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Abstract
Early Cannabis Use and School to Work
Transition of Young Men*
We study the impact of early cannabis use on the school to work transition of young men.
Our empirical approach accounts for common unobserved confounders that jointly affect
selection into cannabis use and the transition from school to work using a multivariate
mixed proportional hazard framework in which unobserved heterogeneities are drawn
from a discrete mixing distribution. Extended models account for school leavers’ option
of returning to school rather than starting work as a competing risk. We find that early
cannabis use leads young men to accept job offers more quickly and at a lower wage rate
compared to otherwise similar males who did not use cannabis. These effects are present
only for those who use cannabis for longer than a year before leaving school. Overall, our
findings are consistent with a mechanism whereby early non-experimental cannabis use
leads to greater impatience in initial labor market decision-making.
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Introduction

The legal environment surrounding cannabis has changed dramatically in the US in the
past few years. Medical marijuana pharmacies are becoming more common and four states,
Alaska, Colorado, Oregon and Washington, have legalized cannabis. The shift towards
a more liberal cannabis policy setting is likely to continue with several states, including
California, Nevada, Maine, Arizona and Massachusetts, holding ballots to legalize cannabis
in 2016. And while the full extent to which the new legal environment will impact on
cannabis consumption is not yet clear (Pacula et al., 2015; Pacula and Sevigny, 2014), it is
very likely that its effect will be greatest among young people. This follows from the fact
that uptake of cannabis most often occurs during the teen years (van Ours and Williams,
2009) and from recent evidence showing an upward trend in cannabis use by young adults
(Johnston et al., 2015). For example, monthly cannabis use among young adults (aged 1928) has increased from 15.7% in 2006 to 20.1% in 2015 (Johnston et al., 2015). To put this
in perspective, monthly cigarette use among young adults fell from 27.0% to 16.6% over
the same time period. Given these changes in the policy environment and in cannabis use,
understanding the consequences of cannabis use for youth and young adults is of increasing
policy importance.
This paper focuses on the consequences of cannabis use in terms of early labor market
experiences, investigating its impact on the school to work transition. Understanding the
impact of youthful cannabis use on transitions into the labor market is important not only
because of the potential for it to effect initial labor market outcomes. Early cannabis use is
likely to have a more enduring impact on economic well-being because initial labor market
positions are an important determinant of labor market trajectories (Altonji et al., 2014;
Oreopoulos et al., 2012). With over 50% of young adults reporting to have ever used cannabis,
and over 30% reporting use in the past 12 months (Substance Abuse and Mental Health
Services Administration, 2014), understanding whether and to what extent cannabis use
impacts on transitions from school to work is both a relevant and significant margin from
an economic perspective.1
Despite its potential to have long lived effects on the economic well-being of young adults,
1

Substance Abuse and Mental Health Services Administration (2014) report that, for the National Survey
on Drug Use and Health, 51.9% of 18–25 year olds report having used cannabis in their lifetime and 31.6%
report having used in the past year, while in Monitoring the Future, the figures are 53.3% (of 19-24 year
olds) having used in their lifetime and 35.5% have used in the past year.
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little is currently known about the impact of cannabis use on early labor market experiences.
No previous research on the labor market effects of cannabis use specifically considers the
school to work transition, and the findings on labor market outcomes in previous studies
are ambiguous, inconclusive, and are now quite dated.2 For example, some studies report
that cannabis use increases wages, some find no effect, while others report that cannabis use
decreases wages (Kaestner, 1994b; Register and Williams, 1992; van Ours, 2007). In light
of the current literature and the changing policy environment, there is an urgent need for
robust and reliable evidence on the early labor market consequences of youthful cannabis
use.
In establishing whether, and to what extent, early cannabis use affects transitions into the
labor market, we focus on males and consider two dimensions of this transition; the duration
of time between leaving school and starting employment, and the wage rate received when
starting the first post-school job. Within the context of a simple search-theoretic framework,
joint consideration of these dimensions of labor market behavior provides useful predictions
that help discern between potential mechanisms via which cannabis use may affect the schoolto-work transition: by increasing an individual’s preference for leisure, by increasing his
discount rate (increasing impatience), by increasing his probability of being laid off, or by
lowering his expected wage (through adversely affecting mental health, for example).
A central challenge to establishing the impact of cannabis use on labor market outcomes
is that both cannabis use and labor market performance may be influenced by characteristics
that are not observed. For example, a negative correlation between employment and cannabis
use may reflect a stronger preference for leisure among cannabis users compared to nonusers, rather than a causal effect of cannabis.3 We address this issue using a multivariate
mixed proportional hazard framework in which cannabis use dynamics are modeled jointly
with the duration of job search and the starting wage for the first post-school job. A
discrete multivariate mixing distribution accounts for the potential correlation in unobserved
heterogeneities affecting cannabis use dynamics and the outcomes of interest. Our model is
2

See van Ours and Williams (2015) for an overview of studies on the labor market effects of cannabis use
and a discussion on the strengths and weaknesses of the different empirical approaches and identification
strategies used.
3
Ideally, the effects of cannabis use should be studied in an experimental setting where cannabis use is
the outcome of a lottery rather than the choice of an individual. However, as far as we know, Kagel et al.
(1980) is the only paper that uses an experimental method to examine the effect of cannabis on labor market
performance. The paper reports about a laboratory experiment of 98 days in which the productivity of
subjects was measured after they were exposed to various intensities of cannabis use.
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estimated using information on males from the very rich National Longitudinal Survey of
Youth, 1997 cohort. Our main findings are as follows. After accounting for selection, early
cannabis use reduces the time spent in job search before accepting a job offer and reduces
the wage rate at which a job offer is accepted. These labor market effects of cannabis use are
driven by those who used cannabis for more than a year before leaving school. We find no
effect of cannabis use on either the rate at which jobs are found, or the wage rate received
when starting work for those who use cannabis for a year or less before leaving school.
An extended sensitivity analysis investigates potential threats to the interpretation of our
findings. We focus on the propensity of school leavers to return to school. This is an issue
because, in our sample, a significant minority of school leavers exit post-school unemployment
by returning to school, rather than finding a job. Moreover, returning to school is less likely
among early cannabis users. This suggests a spurious correlation between returning to school
and cannabis use as a plausible alternative explanation for our finding that cannabis users
find jobs more quickly. We address this issue using a competing risk model in which school
leavers exit unemployment either by returning to school or by finding a job, and allowing early
cannabis use to affect the hazard of exiting via each option. This extended analysis provides
new insights into the impact of cannabis use on completed schooling (and hence future labor
market outcomes), by studying its effect on the decision to return to school. Additional
sensitivity analyses seek to account for cannabis users’ greater likelihood of working before
returning to school, and examining the robustness of the findings to confining attention to
full time employment rather than any employment, as well as examining their robustness
to identifying assumptions. In all cases our findings are upheld, and typically strengthened.
We conclude that early, non-experimental cannabis use leads young men to spend less time
searching before accepting a job offer, and to accept job offers at a lower wage rate. In
terms of mechanisms, our results are not consistent with mechanisms based on cannabis
use increasing the value of leisure or adversely affecting the expected wage rate. They
are, however, consistent with early non-experimental cannabis use affecting labor market
outcomes through increasing the rate at which the future is discounted or increasing the rate
of being laid off, with the former mechanism being more likely in the context of our study
of initial labor market experiences.
The set-up of our paper is as follows. In the next section we provide an overview of the
conceptual frameworks and findings of previous studies. We also introduce the conceptual
framework underlying our own empirical investigation. In section 3 we provide information
4

about the NLSY97 data and present some stylized facts about cannabis use, job search,
returning to school, and starting wages. In section 4 we discuss the set-up of our empirical
analysis. Section 5 presents results from our baseline and extended analysis. Section 6
concludes.

2

Background and Conceptual Framework

Research into the labor market consequences of cannabis use tends to focus either on the
effect of cannabis use on wages, or on the effect of cannabis use on labor supply. Following
this convention, these two strands of the literature are discussed separately in this section.4
We end with a discussion of the framework used in this study, which takes a more integrated
approach to analyzing the labor market effects of cannabis use.

2.1

Wages and Cannabis Use

The literature investigating the wage effects of cannabis use typically takes as its starting
point a standard Mincer wage equation augmented with health capital. In this framework
the (logged) wage rate, w is determined by the stock of (non-health related) human capital,
H comprising education and labor market experience, and the stock of health capital, as
measured by the addictive capital stock. As most research in this area is based on crosssectional data, the stock of addictive capital (accumulated use) is not observed, and is
replaced by a measure of current use, D:
w
w
w = βD
D + βH
H + βxw x + w

(1)

where x is a vector of other characteristics that impact on wages (such as age, race, sex and
w
w
marital status), and β = (βD
, βH
, βxw )0 is a vector of parameters to be estimated and w is a

stochastic error term (Kaestner, 1991; Mullahy and Sindelar, 1993). The main parameter of
w
interest, βD
, measures the impact of cannabis use on wages.

Since the wage rate is assumed to reflect an individual’s labor market productivity,
cannabis use reduces wages if it reduces productivity by adversely affecting an individual’s
physical and psychological well-being. However, identification of the impact of cannabis
4

A more extensive review is provided by van Ours and Williams (2015).
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use on wages is complicated by two issues. The first is reverse causality. This arises since
cannabis use is a consumption good, and its demand depends on income and hence wages.
Assuming that cannabis use is a normal good, higher wages (and hence income) will lead to
increased cannabis use.5
The second complication in identifying the effect of cannabis use on wages is the presence
of common confounders that induce correlation between error term w and the indicator for
cannabis use, D. For example, individuals with a high rate of time preference are more likely
to use drugs since they place a lower value on the potential future adverse consequences
(Becker and Murphy, 1988). They are also more likely to be in jobs with lower wages, since
they place a higher value on a job offer at a slightly lower wage today than a job offer at a
higher wage tomorrow. A final issue in identifying the causal effect of cannabis use on wages
is that of endogenous selection into employment.6
The most common method of addressing the potential for reverse causality and unobserved common confounders in this literature is instrumental variable (IV) estimation. Some
studies also address the issue of endogenous selection into employment using a Heckman selection type approach, which also requires instruments for identifying the selection term.
For example, Kaestner (1991) implements an IV approach augmented with a Heckman selection procedure using cross-sectional data from the 1984 wave of the National Longitudinal
Survey of Youth 1979 (NLSY79). He finds that a higher frequency of cannabis use in the
past 30 days leads to higher wages, and that this positive relationship does not diminish
with age. Using the same data for males, and also instrumenting current cannabis use and
using a Heckman selection procedure to account for selection into employment, Register and
Williams (1992) find that a higher frequency of cannabis use in the past 30 days increases
wages while uninstrumented long term use and use on the job reduce wages. In a follow-up
study based on longitudinal data from the 1988 and the 1984 waves of the NLSY79, Kaestner
(1994b) shows that his previous findings are confirmed using the 1988 cross-section. However, using both the 1984 and 1988 waves and longitudinal techniques that account for time
5

A further reason for reverse causality in the relationship between wages and cannabis use comes from the
home production model of Michael and Becker (1973) and Becker and Stigler (1977), in which cannabis use
is combined with time and purchased inputs in home production of the utility generating “good” (Kaestner,
1991).
6
Specifically, those who are working are likely to differ in unobserved dimensions from those who are not,
and these unobservables are likely to be correlated with wages, and potentially cannabis use. To the extent
that these unobserved factors are time invariant or slow to evolve, they will also determine labor market
experience, rendering it endogenous. Similar issues arise with respect to the education component of human
capital.
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invariant unobserved heterogeneity (in addition to IV and selection correction), the effect
of cannabis use on wages is found to be insignificant and negative in all specifications for
males and mostly negative and always insignificant in specifications for females. Burgess and
Propper (1998) also use data on males from the NLSY, but consider the impact of cannabis
use in 1980, when respondents are 16–22, on earnings 10 years later, on earnings growth
over the period 1981-1992, and on mean earnings over the period 1981-1992. Using OLS and
logit models, they find that early cannabis consumption has no harmful effect on economic
prospects in later life.
A key concern with interpreting the findings from studies based on IV estimation as
causal effects lies in the choice of instruments. This is especially so in the literature seeking
to identify the causal effect of cannabis use on wages. For example, Kaestner (1991) uses nonwage income, the frequency of religious attendance, the number of dependent children, and
the number of prior illegal acts to instrument for cannabis use. As discussed by Kaestner
(1998), all of these variables may affect the wage rate, in which case they are not valid
instruments.7
In contrast to these studies, van Ours (2007) uses an approach similar to the one we use,
in which the decision to start using cannabis is jointly estimated with wages, assuming that
unobserved heterogeneity for each process is drawn from a correlated discrete distribution.
His analysis, which uses data on inhabitants of Amsterdam, finds that cannabis use has a
negative effect on wages. The size of the effect is related to the age of onset, with earlier
use of cannabis having a larger negative effect on wages. The types of assumptions this
identification strategy relies on are discussed when we present our own estimation strategy.
7
Instrumental variables for cannabis use employed in previous studies include attendance of religious
services, parental education and previous divorce (Register and Williams, 1992), household composition at
a young age, frequency of past religious attendance, number of illegal acts, and a measure of perceived
self-esteem and of control over the world (Kaestner, 1994a), parent present at age 14, alcoholic parent and
decriminalization of cannabis DeSimone (2002).
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2.2

Labor Supply and Cannabis Use

Studies of the impact of cannabis use D, on labor supply h, typically start with a labor
supply function along the lines of8
h
D + βwh w + βxh x + h .
h = βD

(2)

In practice, labor supply is often measured by an indicator for employment. Some studies use
hours worked among those who are employed as the outcome, but this creates the problem
of endogenous sample selection, since those who select into employment do so by comparing
their market wage offer to their reservation wage. And the unobservables that determine
whether one works are also likely to determine the extent to which one works, as measured by
the hours of work. In terms of identifying the causal effect of cannabis use on employment,
the challenges here are similar to those faced in identifying the impact of cannabis use on
wages.9
In the empirical literature, an IV approach is typically employed to address the endogeneity of cannabis use, and sometimes also wages. For example, Kaestner (1994a) estimates
the impact of frequency of cannabis use on hours worked using data from the 1984 and 1988
waves of the NLSY79. The endogeneity of cannabis use and the wage rate is addressed by
instrumenting, and selection into employment is accounted for using a Heckman selection
correction approach. Both cross-sectional and longitudinal estimates are provided, and both
generally find negative but statistically insignificant effects of cannabis use on hours worked.
In contrast, Register and Williams (1992) who also use data on males from the 1984 wave of
the NLSY79 and correct for selection into cannabis use and employment, find that a higher
frequency of past month cannabis use decreases the probability of being employed, whereas
long term use and on the job use increase it. Burgess and Propper (1998) find that cannabis
8

This equation can be interpreted as the compensated conditional labor supply function, derived assuming
that consumers minimize the cost of achieving a certain level of utility, U conditional on a given quantity
of drug consumption, D. An alternative justification for cannabis use directly entering the labor supply
function is found in the household production framework. In this framework, individuals combine time,
market inputs and cannabis use to produce “health”, where cannabis use has the effect of reducing the stock
of health. Since health capital is a determinant of labor supply, cannabis use affects labor supply via its
effect on health (Kaestner, 1994a).
9
Specifically, unobserved confounders that determine hours worked, such as preference for leisure, are also
likely to determine cannabis use. These common unobserved confounders render cannabis use endogenous to
labor supply. Additionally, as discussed previously, these unobserved characteristics are likely to determine
wages, and so wages are also endogenous to labor supply. Reverse causality whereby hours worked leads to
cannabis use is unlikely to be an issue.
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use in youth is significantly associated with a lower probability of employment 10 years later.
DeSimone (2002) considers the impact of cannabis use on employment for males from the
1984 and 1988 waves of the NLSY79 separately. He finds that cannabis use has a substantial
negative effect on the employment of males, reducing the probability of employment by 15–
17 percentage points. Zarkin et al. (1998) use the 1991 and 1992 waves of the U.S. National
Household Survey on Drug Abuse (NHSDA) data to study the relationship between hours
worked and illicit drug use for young men (aged 18 to 24). Using an IV approach, they
estimate that light cannabis use (1–3 joints in the past month) increases hours worked based
on the 1991 wave, and decreases hours worked based on the 1992 wave of the NHDA, leading
them to conclude that their analysis fails to find compelling evidence of a cannabis-labor
supply relationship.10 Finally, van Ours (2006) uses data on inhabitants of Amsterdam to
study the employment effects of cannabis use. Using a discrete factor approach in which the
uptake of cannabis is estimated jointly with the probability of having a job, the author finds
no evidence of a causal effect of cannabis use on employment.

2.3

A Search-theoretic Framework

As discussed above, previous research tends to focus on either the impact of cannabis use
on wages, or the impact of cannabis use on labor supply.11 This approach induces issues
of endogenous sample selection (into employment when considering either hours worked
or wages), or endogenous regressors (such as wages when modeling hours worked) so that
reduced form and selection models must be estimated for the outcome that is not of primary
interest.12 These issues are largely overcome when we use a search-theoretic framework to
study the impact of early cannabis use on the school to work transition. Search theory
focuses on labor market dynamics, in particular the duration of time spent searching for a
job and the wage rate at which an offer is accepted and search ceases. This framework is
particularly appealing in our setting as we are concerned with young men’s first post-school
job, for which the decision to accept a job and the wage rate at which this occurs are two
aspects of a single decision.
10

As instrumental variables they use respondents’ assessment of the risk associated with using illicit drugs
and their assessment of the difficulty in obtaining illicit substances.
11
The few papers that have considered both labor market outcomes conduct separate analyses for each.
12
Moreover, indirect effects of drug use on wages and labor supply, working through the accumulation
of the human capital variables, labor market experience and education, are ignored as is their potential
endogeneity.
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If we allow for endogenous search effort both the reservation wage and job search effort
determine the duration of time it takes for an individual to find a job (Cahuc et al., 2014).
The basic setup is that an individual who is unemployed at time t = 0 decides on the amount
of effort to exert on searching for employment s, where for simplicity, it is assumed that the
probability of receiving a job offer is equal to s ∈ [0, 1]. Greater search effort increases the
probability of finding a job but does so at cost c(s), where c0 (s) > 0 and c00 (0) > 0. Job offers,
characterized by a wage rate w, are realizations of a random variable W with a cumulative
distribution function, F , where F is assumed to be known to the worker and independent of
search effort. An important consequence of this assumption is that search effort determines
the probability that a job offer is received by the individual, but not the distribution of
wages from which the offer is drawn.
The individual accepts a job offer if it is at least as large as his reservation wage, wr . If
w < wr the individual will reject the job offer and continue searching. The reservation wage
is equal to the flow value of being unemployed13 , as this is the value for which the individual
is indifferent between accepting the job offer and rejecting it. The reservation wage can be
expressed as:
s
w = b − c(s) +
δ+q
r

Z

∞

(x − wr )dF (x)

(3)

wr

where b is the utility associated with unemployment, including the value of leisure as well as
the monetary value of unemployment benefits, δ is the discount rate where a higher discount
rate implies greater impatience, and q is the rate of being laid off.
Optimal search effort is chosen such that the marginal cost of increasing the probability
of finding a job is equal to the marginal benefit (expected present value of obtaining a job
offer greater than the reservation wage):
1
c (s) =
δ+q
0

Z

∞

(x − wr )dF (x)

(4)

wr

Noting that job offers are accepted if the wage rate offered is at least as large as the reservation
wage and that job search effort is chosen to equalize the marginal costs and benefits of search,
a stationary job market is characterized by the exit rate out of unemployment θ, defined as
13

The flow value of being unemployed is composed of the net current period benefit, given by the value
of unemployment less search costs, plus the expected present value of obtaining a job offer greater than the
reservation wage in the future.
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the product of the rate at which job offers are received and the probability that a given job
offer is accepted.
θ = s[1 − F (wr )].

(5)

Comparative statics show that in equilibrium, search effort and the reservation wage are
decreasing in δ. This implies that greater impatience lowers the reservation wage in addition
to lowering the search effort. These two effects exert opposite influences on the job finding
rate. DellaVigna and Paserman (2005) show that the wage effect dominates so that the net
effect of an increase in impatience (increase in δ) is a lower reservation wage and a higher
job finding rate, and therefore a shorter duration of unemployment.
In addition, using equations (3), (4) and (5) it can be shown that an increase in the value
of unemployment b increases the reservation wage wr while decreasing search effort s, each
of which serve to decrease the job finding rate θ and hence increase the duration of time to
find a job. An increase in the probability of being laid off q decreases both wr and s, with
the former effect dominating and leading to an increase in the job finding rate θ and hence
a shorter duration of unemployment. Finally, a reduction in the mean of the distribution of
wages, µ reduces both wr and s, with the impact on search effort dominating leading to a
lower job finding rate θ, and hence a longer duration of unemployment.
In our analysis, we jointly model the exit rate out of unemployment, θ and the wage offer
at which search ceases and the job offer is accepted, w. In order to investigate the impact of
cannabis use on the school to work transition, both the duration of time taken to find a job
and the wage at which a job offer is accepted is allowed to depend upon cannabis use while at
school. Predictions from the theoretical model provide a means of learning about potential
mechanisms via which cannabis use may impact on school to work transitions. In particular,
finding that cannabis use increased the job finding rate while decreasing the starting wage
suggests that cannabis use increases impatience, or that it increases the job separation rate.
If however, cannabis use is found to decrease the job finding rate and increase the starting
wage, this would suggest that cannabis use increases the value of leisure. Finally, if cannabis
use leads to lower wages and lower job finding rates, this suggests that cannabis use reduces
the mean of the wage distribution from which job offers are drawn. This effect may operate
through, for example, adverse mental health effects of cannabis use or a reduction in the

11

quality of human capital accumulated at school (by way of a lower grade point average).14
Common confounders are a potential source of endogeneity in studying the impact of
early cannabis use on school to work transitions. We account for common time invariant
confounders by modeling the dynamics of cannabis jointly with the duration of time taken to
find a job and the starting wage, allowing for mixing of the distributions of (time invariant)
unobserved heterogeneity terms affecting cannabis use dynamics and labor market outcomes.
Importantly, our focus on the first post-school job obviates issues related to the potential
endogeneity of labor market experience since school leavers have no such experience.
An important and novel aspect of our approach is that, in a sensitivity analysis, we
account for the possibility that post-school durations of unemployment end with a transition
back to education, rather than a transition into employment. As with the transition into
employment, cannabis use while enrolled in school is permitted to affect the transition rate
of returning to school. In this way, we account for the potential endogeneity of completed
education as well as illuminating a yet unexplored mechanism via which cannabis impacts
on educational attainment.

3
3.1

Data
NLSY97

Our analysis is based on males from the National Longitudinal Survey of Youth 1997
(NLSY97). The NLSY97 is a longitudinal survey representative of American youths who
were 12–16 years old as of 31 December 1996. It is designed to capture educational and
early labor market experiences of youth, but also collects detailed information on cannabis
use. The first round of the survey was fielded in 1997 and 1998. Subsequent rounds of the
survey have been conducted annually, and the retention rate for wave 15, fielded in 2011, is
85.6%.15 There were 8,984 individuals interviewed in wave 1 of the NLSY97, 4,599 of whom
14

There is substantial evidence that heavy long term cannabis use is associated with poor mental health,
especially among those who start using early, and use for a long period of time (Macleod et al., 2004; van
Ours et al., 2014). There is also evidence that poor mental heath is associated with lower wages (Frank and
Gertler, 1991) and reduced employment, consistent with lower exit rates (Chatterji et al., 2011; Tekin and
Markowiz, 2008).
15
The interviews are conducted using a computer-assisted personal interview instrument, administered by
an interviewer with a laptop computer. The mode of interview is in person or by telephone. When interviews
were conducted in person, the information on drug use was self-administered. Personal interviews constitute
the bulk of data.
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were male.16 Our sample comprises 3,830 males for whom we observe information on both
school leaving and whether or not cannabis is used for at least one round of the survey, as
well as information on wages for those who report starting a post-schooling job.17 The age
range in our sample, 12 to 18 in 1997 through to 26 to 32 in 2011, covers the periods in
the life cycle during which cannabis uptake and the transition from school to work typically
occur.

3.2

Outcomes of interest

Information from the baseline survey (round 1) and the fourteen annual follow-ups conducted
up to and including 2011 (round 15) are used to construct individual histories on cannabis
use, school leaving and first labor market experiences (the duration of time until starting the
first post-school job and initial hourly wage in that first job).18 The starting point for our
analysis is school leaving, where school is defined to include high school, college and postgraduate study. Individual’s first school exit is defined to be the first month they report not
being enrolled in school and not being on vacation, expelled or suspended. To ensure that
we do not include summer vacations as school exits, we additionally require that a school
exit has a length of time not enrolled in study of at least 3 months.
In our analysis of the dynamics of cannabis use, we model both the age at first use and the
duration of use among users. The age at first use is self-reported for those who report having
ever used cannabis in wave 1. For individuals who do not report using in wave 1, the age at
first use is based on information provided in subsequent waves on whether the respondent
had used cannabis since the date of the last interview (SDLI).19 The duration of use is
16

Of the 8,984 originally surveyed, 6,748 composed a representative cross-sectional sample and 2,236
compose a supplement that over-sampled Hispanics and blacks who were born in the same time period as
the representative sample. We use both in our analysis.
17
We remove from the sample individuals for whom we observe no information on school leaving (N=220)
or cannabis use (N=37), for whom we cannot determine if they used cannabis before leaving school (N=84),
those for whom we cannot determine the highest grade completed before leaving school (N=14), those who
report leaving school but leave the sample within 3 months without having found a job or returning to school
(N=82), and those who report starting a job but have missing information on wages or whose hourly wage
rate when they start their first post-school job is greater than $50 (N=307).
18
The information used in this paper was reported by the youth. The only exception is parental characteristics which were reported by the youths’ parents in 1997.
19
Harrison et al. (2007) investigate the the validity of self-reported drug use information in a general
population survey in the US by comparing the self-reports of respondents with the results of drug tests of
urine specimens. For cannabis, 93% of individuals self-reported use in the past 3 days agreed with their urine
sample, 5.2% of those who reported no use tested positive and 1.8% reported using and tested negative. The
authors also investigates whether there were differences in truthfulness of self-reports by age, comparing
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calculated using information on the age at which the respondent last reported cannabis use
combined with the age at first use.20 The focus of our study is the impact of using cannabis
while enrolled in school and the duration of use while at school. The indicator for cannabis
use while enrolled in school is defined to be equal to one if initiation into cannabis use occurs
prior to school leaving, and zero otherwise. The duration of cannabis use while at school is
constructed using information on age at first use, age at last use, and the age at which the
respondent exits from school (for the first time).
In terms of the school to work transition, we consider the first new job reported after
individuals left school. Duration of time until employment is constructed by first calculating
the number of months that elapsed from the month the respondent left school until the
month he reports starting employment at a new job. Durations are censored for individuals
who returned to school before finding an eligible job and individuals who had not found a
job when they were last interviewed. The duration until first post-school job is defined in
terms of quarters of years and constructed by dividing the months taken to find a job by 3.
The wage rate at which a job is accepted is measured by the first post-school job’s initial
hourly wage excluding overtime pay or commissions. Information on the hourly wage for
people who are paid by the hour is based on the question: “What was your hourly rate of
pay when you first started this job?” For those who were non-hourly paid, weekly earnings
were divided by hours worked per week to obtain the hourly wage rate.
Our extended analysis models the hazard rate of returning to school. For those who
return to school rather than start working, the duration of time until returning to school
is defined as the number of months elapsed from the month they first exited school to the
month that they returned to school. Note that the minimum duration until returning to
school is 3 months, since the definition of school exit requires individuals to not be enrolled
in school for at least 3 months. We convert the duration until returning to school from
months to quarters of years.
Note: The sample consists of 3830 males; ***, **, * indicates significant at a 1, 5, 10 percent level.
12–17 year olds with those aged 18–25. Overall, both age-groups reported their drug use accurately, with
3% under-reporting 3 day use among 12-17 year olds compared to 8% under-reporting 3 day use 18-25 year
olds.
20
The 37 individuals who reported to have used cannabis before age 10 were coded as missing.

14

Table 1: Summary Statistics

Cannabis use ever
Cannabis use before school leaving
Cannabis use before job finding
Duration of cannabis use at school
Duration of cannabis use lifetime
Age left school
Highest grade completed
Started work
Duration till found job (quarters)
Duration till found job (quarters) | work
Starting hourly wage | work
Back to school
Duration back to school (quarters)| back to school

3.3

Full Sample

Used cannabis at school
No
Yes
Difference

0.63
0.43
0.49
1.63
6.35
18.73
12.13
0.79
4.26
3.64
9.14
0.18
4.12

0.35
0.00
0.10
0.00
4.25
18.59
12.04
0.76
4.38
3.82
9.12
0.21
4.23

1.00
1.00
1.00
3.82
7.35
18.92
12.24
0.82
4.09
3.42
9.17
0.14
3.92

0.65***
–
0.90***
3.82***
3.10***
0.33**
0.20***
0.06***
-0.30
-0.40*
0.05
-0.07***
-0.30

Descriptive Statistics

Table 1 provides descriptive statistics of the key variables for the full sample and according to
whether or not cannabis was used before leaving school (where school is defined to include
tertiary education). It shows that 63% of our sample have used cannabis in the sample
period, and that 43% used cannabis before they left school. Among those who have ever used
cannabis, the average age at first use is 16.6 years of age. The table also shows information
on duration of cannabis use. For example, it shows that the average duration of use before
leaving school among those who initiated use while in school is 3.8 years. The overall duration
of use among those who initiated use while in school is 7.4 years, compared with 4.3 years for
those whose uptake occurred after they left school. In terms of education, sample members
leave school (for the first time) on average at around 18.7 years of age, with 12.1 years of
education.
The table also shows that 49% of the sample used cannabis before finding a job, which
means that 6% started cannabis use in the period between leaving school and finding their
first job (or, for those who did not find a job, before leaving the sample or going back to
school). Given that most of the people that use cannabis do so before leaving school for
the first time, we model the job search process as a function of cannabis use before exiting
school. Modeling job search as a function of cannabis use before finding a job would yield
similar results because only a small percentage of people initiate into cannabis use after they
15

left school and before finding a job.
Finally, Table 1 provides information on the labor market outcomes, duration between
leaving school for the first time and starting work (measured in quarters) and the hourly
wage rate received when they start their first job. It shows that, among those who begin
working, cannabis users take 0.4 fewer quarters (on average) to find a job and earn a slightly
higher initial wage, although the difference in hourly wage rates is not statistically significant.
Table 1 also shows that 18% of the men in our sample exit post-school unemployment by
returning to school rather than finding a job. Cannabis users are less likely to go back to
school (before finding a job) than non-cannabis users (14% compared to 21%). Conditional
on going back to school the average duration until returning to school is 4.1 quarters, or just
over one year. Although cannabis users who return to school (before finding a job) appear
to do so more quickly than non-users who return to school (3.9 quarters compared to 4.2
quarters), the difference is not statistically significant.
We provide descriptive statistics for the rich set of control variables used in the analysis
in Appendix A.

3.4

Stylized facts

As discussed above, in the self-administered portion of the NLSY97 questionnaire, respondents are asked about their cannabis use. In Round 1, respondents are asked whether they
have ever used cannabis, and if so, the age at which they first used it. In subsequent rounds
they are asked if they have used cannabis since the date of the last interview. This information is used to calculate age-specific starting rates and duration of use specific quit rates,
which are graphed in Figure 1.
The top panel of Figure 1 contains graphs of the hazard rate for starting cannabis use
(left) and the cumulative starting rate for cannabis use (right) at each age. The hazard rate
is the probability of starting cannabis use at each age conditional on not having been a user
up to that age and the cumulative probability of starting cannabis shows the proportion who
have started using at each age. Individuals are assumed to be at risk of cannabis use from
the age of 10. An individual who is never observed to use cannabis is considered to have
an incomplete duration of non-use, i.e. is assumed to be a ‘right censored’ non-user. Figure
1 shows the starting rate for cannabis use has spikes in uptake at age 15 and 18. The top
right panel of Figure 1 shows the cumulative starting probability of cannabis use for males
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Figure 1: Cannabis Starting Rates and Quit Rates by Age
a. Starting rates and cumulative starting probability

b. Quit rates and cumulative quit probability

increases from about 20% at age 14 up to 60% at age 22. After that age, the cumulative
starting probability hardly increases.
The bottom panel of Figure 1 provides information on the duration of use among those
who have ever used cannabis. Similar to the top graphs of Figure 1, the bottom graphs show
the hazard of quitting use (left) and the cumulative hazard of quitting use at each duration
of use (right). The spike in the hazard for quitting after one year of use suggests that a large
proportion of individuals experiment with cannabis use for a short time only. However, 15
years after first using, 20% are still using cannabis (80% have quit).
Overall, this descriptive analysis suggest there are at least three types of individuals (with
respect to cannabis use) present in our data. Those who never use cannabis, those who do
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use cannabis but only for a short time (experimenters), and those who are more persistent
(non-experimental) users.
Figure 2: Job Finding Rates and Back to School Rates
a. Job finding rates and back to school rates

b. Cumulative job finding and back to school probability

The job finding rate as a function of duration since leaving school and entering unemployment (measured in quarters) is shown in the top left panel of Figure 2. The job finding
rate is graphed separately for those who used cannabis before leaving school and for those
who did not. These graphs show that in the first 7 quarters after school leaving, those who
used cannabis while in school find jobs more quickly than those who did not. The top right
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part of Figure 2 shows the rates by which men return to school.21 Reaching a peak of only
0.15 for non-cannabis users and 0.12 for cannabis users, the hazard rates of returning to
school are substantially lower than the job finding rates, and after six quarters they are close
to zero. Having left school, it seems that men either return to school within a year and a
half or they are very unlikely to do so.
The bottom panel of Figure 2 shows the cumulative probabilities of finding a job and
returning to school as a function of duration since leaving school and entering unemployment (in quarters). These are graphed separately for those who used cannabis before leaving
school and for those who did not. The top lines show the overall cumulative probability
of transitioning out of unemployment to either a job or school, while the lower lines show
the cumulative probability of transitioning from unemployment to employment. The difference between the overall cumulative transition probability and the cumulative job finding
probability reflects the cumulative probability of returning to school. As is shown in the
figure, within a year (4 quarters) of leaving school, around 77% of cannabis users and 74%
of non-users have transitioned out of unemployment, with 66% of cannabis users and 58% of
non-users finding a job, and 11% of cannabis users and 16% of non-users returning to school.
After 4 years (16 quarters), there is no difference in the overall cumulative transition rate out
of unemployment between users and non-users of cannabis, with 95% of men having exited
unemployment. There are differences by cannabis user status on the composition of the exits,
with 81% of cannabis users and 74% of non-users exiting to employment while 14% and 21%
of cannabis users and non-users, respectively returning to school. Clearly after some time
most men find a job and a smaller proportion return to school. However, the proportion
of men returning to school is sufficiently large that if ignored, it may result in misleading
conclusions regarding the impact of early cannabis use on school to work transitions. This
issue will be returned to in our sensitivity analysis.
Figure 3 plots the kernel estimate of the density and the cumulative distribution of (log)
hourly starting wages separately for those who used cannabis while at school and those who
did not. The graphs reveals no obvious evidence of a difference in the starting wages for
those who used cannabis while in school compared to those who did not.
Overall, this descriptive analysis suggests that those who use cannabis while enrolled in
school find jobs more quickly and are less likely to return to school than those who do not use
21

Recall that the definition of school leaving requires an individual to not be enrolled for at least 13 weeks.
For this reason, the minimum duration until returning to school is 13 weeks.
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Figure 3: Kernel Plots of Log Hourly Wages
a. Density

b. Cumulative probability

cannabis. There does not appear to be any difference in the first post-school wage between
cannabis users and non-users on the basis of the raw data. With these stylized facts in
mind, we next describe the empirical framework we use to account for common unobserved
confounders as well as observed characteristics of our sample members, in order to determine
the causal effect of early cannabis use on the school to work transition.

4

Set-up of the empirical analysis

The main challenge we face in establishing the impact of cannabis use on transitions from
school to work is that both selection into cannabis use while in school and the post-school
20

transition to employment may be affected by circumstances and characteristics that are not
observed. These common unobserved ‘confounding’ factors may be a source of spurious association and must be accounted for in order to identify the causal impact of cannabis use.
In this paper, we use a non-parametric maximum likelihood estimation (NPMLE) approach
in which the joint distribution of unobserved heterogeneity on which selection is based is accounted for non-parametrically using a discrete factor approximation (Abbring and Van den
Berg, 2003; Gaure et al., 2007; Heckman and Singer, 1984; Mroz, 1999). The main advantages of the NPMLE discrete factor approach in our application are that it provides reliable
estimates in models with endogenous variables without imposing arbitrary distributional assumptions on the unobserved heterogeneity, it retains the efficiency of maximum likelihood
estimators, and it does not rely on instrumental variables which are difficult to find.22 In
a Monte-Carlo evaluation of discrete factor approximations in simultaneous models Mroz
(1999) found that when the true distribution of unobserved heterogeneity is not known, and
in the absence of instruments, the discrete factor approximation outperformed two-stage
least squares and MLE estimators that attempted to control for endogeneity.
Our baseline specification uses NPMLE in the context of a four equation system. This
system comprises the hazard of starting cannabis use, the hazard of quitting cannabis use,
the hazard of starting a job, and a log linear wage equation. In order to account for endogenous selection into cannabis use and the inter-related nature of the decision to accept
a job offer and the wage rate at which this occurs, each equation includes a time invariant
unobserved heterogeneity term that is drawn from a joint discrete distribution. In addition
to being time invariant, the unobserved heterogeneity terms are assumed to be uncorrelated with variables measuring observed heterogeneity. This implies that the sole source of
endogenous selection into cannabis use while at school is time invariant unobserved heterogeneity. In addition, in the case of job finding, cannabis uptake and quitting, we assume
a multivariate mixed proportional hazard structure. Similar to Mroz (1999), identification
of unobserved heterogeneity in the wage equation relies on its linear functional form (see
for a recent example Arni et al. (2013)). Given that our approach controls for unobserved
heterogeneity that is time invariant, any unobserved characteristics that affect both cannabis
use dynamics and labor market transitions must be present and unchanging from the time
individuals are first at risk of cannabis uptake (age 10 in our sample), whereas the labor
22

This approach has previously been used in a wide variety of applications in health and labor economics
(see for example, Cutler (1995); Bray (2005); van Ours (2006, 2007); Yang et al. (2009)).
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market impacts of cannabis use occur subsequently, after leaving school. Since we study the
impact of a treatment (cannabis use while at school) that occurs before entering post-school
unemployment on transitions out of unemployment, we are unable to leverage off dynamic
selection to assist in identifying causal effects from selection. As a consequence, our identification strategy relies on the mixed proportional hazard assumption (along with linear
functional form and normality of idiosyncratic shocks assumptions for the wage equation).23
However, we do not impose functional form assumptions on duration dependence or on the
distribution of unobserved heterogeneity for the hazard rates for cannabis uptake, quitting,
and job finding, or for unobserved heterogeneity in the wage equation. We examine the
robustness of the results to these identifying assumptions in a sensitivity analysis in Section
5.5.
In the following sections, we build up our empirical model in three steps. First, we model
cannabis uptake and quitting, collectively referred to as cannabis use dynamics. Next, we
model the hazard of job finding and the starting wage, ignoring selection into cannabis use
and the jointness of the decision to accept a job and the wage at which an offer is accepted.
We then bring cannabis use dynamics together with the equations for labor market outcomes
in order to account for endogenous selection in estimating the causal effect of early cannabis
use on the school to work transition.

4.1

Cannabis use dynamics

The transition rate into cannabis use is modeled as a mixed proportional hazard with a
flexible baseline hazard. Differences between individuals in the rate at which they start
using cannabis are assumed to depend upon observed characteristics, elapsed duration of
time they are potentially exposed to use and unobserved characteristics. Age 10 is assumed
to be the time at which individuals are first exposed to cannabis. The starting rate for
cannabis at age ts conditional on observed characteristics x and unobserved characteristics
us is specified as (omitting a subscript for individual)
θs (ts | x, us ) = λs (ts ) exp(x0 β + us )

(6)
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Functional form and distributional assumptions are commonly relied upon in structural modeling. See
for example, Alford (2015).
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where the observable characteristics that we control for are characteristics of the individual:
race (with indicators for race is black and race is Hispanic, non-black and non-Hispanic
as the as the reference category), ability (standardized schooling-corrected CAT-ASVAB
score)24 , and religiosity (with an indicator equal to one if the respondent reported a religious
affiliation in 1997); characteristics of the household (log of household income and log of
household size in 1997); presence of parents (with separate indicators for presence of mother
and presence of father); parental education (with separate indicators for mother’s and father’s
educational attainment is high-school graduate and separate indicators for mother’s and
father’s educational attainment is greater than high school graduate, less than high school
graduate is the reference category for each parent); mother’s age when she gave birth; and an
indicator for mother’s parenting style is authoritarian; and year of birth.25 λs (ts ) represents
individual age dependence, and the superscript, s refers to starting cannabis use. We model
age dependence flexibly by using a step function:
λs (t) = exp(Σk λsk Ik (t))

(7)

where k (= 1,..,N) is the subscript for age-interval and Ik (ts ) are time-varying dummy variables for consecutive age-intervals. Age intervals are specified to be one year from age 10
up until age 25, and the last interval refers to ages over 25. Because we estimate a constant
term, λs1 is normalized to 0.
The conditional density functions for the completed durations until starting cannabis use
can be written as
 Z
f (t | x, u ) = θ (t | x, u ) exp −
s

s

s

s

s

s

ts
s

s

θ (s | x, u )ds


(8)

0
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The standardized schooling-corrected Armed Services Vocational Aptitude Battery (CAT-ASVAB) score
has a mean of zero and a standard deviation of one in 1999. The CAT-ASVAB score is a summary of four tests
taken: Mathematical Knowledge, Arithmetic Reasoning, Word Knowledge and Paragraph Comprehension.
The score is likely to be affected by schooling in the year of the test. To correct the CAT-ASVAB score
for schooling, we use a method based on Hansen et al. (2004). This procedure exploits the randomness in
the amount of schooling undertaken at the test date, since all the respondents took the CAT-ASVAB in the
same year. Our schooling-corrected test score is the residual of a regression of the CAT-ASVAB score on
years of education completed in the year of the test, holding completed schooling at the time of first school
leaving constant (Carneiro et al., 2011, 2013)
25
Variables that indicate personal characteristics such as marital status and presence of children, are not
very useful because, in addition to being potentially endogenous, they do not reflect circumstances at the
time individuals first face the decision of whether or not to use cannabis (or, conditional on using cannabis,
whether or not to stop using. As we do not have access to information on state of residence, we are not able
to control for the policy regime faced in modeling the uptake and quitting transitions.
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Individuals who have not used cannabis by the time they are last observed are assumed to
have a right-censored duration of non-use.
The quit rate is also assumed to have a mixed proportional hazard specification. The
quit rate for cannabis at duration of use, tq conditional on observed characteristics, z and
unobserved characteristics, uq is specified similarly as
θq (tq | z, uq ) = λq (tq ) exp(z 0 γ + uq )

(9)

where z contains the age at which the individual started cannabis use in addition to the variables contained in x, λq (tq ) represents individual duration dependence and the superscript,
q refers to quitting cannabis use.26 Duration dependence is again modeled as piece-wise
constant,
λq (tq ) = exp(Σm λqm Im (τ ))

(10)

where m (= 1,..,M) is the subscript for duration of use interval and Im (tq ) are time-varying
indicator variables that are equal to one in consecutive duration intervals from 1 year to 18
years, and the last interval is for 19 years or more. The conditional density functions for the
completed durations of cannabis use can be written as
 Z
f (t | z, u ) = θ (t | z, u ) exp −
q

q

q

q

q

q

tq
q

q



θ (s | z, u )ds

(11)

0

Individuals who have started cannabis use and are still using at the time they are last
observed have a right-censored duration of use.
In order to allow for correlation across uptake and quitting decisions we specify the
joint density function of the duration until cannabis uptake and the duration until quitting
cannabis use conditional on z and x as
sq

s

q

Z Z

f (t , t | x, z) =
uq

f s (ts | x, us )f q (tq | z, uq )dG(us , uq )

(12)

us

where G(us , uq ) is assumed to be a discrete distribution. In theory, this discrete distribution
has an unknown number of points of support. In practice, we are able to identify three
26

Note that quits are assumed to be permanent. Once individuals have decided to quit cannabis use they
don’t return to use again in this model.
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points of support in the joint distribution, (us1 , uq1 ), (us1 , uq2 ), (us2 ), with us2 = −∞ implying a
zero starting rate. The specification of the distribution of unobserved heterogeneity implies
that conditional on the observed personal characteristics (including age and duration of use)
there are three types of individuals. The first type represents the “experimenters” who have
a positive starting rate and a high quit rate. The second type represents the “persistent
users” who have a positive starting rate and a low quit rate. Individuals in this group use
cannabis for longer than those in the first group. The third type are “abstainers”. They have
a zero starting rate, and therefore their quit rate is non-existent. The associated probabilities
are denoted as
Pr(us = us1 , uq = uq1 ) = p1

Pr(us = us1 , uq = uq2 ) = p2

Pr(us = us2 ) = p3

and are assumed to have a multinomial logit specifications with pn =

exp(αn )
,
Σn exp(αn )

(13)
with n =

1, 2, 3 and α3 normalized to zero. Details of the specification of the likelihood are given in
Appendix A1.

4.2

Job finding and Starting Wages

We focus on two inter-related aspects of the transition from school to work: (1) the time it
takes from leaving school to find a job and (2) the initial wage rate for the first post-school
job.
Beginning with the transition into employment, differences in the rate at which individuals who have left school find a job are assumed to depend on observed characteristics, xj ,
the elapsed duration of time since they left school, tj and unobserved characteristics, ν j .
The starting rate for job finding at time tj conditional on observed characteristics, xj and
unobserved characteristics, ν j is specified as


θj tj | xj , ν j = λj (tj ) exp x0j βj + ν j

(14)

where xj includes an indicator for cannabis use while enrolled in school (equal to one if age
of initiation occurs before first school exit), the educational attainment of the respondent
(indicators for educational attainment is high school graduate, and educational attainment
is greater than high school graduate, with educational attainment is less than high school
graduate as the reference category), and information on the location of the respondents
25

residence (indicators for urban location when the respondent left school for the first time,
and indicators for geographic region of residence when the respondent left school for the
first time: west, north east, north central parts of the US), and the observed characteristics
controlled for in the cannabis use dynamics. λj (tj ) represents duration dependence, which
is modeled flexibly using a step function
λj (tj ) = exp(Σk λjk Ik (tj ))

(15)

where k (= 1,..,N) is the subscript for the number of elapsed time intervals since leaving school
and Ik (t) are time-varying indicators variables for consecutive intervals. These intervals are
specified in terms of individual quarters (3 month periods) for quarters 1 through to 14, an
interval from quarter 15 through to quarter 25, and the last interval is for quarter 26 onward.
Because a constant term is estimated, λj1 is normalized to 0.
The conditional density function for the completed durations of unemployment until
finding a job is
f j tj | xj , ν


j

= θj tj | xj , ν


j

Z

!

tj

exp −

θj (j | xj , ν j )dj

0

Individuals who have not found employment by the end of the observation period are assumed
to have a right-censored duration of time until finding a job. Integrating out the unobserved
heterogeneity component, we obtain the duration until job finding conditional on xj as:
f

j

j



Z

t | xj =

f j (tj | xj , ν j )dH(ν j )

νj

where H(ν j ) is assumed to be a discrete distribution with g points of support. In the
empirical application, we are able to identify two points of support for this distribution,
implying that (conditional on observed characteristics) there are two types of individuals:
the first type have a high rate of job finding (and so leave unemployment relatively quickly),
while the second type have a lower rate of job finding (and so spend longer in unemployment).
The associated probabilities, denoted Pr(ν j = ν1j ) = p4 and Pr(ν j = ν2j ) = 1−p4 , are modeled
using a logit specification.
Individuals who accept a job offer do so at the initial wage offer. The log (hourly)
wage rate received upon accepting a job offer and starting employment is modeled using the
26

standard human capital approach as follows:
w = x0w βw + ν w + ,

where  ∼ iid N (0, σ 2 )

(16)

where the error term is composed of the unobserved heterogeneity term ν w and the idiosyncratic shock,  ∼ iid N (0, σ 2 ), and xw consists of observed determinants of wages, including
an indicator for whether cannabis was used while at school, educational attainment, the
industry in which the respondent is employed, the calendar year in which he started work,
and the observable characteristics that we control for in the hazard for starting work. We
assume ν w is drawn from a discrete distribution with 2 points of support. The associated
probabilities, P r(ν w = ν1w ) = p5 and P r(ν w = ν2w ) = 1 − p5 , are modeled using a logit
specification which allows us to integrate out the unobserved heterogeneity from the wage
equation.
Note that we have described the three components: (1) cannabis use dynamics; (2)
the hazard for starting work; and (3) the wage equation, as independent of one another.
Our empirical strategy begins by mirroring this description, estimating each component
as an independent process. We then relax the assumption of independence between the
components, allowing for correlated unobserved heterogeneity. Conflating the three types of
individuals (based on their unobserved heterogeneity) found in the cannabis dynamics, the
two types found in the job finding and the two types found in the wage equation produces
a distribution of unobserved heterogeneity with up to 12 points of support in the fully
correlated system of four equations.

5

Parameter estimates

The parameter estimates are obtained using the method of non-parametric maximum likelihood, and account for the fact that our duration information relates to intervals rather than
to exact durations.27
27

For example, a young man who starts using cannabis at age 16 may start on his 16th birthday or on the
day before his 17th birthday. For this individual, we model that he did not yet start at age 15, but started
before turning 17.
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Table 2: Parameter estimates cannabis use dynamics
Start Rate
Black
Hispanic
Ability
Religious
Household income
Household size
Mother education high school
Mother education > high school
Father education high school
Father education > high school
Mother age at birth/10
Mother authoritarian
Mother present
Father present
Age first use/10
Unobserved heterogeneity
Mass-point 1
Mass-point 2
α1
α2
-Loglikelihood

-0.37
-0.19
-0.11
-0.37
0.02
-0.26
0.01
0.14
-0.16
-0.19
-0.09
-0.11
-0.26
-0.17

(5.0)**
(2.5)**
(3.3)**
(4.9)**
(0.5)
(2.9)**
(0.2)
(1.6)
(2.2)**
(2.2)**
(1.7)*
(2.0)**
(2.7)**
(2.6)**

-3.26
−∞

(10.7)**

Quit Rate
-0.07
0.13
-0.41
-0.01
0.02
0.08
-0.09
-0.42
0.23
0.14
0.07
-0.05
0.12
0.12
2.28

(0.7)
(1.2)
(7.6)**
(0.1)
(0.5)
(0.6)
(0.8)
(3.4)**
(2.1)**
(1.1)
(0.9)
(0.7)
(0.8)
(1.3)
(13.7)**

-7.37
2.31
0.33 (2.6)**
0.35 (2.9)**
13304.0

(13.8)**
(14.7)**

Note: Cannabis starting rate contains 15 age categories (each age from 10 to 24 years and age 25 or older;
the second mass-point is estimated as a difference from the first mass-point; cannabis quit rate contains 19
duration dependence categories (each year from 1 to 18 and 19 or more years). Also included are 4 dummy
variables for year of birth. Absolute t-statistics in parentheses; ** (*) indicates significant at a 5 (10)
percent level.

Distribution of unobserved heterogeneity
Starting rate

Quit rate

Prob (%)

Positive
Positive
Zero

High
Low
–

37.2
36.6
26.2

Total

100
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5.1

Cannabis use dynamics

The parameter estimates of the cannabis dynamics model are reported in Table 2.28 The
general picture that emerges from these estimates is that transition rates into cannabis use
are lower for blacks and Hispanics compared to non-black, non-Hispanics (whites), for those
who have higher ability, those who are religious, are from larger families, whose mother and
father are present, whose mother was older when the respondent was born, whose father’s
level education is at least a high school graduate, and whose mother’s parenting style is
authoritarian. In terms of quitting, the analysis confirms that uptake at older ages leads to
a higher hazard of quitting and hence shorter duration of use. We also find that, all else
being equal, individuals of high ability, who have a mother with more than a high school
education, and a father who is a high school graduate have lower hazards of quitting and
therefor longer durations of cannabis use.
The results in Table 2 also show that unobserved heterogeneity is important and that
three types of individuals can be distinguished. Conditional on observed characteristics, the
estimates imply that 37% of males are of the type who have a positive starting rate and a
high quit rate (type 1 - the experimenters); 37% of males are of the type who have a positive
starting rate and a low quit rate (type 2 - persistent users); and 26% of males are of the type
who have a zero starting rate (type 3 - never users). Note that we tried to identify additional
mass-points in the discrete distribution of unobserved heterogeneity but did not succeed.29

5.2

Job finding

The parameter estimates for the duration until finding a job in which cannabis use is assumed
to be exogenous and unobserved heterogeneity determining the wage rate is assumed to be
independent are reported in the first column of Table 3. They show that cannabis use while
in school is associated with a job finding rate that is 14% higher than that of an otherwise
similar male who did not use cannabis while at school.30 In terms of other characteristics,
we find that those with at least a high school education take less time to find a job than
those whose educational attainment is less than a high school graduate. Black men take
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The parameters on the age dependence terms in the starting rate and the duration dependence variables
in the quit rates are not reported in the table but are available upon request.
29
We were not able to improve the likelihood by including an additional mass-point. Gaure et al. (2007)
report that the most reliable criteria for determining the number of mass-points is the likelihood itself.
30
14% = (100 exp(0.13) − 1)
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Table 3: Parameter estimates labor market experience
Job finding
Cannabis use at school
High school graduate
Education > high school
Black
Hispanic
Ability
Religious
Household income
Household size
Mother education high school
Mother education > high school
Father education high school
Father education > high school
Mother age at birth/10
Mother authoritarian
Mother present
Father present
Suburban residence
σ2
Unobserved heterogeneity
Mass-point 1
Mass-point 2
α1
-Loglikelihood

0.13
0.20
0.26
-0.14
-0.09
0.05
-0.06
0.00
0.10
-0.02
0.10
-0.02
-0.08
0.03
0.02
-0.01
0.00
-0.07

(3.0)**
(3.8)**
(3.2)**
(2.4)**
(1.4)
(1.8)*
(0.8)
(0.1)
(1.4)
(0.3)
(1.5)
(0.4)
(1.1)
(0.7)
(0.4)
(0.1)
(0.0)
(1.2)

-1.09 (5.3)**
-4.00 (5.9)**
1.55 (15.2)**
7199.78

Starting wage
-0.019
0.025
0.214
-0.035
-0.022
0.009
-0.002
0.021
-0.026
0.000
-0.007
0.010
0.005
-0.025
0.000
0.026
0.018
0.043
0.259

(1.8)*
(1.7)*
(8.9)**
(2.2)**
(1.3)
(1.2)
(0.1)
(3.3)**
(1.4)
(0.0)
(0.4)
(0.6)
(0.2)
(2.3)**
(0.0)
(1.2)
(1.3)
(2.6)**
(99.1)**

2.50 (27.8)**
0.93 (32.5)**
3.26 (26.2)**
597.94

Note: The parameter estimates for the job finding rate are from a duration model; also included are 4
dummy variables for year of birth, 4 dummy variables for region of residence. The estimates for the job
finding rate included duration dependence parameters for every quarter up to year 10, 11-15 quarters,
16-25 quarters and more than 25 quarters. The wage estimates also include 15 dummy variables for
industry, and 13 dummy variables for year of entering the labor market. Absolute t-statistics in
parentheses; ** (*) indicates significant at a 5 (10) percent level.

Distribution of unobserved heterogeneity
Job finding
Prob (%)

Starting wage
Prob (%)

High
Low

82.5
17.5

3.7
96.3

Total

100.0

100.0
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longer to find a job than white men, and higher ability is associated with a higher hazard
rate of finding a job and hence shorter durations of unemployment. In terms of unobserved
heterogeneity, conditional on observed characteristics we are able to identify two mass-points,
corresponding to two types of individuals in terms of job finding. The larger group of 83% has
a high predisposition for job finding and the smaller group of 17% has a lower predisposition
for job finding.

5.3

Initial wages

The second column of Table 3 shows the parameter estimates for the starting wage equation,
assuming that cannabis use is exogenous and that the unobserved heterogeneity determining
the wage rate is independent of the unobserved heterogeneity determining job finding. The
estimates show that cannabis use at school is associated with an initial wage that is 1.9%
lower than the wage received by an otherwise similar male who did not use cannabis while at
school. Wages are also found to be increasing in educational attainment, household income
in 1997, and living in a urban location during the year that they leave school. All else being
equal, being black and having an older mother is associated with a lower starting wage in
the first post-school job. As shown in the lower part of Table 3 the distribution of discrete
unobserved heterogeneity in the wage equation is highly skewed; conditional on observed
characteristics, 96% of the sample are of the type who have a low wage relative to the other
4%, who belong to the type who enjoy a relatively high wage.

5.4

Accounting for correlation in unobserved heterogeneity

Table 4 presents estimates on the effect of cannabis use while in school on job finding and
initial wages for specifications in which the correlation between the unobserved heterogeneity
across equations for cannabis dynamics and labor market outcomes is accounted for. For
ease of reference, panel a repeats the results assuming that job finding, wages and cannabis
dynamics are independent.
Panel b presents estimates in which we permit the unobserved heterogeneity determining
cannabis use dynamics and labor market outcomes to be drawn from a joint distribution.
The lower part of Table 4 shows the distribution of unobserved heterogeneity for this specification. As indicated, we identify 12 points of support in the distribution of unobserved
heterogeneity. An LR-test rejects the null hypothesis that the unobserved heterogeneity is
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Table 4: Parameter estimates of the effect of cannabis use
Job Finding

Wages

-LogL

Mass-points

a1. Exogenous cannabis
a2. Exogenous cannabis

0.13
–

(3.0)**
–

–
-0.019

–
(1.8)*

7199.8
597.9

2
2

b. Correlated cannabis

0.08

(1.7)*

-0.017

(1.5)

21075.1

12

21074.2

12

21072.1

12

c. Age at uptake
By age 15
At age 16 or 17
At age 18 or older

0.06
0.12
0.09

d. Duration of use at school
Up to 1 year
More than 1 year

-0.07
0.12

(1.0)
(1.7)*
(1.0)
(0.9)
(2.4)**

-0.015
-0.028
0.001
-0.004
-0.020

(1.1)
(1.7)*
(0.04)
(0.2)
(1.7)*

Note: All estimates contain the same explanatory variables as in Table 2 (for cannabis) and Table 3 (for
job finding, back to school and wages). Absolute t-statistics in parentheses; ** (*) indicates significant at a
5 (10) percent level.

Distribution of Unobserved Heterogeneity
panel (b)
Cannabis Starting
Rate

Cannabis Quit
Rate

Job Finding Rate
High Low

High Wages
Positive
Positive
Zero

High
Low
–

0.6
1.2
0.7

1.1
0.3
0.7

1.6
1.5
1.4

High
Low
–

30.1
30.5
18.7

5.4
4.3
6.4

35.5
34.8
25.1

81.7

18.3

100.0

Low Wages
Positive
Positive
Zero
Total
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independent.31 Comparing the results in panels a and b shows that accounting for the endogenous selection into cannabis use reduces the magnitude (and statistical significance) of
the impact of cannabis use in school on the duration of time it takes to find the first postschool job, and the starting wage in the first post-school job. Specifically, cannabis use while
at school is estimated to increase the job finding rate by 14% when selection into cannabis
is ignored, and increase the job finding rate by 8% when it is accounted for. Similarly, the
magnitude of the estimated effect of cannabis use while in school on the starting wage of
the first post-school job is reduced from 1.9% when selection into cannabis use is ignored, to
1.7% when selection is accounted for. Moreover, after accounting for selection into cannabis
use, the effect of its use at school on job finding remains weakly significant (at the 10% level)
while the effect on wages becomes statistically insignificant at conventional levels (with a
t-statistic of 1.5).
Inspection of the distribution of unobserved heterogeneity for this specification confirms
that most individuals are of a type that is characterized by being susceptible to having a relatively low wage (35.5%+ 34.8%+ 25.1%=95.4%). In terms of cannabis types, 37.1% (=1.6%
+ 35.5%) are susceptible to experimenting with cannabis, 36.3%(=1.5%+34.8%) are susceptible to longer term use, and 26.6% (=1.4% +25.2%) are not susceptible to using cannabis.
Among those vulnerable to having a low wage type, the most commonly represented types
are those who have a high susceptibility to finding a job and a vulnerability to cannabis use,
who account for 60.6% (+30.1% +30.5%) of the sample. In terms of cannabis user types,
of this 60.6%, experimenters and persistent users are equally represented (30% are experimenters and 31% are persistent users). The balance of this low wage high job finding group,
19% of the full sample, are not susceptible to cannabis use. Among the low wage and low
job finding group, experimenters, persistent cannabis users and non-users are fairly equally
represented, contributing 5.4%, 4.3% and 6.4%, respectively, to the 16% of the sample in
this group. Similarly, experimenters, persistent users and non-users are equally likely among
the 5% who are inclined to be in the high wage group, with respective probabilities of 1.6%,
1.5% and 1.4% of the full sample.
Panels c and d of Table 4 seek to provide a more nuanced understanding of for whom
cannabis use at school matters by investigating whether there exist differences in its impact
by age at first use (panel c) and by whether use at school is experimental (no more than 1
31

The LR-test comparing the results in Table 2 and Table 4 panel a1 and a2 with Table 4 panel b has a
value of 53.2, which is significant at the 1% level; the critical χ2 -value with seven degrees of freedom is 18.5.
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year of use before leaving school) or non-experimental (more than a year while at school)
in nature (panel d). The results in panel c suggest that the detrimental impact of cannabis
use on the school to work transition is driven by uptake at ages 16 to 17. However, the
LR test comparing specifications b and c fails to reject the null hypothesis of homogeneous
effects by age of uptake.32 In contrast, the LR test comparing specifications in panel d and
b does reject the null hypothesis that the impact of experimental (no more than a year)
and non-experimental cannabis use (greater than a year) while in school has equal effects
on labor market transitions. In particular, the results from estimating the model allowing
for differential effects finds that using cannabis for no more than a year while at school has
no impact on either the rate at which school leavers find their first post-school job, or the
wage rate at which they accept their first job. In contrast, using cannabis for longer than
a year increases the job finding rate by 13% compared to an otherwise similar individual
who had not used cannabis at school (or did so for no more than a year), and reduces the
wage rate received when starting their first job by 2% compared to their non-cannabis using
counterparts.
Overall our findings are that, after accounting for endogenous selection into cannabis use
and the potential correlation in unobserved heterogeneity determining job finding and initial
wages, non-experimental cannabis use at school (using for more than a year) reduces both the
duration of time to find the first post-school job and the starting wage. Experimenting with
cannabis while enrolled at school (using for no more than a year) has no impact on school
to work transitions. Relating these findings back to the discussion of potential mechanisms
in section 2.3, we are able to rule out an increased value of leisure and lower expected
wages as the mechanism via which cannabis impacts on young men’s transition to the labor
market since these mechanisms imply a greater length of time spent searching for a job, not
a shorter length, as we find. Our results are consistent with cannabis use impacting labor
market outcomes via a higher discount rate, suggesting that cannabis use increases long run
impatience in the labor market, or through increasing the risk of being laid-off. However,
given that our analysis focuses on the first post-school job, the former mechanism is more
likely than the latter.33
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The LR test statistic is 1.8, which is smaller than the critical value for χ22 (α = 0.05) = 5.99.
An alternative interpretation of our findings is that longer term cannabis users are more likely to be
arrested, and as a result of their limited job options, take the first job they are offered and accept lower
wages. Unfortunately we are unable to explore this possibility since, although the NLSY97 does contain
information on whether an respondent has been arrested, it does not include the offense for which he is
33
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5.5

Sensitivity Analysis

Our first sensitivity analysis examines the issue of identification. As discussed in Section
4 above, in the absence of a dynamic treatment effect, we rely on the mixed proportional
hazard functional form in order to identify the causal effect of early cannabis use on the job
finding rate, and the log linear function form and normally distributed idiosyncratic shocks
to identify the causal effect of early cannabis use on the starting wage. We now revisit this
issue, relaxing these identifying assumptions by way of exclusion restrictions.
Specifically, we exclude the indicator for the respondent’s mother having an authoritarian
parenting style and the indicator for the respondent expressing a religious preference (each
are measured in 1997) from the hazard for job finding and the wage equation. As shown
in Table 2, each of these variables are strong predictors of the hazard of starting cannabis
(conditional on observed characteristics). Table 3 shows that neither are significantly related to the duration until finding a job or the starting wage (conditional on the other
observed characteristics).34 We choose these exclusion restrictions because the variables are
not empirically associated with the labor market outcomes (conditional on the other control
variables) in our sample while at the same time they are relevant in explaining cannabis
uptake. Nonetheless, it is worth noting that religiosity has been used to identify the effect of
cannabis use on labor market outcomes in several previous studies (see for example Register
and Williams (1992), Kaestner (1994a)).
The purpose of the exclusion restrictions used here is to examine the robustness of our
findings to relaxing identification through functional form. The value of the (log) likelihood
for the restricted model (imposing the exclusion restrictions) is -21075.6 compared to -21075.1
when no variables are excluded from job finding hazard and the wage equation, with the
Likelihood Ratio test statistic indicating that the exclusion restrictions are supported by
the data (the chi-squared test statistic with 4 degrees of freedom has a value of 1.0, and
corresponding p-value of 0.91). It is therefore unsurprising that the coefficient estimates are
arrested. Nonetheless, we think it unlikely that arrest for cannabis related offenses explains our findings
since job offers are less likely for those with a criminal record, and for this reason we expect that cannabis
related arrests would increase the time until finding a job, not decrease it.
34
In fact, other than cannabis use at school, education, race and ability, there is little evidence that
household and other background characteristics are significantly related to the initial labor market outcomes.
Exceptions are found in the wage equation, where household income in 1997 and living in a suburban area
at the time of leaving school are positively associated with the initial wage rate and having a young mother
is associated with a lower starting wage. This suggests that males from higher SES backgrounds may be
better informed or have higher expectations regarding initial wages.
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unchanged. These results are not reported in the paper but are available upon request.35
The robustness of our estimates to the use of exclusion restrictions to identify the model
provides some confidence that our identification strategy is delivering reliable estimates of
the causal effect of early cannabis use on school to work transitions.
We next examine the robustness of our results to accounting for school leavers’ option
to return to school. As discussed in Section 3, a significant proportion of young men in our
sample exit post-school unemployment not through finding a job, but by returning to school.
Moreover, those who use cannabis while enrolled in school are less likely than non-users to
return to school. This poses a potential threat to the interpretation of our findings, since
the duration of time spent in job search until finding a job is censored for those who return
to school. Thus, the estimated impact of cannabis use on the duration until job finding may
not reflect a causal effect, but simply reflect the negative correlation between cannabis use
and the decision to return to school. We investigate this issue by replacing the job finding
hazard in the four equation system with a competing risk model. In the competing risk
model, there are two ways in which the period of unemployment after first leaving school
can end. Individuals can either find a job or they can return to school. The competing
risk model is specified as a special case of a bivariate mixed proportional hazard model with
flexible duration dependence.
Transitions to employment are modeled as previously described. Transitions back to
school are modeled symmetrically, with the rate at which males return to school, θr , given
by
θr (tr | xj , ν r ) = λr (tr ) exp x0j βr + ν r



(17)

where λr (tr ) represents duration dependence, which is modeled flexibly using the same step
function as for the duration dependence of the job finding rate.
The conditional density function for the completed duration until finding a job or returning to school is
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In the hazard for job finding in the restricted model, the point estimate (t-stat) for cannabis use before
leaving school is 0.08 (1.7) which is the same as for the unrestricted model. For the starting wage the
coefficient estimate on cannabis use at school in the restricted model is -0.017 (1.49) compared to -0.017
(1.5) in the unrestricted model.
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(18)
Similar to the cannabis use dynamics, we integrate out the unobserved heterogeneity component assuming that it follows a discrete distribution with four points of support with the
following associated probabilities
P r(ν j = ν1j , ν r = ν1r ) = p6 , P r(ν j = ν1j , ν r = ν2r ) = p7

(19)

P r(ν j = ν2j , ν r = ν1r ) = p8 , P r(ν j = ν2j , ν r = ν2r ) = p9

(20)

which, as before, are modeled using a multinomial logit specification, pn =

exp(αn )
,
Σn exp(αn )

with

n = 6, 7, 8, 9 and α9 is normalized to zero. The duration of stay in post-school unemployment
is determined by the sum of the two transition rates θj (t|xj , v j ) and θr (t|xj , v r ). Identification
of the separate transition rates in the competing risk model comes from the nature of the
transition, to a job or back to school. Appendix A2 provides details of the specification of
the likelihood.
Table 5 panel b reports nonparametric maximum likelihood estimates of the impact of
experimental and persistent cannabis use on the school to work transition accounting for
the competing risk of returning to school. Panel a repeats the estimates from Table 4
panel d, in which the option of returning to school is ignored. As can be seen from the
reported estimates, accounting for the fact that a significant proportion of the sample exits
unemployment by returning to school produces stronger effects of non-experimental cannabis
use both in terms of magnitude and significance. The point estimate of the coefficient on
non-experimental cannabis use (use for more than a year) in the hazard for job finding
increases from 0.12 to 0.17, implying an increase in the estimated job finding rate from 13%
to 19% relative to non-cannabis users.36 The higher rate of job finding by non-experimental
users comes at the cost of a wage rate that is 2.0% lower based on estimates that ignore
the option of returning to school, and 2.3% lower if returning to school is accounted for. In
addition, for the specification that incorporates the competing risk of returning to school,
the coefficient estimates suggest that both experimental and non-experimental cannabis use
at school reduces the likelihood of returning to school. Overall, these findings are consistent
with the previous finding that non-experimental cannabis use increases the impatience of
young male school leavers or it increases their risk of being laid off from their job.
36

13%=100(exp(0.12)-1)), 19%=100(exp(0.17)-1))
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Table 5: Parameter estimates of the effect of cannabis use: competing risk for return to
school or find a job
Job
finding

Back to
school

Starting
wage

a. No return to school
Up to 1 year
More than 1 year

-0.07
0.12

(0.9)
(2.4)**

–
–

–
–

-0.004
-0.020

(0.2)
(1.7)*

b. With return to school
Up to 1 year
More than 1 year

-0.09
0.17

(1.0)
(2.9)**

-0.38
-0.47

(1.8)*
(3.1)**

-0.001
-0.023

(0.4)
(2.0)**

c. Ignore job if return to school
Up to 1 year
More than 1 year
d. Full time job
Up to 1 year
More than 1 year

-0.01
0.28

(0.1)
(4.7)**

-0.42
-0.46

(2.4)**
(3.8)**

-0.006
-0.026

(0.3)
(2.0)**

0.09
0.26

(1.0)
(4.4)**

-0.56
-0.58

(2.9)**
(4.3)**

-0.015
-0.028

(0.7)
(2.2)**

-LogL

Mass
points

21072.1

12

23427.9

13

23730.2

12

24143.5

12

Note: All estimates contain the same explanatory variables as in Table 2 (for cannabis) and Table 3 (for
job finding, back to school and wages). Absolute t-statistics in parentheses; ** (*) indicates significant at a
5 (10) percent level.

Distribution of Unobserved Heterogeneity
panel b
Cannabis Starting
Rate

Cannabis Quit
Rate

Job Finding Rate
High Low
Low
Back to School Rate
Low High
Low

High Wages
Positive
Positive
Zero

High
Low
–

–
1.0
0.6

5.5
1.4
–

–
–
0.6

5.5
2.4
1.2

High
Low
–

29.4
28.4
17.0

–
4.2
4.7

3.2
1.0
3.0

32.6
33.6
24.7

76.4

15.8

7.8

100.0

Low Wages
Positive
Positive
Zero
Total
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While those who use cannabis are more likely to exit unemployment by getting a job
compared to non-cannabis users, a more careful examination of the behavior of young men
following school leaving reveals that this is partly because cannabis users are more likely to
be employed before returning to school compared to non-cannabis users. For example, among
those who return to school within a year, 44% of cannabis users and 38% of non-cannabis
users first had a job. It is questionable whether these temporary “gap year” jobs are part of
a school to work transition. Moreover, since there are differences in this behavior between
those who use cannabis before leaving school and those who do not, failing to address this
issue may lead to misleading and unreliable estimates of the impact of cannabis use on the
school to work transition. Therefore, to put cannabis users and non-cannabis users who
return to school (relatively quickly) on a more equal footing, we re-estimate the model that
accounts for returning to school, but this time we ignore jobs for individuals who return to
school within a year (of leaving school). The results from this estimation are reported in
Table 5 panel c. They show that, by focusing on jobs that are not short-term “gap year”
jobs, the impact of non-experimental cannabis use on the school to work transition is in fact
strengthened, with non-experimental cannabis use estimated to increase the job finding rate
by 32% (exp(0.28)−1), and decrease the starting hourly wage rate by 2.6%. Once again, these
results confirm those of the baseline estimates, suggesting that non-experimental cannabis
use leads school leavers to be more impatient in their first post-school labor market decision
making, or makes them more vulnerable to being laid off from work.
A final issue we examine is whether our findings are sensitive to defining the school to work
transition in terms of any employment or full-time employment only. Up until this point,
any job that had a start month that occurred after the month the respondent left school has
been considered a school to work transition. The only exception to this is found in panel c of
Table 5, for which “gap year” jobs were ignored. As a final robustness check we examine the
sensitivity of our findings to focusing on the transition from school to full-time employment,
rather than any employment. In particular, we restrict our definition of employment to jobs
in which the respondent worked 35 hours or more per week on average. The results from
estimation, reported in panel d of Table 5, produce coefficient estimates for the indicator for
using cannabis for more than a year before leaving school that are similar to those reported
in Table 5 panel c , and are consistent with earlier findings that experimental cannabis use
has no impact on the school to work transition, while non-experimental cannabis use leads
to faster job finding and lower wages. As a final point, it is worth noting that also common
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to competing risk specifications is the finding that cannabis use before leaving school (either
experimentally or non-experimentally) reduces the likelihood of returning to school.

6

Discussion

We investigate the effect of cannabis use while in school on young men’s transition from
school to work. The two dimensions of this transition that we focus on are the duration of
time between leaving school and finding employment for the first time, and the wage rate
received when starting the first job. Our empirical approach accounts for selectivity into
cannabis use as well as common unobserved confounders that jointly affect finding a job and
the initial wage rate if a job is found. After accounting for selectivity, we find that using
cannabis at school leads to shorter durations of post-school unemployment. This comes at
the cost of lower wages, with those who use cannabis while at school accepting a slightly
lower hourly wage compared to those who did not use cannabis while at school. However,
the effect of cannabis on the rate at which young men find jobs and the initial wages in the
first job is present only for those who used for a period of more than a year before leaving
school. Experimenting with cannabis use, for up to a year while at school, does not seem to
affect young men’s early labor market experience.
In an extended sensitivity analysis, we account for school leavers’ option to exit unemployment by returning to school rather than finding a job within a competing risk framework.
Doing so provides new and significant insights in terms of understanding the effects of early
cannabis use on initial labor market experiences and in terms of the mechanisms through
which cannabis use affects completed education. Our findings with regard to the impact
of cannabis use on school to work transitions are strengthened by accounting for school
leavers’ option to return to school. In addition, we show that compared to non-users, nonexperimental cannabis users are more likely to exit post-school unemployment by finding a
job, and both experimental and non-experimental users and less likely to exit post-school
unemployment by returning to school.
If we take our preferred parameter estimates presented in panel b of Table 5 at face value
they provide an indication of the magnitude of the effects. Non-experimental cannabis use at
school (i.e. more than 1 year) increases the job finding rate by almost 19% (100*exp(0.17)1) while the rate of returning to school is reduced by almost 38% (100*exp(-0.47)-1). If we
assume the job finding rate in the first year to be on average equal to 20% per quarter for
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non-cannabis users, our estimates suggest that it would be 24% for cannabis users. Similarly
if we assume the rate of return to school in the first year to be on average equal to 8%
per quarter for non-cannabis users, it would be 5% for cannabis users. So, although the
overall exit rate from the post-schooling state (of unemployment) after 1 quarter is not very
different for non-experimental cannabis users and non-cannabis users (29% versus 28%), the
composition of the exit is different. In addition, non-experimental cannabis users accept job
offers with starting wages a 2.3% lower than otherwise similar young men who have not used
cannabis while at school.
All in all, we conclude that non-experimental cannabis users find a job more quickly but
at a lower wage, and are also less likely to return to school. Our finding that cannabis use
may have a negative effect on educational attainment is not new (see for example van Ours
and Williams (2009)). However, we identify a new mechanism through which cannabis use
leads to lower educational attainment after initial school leaving. School leavers who have
used cannabis at school are less likely to return to school. In addition to that, conditional on
their observed characteristics, those who used for more than a year at school are also more
likely to find a job quickly and accept job offers at lower initial wage rates. Apparently,
cannabis users have changed their trade-off between search costs and search benefits in the
sense that their search costs are perceived to be higher and/or the perceived benefits from
search are lower. The question is, why is this the case? What is the mechanism through
which cannabis users are affected? We are able to eliminate cannabis use leading to an
increased value of leisure or lower expected wages as credible mechanisms through which
cannabis affects initial labor market outcomes, since these mechanisms each imply a longer
duration of search.
A plausible avenue through which cannabis use may affect the school to work transition
is by increasing the rate at which people discount the future, making them more impatient.
This is consistent with cannabis users accepting a job offer after a shorter search and at a
slightly lower wage rather than continuing to search for a job which pays a slightly higher
wage. This mechanism is also consistent with the reduced likelihood of cannabis users
returning to school (and investing in human capital) at the expense of current earnings.
A second mechanism consistent with our findings is that using cannabis while at school,
especially for longer durations, leads to a higher probability of being laid off. However, this
mechanism would seem unlikely given that we are considering young men’s first post-school
job. Further, it is not immediately obvious that having a higher probability of being laid
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off is consistent with our finding that cannabis use reduces the probability of returning to
school. For this reason, we interpret our findings as suggesting that using cannabis for more
than a year before leaving school increases young men’s impatience in their first labor market
experience.
An important question arising from this research is what the findings imply for the long
run economic well-being of young men. The answer to this question depends on whether, and
under what circumstances, the increase in impatience in initial labor market decision making
induced by non-experimental cannabis use persists. For example, a permanent increase in
impatience with respect to the job market may lead to reduced on the job investment and
flatter earnings profiles (Munasinghe and Sicherman, 2006). Discerning whether the effect
of early non-experimental cannabis use persists, and in the event it does, its effect on the
long run labor market outcomes of young men, are important avenues for future research.

Appendix A: Likelihood specifications
A1. Cannabis use dynamics
In terms of cannabis use there are three possible situations:
1. An individual starts using cannabis and quits using cannabis, in which case we have a
completed duration until use and a completed duration of use (P C1).
2. An individual starts using cannabis and does not quit using, in which case we have a
completed duration until use and an incomplete duration of use (P C2).
3. An individual has not started using cannabis, in which case we have a incomplete
duration until use and no duration of use (P C3).
When specifying the likelihood we have to take the interval nature of the data into account.
For example, we know at which age an individual started using cannabis but not precisely
when. So, if an individual started using at age 16, we model that this individual did not start
before his 16th birthday but did start before he turned 17. The same holds for the completed
duration of use. Here too, we observe the number of years but not the exact timing within
the year.
As indicated in the text in section 3.2 we have three types of individuals, with different
combinations of unobserved heterogeneity:
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1. Type 1: (us1 , uq1 ), which occurs with probability p1 .
2. Type 2: (us1 , uq2 ), which occurs with probability p2 .
3. Type 3: us2 = −∞, which occurs with probability p3 = 1 − p1 − p2 .
Clearly Type 3 individuals can only be in Situation 3, but Type 1 and Type 2 can be in any
of the three situations.
We define S s and S q as the survivor functions related to f s and f q . And, we use the
following notation: Szs = S s (ts |x, usz ) and ∆Szs = S s (ts − 1|x, usz ) − S s (ts |x, usz ) for z = 1, 2.
Szq and ∆Szq are defined similarly.
Then, the loglikelihood consists of three parts:
1. X1 =

P

∆S1s ∆S1q +

P C1

2. X2 =

P

∆S1s ∆S2q +

P C1

3. X3 =

P

P

∆S1s S1q +

P C2

P

∆S1s S2q +

P C2

P

S1s

P C3

P

S1s

P C3

S2s

P C3

and the loglikelihood = log(p1 X1 + p2 X2 + p3 X3 )

A2. Job finding and returning to school
In terms of job finding and returning to school there are three possibilities:
1. An individual finds a job, in which case we have a completed duration to job finding
(P J1).
2. An individual returns to school, in which case we have a completed duration to returnto-school (P J2).
3. An individual neither finds a job nor returns to school, in which case we have two
incomplete durations (P J3).
jr
jr
We define S jr as the survivor function of f jr , Swz
= S jr (t|x, vwj , vzr ) and ∆Swz
= S jr (t −

1|x, vwj , vzr ) − S jr (t|x, vwj , vzr ) for w = 1, 2 and z = 1, 2.
We have four types of individuals:
1. Type 1: (v1j , v1r ), which occurs with probability p4
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2. Type 2: (v1j , v2r ), which occurs with probability p5
3. Type 3: (v2j , v1r ), which occurs with probability p6
4. Type 4: (v2j , v2r ), which occurs with probability p7 = 1 − p4 − p5 − p6
Furthermore, we use the following notation: θwj = θ(t|xj , vwj ) for w = 1, 2 and θzr = θr (t|xr , vzr )
for z = 1, 2. Then, taking the interval nature of the data into account, the loglikelihood
consists of four parts:
1. X4 =
2. X5 =
3. X6 =
4. X7 =

θ1j
j
θ +θr
P J1 1 1

jz
∆S11
+

θ1j
j
θ +θr
P J1 1 2

jz
∆S12
+

θ2j
j
θ +θr
P J1 2 1

jz
∆S21
+

θ2j
j
θ +θr
P J1 2 2

jz
∆S22
+

P

P
P
P

θ1r
j
θ +θr
P J2 1 1

P
P

P J2

P
P J2

P

jz
S11

P J3

θ2r
jz
∆S12
θ1j +θ2r

+

θ1r
jz
∆S21
θ2j +θ1r

+

θ2r
j
θ +θr
P J2 2 2

P

jz
∆S11
+

P

jz
S12

P J3

jz
∆S22
+

P

jz
S21

P J3

P

jz
S22

P J3

and the loglikelihood = log(p4 X4 + p5 X5 + p6 X6 + p7 X7 )
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Table A.1: Summary Statistics for Control Variables
Full
Individual and family background controls
Black
Hispanic
Non black
Ability
Religious (1997)
Household income (log; 1997)
Household size (log; 1997)
Father education < high school
Father education = high school
Father education > high school
Mother education < high school
Mother education = high school
Mother education > high school
Mothers age at respondent’s birth
Mothers parenting style authoritarian
Mother present
Father present
Year born is 1980
Year born is 1981
Year born is 1982
Year born is 1983
School urban
School in NE
School in NC
School in W
Additional controls: job search and wage eqn
Education less than high school
Education is high school graduate
Education is greater than high school graduate
Additional controls: wage eqn
Year started job is 1997
Year started job is 1998
Year started job is 1999
Year started job is 2000
Year started job is 2001
Year started job is 2002
Year started job is 2003
Year started job is 2004
Year started job is 2005
Year started job is 2006
Year started job is 2007
Year started job is 2008
Year started job is 2009
Year started job is 2010
Year started job is 2011
Industry 1
Industry 2
Industry 3
Industry 4
Industry 5
Industry 6
Industry 7
Industry 8
Industry 9
Industry 10
Industry 11
Industry 12
Industry 13
Industry 14

Used cannabis at school

Sample
0.26
0.21
0.53
-0.04
0.87
3.54
1.46
0.24
0.42
0.34
0.24
0.36
0.40
25.62
0.55
0.93
0.69
0.18
0.21
0.21
0.20
0.84
0.17
0.23
0.23

No
0.28
0.23
0.48
-0.09
0.88
3.49
1.49
0.25
0.44
0.32
0.26
0.37
0.37
25.49
0.56
0.94
0.69
0.17
0.21
0.20
0.21
0.84
0.16
0.21
0.20

Yes
0.22
0.19
0.58
0.04
0.85
3.60
1.43
0.23
0.39
0.38
0.20
0.35
0.45
25.79
0.54
0.92
0.69
0.19
0.20
0.22
0.20
0.85
0.18
0.24
0.25

Difference
-0.06**
-0.04***
0.10***
0.13**
-0.04***
0.11***
-0.05***
-0.02
-0.04*
0.04**8
-0.06***
0.02
0.08***
0.30*
-0.02
-0.02**
-0.01
0.02
-0.01
0.02
-0.01
0.01
0.02
0.03
0.05***

0.32
0.40
0.28

0.31
0.43
0.26

0.34
0.35
0.31

0.03*
-0.08***
0.05**

0.01
0.06
0.13
0.14
0.14
0.14
0.12
0.07
0.06
0.05
0.04
0.02
0.01
0.01
0.01
0.01
0.00
0.10
0.09
0.23
0.04
0.02
0.04
0.12
0.07
0.20
0.05
0.02
0.01

0.01
0.05
0.13
0.14
0.15
0.14
0.12
0.07
0.06
0.05
0.04
0.02
0.01
0.01
0.01
0.01
0.00
0.10
0.10
0.24
0.04
0.02
0.04
0.12
0.07
0.18
0.04
0.02
0.01

0.01
0.06
0.12
0.15
0.13
0.14
0.11
0.07
0.06
0.05
0.04
0.03
0.01
0.01
0.01
0.01
0.00
0.11
0.08
0.21
0.03
0.02
0.04
0.12
0.06
0.22
0.05
0.02
0.01

0.00
0.01
-0.02
0.02
-0.02
-0.01
-0.01
0.00
0.00
0.00
0.00
0.01*
0.01
0.00
0.00
0.00
0.00
0.02*
-0.01
-0.03**
-0.01*
0.00
0.00
0.00
-0.01
0.04***
0.00
0.01
0.00
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