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Abstract

We study the relationship between cannabis use and early labor market experiences of young

men, focusing on the time it takes them to find their first job, and the wage rate they receive

at that job. We find that early cannabis users accept job offers more quickly and at a lower

wage rate compared to otherwise similar males who did not use cannabis. These differences

are present only for those who use cannabis for longer than a year before starting their job

search. We also find that early cannabis users are less likely to return to education, and as

a consequence, will have a lower educational attainment. Overall, our findings provide new

insights into the direct and indirect relationships between cannabis use and early labor market

experiences.
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1 Introduction

This paper investigates the potential hazards of cannabis use in terms of early labor market experi-

ences. Our aim is to determine whether the cannabis use history that individuals have accumulated

when they start searching for their first job is related to how quickly they find a job, and the wage

rate they attract. Understanding the role that early cannabis use plays in youth successfully tran-

sitioning into work is both a relevant and significant margin from an economic perspective. In

addition to affecting initial labor market outcomes, early cannabis use may have long lived effects

through impacting on labor market trajectories (Altonji et al., 2014; Lundborg et al., 2014; Ore-

opoulos et al., 2012). Further, employment is an important determinant of well-being more broadly

(Clark and Oswald, 1994; Schaller and Stevens, 2015). Despite this, little is currently known about

whether initial labor market experiences differ for those who have used cannabis and those who

have not, or about the relationship between cannabis use and labor market outcomes more broadly.

Previous research has focused on the contemporaneous relationship between cannabis use, employ-

ment and wages. This research does not reach a consensus view, with studies reporting negative,

positive and no wage effects of cannabis use, as well as negative or no effects on employment or

hours worked (DeSimone, 2002; Kaestner, 1991, 1994b; Register and Williams, 1992; Van Ours,

2006, 2007). This makes it difficult to discern whether or not cannabis use is associated with haz-

ardous labor market consequences, and if it is, the channels through which these hazards occur. It

is in the context that we seek to make a contribution by providing new evidence on the relationship

between cannabis use and early labor market experiences.

As with previous studies on the relationship between cannabis use and labor market outcomes,

the key empirical challenge we face is disentangling the impact of cannabis use from unobserved

confounding factors. In this research, we use the timing of events approach. Using a multivariate

mixed proportional hazards (MMPH) framework, we jointly model the dynamics of cannabis use

with the first spell of job search after completing education, and the wage rate at which a job offer is

accepted. Cannabis use histories are permitted to influence the exit rate out of unemployment and

the wage at which a job offer is accepted and job search ceases. Common unobserved confounders

are accounted for by allowing for mixing of the distributions of unobserved heterogeneity terms

affecting cannabis use dynamics and labor market outcomes.

Our framework has several advantages. First, it naturally accommodates the joint decision to

cease job search and accept a job offer along with the wage at which this occurs. This provides

a more complete and nuanced picture of the relationship between cannabis use and labor market

outcomes than modeling either employment or wages alone, and avoids the practical issue of sample

selection issues that typically plague the literature. A second advantage of the framework we use

is that it allows for a richer investigation into the types of cannabis use histories that may be
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hazardous to early labor market outcomes. In particular, we are able to delve beyond a zero one

measure of cannabis use and distinguish between experimental cannabis use and more substantial

cannabis use histories. This is of particular salience because longer durations of use are strongly

associated with adverse effects, including on mental and physical health, but not previously studied

with respect to labor market outcomes (Anderson et al., 2013; Hall, 2015; Moore et al., 2007; Van

Ours and Williams, 2011, 2012). A further advantage of our framework that it is straight forward

to extend it to account for young adults increasingly common behavior of returning to school. By

incorporating the option of exiting job search by returning to school into our empirical model,

we are able to illuminate a previously unexplored channel through which cannabis use may effect

educational attainment.

Our empirical investigation is based on information from the National Longitudinal Survey of

Youth, 1997 cohort. These data are particularly well suited to our purpose, as the survey collects

information on both cannabis use and the early labor market experiences of youth. Our analysis

focuses on males since females are less likely to use cannabis (Carliner et al., 2017) and are less

attached to the labor market (?). Our main findings are as follows. Early cannabis use is associated

with less time spent in job search before accepting a job offer and a lower wage rate at which a

job offer is accepted. These effects are driven by those who used cannabis for more than a year

before starting their job search. We find no relationship between cannabis use and either the rate

at which jobs are found, or the wage rate received when starting work for those who use cannabis

for no more than a year before starting to search for their first job. Our findings are robust to

accounting for the possibility that individuals end their search for their first job by returning to

education rather than finding a job. This extended analysis also reveals that early cannabis users

are less likely to return to school. This suggests that an important indirect mechanism through

which early cannabis use is related to labor market outcomes is through lowering the likelihood of

young men returning to school, and as a consequence, reducing their educational attainment.

Our contribution to the literature on the relationship between cannabis use and labor market

outcomes is threefold. First, whereas previous studies analyze current labor market positions of

individuals we focus on early labor market outcomes. This provides insights into the relationship

between cannabis use and labor market outcomes at a particularly critical point in one of the

most important transitions in the lives of young men. It also has the benefit of limiting the

potential for reverse causality, i.e. high earnings having a positive effect on cannabis use. Second,

not only do we model the relationship between cannabis use and job search and wages, we also

allow for the possibility that cannabis use is related to the probability of returning to education.

Thus, we provide a deeper understanding of the relationship between cannabis use and educational

attainment. Third, we take the duration of cannabis use into account distinguishing between short
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term experimental use and longer term cannabis use. This gives us the opportunity to study a

dimension of cannabis use previously unexplored in relation to labor market experiences of young

men.

The set-up of the rest of the paper is as follows. In the next section we provide a conceptual

framework by way of a discussion of the potential channels via which early cannabis use may be

related to young man’s transition into employment and discuss previous studies in the literature.

Section 3 provides information about the NLSY97 data and descriptive statistics on 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 Conceptual Framework

A useful framework for studying young men’s first labor market experiences and illuminating po-

tential channels through which early cannabis use may impact on these experiences is search theory.

From a standard search theoretic perspective, the potential channels through which early cannabis

use may impact on labor market outcomes are through its effects on individuals productivity, their

value of leisure, and the extent to which they discount the future (Cahuc et al., 2014).

Cannabis use may affect a persons productivity by impacting on their mental or physical health,

or their cognitive ability. There is some evidence that cannabis use is associated with poor mental

health (Van Ours and Williams, 2011, 2012; Van Ours et al., 2013), physical health (Hall and

Pacula, 2003) and lower IQ (Boccio and Beaver, 2017). If using cannabis does reduce labor market

productivity through adversely impacting on mental health, physical health, or ability, then search

theory predicts that the market wage of cannabis users will also be reduced. A lower expected

wage will, in turn, reduce job search effort and hence lower the probability of employment. On the

other hand, if cannabis use reduces stress (Childs et al., 2017) or is an alternative to opioid use for

some acute or chronic health conditions (Bradford and Bradford, 2016; Park and Wu, 2017), and

thereby facilitates working, it may increase productivity and hence wages and employment.

An alternate channel through which cannabis use may impact on early labor market outcomes

is by increasing job seekers value of leisure, or increasing the rate at which they discount the

future. A greater preference for leisure results in a reduced labor supply and a higher reservation

wage (Kaestner, 1994a). As a result, the wage rate among employed cannabis users will be higher

than otherwise similar nonusers. A further channel through which cannabis may impact on labor

market outcomes is through increasing cannabis users’ rate of time preference compared to nonusers

(Becker and Murphy, 1988). In a simple search model, a higher rate of time preference lowers the
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reservation wage and decreases search effort, with the net effect of increasing the transition rate

into employment (DellaVigna and Paserman, 2005). Of course, it may be that individuals with a

higher value of leisure, or who discount the future more heavily, self-select into cannabis use. If

this is the case, then cannabis use is a consequence, rather than a cause, of these characteristics.

Currently, research is unclear on this point (Aston et al., 2016; McDonald et al., 2003; Sferra et al.,

2015; Volkow et al., 2016). This highlights the need to account for selectivity into cannabis use in

modeling its effect on labor market outcomes.

Comparing these predictions with the findings from the literature on the effect of cannabis use

on labor market outcomes should provide insights into which of the potential channels are likely to

be important. Several studies from the US based on the NLSY tend to suggest that cannabis use

increases wages and reduces employment or hours worked, which is consistent with cannabis use

increasing users’ value of leisure (DeSimone, 2002; Kaestner, 1991; Register and Williams, 1992). In

contrast, Van Ours (2007) and Van Ours (2006) studying cannabis use and labor market outcomes

in Amsterdam, finds that cannabis use reduces wages but is unrelated to employment. Similarly,

Sabia and Nguyen (2018) find that the enactment of medical marijuana laws in the US is associated

with an increase in cannabis use and a decline in hourly wages of men in their 20’s, but no effect on

employment. These studies may indicate that cannabis use reduces productivity or perhaps leads

to greater discounting of the future. On the other hand Kaestner (1994a) and Kaestner (1994b)

find that cannabis use has no effect on either wages nor employment, which suggest no harmful

labor market effects of cannabis use.

Overall, past studies do not provide a clear sense as to the relationship between cannabis use and

labor market outcomes. It is worth noting that this may in part be due to differences in empirical

approaches. For example, while DeSimone (2002); Kaestner (1991); Register and Williams (1992)

Kaestner (1994a) and Kaestner (1994b) all use the NLSY, the first three studies use a cross-

sectional IV approach whereas the latter two use longitudinal data and combine fixed effects and

IV estimation, and these two approaches rely on differing and untestable identifying assumptions.

Further the analyses of Van Ours (2007) and Van Ours (2006) are not only based on a different

empirical approach, the timing of events approach which is subject to its own set of identifying

and ultimately untestable assumptions, these studies also use data from a different country, the

Netherlands, which has a considerably different institutional setting.1 Therefore, different empirical

1Instrumental variables and the timing of events, which is typically implemented within a multivariate mixed
proportional hazard framework, are the two main approaches to addressing the issue of endogenous selection into
cannabis use in the literature. Instrumental variables and the timing of events approach rely on different untestable
assumptions in order to isolate the causal parameter of interest. A discussion of these assumptions in the context of
the literature on the labor market effects of cannabis use is provided by Van Ours and Williams (2015). An exception
is Kagel et al. (1980) who use a field experiment to study the impact of cannabis use on work performance. As
innovative as the design of this study is, it is nonetheless subject to limitations, due to both sample selection and
design constraints, as discussed by the authors.

4



approaches and the validity of identifying assumptions underpinning these approaches, differences

in data and in institutional settings may all contribute to differing empirical findings. To the extent

that identifying assumptions may not be satisfied, caution is required in interpreting the literature

as providing reliable estimates of causal effects. More generally, the mixed evidence from the past

investigations highlight the need for further efforts to establish whether cannabis use poses a hazard

to economic health, as measured by labor market success.

3 Data

3.1 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%. 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 substance use was self-administered. Personal interviews constitute

the bulk of data. Our sample comprises 3,855 males who answer questions about cannabis use in

at least one round of the survey, report not being enrolled in education (for at least 3 months) in at

least one round, and for those who report starting a job, provide information on their wage. 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 to work typically occur.2

3.2 Labor Market Outcomes

We focus on young men’s first post education job search. The duration of time spent searching

for employment is constructed by first calculating the number of months that elapsed from the

month the respondent left education until the month he reports starting employment at a new job.

Individuals are considered to have left education in the first month they report not being enrolled

and not being on vacation, expelled or suspended in school, college or other educational institution.

To ensure that we do not include summer vacations as exits from education, we additionally require

that an exit has a length of time not enrolled in study of at least 3 months. Durations of job search

are censored for individuals who return to education before finding an eligible job or who had not

2Web Appendix A1 provides more details on our data.
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found a job when they were last interviewed. The duration of search until first job is defined in

terms of quarters of years and constructed by dividing the months taken to find a job by three. The

wage rate at which a job is accepted is measured by the first 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 not paid hourly, 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 education. For those who return

to education rather than start work, the duration of time until returning to education is defined as

the number of months elapsed from the month they first exited education to the month that they

returned to education. Note that the minimum duration until returning to education is 3 months,

since the definition of an exit from school requires individuals to not be enrolled for at least 3

months. We convert the duration until returning to education from months to quarters of years.3

3.3 Dynamics of Cannabis Use

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). The duration of use is calculated using information

on the age at which the respondent last reported cannabis use combined with the age at first use.

The focus of our study is on young men’s cannabis use and the duration of that use, before they

enter the labor market for the first time. The indicator for cannabis use is defined to be equal to

one if initiation into cannabis use occurs prior to commencing job search, and zero otherwise. The

duration of cannabis use before commencing job search is constructed using information on age at

first use, age at last use, and the age at which the respondent exits education and commences job

search (for the first time).4

3.4 Descriptive Statistics

Table 1 provides descriptive statistics on the key variables for the sample of 3885 males we use in

our analysis. In the second and third column we report descriptive statistics for two samples. The

second column reports statistics for respondents who did not use cannabis before they entered the

labor market and began to search for a job. The third column reports statistics for respondents

3Web Appendix A2 provides more descriptives on the labor market outcomes.
4Web Appendix A3 provides more descriptives on the dynamics of cannabis use.
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who did use cannabis before they entered the labor market and began to search for a job. The table

shows that 63% of our sample have used cannabis in the sample period, and that 43% used cannabis

before they began their job search. Forty-nine percent of the sample used cannabis before finding

a job, which means that 6% started cannabis use in the period spent searching for their first job

(or, for those who did not find a job, before leaving the sample or returning to education). Given

that most of the people who have used cannabis before finding a job started use before they began

their job search, we model the job search process as a function of cannabis use before entering the

labor market. 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 left

education and before finding a job.

Among those who have ever used cannabis, the average age at first use is 16.6 years of age.

Table 1 also shows that the average duration of use when entering the labor market among those

who had previously initiated is 3.8 years. The average total duration of use (measured when they

last responded to the survey) among those who initiated before entering the labor market is 7.4

years, compared with 4.3 years for those whose uptake occurred after they started their job search.

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.

With respect to labor market outcomes, Table 1 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 unemployment by returning to education rather

than finding a job. Cannabis users are less likely to go back to education (before finding a job)

than non-cannabis users (14% compared to 21%). Conditional on going back to education the

average duration until returning to education is 4.1 quarters, or just over one year.

In our sample, when individuals enter the labor market for the first time, those with a cannabis

using history have completed 12.2 years of education compared to 12.0 years among those who had

not used cannabis. At the time we last observe individuals in our sample, those who used cannabis

before entering the labor market have completed 13.1 years compared to 13.4 years among those

who had not used cannabis. After controlling for individual, family and other characteristics, the

difference between educational attainment when first leaving education between those who did and

did not use cannabis is -0.03 and statistically insignificant (p-value=0.60), whereas the last time

we observe them (after accounting for returning to education), the difference between educational

attainment is a statistically significant -0.32 of a year (p-value=0.000). This suggests that it is

a difference in returning to education that explains why cannabis users complete fewer years of

education. Our extended analysis accounts for the decision to return to education, and how it is

7



influenced by cannabis use. In doing so we address an important avenue through which cannabis

use may be related to educational attainment, and hence indirectly effect future labor market

outcomes.

4 Set-up of the empirical analysis

The main challenge in establishing the impact of cannabis use on young men’s first transitions into

work is that both selection into cannabis use and transitions into 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.

In this paper, we address the potential for endogenous selection into cannabis within a multi-

variate mixed proportion hazards framework (MMPH) framework by modeling the correlated distri-

bution of unobserved heterogeneity on which selection is based non-parametrically using a discrete

factor approximation (Abbring and Van den Berg, 2003; Gaure et al., 2007; Heckman and Singer,

1984; Mroz, 1999). Estimation is via non-parametric maximum likelihood estimation (NPMLE).

The main advantages of the discrete factor approach in our application are that it provides reliable

estimates in models with endogenous variables without imposing arbitrary distributional assump-

tions 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. This approach has previ-

ously 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)).5 Identification of the causal

parameters of interest relies on the timing of events (in our application, cannabis use precedes entry

into job search) and assumptions about functional form. The functional form assumptions are that

the hazard rates have a proportional function form and unobserved heterogeneity is time-invariant

and uncorrelated with the control variables. Duration dependence and unobserved heterogeneity

are modeled non-parametrically.

As with all approaches to identifying causal parameters using observational data, the approach

we employ relies on identifying assumptions that are untestable. It is therefore important to

consider the extent to which the identifying assumptions are reasonable in the context that we

study, and understand the limitations they impose. Specifically, the assumption of time-invariant

unobserved heterogeneity may be reasonable if we think of it as capturing temperament or traits,

such conscientiousness, that tend to be stable over time (Cobb-Clark and Schurer, 2012, 2013; Elkins

5In 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 dis-
crete factor approximation outperformed two-stage least squares and MLE estimators that attempted to control for
endogeneity.
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et al., 2017). However, it cannot accommodate unobservables that vary over time and influence

both cannabis use and job search behavior, such as ambition, and this is an important limitation.

This caveat should be borne in mind when interpreting our estimates as causal.6

4.1 Job finding and Starting Wages

We focus on two inter-related aspects of the transition into work for the first time: (1) the time

it takes to find a job and (2) the initial wage rate for the first job. For clarity of exposition, we

introduce our approach by modeling these processes as independent, and treating cannabis use

before entering job search as exogenous. These assumptions are relaxed in estimation.

Beginning with the transition from post education unemployment to employment, differences in

the rate at which individuals find a job are assumed to depend on a vector of observed characteristics

which includes an indicator for using cannabis before starting job search, xj , the elapsed duration

of time unemployed, tj and unobserved characteristics, νj . The starting rate for job finding at time

tj conditional on observed characteristics, xj and unobserved characteristics, νj is specified as a

mixed proportional hazard given by

θj
(
tj | xj , νj

)
= λj(tj) exp

(
x′jβj + νj

)
(1)

where λj(tj) represents duration dependence, which is modeled flexibly using a step function

λj(tj) = exp(Σkλ
j
kIk(t

j)) (2)

where k (= 1,..,N) is the subscript for the number of elapsed time intervals since entering unemploy-

ment 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 duration of unemployment until finding a

job is

f j
(
tj | xj , νj

)
= θj

(
tj | xj , νj

)
exp

(
−
∫ tj

0
θj(j | xj , νj)dj

)

Individuals who have not found employment by the end of the observation period are assumed

6Identification would be strengthened by exclusion restrictions. This requires variables that influence cannabis
uptake and quitting but not job search behavior and vary over time. Potential candidates include state level cannabis
laws and cannabis prices and child labor laws.

9



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
(
tj | xj

)
=

∫
νj
f j(tj | xj , νj)dH(νj)

where H(νj) 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(νj = νj1) = p1 and Pr(νj = νj2) = 1− p1, 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 standard human

capital approach as follows:

w = x′wβw + νw + ε, where ε ∼ iid N(0, σ2) (3)

where the error term is composed of the unobserved heterogeneity term νw and the idiosyncratic

shock, ε ∼ iid N(0, σ2), and xw consists of observed determinants of wages, including an indicator

for whether cannabis was used before starting job search. We assume νw is drawn from a discrete

distribution with 2 points of support. The associated probabilities, Pr(νw = νw1 ) = p2 and Pr(νw =

νw2 ) = 1−p2, are modeled using a logit specification which allows us to integrate out the unobserved

heterogeneity from the wage equation.

4.2 Cannabis use dynamics

We assume that the hazard of starting and quitting cannabis use each have a mixed proportional

hazard and specify the joint density function of the duration until cannabis uptake and the duration

until quitting cannabis use conditional on observed determinants of uptake and quitting (x and z,

respectively) as

fsq(ts, tq | x, z) =

∫
uq

∫
us
fs(ts | x, us)f q(tq | z, uq)dG(us, uq) (4)

where fs(ts | x, us) is the conditional density for completed durations until starting cannabis,

f q(tq | z, uq) is the conditional density for completed durations of cannabis use, and G(us, uq) is a

discrete distribution with an unknown number of points of support that accounts for correlation

in unobserved heterogeneity in uptake and quitting decisions. In practice, we are able to identify
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three points of support in the joint distribution, (us1, u
q
1), (us1, u

q
2), (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, u
q = uq1) = p3 Pr(us = us1, u

q = uq2) = p4 Pr(us = us2) = p5 (5)

and are assumed to have a multinomial logit specification with pn = exp(αn)
Σn exp(αn) , with n = 3, 4, 5 and

α5 normalized to zero. Details of the specification of the likelihood are given in Web Appendix B1.

Note that we have described the three components: (1) the hazard for starting work; and (2)

the wage equation; and (3) cannabis use dynamics; as independent of one another. Our empirical

strategy begins by mirroring this description, estimating each component as an independent pro-

cess before relaxing the assumption of independence between the components, allowing for fully

correlated unobserved heterogeneity. Conflating the three types of individuals (based on their un-

observed 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

5.1 Baseline analysis

Table 2 presents estimates on the relationship between cannabis use and job finding and initial

wages.7 The parameter estimates are obtained using the method of non-parametric maximum like-

lihood, and account for the fact that our duration information relates to intervals rather than to

exact durations. Panel a reports estimates assuming that job finding, wages and cannabis dynam-

ics are independent. Panel b reports estimates in which we permit the unobserved heterogeneity

determining cannabis use dynamics and labor market outcomes to be drawn from a fully correlated

joint distribution, thereby accounting for endogenous selection into cannabis use in the job findings

and wage equations. The lower part of Table 2 shows the distribution of unobserved heterogeneity

for this specification. As indicated, we identify 12 points of support in the distribution of unob-

7The full set of estimates from modeling cannabis use dynamics and job finding and initial wages, assuming
independent processes are reported in Web Appendix Tables C.1 and C.2, respectively.
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served heterogeneity. An LR-test rejects the null hypothesis that the unobserved heterogeneity is

independent (The LR-test comparing the results in Table 2 panel a1 and a2 with panel b has a

value of 53.2 whereas critical χ2
7 (α=0.05) = 18.5). This confirms that selection into cannabis use

before entering job search is endogenous.

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 effect of cannabis use on the

duration of time it takes young men to find their first job, and the starting wage in their first job.

Specifically, cannabis use before entering job search 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 before entering job

search on the starting wage of the first job is reduced from 1.9% when selection into cannabis use is

ignored, to 1.7% when selection is accounted for. Moreover, accounting for selection into cannabis

use produces less precise estimates, with the effect on job finding remaining weakly significant (at

the 10% level) while the effect on wages becoming 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.

A possible source of heterogeneity with respect to the effects of cannabis use on labor market

outcomes is the level of education with which young men enter job search. Some males drop out

of high school and then searching for a job, some complete high school before starting their job

search, while other complete college before entering the labor market. It is possible that the effects

of cannabis use depend on the level of education with which you enter job search. To investigate this
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potential source of heterogeneity we estimate an extended model that includes interactions between

cannabis use and indicators for level of educational attainment (highest level of attainment is less

than a high school graduate; high school graduate; college graduate) in the job finding and wage

equations. As shown in panel c of Table 2, for males who left school before graduating high

school, the effect of cannabis use on the job finding rate is significantly positive whereas for those

whose educational attainment is high school graduate or college graduate, the effect of cannabis

use on job finding is small and insignificant. The wage effects of cannabis use are all negative but

insignificantly different from zero for all levels of educational attainment. These results suggest

that may be heterogeneity by educational attainment in the effects of cannabis use, with higher

transition rates into employment for those with less than a high school diploma. However, the

LR-test statistic comparing the estimation results in panels b and c is equal to 4.0 which is not

statistically significant (the critical χ2
4 (α=0.05) = 7.8). Therefore, we cannot reject the hypothesis

of no education-specific effects of cannabis use.

Panels d and e of Table 2 seek to provide a more nuanced understanding of for whom cannabis

use before entering job search matters by investigating whether there exist differences by age at

first use (panel d) and by whether use is experimental (no more than 1 year of use before leaving

education) or non-experimental (more than a year before leaving education) in nature (panel e).

The estimates in panel d suggest that the results for cannabis use are driven by uptake at ages 16

to 17. However, the LR test comparing specifications b and d fails to reject the null hypothesis

of homogeneous effects by age of uptake (The LR test statistic is 1.8, which is smaller than the

critical χ2
2 (α=0.05) = 6.0). In contrast, the LR test comparing specifications in panel b and e

rejects the null hypothesis that experimental (no more than a year) and non-experimental cannabis

use (greater than a year) before entering job search have similar 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 before entering job search is not related to either the rate at

which young men find their first 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 before entering job search (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. Reflecting on our earlier discussion of the

potential channels through which cannabis use is related to labor market outcomes, our findings

point to non-experimental use of cannabis increasing the rate at which young men discount the

future. That is, cannabis use make young men more impatient with respect to getting their first

job.
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5.2 Accounting for Returning to Education

A significant proportion of young men in our sample exit unemployment not through finding a job,

but by returning to education. We account for this by replacing the job finding hazard in the four

equation system with a competing risk model in which there are two ways in which the period

of job search after first leaving education can end. Individuals can either find a job or they can

return to education. 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 education

are modeled symmetrically, with the rate at which males return to education, θr, given by

θr (tr | xj , νr) = λr(tr) exp
(
x′jβr + νr

)
(6)

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

education is

f jr
(
t | xj , νj , νr

)
= ((θj

(
t | xj , νj

)
+θr (t | xj , νr)) exp

(
−
∫ t

0
((θj

(
y | xj , νj

)
+ θr (y | xj , νr))dy

)
(7)

The duration of stay in unemployment is determined by the sum of the two transition rates

θj(t|xj , vj) and θr(t|xj , vr). Identification of the separate transition rates in the competing risk

model comes from the nature of the transition, to a job or back to education. Web Appendix B2

provides details of the specification of the likelihood.

Table 3 panel b reports non-parametric maximum likelihood estimates of the relationship be-

tween experimental and persistent cannabis use and the first labor market transition of young men

accounting for the competing risk of returning to education. Panel a repeats the estimates from

Table 2 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 un-

employment by returning to education produces stronger effects of non-experimental cannabis use

both in terms of magnitude and significance. The point estimate of the coefficient on cannabis 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% (100(exp(0.12)-1)) to 19% (100(exp(0.17)-1)) relative to

non-cannabis users. 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 education,
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and 2.3% lower if returning to education is accounted for. In addition, for the specification that in-

corporates the competing risk of returning to education, the coefficient estimates suggest that both

experimental and non-experimental cannabis use reduces the likelihood of returning to education.

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 exiting

education reveals that this is partly because cannabis users are more likely to be employed before

returning to education compared to non-cannabis users. For example, among those who return

to education 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 genuine transition

to employment. Moreover, since there are differences in this behavior between those who use

cannabis and those who do not, failing to address this issue may result in misleading and unreliable

estimates of the relationship between cannabis use and the transition to employment. Therefore, to

put cannabis users and non-cannabis users who return to education (relatively quickly) on a more

equal footing, we re-estimate the model that accounts for returning to education, but this time

we ignore jobs for individuals who return to education within a year (of exiting education for the

first time). The results from this estimation are reported in Table 3 panel c. They show that, by

focusing on jobs that are not short-term “gap year” jobs, the relationship between non-experimental

cannabis use and the transition to work is in fact strengthened, with non-experimental cannabis

use increasing the job finding rate by 32% (exp(0.28) − 1), and decrease the starting hourly wage

rate by 2.6%.

A final issue we examine is whether our findings are sensitive to defining the transition to work

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 education has been considered

a transition to work. The only exception to this is found in panel c of Table 3, for which “gap

year” jobs were ignored. We examine the sensitivity of our findings by restricting 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 3, produce coefficient estimates for the

indicator for using cannabis for more than a year before entering unemployment that are similar to

those reported in Table 3 panel c, and are consistent with earlier findings that experimental cannabis

use has no significant effect on the transition to work, non-experimental cannabis use is associated

with finding a job more quickly and with lower wages, and any cannabis use, experimental or not,

reduces the likelihood of returning to education.
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6 Discussion

We investigate the relationship between early cannabis use and young men’s first transition into

employment. The two dimensions of this transition that we focus on are the duration of time spent

searching before fining employment for the first time, and the wage rate received when starting

the first job. Our empirical approach accounts for selection into cannabis use by modeling time-

invariant unobserved heterogeneity that jointly affects the hazard rate of job finding, the initial

wage rate and cannabis use dynamics. To the extent that the identifying assumptions on which our

approach is based are met, our parameter estimates of the effect of cannabis use on job search and

starting wages can be interpreted as causal. Nonetheless, the reliance on assumptions that are not

testable for identification of causal effects of cannabis use is an important limitation of this study,

and suggests that a cautious approach to interpreting our findings may be warranted.

Our baseline results find that early cannabis use is associated with shorter durations of un-

employment. This comes at the cost of lower wages, with those who use cannabis accepting a

slightly lower hourly wage compared to those who do not use cannabis. However, the association

of cannabis on the rate at which young men find jobs and the initial wages in the first post ed-

ucation job is present only for those who used for a period of more than a year before entering

unemployment and beginning their search for a job. Experimenting with cannabis use for up to a

year before entering unemployment does not seem to be associated with young men’s early labor

market experience. Viewed from a search theoretic perspective, these findings suggest the channel

through which early non-experimental use of cannabis is related to young man’s first transition into

employment is through increasing the rate at which they discount the future.

In addition to extending the previous literature on the effects of cannabis use by studying early

labor market experiences, and whether use is experimental or longer term, we provide new insights

into the indirect role of cannabis use on labor market success by accounting for young men exit

job search by returning to school. Doing so strengthens our findings on the relationship between

cannabis use and job search behavior, and reveals that early cannabis users are less likely to return

to education. These findings provide new insights into pathways via which cannabis use reduces

educational attainment.

If we take our preferred parameter estimates presented in panel b of Table 2 at face value and

assume that they can be interpreted causally, they provide an indication of the possible magnitude

of the effects. Non-experimental cannabis use (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 education 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 non-cannabis users, our estimates suggest that it would be 24% for cannabis users.

Similarly if we assume the rate of return to education in the first year to be on average equal to
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8% per quarter for non-cannabis users, it would be 5% for cannabis users. So, although the overall

exit rate from unemployment after 1 quarter is similar for non-experimental cannabis users and

non-cannabis users (29% versus 28%), the composition of the exit is quite different. In addition,

non-experimental cannabis users accept job offers with starting wages that are 2.3% lower than

otherwise similar young men who have not used cannabis.

We conclude that non-experimental cannabis users seem to find a job more quickly but at a

lower wage, and also seem to be less likely to return to education. Our finding that cannabis use

may have a negative association with educational attainment is not new (see for example Van Ours

and Williams (2009)). However, we identify a new mechanism through which cannabis use may

lead to lower educational attainment, namely through a lower likelihood of returning to education

after first exiting education. An important question arising from our research is what our findings

imply for the hazardous nature of early cannabis use, i.e. for the long run economic well-being of

young men. In particular, does the negative association between cannabis use and wage rate in

their first post education job translate into a permanent wage deficit, or do their wages catch up

over time? And does accepting a job offer more quickly imply a poorer match and hence greater

future job churn? Answering these question is left as an avenue for future research. What we can

conclude from our analysis is that early cannabis use on an experimental basis does not seem to be

hazardous as cannabis use for up to a year has no association whatsoever with early labor market

experiences of young men.
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Table 1: Summary Statistics

Full Used cannabis
Sample No Yes Difference

Cannabis use ever 0.63 0.35 1.00 0.65***
Cannabis use before entering unemployment 0.43 0.00 1.00 –
Cannabis use before job finding 0.49 0.10 1.00 0.90***
Duration of cannabis use before entering unemployment 1.63 0.00 3.82 3.82***
Duration of cannabis use lifetime 6.35 4.25 7.35 3.10***
Age left school 18.73 18.59 18.92 0.33**
Highest grade completed 12.13 12.04 12.24 0.20***
Started work 0.79 0.76 0.82 0.06***
Duration till found job (quarters) 4.26 4.38 4.09 -0.30
Duration till found job (quarters) | work 3.64 3.82 3.42 -0.40*
Starting hourly wage | work 9.14 9.12 9.17 0.05
Back to school 0.18 0.21 0.14 -0.07***
Duration back to school (quarters)| back to school 4.12 4.23 3.92 -0.30

Note: The sample consists of 3885 males; ***, **, * indicates significant at a 1, 5, 10 percent level.
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Table 2: Parameter estimates for cannabis use

Job Finding Starting Wage -LogL Mass-points

a1. Exogenous cannabis 0.13 (3.0)** – – 7199.8 2
a2. Exogenous cannabis – – -0.019 (1.8)* 597.9 2

b. Correlated cannabis 0.08 (1.7)* -0.017 (1.5) 21075.1 12

c. Education 21073.1 12
Less than high school 0.20 (2.5)** -0.009 (0.4)
High school graduate 0.02 (0.4) -0.019 (1.2)
College 0.02 (0.2) -0.027 (1.3)

d. Age at uptake 21074.2 12
By age 15 0.06 (1.0) -0.015 (1.1)
At age 16 or 17 0.12 (1.7)* -0.028 (1.7)*
At age 18 or older 0.09 (1.0) 0.001 (0.04)

e. Duration of use 21072.1 12
Up to 1 year -0.07 (0.9) -0.004 (0.2)
More than 1 year 0.12 (2.4)** -0.020 (1.7)*

Note: All estimates contain the same explanatory variables as in Appendix Tables C.1 (for cannabis) and C.2 (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

Wages Cannabis Cannabis Job Finding Rate
Starting Rate Quit Rate High Low Total

High Positive High 0.6 1.1 1.7
High Positive Low 1.2 0.3 1.5
High Zero – 0.7 0.7 1.4

Low Positive High 30.1 5.4 35.5
Low Positive Low 30.5 4.3 34.8
Low Zero – 18.7 6.4 25.1

Total 81.7 18.3 100.0
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Table 3: Parameter estimates for cannabis use: competing risk for return to school or find a job

Job Back to Starting Mass
finding school wage -LogL points

a. No return to school 21072.1 12
Up to 1 year -0.07 (0.9) – – -0.004 (0.2)
More than 1 year 0.12 (2.4)** – – -0.020 (1.7)*

b. With return to school 23427.9 13
Up to 1 year -0.09 (1.0) -0.38 (1.8)* -0.001 (0.4)
More than 1 year 0.17 (2.9)** -0.47 (3.1)** -0.023 (2.0)**

c. Ignore job if return to school 23730.2 12
Up to 1 year -0.01 (0.1) -0.42 (2.4)** -0.006 (0.3)
More than 1 year 0.28 (4.7)** -0.46 (3.8)** -0.026 (2.0)**

d. Full time job 24143.5 12
Up to 1 year 0.09 (1.0) -0.56 (2.9)** -0.015 (0.7)
More than 1 year 0.26 (4.4)** -0.58 (4.3)** -0.028 (2.2)**

Note: All estimates contain the same explanatory variables as in Appendix tables C.1 (for cannabis) and C.2 (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

Job Finding Rate
High Low Low

Cannabis Cannabis Back to School Rate
Wages Starting rate Quit Rate Low High Low Total

High Positive High – 5.5 – 5.5
High Positive Low 1.0 1.4 – 2.4
High Zero – 0.6 – 0.6 1.2

Wages Positive High 29.4 – 3.2 32.6
Wages Positive Low 28.4 4.2 1.0 33.6
Wages Zero – 17.0 4.7 3.0 24.7

Total 76.4 15.8 7.8 100.0
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