
LR test 3 24.8 **
Observations 2016 2016

The LR test 1 tests the univariate model against the correlated model. The Likelihood Ratio test 2 is for the joint significance
of cannabis use variables. The LR test 3 is for equality of the parameters of past cannabis use and current cannabis use.
Absolute t-statistics in parentheses. * and ** are for statistical significance at 10% and 5%, respectively.
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Table 5.4: Parameter estimates of the effect of past and current cannabis use
on support for various types of cannabis policies.

Univariate Correlated
(1) (2)

a. Cannabis legalized

Past cannabis use 0.97 (16.0)** 0.71 (5.7)**
Current cannabis use 1.60 (10.5)** 1.35 (7.8)**

LR-Test 1 6.6**
LR-Test 2 50.1**
LR-Test 3 24.8**

b. Coffeeshops permitted

Past cannabis use 0.80 (13.1)** 0.47 (4.0)**
Current cannabis use 1.33 (10.7)** 1.05 (7.0)**

LR-Test 1 11.8**
LR-Test 2 44.0**
LR-Test 3 21.1**

c. No sale to youngsters

Past cannabis use -0.54 (5.0)** -0.04 (0.3)
Current cannabis use -0.56 (2.3)** -0.06 (0.3)

LR-Test 1 9.4**
LR-Test 2 0.6
LR-Test 3 0.4

d. No coffeeshops near schools

Past cannabis use -0.31 (4.9)** 0.01 (0.3)
Current cannabis use -0.67 (5.5)** -0.41 (2.5)**

LR-Test 1 6.8**
LR-Test 2 2.4
LR-Test 3 12.0**

e. Education campaigns

Past cannabis use -0.13 (2.1)* -0.17 (1.6)
Current cannabis use -0.32 (2.6)** -0.35 (2.1)**

LR-Test 1 0.2
LR-Test 2 4.2
LR-Test 3 2.1

f. Drugs education at schools

Past cannabis use -0.06 (1.0) -0.05 (0.3)
Current cannabis use -0.03 (0.2)** -0.01 (0.3)

LR-Test 1 0.2
LR-Test 2 0.2
LR-Test 3 0.6

The numbers of observations are 2016, 2015, 2015, 2014, 2012 and 2005, respectively.

The LR test 1 tests the univariate model against the correlated model. The Likelihood Ratio test 2 is for the joint significance
of cannabis use variables. The LR test 3 is for equality of the parameters of past cannabis use and current cannabis use.
Absolute t-statistics in parentheses. * and ** are for statistical significance at 10% and 5%, respectively.

For opinions b & c, LR tests indicate that unobserved heterogeneity is significant in opinions in the univariate models
although the distribution is not well-identified. For these two opinions we also compared univariate models with
unobserved heterogeneity and the correlated models through likelihood ratio tests. The results indicate that in both cases
we fail to reject the correlated model against the univariate one, which supports the findings of the previous LR tests that
correlation between unobserved heterogeneity affecting opinions and cannabis use dynamics is significant.
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Table 5.5: Simulations of the effects of past and current use of cannabis on
opinions about cannabis legalization and cannabis-shops policy
(percentages).

Definitely Disagree Definitely
disagree Indifferent Agree agree Total

a. Cannabis should be legalized

1. Current use 1 5 13 37 44 100
2. Past use 6 12 21 38 22 100
3. Never use 20 23 25 26 7 100

b. Legalization: It should be permitted to sell cannabis at the coffeeshops

1. Current use 4 7 15 53 21 100
2. Past use 12 14 20 44 9 100
3. Never use 23 20 22 32 4 100

Table 5.6: Simulations of the effects of past and current use of cannabis on
opinions about cannabis legalization and cannabis-shops policy
in univariate models (percentages).

Definitely Disagree Definitely
disagree Indifferent Agree agree Total

a. Cannabis should be legalized

1. Current use 1 2 8 30 59 100
2. Past use 3 7 16 39 35 100
3. Never use 20 21 25 26 8 100

b. Legalization: It should be permitted to sell cannabis at the coffeeshops

1. Current use 1 4 9 50 36 100
2. Past use 5 9 16 52 18 100
3. Never use 20 20 22 34 4 100

The simulations are based on the parameter estimates of the correlated models presented in Table 5.3; the reference person
has sample mean values for all of the observable characteristics except for cannabis use.
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Table 5.7: Parameter estimates of placebo regressions: Opinions on alcohol
availability.

Univariate Correlated
(1) (2)

a. No alcohol in the supermarkets

Past cannabis use -0.43 (7.3)** -0.29 (2.3)**
Current cannabis use -0.39 (3.0)** -0.25 (1.1)

LR-Test 1 1.2
LR-Test 2 3.6
LR-Test 3 1.6

b. Alcohol advertisements should be banned

Past cannabis use -0.31 (5.2)** -0.21 (1.7)*
Current cannabis use -0.46 (3.2)** -0.37 (1.9)*

LR-Test 1 0.4
LR-Test 2 3.8
LR-Test 3 1.3

c. No alcohol to those under 16

Past cannabis use -0.13 (2.0)** 0.16 (1.2)
Current cannabis use -0.37 (2.4)** -0.07 (0.3)

LR-Test 1 5.8**
LR-Test 2 3.6
LR-Test 3 1.2

d. No happy hours in bars and discos

Past cannabis use -0.31 (5.5)** 0.01 (0.2)
Current cannabis use -0.54 (4.4)** -0.25 (1.4)

LR-Test 1 7.0**
LR-Test 2 3.0
LR-Test 3 0.2

e. No alcohol sale at places which are frequently visited
by those under 16

Past cannabis use -0.48 (7.8)** -0.19 (1.5)
Current cannabis use -0.50 (3.1)** -0.21 (1.2)

LR-Test 1 4.4**
LR-Test 2 1.8
LR-Test 3 0.4

The number of observations is 2016.

The LR test 1 tests the univariate model against the correlated model. The Likelihood Ratio test 2 is for the joint significance
of cannabis use variables. The LR test 3 is for equality of the parameters of past cannabis use and current cannabis use.
Absolute t-statistics in parentheses. * and ** are for statistical significance at 10% and 5%, respectively.
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Table 5.8: Parameter estimates of placebo regressions: Opinions on policies
unrelated to substance use.

Univariate Correlated
(1) (2)

a. The state should no longer give students a study grant,
but only a study loan under favorable conditions

Past cannabis use -0.04 (0.1) -0.01 (0.3)
Current cannabis use 0.03 (0.1) 0.01 (0.1)
Observations 802

LR-Test 1 0.4
LR-Test 2 0.1
LR-Test 3 0.3

b. Citizens should have more influence on government policy

Past cannabis use 0.19 (1.9)* -0.18 (1.0)
Current cannabis use 0.21 (0.7) 0.19 (0.7)
Observations 1158

LR-Test 1 0.2
LR-Test 2 1.2
LR-Test 3 0.8

The LR test 1 tests the univariate model against the correlated model. The Likelihood Ratio test 2 is for the joint significance
of cannabis use variables. The LR test 3 is for equality of the parameters of past cannabis use and current cannabis use.
Absolute t-statistics in parentheses. * and ** are for statistical significance at 10% and 5%, respectively.

Although the sample size drops considerably after matching different data sets, pattern of cannabis use remains the same.
The percentage of ever users, past users and current users are 30%, 25% and 4% for panel a and 31%, 25% and 5% for panel
b, respectively. Note that these are very much the same as those reported in Table 5.11 for the main sample.
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Table 5.9: Sensitivity analysis on “cannabis should be legalized".

Correlated LogLikelihood Observ.
(1) (2) (3)

a. Baseline estimates
Past cannabis use 0.71 (5.7)** 5779.9 2016
Current cannabis use 1.35 (7.8)**

b. No education in the starting rates
Past cannabis use 0.72 (5.7)** 5786.1 2016
Current cannabis use 1.36 (7.8)**

c. Political preferences in the starting rates
Past cannabis use 0.69 (5.4)** 5744.11 2016
Current cannabis use 1.33 (7.6)**

d. Individuals born after 1969
Past cannabis use 0.51 (3.0)** 3442.60 1149
Current cannabis use 1.18 (5.6)**

e. On average how many days a week cannabis is used by the respondent
Past cannabis use 0.71 (5.5)**
6-7 days a week 1.62 (5.3)** 5778.85 2016
2-5 days a week 1.45 (3.5)**
1 day a week 1.16 (4.6)**
Less than 1 day 1.23 (4.4)**

f. Duration of use
Past cannabis use 0.72 (5.6)**
Current cannabis use 1.30 (5.6)** 5779.8 2016
Duration of use 0.01 (0.3)

g. Peer and family influences
Past cannabis use 0.44 (3.7)** 5713.47 2011
Current cannabis use 1.03 (5.8)**
1 friend/family using cannabis 0.35 (5.0)**
Less than 1 friend/family using cannabis 0.68 (10.6)**

h. Criminal aspect of drug use

Past cannabis use 0.65 (5.0)** 5591.13 2007
Current cannabis use 1.11 (6.5)**
Criminal aspect of drug use -0.27 (20.5)**

Absolute t-statistics in parentheses. * and ** are for statistical significance at 10% and 5%, respectively.
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Table 5.10: Heterogeneity of the effect of cannabis use

Correlated Log-Likelihood Observ.

(1) (2) (3)

a. Cannabis use and gender

Past cannabis use Female -0.68 (4.5)** 5779.8 2016
Past cannabis use Male -0.75 (6.0)**
Current cannabis use Female -1.42 (5.1)**
Current cannabis use Male -1.32 (6.7)**

b. Cannabis use and educational attainment

Past cannabis use Primary -0.87 (3.0)** 5798.2 2016
Past cannabis use Secondary1 -0.73 (3.8)**
Past cannabis use Secondary2 -0.90 (5.2)**
Past cannabis use Vocational1 -0.77 (4.7)**
Past cannabis use Vocational2 -0.84 (5.6)**
Past cannabis use University -0.91 (5.5)**
Current cannabis use Primary -1.49 (3.9)**
Current cannabis use Secondary1 -1.19 (3.3)**
Current cannabis use Secondary2 -1.14 (4.4)**
Current cannabis use Vocational1 -1.74 (4.9)**
Current cannabis use Vocational2 -1.23 (2.1)**
Current cannabis use University -1.88 (2.1)**

c. Cannabis use and the age categories

Past cannabis use Age15-24 -0.84 (4.9)** 5784.7 2016
Past cannabis use Age25-34 -0.85 (6.5)**
Past cannabis use Age35-44 -0.66 (4.8)**
Past cannabis use Age45+ -0.56 (2.5)**
Current cannabis use Age15-24 -1.47 (6.8)**
Current cannabis use Age25-34 -1.83 (5.8)**
Current cannabis use Age35-44 -1.06 (3.1)**
Current cannabis use Age45+ -1.27 (1.8)*

Absolute t-statistics in parentheses. * and ** are for statistical significance at 10% and 5%, respectively.
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Figure 5.1: Percentage of those who support a policy of cannabis regulation
and percentage of ever cannabis users among youngsters in 27
European Union countries and the USA

Source: EU: European Commission (2011); youngsters: 15-24 years USA: 2013;
youngsters: 18-29 years
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Figure 5.2: Percentage of those who ever use cannabis for 15-24 years old
and for 15+ years old

Source: EU: European Commission (2011); youngsters: 15-24 years USA: 2013;
youngsters: 18-29 years.
For 15+, age groups are 15-64 except (Denmark 16-64); Hungary (18-64); Italy (18-
64); USA (18 and older)
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Figure 5.3: Starting rates and cumulative starting probabilities cannabis
use

a. Starting rates (% per year)
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b. Cumulative starting probabilities (%)
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