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LINTRODUCTION

Heavy drinking is common in the United States, as one in six U.S. adults binge drink and 25%
binge drink at least weekly, defined as consuming 5 or more drinks on an occasion for men or 4
or more drinks on an occasion for women?. While the negative effect of heavy alcohol consumption
is mostly unambiguous and well understood (Kenkel, 1993) particularly for socially costly
outcomes such as drunk-driving and alcohol-related mortality, the effect of alcohol use on labor
market outcomes- such as employment - is still ambiguous despite the vast public interest and
research on the topic. Given the role of public policy over the distribution and use of alcohol, there
is significant public interest to understand the external effects and social cost of alcohol use.

There are several mechanisms through which alcohol consumption has a detrimental effect
on employment and earnings, particularly among heavy alcohol users (Terza, 2002; Mullahy and
Sindelar, 1996; Bockerman et al, 2017; Mullahy and Sindelar,1996; Kenkel and Ribar, 1994;
Fench and Zarkin, 1995; Hamilton and Hamilton, 1997). For instance, alcohol misuse is
associated with being laid off, being fired, having conflicts with coworkers, having longer
unemployment spells (French et al, 2011), exhibiting job withdrawal behaviors such as spending
more time on nonwork activities, taking longer lunch breaks, leaving work earlier (Lehman and
Simpson, 1992), higher work absenteeism (Nordstrom, 2006; Nordstrom and Moan, 2009;
Johansson, Bockerman and Uutela, 2008; Laaksonen et al, 2009; Salonsalmi et al, 2009; Roche
et al, 2008; Anderson, 2012) and several health problems (Mullahy and Sindelar, 1993).
Contrarily, moderate alcohol consumption contributes to building social capital, which in turn
has positive effects on employment and wages (Peters and Stringham, 2006; Bockerman et al,

2017). For instance, drinkers earn more than abstainers, with an additional wage premium for

2 https://www.cdc.gov/alcohol/fact-sheets/binge-drinking.htm
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social (Peters and Stringham, 2006) and moderate drinkers (French and Zarkin, 1995). In
particular, prime age workers (30-50 years old) who consume moderate levels of alcohol (as
measured as individuals drinking between 2 and 3 drinks per day on average) have the highest
wage premium (French and Zarkin, 1995; Heien, 1996).3

These patterns could be causal (e.g. if heavy alcohol consumption is detrimental to health while
moderate consumption increases social capital) or they may simply be correlational relationships
(e.g. if individuals with more self-control are more likely to consume alcohol in moderation and
are also more likely to be employed at any given point in time regardless of their alcohol
consumption). Understanding the relationship between alcohol use and employment, as well as
separately identifying the causal effect of moderate versus heavy alcohol consumption is crucial
for policy recommendation given the high prevalence of alcohol consumption among individuals
of working age and the importance of employment for economic prosperity.

How can research separately identify the effects of moderate drinking from the effects of
heavy drinking? If it were possible to run a controlled experiment, one would want to randomly
assign alcohol abstention, moderate alcohol consumption, and heavy alcohol consumption to
three different groups of individuals, comparing subsequent employment outcomes among the
three groups. As such an experiment is impractical and infeasible for a variety of reasons, an

alternative approach is to use structural methods, which allow the econometrician to write down

3 Moderate drinkers have better measures of health- as measured by lower rates of cardiovascular
diseases (Marmot and Brunner, 1991; Coate, 1993) and producing higher density of lipoprotein
cholesterol (Linn et al, 1993; Coate, 1993)- relative to both abstainers and heavy drinkers. This
nonlinear relationship translates into a nonlinear relationship between alcohol and earnings as
moderate drinkers earn more than abstainers (Barrett, 2002; French and Zarkin, 1995; Hamilton
and Hamilton, 1997; Heien, 1996; Bockerman et al, 2017) or heavy users (Lee, 2003; Zarkin at
al, 1998; Bockerman et al, 2017).



a behavioral model that separates tastes from habit formation, and as a result to separately
identify state dependence from unobserved heterogeneity (Heckman, 1981b).

Similar models have been previously used to explain persistence sexual behavior among
teenagers (Arcidiacono, Khwaja and Ouyang, 2011), female labor supply (Hyslop, 1999),
welfare participation (Card and Hyslop, 2005) and also to separate preferences from habit
formation in brand purchases in order to explain brand loyalty (Keane, 1997). Deza (2015)
expanded those statistical models that separated state dependence from unobserved heterogeneity
for one product (e.g. models that established whether past consumption of a particular product
increases the probability of consumption of that particular product) to a multi-product setting
with non-mutually exclusive outcomes, in order to explain persistence as well as transitions
between alcohol, marijuana and hard drugs. However, none of those models allowed the
outcomes to vary by dosage level.

This study is the first one to address this gap in the literature, as it develops a structural
model that separately identifies habit formation from unobserved preferences and is the first
study to separately estimate the effect of moderate versus heavy alcohol consumption on an
individual’s probability of maintaining full-time employment. In particular, the developed

multiple-equation model is flexible enough to account for reverse causality by dosage level?, to

“While the main goal of the paper is to study the effect of alcohol on employment, the model
takes into account reverse causality. That is, it takes into account that there are several
mechanisms through which employment may increase alcohol consumption. For instance, stress
in the workplace can be a risk factor for alcohol misuse given the strong association between
stress and problem drinking (Anderson, 2012). This pattern is consistent with lower rates of
problematic drinking during economic downturns, which are attributed mostly to income
reductions (Ruhm, 1995). On the other hand, there are also several mechanisms through which
employment may decrease alcohol consumption. Ruhm (2000) finds that unemployment
increases alcohol consumption, particularly recreational dinking. These findings may be
reconciled if economic downturns may increase recreational drinking and decrease problematic
drinking (Ruhm, 1995; Ruhm, 2000), and they are consistent with documented lower measures
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account for correlated time-invariant preferences between alcohol and employment,’ and to
account for the initial condition problem caused by the fact that their entire lifetime trajectory of
alcohol consumption and employment is not observed by the econometrician (e.g., Heckman
1981b). Finally, I control for beer taxes and local unemployment rate as the variables that enters
only the latent utility for alcohol and employment, respectively, while leaving the other utility
function unaffected.

Using this newly-developed multivariate ordered logit model and the National Longitudinal
Survey of Youth 1997 (NLSY97), this paper examines employment and alcohol consumption
trajectories for respondents who were between the ages of 18 and 22 in 2002%, who had less than
a college degree at the final wave in order to prevent their employment trajectory from being
affected by college attendance, and I follow them between 2002 and 2011. These individuals
were between ages 27 to 31 at the last wave in 2011.

This study finds that moderate alcohol consumption increases employment, and these results
remain robust to specifications that allow correlated transitory shocks between alcohol and
employment (bivariate probit model) as well as specifications that allow second lagged outcomes

to affect current outcomes (bivariate ordered logit model with second-order state dependence).

of mental health that arise as a result of worsening labor market conditions (Charles and
DeCicca, 2008). I evaluate the extent to which moderate versus heavy alcohol consumption (e.g.
dosage levels for alcohol are abstention, moderate, and heavy) and part-time versus full-time
employment affect each other (e.g. dosage levels for employment are not-employed, part-time
and full-time).

> As described later in the model section, I use mass-point mixing models to account for time-
invariant multidimensional unobserved heterogeneity (e.g., Heckman and Singer, 1984).

¢ While the NLSY97 follows respondents starting in 1997, who were 12-16 years old at the first
wave, | focus waves starting on 2002 since respondents are at least 18 years old in 2002, and
therefore their employment trajectories would not be affected by high school attendance during
the studied periods.



On the other hand, the effect of heavy alcohol consumption has a negative effect on employment,
which dissipates with alternative specifications.

Relative to the existing literature, I make three main contributions. First, I extend the
consideration of state dependence and unobserved heterogeneity to an ordered multiproduct
setting, where the outcomes have dosage levels, and outcomes are not necessarily mutually
exclusive. That is, I extend existing techniques for estimating trivariate logit models (Deza, 2015)
to now incorporate different dosage levels. Second, this paper uses this newly-developed
methodological contribution and complements the current literature by separately identifying the
causal effect of moderate and heavy alcohol consumption on employment, while addressing
reverse causality and correlated unobserved heterogeneity. Finally, one of the fundamental
problems of economics is the ability to recommend policies, and estimating structural models
enable researchers to simulate policy counterfactuals, while holding preferences and other
parameters constant. Thus, the third contribution of this paper is that it uses the estimated
parameters to simulate a variety of policy counterfactuals to predict the extent to which artificially
changing heavy alcohol users or alcohol abstainers to consuming alcohol moderately would affect
future employment. This policy counterfactual is highly informative in the absence of alcohol-
regulation policies that discourage heavy alcohol consumption without discouraging moderate
alcohol consumption.

This remainder of the paper is organized as follows. The next section discusses the data, while
Section 3 discusses the model. Section 4 discusses empirical results, presents specifications
diagnostics, and discusses alternative specifications as a robustness check. Section 4 also presents

counterfactual experiments that simulate the extent to which simulated policies that target a



particular dosage alcohol level affect employment, relative to policies that affect alcohol

consumption without targeting any dosage level. Finally, Section 5 summarizes and concludes.

ILDATA

The National Longitudinal Survey of Youth 1997 (NLSY97) is a longitudinal dataset for a
nationally representative sample of 8,984 respondents between the ages of 12 and 16 as of
December 31%, 1996. Given that the goal of the study is to model the reinforcing patterns of
employment and alcohol use over the respondents’ life course, the NLSY97 is a nearly ideal dataset
due to its longitudinal nature, as it provides yearly data on the respondent’s alcohol consumption
and employment status.

I use the detailed yearly data on alcohol consumption and its frequency of use to define
three levels of alcohol consumption (alcohol users): none (non-drinker), low (moderate drinker),
and high (heavy drinker). The NLSY97 asked respondents whether they consumed alcohol in the
past month, the number of days of alcohol consumption, and the number of days of alcohol binge,
as defined as five or more drinks. I define non-drinker as having zero drinking days in the past
month, heavy drinker as using alcohol at least 20 days with at least 90 percent of those drinking
days being a binge, and moderate drinker as neither non-drinker nor heavy drinker’. I explore with
three alternative definitions as robustness checks where I define heavy drinker as using alcohol at

least 20 days with at least 70 percent of those drinking days being a binge, as using alcohol at least

71 define non-drinker as having zero drinking days in the past month, independent of whether
they consumed alcohol in the past year. The data does not separately identify true lifetime
abstainers from previous heavy drinkers who abstain from alcohol in response to health
consequences of past heavy drinking. Previous literature indicates that long-term abstainers and
current abstainers who are former drinkers face different labor market conditions (Bockerman et
al, 2017; French and Zarkin, 1995; Heien, 1996).
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15 days with at least 90 percent of those drinking days being a binge, and using alcohol at least 15
days with at least 70 percent of those drinking days being a binge.

Similarly, I use the data on employment status and hours of work to define three levels of
employment (worker): none (not-working), low (part-time worker), and high (full-time worker).
The NLSY97 employer roster matches every respondent at every wave with every employer for
whom the respondent worked since the last interview, distinguishing between whether this is an
employee-type job, freelance job, self-employment or military service®. Using information of
whether the respondent is matched to at least one employer and the number of work hours
corresponding to each employee, I determine whether the respondent worked since the last
interview and compute the total number of hours worked across all reported jobs for those who
reported more than one employer, which I ultimately use to determine total number of work hours.
I define not-working as either not matched to an employer from the employer roster or matched to
an employer but reporting zero hours of work in the past week. Part-time workers are defined as
those who are matched to at least one employer from the employer roster and reporting a positive
number of work hours in the past week that are at most 30. Finally, full-time workers are those
that are matched to at least one employer and report working more than 30 hours in the past week.

T use the restricted version of the NLSY97, which provides state of residence at every wave,
and match each respondent-year with the respective state-year beer tax and local unemployment
rate, as outcome-specific controls corresponding to the latent utility of alcohol and employment,

respectively”.

8 https://www.nlsinfo.org/content/cohorts/nlsy97/topical-guide/employment

? Every respondent has at least one non-missing state of residence, which corresponds to the first
wave. Therefore, I replace the missing state of residence with the most recently reported state of
residence for that respondent. I match each respondent-year with the respective state excise tax on
a gallon of beer from “History of Beverage Alcohol Tax Changes” the Distilled Spirits Council of
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From the entire sample of 8,984 adolescents interviewed in 1997, I place the following
restrictions for the main subsample of interest. First, I restrict the analysis to the 5,617 respondents
who were not lost due to attrition between 2002 and 2011. I focus on waves starting in 2002 since
respondents would be at least of age 17 in 2002 for the initial conditions and at least of age 18 for
the non-initial conditions in 2003 and after. Restricting the sample to periods that do not coincide
with high school years prevents me from including respondents who are not in the labor force
because they are still completing their high school degree. Second, from that subsample, I further
restrict the analysis to the 4,648 respondents with valid information about whether they consumed
alcohol, the number of days of consumption in the month prior to the interview, and the number
of days of binge drinking in the month prior to the interview in all waves between 2002 and 2011.
Third, among those, 4,203 respondents had a valid employment status and valid hours of work.
Among respondents that are considered to be employed, they are considered to report valid hours
of work if they reported a non-missing number of work hours for each of the matched employers!®.
Fourth, I restrict to the 4200 observations with non-missing demographics, which will be used as
controls (indicators for whether the respondent is male, for whether there is a resident father in the
household, and for the time-varying age category of the respondent). Fifth, I restrict to the 4059
respondents with information on cigarette consumption in the past month prior to interviews
between 2002-2011 for the robustness section. Finally, after restricting to those with valid

information on highest educational degree attained, the subsample with valid data for all relevant

the United States (DISCUS) and with the state-year unemployment rate from the Bureau of Labor
Statistics.

19 Given that some respondents are matched to more than one employer, I compute the total
number of work hours adding up the number of work hours across matched employers. This total
of number of work hours is used to determine whether any given working respondent works full-
time or part-time.



variables is composed of 4050 respondents. Among those, 2,781 respondents had low levels of
education, as defined by their highest degree completed being at most high school, GED or and
Associates Degree. The rationale behind restricting the study with individuals with less than a
college degree is because I want to model the employment dynamics among individuals who are
most likely to be in the labor force, and hence exclude full-time students who are seasonal workers.

There are some natural concerns about using longitudinal data. First, the study relies on
respondents who were not lost due to attrition between waves 2002 and 2011, which could lead to
selection issues. Second, even conditional on not being lost due to attrition, some respondents may
be differentially likely to report valid answers related to their alcohol consumption or employment,
which are crucial for this study!'!.

Third, the self-reported nature of the NLSY raises questions about measurement error;
however, the NLSY97 takes particular precaution to reduce underreporting when collecting
answers to substance consumption questions by using computer-assisted self-interviews (ACASI),
which reduces underreporting of risky behaviors compared to other interview methods (Brener et
al, 2003). This is reflected in the fact that the NLSY97 reported rates of substance use are
consistent with two non-longitudinal major datasets on drug use (i.e., the National Study of Drug
Use and Health, NSDUH, and Monitoring the Future, MTF).!2

The first column of Table 1 presents summary statistics for the overall sample of §8.984

respondents, the second column focuses on the subsample composed of respondents who were age

' Among NLSY97 respondents not lost due to attrition, 94.6%, 92.8% and 94.5% reported valid
answers to their alcohol, marijuana, and hard drugs-related questions for waves 1997-2008 (Deza,
2015). That is, missing variables related to substance use are mostly caused by respondents being
lost due to attrition and not respondents purposely avoiding drug-related questions.

12See Deza (2015) Online Appendix B for a detailed discussion regarding comparisons between
the NLSY97, NSDUH, and MTF. Table A3 of Deza (2015) compares the rates of past year, past
month and lifetime substance use between NLSY97, NSDUH, and MTF.
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18 to 22 in 2002, who were not lost due to attrition between 2002 and 2011 and who also reported
valid values for all relevant variables between 2002 and 2011, and the third column further restricts
the subsample of column 2 to respondents who are poorly educated, which are individuals with
education less than a BA by the last wave. The difference across subsamples can be summarized
as follows. The subsample with non-missing data (column 2) has a lower share of males, a slightly
higher probability of moderate levels of alcohol consumption in 2002, higher probability of
employment particularly part-time employment, relative to the full sample. After further restricting
the subsample to poorly educated respondents (column 3), there is a lower probability of having a
resident father, higher probability of alcohol abstention, and higher probability of full-time
employment.

Table 2 presents information on the dynamic patterns of alcohol use and employment,
which illustrate the key stylized fact that motivates this study: The probability of being employed
full-time is highest among those who consumed moderate levels of alcohol (63%), slightly lower
by heavy-drinkers (61.9%) and significantly lowest among non-drinkers (50.1%). It is worth to
emphasize that we are not defining heavy-drinkers as necessarily individuals with alcohol use
disorders, but just as those who consume alcohol on a regular basis (at least 20 days in the past
month) and who mostly binge on alcohol when they drink (90 percent of drinking days in the past
month. This pattern remains consistent across alternative definitions of heavy drinking.

The stylized facts in Table 2 can be summarized as follows: (i) both alcohol and
employment levels exhibit serial persistence by dosage level (e.g. full-time employment is highest
among those who were employed full-time in the previous period, and heavy alcohol consumption

is highest among those who used heavy alcohol levels in the previous period, etc.), (ii)The
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probability of full-time employment is highest among moderate alcohol users relative to alcohol
abstainers and heavy-alcohol users.

III. MODEL, IDENTIFICATION AND ESTIMATION

This paper develops an ordered bivariate model with the final goal of separately identifying
true state dependence within and between alcohol and employment, taking into account different
dosage levels. Ordered models allow me to distinguish between different dosage levels at each
point in time; that is, it allows for moderate alcohol consumption to affect employment
differentially from heavy alcohol consumption. Similarly, it allows for part-time employment to
affect alcohol consumption differentially from full-time employment.

I estimate a bivariate ordered logit model with two potential outcomes for both alcohol
and employment in order of intensity by {0,1,2}. For alcohol use, these correspond to abstention,
moderate and heavy alcohol consumption, as defined in the data section. For employment, these
correspond to no employment, part-time employment and full-time employment, as defined in
the data section.

The model considers an individual who maximizes his or her utility by choosing whether and
how much to consume alcohol and how much to work. Let Uit denote the utility that individual i

experiences from engaging in behavior j'3 in year t, which are not mutually-exclusive, and
assume that the utility of outcome j in period 7 depends on a outcome-specific time trend!

81j(t — to), on a set of observed characteristics of the individual X;;, * on a set of indicators by

13 Let j={a,e} for alcohol and employment, respectively
14 The variable t is the year that corresponds to the utility U;,t, while ¢t is always 2002.

15 The vector X;; represents time-invariant characteristics (gender and whether the individual
comes from a single-headed household) and time-varying observable characteristics (age group
indicators) of consumer i in time t.

12



dosage level ( ]ﬂ” 1 Yg:%hl) that equals 1 if person i engaged in low or high dosage levels of

outcome k in period t-1 (j=k={alcohol, employment}), on a set of outcome-specific time-
varying variables (Zit)16 that only enter the latent utility for outcome j, while being excluded
from entering the latent utility for other outcomes j” when j # j’ ,and on a combination of a
permanent unobserved taste component oc]; and a transitory unobserved component £i't.l7

The latent utilities for each outcome differentiate low lagged dosage levels from high lagged

dosage levels'® and are specified as follows:

Highy,High
Ujje = 84j(t — to) + XieBj + Y VYR, + + Y 1Yk]1g Yoo + @iZie + o + g (1)

Vijt(ay;)

At each period, Y;;; has a value of 0, 1 or 2 if the following equations hold, respectively.

0, Ul]t ) Cl]
Yip =41 ¢y = Uyt = ¢y (2)
2: Ul]t = C2]'

This model estimates the thresholds ¢y, and c,;, along with the parameters of the latent
utilities Vj;c(a;). With a logistic error assumption, the probability of an individual choosing

outcome j with dosage level 0,1 or 2 has a closed form solution and can be written as follows:

€xp [Cl _Vijt((xii )]

1+exp [Cl_vijt(otij )]

P(Yie = 0Yie—1, o) = 3)

16 These outcome-specific time-varying variables are state-specific beer taxes for alcohol and the
state-specific unemployment rate for employment.

17 The unobserved heterogeneity specification allows for the permanent preferences for each
drug to be arbitrarily correlated across outcomes.

1% The latent utility for the ordered logit model does not include an intercept because the intercept
would not be identified separately from the threshold. Also, the random effect affects the
intercept, and allows the threshold to vary by type. For example, the threshold c;; for outcome j

for an individual of type 1, 2 and 3 can be interpreted as ¢qj, Cj — ap_,, and C4j — ag_3, respectively.
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exp [CZ_Vijt(O(ij)] exp [Cl_vijt(otij)]

P(Yye = 1|Yie-1 o) = 4)

1+exp [CZ _Vijt(otij )] 1+exp [Cl_vijt(aij )]

exp [CZ _Vijt(otij )]

P(Yie = 2[Vie-1 o) = 1 (5)

" ltexp [c2=Vijt(ayp)]

Since we do not observe employment and alcohol use for the entire lifetime of the
respondent, I am unable to construct the likelihood function for all years since the stochastic
process of employment and alcohol choices started. Therefore, the next step is to separately specify
the initial conditions equations for each outcome j (e.g., Keane, 1997; Heckman 1981b). Given
that the latent utility for the initial period does not have lagged values, I need a separate
specification for the outcomes of the “initial conditions” for year 2002, where I allow for the

coefficients on X;y and Z;j, , and the threshold parameters {c; g; €3} in the initial conditions to
differ from those in later periods t > t,."”

Ujjo = Xje 4 oj T <Pj,oZ]i,t + O‘Ji,o + Sli,t (6)

Vil )

Next, I specify the distribution of the unobserved heterogeneity to allow for correlation
between the unobservable time-invariant preferences for outcomes j and also between t = t, and
t > t,. [ use mass-point mixing models to account for the correlation between time-invariant
multidimensional unobserved heterogeneity (e.g., Heckman and Singer, 1984). That is, I specify

that 0(]; and 0(1 o, come from a mass point distribution that describes the time-invariant unobserved

heterogeneity for 3 different types of individuals. This approach treats of, of, ofy, af, as random

19 Failure to separately model the initial conditions leads to biased and inconsistent coefficients in
the presence of serial correlation (e.g., Heckman, 1981b) and when the stochastic process of the
relevant outcome started prior to observed periods (Altonji et al, 2010). On the other hand, studies
where the respondents have identical outcomes in the periods prior to the observed sample do not
require to separately model the initial conditions problem (e.g., Card and Hyslop 2005).
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variables that are highly correlated in such a way that when O(J; comes from type p, then

j
i,0’

€6 9

a O‘i,’o and ai' (for j# j') also come from type p. That is, every individual i of type “p” shares a

vector of unobserved heterogeneity o, = (a, af, o o, ap o) for type p, p={1,2,3}.2° The type is
known to the individual but unknown to the econometrician®!. This specification estimates both

j

. . j
the location of the mass points, o and 0y 0

and the share of individuals who belong to each type

(the unconditional probability), 1,22, Finally, s]it represent transitory taste shocks, which are

assumed to be drawn independently from an Extreme Value Type 1 distribution for the bivariate

ordered logit model.

The main parameters of interest are yk]?""’ and yg.igh, which represent the state dependence

parameters. For k=j these are the effects of lagged outcome j by dosage level on current outcome
J (state dependence within outcome). For k#j these are the effects from past alcohol use by dosage
level on employment or the effects from past employment by dosage level on alcohol use (state
dependence between outcomes, from outcome k to outcome j).

The likelihood of a sequence of outcome j indicators represents the individual

contribution to the entire likelihood function for an individual of type m, where the outcome Yij;¢

has three values: {0,1,2}.

20 T normalized the random effect for Type 1 to zero in order to separately identify the thresholds.

That is, the random effects allow the outcome-specific intercepts ¢;; and ¢, to vary by type. I

specify the vector of unobserved heterogeneity a, = (o, ap, 05 0, 0 0) for type p, p=11,2,3} as

follows: Type 1 (0,0,0,0) , Type 2 (a3, a3, a5 o, a30) ,and Type 3 (a3, a3, a3, 03).

2l Please refer to Heckman and Singer (1984) for a thorough discussion of the mass-point
distribution

22 I exp (¢p)
1+exp(¢z)+exp (¢3)
normalize ¢, to zero and the model estimates parameters ¢, and ¢3. This restriction is solely

imposed to ensure that 1, is between zero and one, and that Zf,=1 T, = 1.

where |

specify the unconditional probability of being type p as m, =

15



Lji(Yil'O IJTIO‘p) 1_[1 P( 2002|ap 0) [1¢22003 H] P( tlYlt Y p) ()

At each time period t, individual i chooses the dosage level of outcome j depending of
where the utility attained from outcome j falls relative to thresholds ¢ and cy;. This decision is
made independently for alcohol and employment, conditional on the correlated unobserved
heterogeneity. With the assumption that the errors are drawn from the extreme value Type 1
distribution, the probability of an individual using drug j at any given period has a closed form
solution as in equation 3,4 and 5.

Finally, the individual contribution to the likelihood is the weighted average of type-

specific likelihood contributions, using the unconditional probabilities, 7, as weights.

Zp 1“10{1_[11)( zooz|0‘p0) HEO%%OSHJP( t|Y1t iy p)} (8)
With 3 mass points there are 50 parameters to estimate: ten utility

L L High ngh
parameters{ 84, By, Biz, » B3, Baj, Bs,j» ¥ aTW'Ye?W'Ya, } for each outcome j and two

outcome-specific covariates {¢q, ¢,} for periods t > t, , four utility parameters for each outcome
{A1,0» A2,0j» A3,04, Aa,05} and two outcome-specific covariates {40, @20} for the initial period (t =

ty), four unobserved heterogeneity parameters for each outcome {a a a’z 0 O3 0} two type-
associated probability parameters {¢,, $3} and four threshold parameters for each outcome j {cy;,

C2j> C1,0,j> C2,0,}-

IV.EMPIRICAL RESULTS

A. Parameter Estimates

The columns of Table 3 present the parameter estimates of equation 1, which specifies the
latent utilities for alcohol and employment, respectively, where the parameter yklow (yngh)

indicates the coefficient of lag low (high) levels of outcome k on the latent utility of outcome j.
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The coefficients of Panel A correspond to the main subsample of interest, which is composed
by the 2,781 respondents with less than a college degree?. The coefficients of Panel A indicate

that both alcohol and employment exhibit state dependence within outcome, which increases in

High High

magnitude with dosage levels. That is, yLOW >0, v~ >0,andy; > > y}]ow. In particular,

YOV =1.38 (SE=0.04), Yo:8" =4.05 (SE=0.17), Y52¥ =0.67 (SE=0.04), y5.£" =1.97
(SE=0.04). The coefficients associated with the state dependence between outcomes

Low High

and Vi when k # j ) show interesting patterns in support of the importance of dosage

(Yi
levels. The most salient finding is that lagged moderate consumption of alcohol increases future

employment while high levels of alcohol decrease future employment. That is, Yo% > 0,

YoBh < 0. In particular, Y% =0.14 (SE =0.04), 8" =-0.28 (SE =0.14). On the other hand,
the coefficients do not suggest a statistically significant effect from lagged employment to future

alcohol use. In particular, Y59% =0.03 (SE =0.06), yo." = 0.06 (SE =0.05).

These patterns remain consistent across different subsamples. Panel B estimates the effect of
the entire sample of 4,050 respondents regardless of their terminal educational attainment. While
using all respondents regardless of their educational status allows me to estimate the coefficients
using a larger sample, estimating the coefficients without restricting the subsample to those with
less than a college degree may not provide an accurate description of employment trajectories as
some of these respondents may still be full-time students during some periods and this model

does not account for education decisions on a separate equation. However, since respondents are

23 As mentioned earlier, I focus on respondents with at most high school, GED or and Associates
Degree. Since college students may be more likely to enter the labor force seasonally, excluding
them enables me to model employment dynamics among individuals who are most likely to be in
the labor force consistently.
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between 18 and 23 at the initial conditions, only a subset of them are still acquiring education
even without any educational restrictions. Unsurprisingly, the results remain largely unchanged
as state dependence within outcome is positive and statistically significant for both alcohol and
employment, and increase in magnitude with dosage levels. That is, Y4V = 1.473 (SE =
0.034), Yoi8" = 4,312 (SE = 0.159), Ys0% = 0.767 (SE = 0.034) , yo." = 2.234 (SE =
0.033). Similarly, the coefficients suggest that low (high) lagged alcohol use increases
(decreases) employment (Y5o% = 0.1799 (SE = 0.033), yglgh = —0.215 (SE = 0.1275)) while
lagged employment does have a statistically significant effect on alcohol consumption

(Y&9W =0.0032(SE =0.0566), ygiagh = 0.0419 (SE =0.0478)).

A potential limitation of comparing moderate alcohol users to abstainers is that some
abstainers may be formerly diagnosed with alcohol misuse disorder and stopped drinking entirely
at some point. Given that I define abstainers as individuals who did not drink in the month prior
to the interview but may have consumed alcohol since the last interview, former alcohol
misusers would only be a subset from abstainers. I re-estimate the analysis after dropping those
who are likely to be recovering alcohol misusers. That is, those who consumed alcohol at least
once a year in every wave up to a certain point, but reported not consuming alcohol at all during
the entire year ever since the stopping point. For example, an individual who consumed alcohol
every single wave until 2005, but then starting 2006 onwards reported never consuming alcohol
in the entire year would be considered “likely former alcohol misuser.” I re-estimate the analysis
after dropping observations that went through that dramatic change of stopping alcohol
consumption entirely at any point (Panel C) and those who went through that change at any point

between the waves of interest 2002-2011 (Panel D). The results remain largely unchanged.
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While the identification in this discrete choice model is mostly driven by the functional form
assumptions, the model controls for outcome-specific variables (Z;;), which vary at the outcome
and year level, and only enter the latent utility of the relevant outcome, namely beer taxes and
state unemployment rate?*. Unsurprisingly, beer taxes negatively enter the latent utility of
alcohol consumption (See Table A1 for the full set of coefficients) and this coefficient is
statistically significant at the conventional level. Similarly, state-level unemployment rate
negatively enters the utility employment, and this coefficient is statistically significant at the
conventional level as well (Table A1).%

Another important fact from the entire set of coefficients is the relationship between the

location parameters for of the unobserved heterogeneity for t > t, ocjp ,for each mass point
p={1,2,3} across outcomes, which indicates that there is a share of the subsample (type 2) with a
relatively high preference for alcohol but has a lower preference for employment (o > 0, ap <

0), while another share of the subsample (type 3) with a relatively higher preference for alcohol

only but same preference for employment (a > 0, ap = 0), relative to individuals of type 1

24 Even though alcohol prices would be a natural choice, alcohol prices (as measured by the
series of price of malt beverages per 16 oz., provided by the Bureau of Labor Statistics by region
and month) exhibit limited variation over time. When presented with limited over-time variation
in prices, previous structural work has used non-price variables as a choice for covariates that
enter the utility of one outcome while leaving other utilities unaffected. For instance,
Gentzkow(2007) used respondent’s internet access and usage for work and educational purposes
as the exclusion restriction for the latent utility of online newspapers (Gentzkow, 2007) and
Deza(2015) used state-year deviations from national trends in substance treatment center
admissions for alcohol, marijuana and hard drugs as the outcome-specific covariates for the
latent utility of alcohol, marijuana and hard drugs, respectively. Unlike prices, beer taxes exhibit
enough state-year variation, are less subject to measurement error than alcohol prices (Cook,
1981), and their negative impact on alcohol consumption has been well documented (Gebritz et
al, 2021; Dave and Kaestner, 2002; Dee and Evans, 2003; Grossman et al, 1993; Lenke, 1993;
Cook and Moore, 1999; Dee, 1999).

25 Because the identification is mostly driven by the functional form of the structural model and
not primarily by the outcome-specific time-varying covariates (i.e. exclusion restriction), Table
A2 shows that the results remain unchanged to excluding the exclusion restrictions.

19



(See Table Al for the full set of coefficients)?¢. These patterns are observed also in the location
parameters for the unobserved heterogeneity at the initial conditions. The estimates indicate the
share of individuals that are of type p (1) is 22%, 14%, and 64% for type 1, 2, and 3,
respectively?’. In addition, I estimated the ordered logit model with four (Table A3 Panel B) to
nine mass points (Table A3 Panel G) and the results remain robust across specifications.

Finally, I explore with an alternative definition of heavy drinker, defined as those who
consumed alcohol at least 20 days in the last month but at least 70 percent of those days involve
binge drinking (Panel E of Table 3). In addition, I explore with a less restrictive definition where
heavy drinkers are defined as those who consume alcohol at least 15 days in the last month but at
least 70% or 90% of those involve binge drinking and the results remain largely unchanged
(Table A4) and the results remain unchanged to alternative and less restrictive measures of heavy
alcohol consumption.

Overall, the estimates support a story of moderate alcohol consumption increasing the
probability of employment while heavy alcohol consumption decreasing the probability of
employment. Similarly, past alcohol consumption, particularly in higher dosage, increases the

latent utility of alcohol consumption. The same pattern holds for employment, as the probability

2% In particular, the vector of permanent unobserved heterogeneity for type p, o, =

(af, ap, ai‘,,o, 0(1‘;,0) , 1s the following for each type p, p={1,2,3}: Type 1 (0,0,0), Type 2 (0.91, -
1.77, 1.16, -1.72), and Type 3 (2.51, 0.03, 2.38, 0.17). See Table A1 for the entire set of
coefficients and see Figure 1 for the graphical display of the location parameters, which shows
that Type 2 respondents have a higher (lower) permanent preference for alcohol (employment)
than Type 1 respondents. On the other hand, Type 3 respondents have a higher (similar)
permanent preference for alcohol (employment) relative to Type 1.

27 The coefficients ¢, = 0, ¢, = —0.48 and ¢p5 = 1.07 presented in Table Al enter the
exp (¢p)
1+exp(¢p2)+exp (¢3)

unconditional probability of being type p as T, =
1, =0.14, and 13 =0.64.

and result in r; =0.22,
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of employment increases with employment in the past period, particularly with lag full-time

employment. Finally lagged employment does not affect future alcohol consumption.

B. Quantifying the Effects of True State Dependence and Stepping-Stone Effects

The structural estimates are useful to reveal the sign of the state dependence and stepping-
stone effects within and between alcohol and employment, but they cannot directly be interpreted
as the causal effect. This section uses the parameter estimates to quantify the average partial effects
(APESs). That is, holding preferences constant, I estimate the causal change in predicted probability

of full-time employment that is driven by lagged moderate levels of alcohol consumption relative

to heavy levels of alcohol consumption, as follows: P[Yil’{eifh =1|Y{%, =1] - P[Yiiifh =

1)yeh = 1]

iat—1

Given that lagged alcohol consumption for each individual-year can only be observed in one

: : High
possible scenario (Yar4 = Llor Yoy, =1, orY, ¢

iat—1 = 1), observed data would only allow me

to compute either P[Yiiifh = 1|Yi]j£t"f ;=1] or P[Yill_leifh = 1|Ygifl_11 =1] or P[Yiiifh =

1|Yio2¢ = 1] for any given individual.
A main advantage of dynamic discrete choice models is that I can hold all parameters constant

YHigh —

and artificially set lagged alcohol consumption to moderate for everyone to compute P[Y; ¢

1|Yi]"£t"f ; = 1], and then I can artificially set lagged alcohol consumption to heavy consumption

for everyone to compute P[Yiiifh = 1|Y$§El = 1].Then, I would be able to estimate this

difference in probabilities separately for each respondent and period and then take the average over

individuals and all periods after the initial period to compute the following APE among others.

PLY, 28" = 1|Yoy, = 1]- Pl 28" = 1]Y,18" = 1] ©)

iet et Lat—-1 —
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The APE from the bivariate ordered logit models presented in Table 4 can be summarized
as follows. First, the estimates indicate that if all respondents, holding their preferences constant,
were to artificially be employed full-time in any given period, their probability of full-time

employment in the next period would increase by 41 percentage points relative to the

YHigh —

counterfactual where they would be artificially not employed in any given period (P[Y;

1|YHigh =1]- P[YHigh = 1|Y{2, = 1]=0.41). (Panel A Table 4). Given the literature on state

iet—1 iet

dependence on employment, it is unsurprising that P[Y:Ieifh = 1] more than doubles as I artificially

change the lagged employment outcome from no-employment to full-time employment (from 0.31
to 0.73)
Second, the model predicts that the probability of heavy alcohol use is largest in response to

artificially changing lagged alcohol wuse to heavy consumption for everyone

(P [YHigh = 1|YHigh = 1] = 0.12), followed by changing lagged alcohol use to moderate

iat iat—1

amounts (P[Yiiifh = 1|Y{ ¥, = 1] = 0.01), and lowest by changing alcohol use to none for

YHigh

fac = 1|Y{oR, = 1]=0.003). These results are also unsurprising given the

everyone (P[
literature on state dependence of alcohol consumption. It is worth to note that the raw data indicates
that the probability of heavy alcohol consumption is 25.6 percent among those who consume heavy
alcohol in the previous period, but this is heavily driven by unobserved preferences since that
number drops to 12 percent once I artificially change the lag consumption to alcohol to heavy

levels for everyone (Panel B Table 4)8,

28 While the parameter estimates simulate the patterns of full-time employment closely (Panel A
and C, column 2), the model does not simulate patterns of heavy alcohol consumption as closely,
and therefore their APE must be interpreted with caution.
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Third, Panel C of Table 4 presents the motivation for this study. The APE indicates that lagged
moderate alcohol increases the probability of full-time employment by 7.8 and 2.1 percentage
points relative to heavy alcohol use and alcohol abstention, respectively. That is, the probability
of full-time employment increases from 50.71 percent to 58.44 percent in response to artificially
changing lagged alcohol use from heavy to moderate for everyone. Similarly, the probability of
full-time employment increases from 56.34 percent to 58.5 percent in response to artificially
changing lagged alcohol use from no alcohol to moderate consumption. In a nutshell, moderate
levels of alcohol consumption leads to higher rates of full-time employment than abstention or
heavy use.

In a nutshell, the APE show evidence of state dependence within outcomes, and such state
dependence increases with dosage level for both employment and alcohol (e.g. lag full-time
employment increases the probability of full-time employment more than part-time employment,
and lag part-time employment increases the probability of full-time employment more than lag no
employment). On the other hand, the APE for state dependence between outcomes has nonlinear
results as the probability of full-time employment increases in response to lag moderate alcohol
consumption relative to both alcohol abstention and heavy alcohol use, holding all parameters

constant.

C. Robustness Checks and Specification Diagnostics

The bivariate ordered logit model with fist-order state dependence relies on several
assumptions about the transitory unobservable component (gj;;), regarding the mean E(g;;)=0,

2

variance E [8 i].t] = 1, serial correlation E[si]-t, si]-t_k] = 0 for k=1,2,3,4,5, contemporaneous
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correlation E[sijt, ai]-,t] =0, and cross-period correlation between outcomes, respectively
E[ai]-t, si]-,t,] = 0.

In order to diagnose misspecification, I compute the sample-analogue generalized residuals
(rit(ai)) to evaluate the extent to which the assumptions about the transitory unobservable
component g, hold. That is, I extend the sample-analogue generalized residuals previously

implemented for the single binary variable setting (Card and Hyslop, 2005) and for the
multiproduct binary variable setting Deza (2015) to the ordered model setting. If the model is

correctly specified, those conditions must hold at the true location parameter of the unobserved
heterogeneity, where rg‘t((x];) is a generalized residual®.

I compute the following sample-analogue generalized residuals for each individual and
compare whether the sample-analogues in the following conditions are close to their expected

value under the null hypothesis of a correctly specified mode in order to diagnose misspecification.

E[rit(ai)] =0 ©)

E[rit(ai)z] =1 (10)
E[r] (), 1) ()] = 0 for k=1,2,3,4,5 (11)
E[r] (o), 1) ()] = 0 (12)
E[r] (e, 1) ()] = 0 for k=1,2,3,4,5 (13)

Following the literature generalized residuals for nonlinear models (Gourieroux et al, 1987;

MacCall, 1994; Chesher and Irish, 1987) and the more recent literature on sample-analogue

29 A challenge to compute a sample-analogue of those five conditions is that the random effect is
unknown to the econometrician. See Appendix A for a thorough description of the steps to

constructing the generalized residual (rg t(a];)) at an assigned (and unknown to the
econometrician) random effect a;.
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generalized residuals (Card and Hyslop, 2005; Deza, 2015), I compute the sample-analogue

generalized residual (rit(aij )) as the difference between the actual binary variable Y;;; = {0,1,2}

and its expected value E[Yijt|aij ], normalized to correct for heteroskedasticity?’.

Given that the type is unknown to the econometrician, I compute the generalized residual in
three steps, which are described in detail in Appendix A: First, I evaluate the generalized residual
at each mass point, and obtain rglt(a{ ), rf,t(aé'), and rit(aé'), for type 1,2, and 3, respectively.
Second, I compute the posterior probability of being type p using the observed sequence of
outcomes. Finally, I compute a weighted average of the following conditions evaluated at each
mass point, using the posterior probabilities as weights.

The sample-analogue generalized residuals corresponding to the bivariate ordered logit

model (column 1,2 Table 5) are used a benchmark to diagnose misspecification and can be

summarized as follows. First, the mean is statistically indistinguishable from zero, El[rg't (ai)]
0. In particular, E[r?(o;)] =-0.001 (SE=0.005) and E[rf,(a;)] =-0.005 (SE= 0.006). Second,
the variance is statistically indistinguishable from one, E[rglt(ai)z] = 1. That is,

E[rﬁt(ai)z] =0.995 (SE=0.014) and E[rft(ai)z] =1.049 (SE= 0.014). Third, the predicted errors
have small but statistically significant serial correlation E[rgt(ai), rg‘t_k(ai)] for k=1,2,3,4,5. For

instance, E[rf‘t(ai), rft_l(ai)] =-0.03 (SE= 0.01). In order to partially relax the serial correlation

30 Please refer to Card and Hyslop (2005) for a thorough description of sample-analogue
generalized residuals and Deza (2015) for the extension to a multi-product setting with three
binomial variables. This study further extends the sample-analogue generalized residuals
specification diagnostics to an ordered model where rgt(ai) is defined as follows and Appendix A
describes its construction in more detail:

Y] —E[Yijela]]

rh (o) = H—===
t var(Yijt)
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assumption, I estimate a bivariate logit model with second-order state dependence®!. Fourth,
there is evidence of correlated contemporaneous predicted errors between outcomes that are,
albeit small, statistically distinguishable from zero, as E[rft(ai), Iit ((xi)] = 0.03 (SE=0.01). In
order to address this misspecification in the bivariate ordered logit model, I estimate a bivariate
ordered probit model, which allows for correlated transitory shocks between employment and
alcohol*2. Finally, the cross-time, cross-outcome sample-analogue generalized residual
E[rit(ai), ri’t_k(ai)] where k=1,2,3,4,5 and j,j’={alcohol, employment}support the evidence that
the assumption of uncorrelated cross-time cross-outcome errors does not pose a threat to
misspecification.

Taken together, I address the two potential threats to misspecification (equations 11 and
12) estimating a bivariate ordered logit model with second order state dependence and a bivariate
ordered probit model with first order state dependence, respectively. When estimating the
bivariate ordered logit model with second order state dependence, I estimate a variant of
equation (1) where I add second order lags to the latent utility in equation®* and model the initial
conditions as described in Appendix B. When estimating the bivariate ordered probit model with
first-order state dependence, I estimate a variant of equation (1) where I estimate an additional

parameter that allows the transitory shocks to be correlated®, as describe in Appendix C.

31 'See Appendix B for a more detailed description of the bivariate logit model with second-order
state dependence.

32 See Appendix C for a more detailed description of the bivariate probit model with first-order
state dependence.

33 In particular, I add the followmg to the latent ut111ty in equation (1)

2LagrowyLow 2Lagyowy/High
ZY Yike—1 +ZY Yike-1

34 In particular, the bivariate problt model with ﬁrst order state dependence estimates the
additional parameter ¢,,, which enters the covariance function as follows in order to guarantee
the covariance is between -1 and 1
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Reassuringly, the findings are consistent across models that allow for higher order state

dependence and correlated transitory shocks, and can be summarized as follows. First, there is

state dependence within alcohol and employment ( y;3¥ > 0, y£oW > 0, yngh > 0, yngh > 0)

which increases with dosage level ( Y59V < yngh, Yeow < ng ). Second, lagged moderate

consumption of alcohol increases future employment (y;&¥ > 0). Third, the effect of heavy

alcohol consumption on employment is ambiguous, as both the bivariate logit model with first-
order state dependence (columns 1-2) as well as second-order state dependence (columns 5-6)
indicate that heavy alcohol reduces employment, while the bivariate probit model with first-order
state dependence (columns 3-4) indicate null effects. Fourth, employment does not have a

statistically significant effect on alcohol, independent of dosage level (Ys2% = 0, yngh = 0).

Fifth, there is a positive and statistically significant effect from the second order lag (yaLagLow >

2Lagyigh 2L 2Lagnigh agHigh
0 Y Hig > 0 Y agLow >0 Y Hig ig

Yaa Yee > 0, which increases by dosage level (yaa >

2Lagy; . .
y?;ag“’w, ye’:gmgh > y2LagL°W) but they are smaller in magnitude than the first-order lagged

High _ 2Lagnigh High _2La

“ABnigh - High 2" < Yook, yaiABow < ylow y2iaBlow < yLow) Finally, the

effect ( yaa <
probit model indicates that the structural residuals are positively correlated and estimates

cov(ef;, €f) = 0.039.% While there are benefits and limitations to the set of assumptions

exp (¢12)

1+ eXp((I_)u) + exp (¢s2)
35 The correlation of the generalized residuals E[rit(ai), r:; (ai)] does not need to match the

cov(el, &) = —1+ 2%

correlation of the structural residuals cov(alit, 811;) in the probit model, as simulated data shows
that the correlation of generalized residuals is always lower than the correlation of structural
residuals (Deza, 2015). While the correlation of generalized residuals is not relevant on its own,
it is zero when the correlation of structural residuals is zero, and non-zero when the correlation
of structural residuals is non-zero. See Appendix C for the full set of parameters ¢, = 0.038,
and as a result
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required by each of these three models, it is reassuring that the findings are consistent across
these three specifications.

D. Policy Consequences of Moderate versus Heavy Alcohol Use

Among the main attractions of structural models is that they allow the researcher to evaluate
policy counterfactual scenarios. That is, using the parameter estimates and holding preferences
constant, I can evaluate the extent to which artificially replacing heavy alcohol consumption with
moderate consumption for all observations affects the simulated probability of full-time
employment. This exercise sheds light to the importance of separately targeting moderate and
heavy alcohol consumption when designing policy.

This subsection simulates full-time employment under several different simulated policy
counterfactual scenarios. Figure 1 indicates that the bivariate ordered logit model simulates
closely the full-time employment patterns over the years*®. Using the parameters estimated by
the bivariate ordered logit model, I simulate full-time employment after artificially assigning
alcohol abstention, moderate alcohol consumption, and heavy alcohol consumption to all
respondents (Figure 2) holding preferences constant. Surprisingly, artificially replacing predicted
alcohol consumption, whether heavy or moderate, with alcohol abstention decreases full-time
employment (policy simulation 1) and artificially assigning all respondents heavy alcohol
consumption decreases employment even further (policy simulation 2). Finally, artificially
assigning moderate alcohol consumption to everyone increases full-time employment (policy

simulation 3) relative to the simulated data with alcohol abstention or heavy alcohol use.

exp (0.038)
1 + exp(0.038)

0.039 = cov(ef, gf) = -1+ 2 *

36 See coefficients in Table 6.
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These simulated full-time employment trends after artificially replacing predicted alcohol
consumption with abstention, moderate and heavy consumption for everyone mimic a scenario
under a policy that mandates that all individuals abstain, consume alcohol in moderation or
consume heavy levels of alcohol, respectively. While we do not have policies that mandate or
ban any given level of alcohol consumption, this exercise sheds light about the potential negative
externalities of removing alcohol entirely and highlights unexpected social benefits of moderate
alcohol consumption. Taken together, these policy counterfactuals indicate that, holding
preferences constant, moderate alcohol consumption increases full-time employment. A potential
mechanism is that moderate alcohol consumption may be associated with building social capital
through networking, unlike heavy alcohol consumption. However, the mechanisms are beyond
the scope of this study.

These policy counterfactuals shed light on potential negative externalities of currently
existing blunt policies that do not distinguish between dosage levels and may end up lowering

employment in ways that have not previously been expected.

V1. CONCLUSION

Given the prevalence of alcohol consumption among working age individuals®’ and the
importance of employment for economic prosperity, it is crucial for policy to understand the
relationship between alcohol use and individual’s success in the labor market. Due to the
disproportionately high social costs driven by heavy alcohol users and the potential positive

externalities driven by moderate alcohol consumption, evaluating closely the relationship between

37 https://www.cdc.gov/alcohol/fact-sheets/binge-drinking.htm
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alcohol and employment separating moderate from heavy alcohol consumption is crucial for
policy.

This study is the first one to address this gap in the literature and separately estimate the effect
of moderate versus heavy alcohol consumption on an individual’s probability of maintaining full-
time employment. In particular, this study develops a multivariate ordered logit model that
examines alcohol and employment trajectories in order to separately identify habit formation from
unobserved preferences while separating the effect by dosage level. This paper is, to the best of
my knowledge, the first to provide causal evidence of a previously identified stylized facts:
moderate alcohol consumption leads to more employment.

This study makes three contributions. First, this study extends the consideration of state
dependence and unobserved heterogeneity to an ordered multiproduct setting, where the
outcomes have dosage levels, and outcomes are not necessarily mutually exclusive. This newly-
developed multiple equation model is flexible enough to account for reverse causality by dosage
level, for arbitrary correlation of alcohol and employment preferences, and the initial conditions
problem caused by the fact that the entire lifetime trajectory of alcohol consumption and
employment is not observed by the econometrician (e.g., Heckman 1981b). In addition, this
paper implements a variant of already-existing sample-analogue generalized residuals that are
used in structural estimation to assess model misspecification (Card and Hyslop, 2005; Deza,
2015) and extends it to the ordered setting.

As the second contribution, this paper uses this newly-developed methodological
contribution to re-evaluate the relationship between alcohol and employment by dosage level.
Previous literature establishes descriptive evidence of a positive association between moderate

drinking and earnings (Barrett, 2002; French and Zarkin, 1995; Hamilton and Hamilton, 1997;
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Heien, 1996; Bockerman et al, 2017; Lee, 2003; Zarkin at al, 1998; Bockerman et al, 2017), as
well as employment (Peters and Stringham, 2006; Bockerman et al, 2017). This study is the first
to separately identify the extent to which the observed positive correlation between moderate
alcohol consumption and employment reflects a causal relationship (e.g. if heavy alcohol
consumption is detrimental to health while moderate consumption increases social capital) or
simply a correlational relationships (e.g. if individuals with more self-control are more likely to
consume alcohol in moderation and also more likely to be employed at any given point in time
regardless of their alcohol consumption). This study finds that moderate alcohol consumption
increases employment, and these results remain robust to several specifications.

As the third contribution, this newly-developed model allows me to use the estimated
parameters to conduct policy counterfactuals. A particularly attractive feature of structural
models is that they enable researchers to use the estimated parameters to hold preferences
constant and simulate the outcome of interest (e.g. full-time employment) under several policy
counterfactual scenarios (e.g. artificially changing alcohol consumption to moderate levels while
holding preferences constant), which enables researchers to recommend policies. These policy
counterfactuals indicate that full-time employment increases in response to artificially assigning
moderate alcohol consumption to respondents, holding preferences constant, relative to
artificially assigning heavy alcohol consumption and even alcohol abstention.

This study sheds light to better understanding the ways in which regulations governing
the use and sale of alcohol affect labor market attachments in the United States and sheds light
on previously undocumented gains of moderate alcohol consumption on full-time employment.

The policy counterfactuals shed light on potential negative externalities of currently existing
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policies that affect all alcohol consumption levels, and may end up lowering employment in

ways that have not previously been expected.
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Appendix

Appendix A: Generalized Residuals Specification Diagnostics for Ordered Models

Given that the generalized residuals must be computed at their true random effect
location parameter ((ri t(ajm)) , which is unknown to the econometrician, I build the generalized

residuals at their true random effect in the following steps.
Step 1: Assign the predicted probability of the observed sequence conditional on a type
Using the estimated parameters, I hold the random effects constant and write type-p specific
likelihoods. That is, I compute the probability of the observed sequence for outcome j={alcohol,
employment} for each individual i under the assumption that this individual has the random
effects corresponding to type p and p=1, 2, 3.38

L (Yyo,.. Yiyrlop)=TT; P(Y o0z |t0) * TT2%3805 I P(Y)[ Vi, )
In addition, I compute the respective probability of the entire observed sequence for all

outcomes for each individual i with assigned random effects of type p.

2011

Li(ay) = | [P(aonaled) « | | | [POHl%en )
j

t=2003  j
Step 2: Calculate the conditional or posterior probabilities of being each type

Using the unconditional probability of being type p** (1), the observed sequence, and
Bayes rule, I estimate the conditional (posterior) probabilities and the generalized residuals for

the bivariate ordered logit model as follows.

3% The random effects vector o, = (o, o, o o, ap o) for each type p={1,2,3} is described as

follows: Type 1 (0,0,0,0) , Type 2 (a3, a3, 054,05 4), and Type 3 (a3, o, a3, A3 ).
3% The unconditional probability of being type p m,, is estimated by the model to be the share of
the sample that is type p without taking into account their individual observed sequence.
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_ Li(otp)
Wip = P(ep%) = ot s

Step 3: Build Generalized Residuals
I defined the sample-analogue generalized residual for any given type p for the ordered logit
model as follows:

((X ) E[Y1]t|0‘]
lt P /var(Yllt)

The E[Yi]-t|(x’;] and var(Yi]-t|(x];) conditional on being type p are defined as follows:
1]t|a] O*P(Yl]t - 0|Y1t 1, & 1]) + 1+ P(Yljt 1|Y1t 1 & 1]) + 2 * P(Yl]t 2|?i,t—1'aij)

Var(YithD = P(Yje = 0|Yic_1, aj) * (0 — E[Yithi,t—p O{i])z +
P(Yl]t = 1|?1t 1, & 1]) (1 - [ ijtl?i,t—l'a]i])2 +
P(Yl]t 2 |Y1 t-1 & 1]) (2 [ ijt| IYi,t—l' a]i])Z

The variable Yij,tis the observed outcome for drug j, where Y]t {1,2,3},and the predicted
probabilities P(Yj;e = 0[Yi -1, i), P(Yije = 1[Vie—1, ;) and P(Yjje = 2|Yi (-1, ;) are computed
using the estimated parameters and equations 3,4,and 5, respectively.

Step 4: Diagnose E[r; t(ocl)] =0

The following are the individual type-specific mean generalized residuals for drug j by type

Y223603 r];t(ocp)
m0;; () = =221

I estimate the mean generalized residual using the conditional probabilities as weights to

calculate the weighted average
mO0;; = Y3 -3 w; , * mO0y;(ap)
Then I take the mean over people of these residuals and report them along with the standard error

to test the null hypothesis that they are zero.
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Step S: Diagnose E [riit(ai), rl’t, (ai)] =0
The type-specific correlation of generalized residuals is estimated as follows:

: o
iil 32011 P (a)+r), (a
t0 () = Ztztos it(%p) Tt (%p)
9

I use the conditional probabilities as weights to calculate the weighted average

0! = y3_ w;, * 10} (ap)
Then I take the mean over people of these residuals and report them along with the standard error
to test the null hypothesis that they are zero. In a similar way, I find 15-5% order autocorrelation

and cross-product and cross-period correlations.

Appendix B: Bivariate Ordered Logit Model with Second-Order State Dependence

Allowing higher order lagged outcomes to affect current outcomes in a model with
second-order state dependence improves upon the main specification with first-order state
dependence where only outcomes from the previous year affect current outcomes. Models with
higher-order state dependence still rely on the assumption of no serial correlation
(E[sijt, si]-t_k] = 0 for k=1,2,3,4,5), but decrease the extent to which first and second-order could
be a source of misspecification.

The latent utility is now a variant of equation 1, where I incorporate second-order lagged

outcomes Zk ) ylz(]]“agL"leLl?,‘["’ 1+ Zk LY lz(:“agL"WYlT%hl to the original latent utility equation 1:

— L ngh High 2Lag L
Uijt—81j(t t0)+X1tB]+Zk 1kaWY 1?2”1 +Zk 1 k] lkt 1+Zk . k] LowY o¥v1+

2LagLow High
Zk 1 Yk Yike-1 T @Zije + i + Eije
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Because the initial conditions are now composed of outcomes in the first two years
(2002-2003), and three levels for each outcome (none, low, high), the specification of the initial
conditions has 9 mutually exclusive potential outcomes (0,0) (0,1) (0,2) (1,0) (1,1) (1,2), (2,0),
(2,1), (2,2), where the first (second) component indicates the dosage level of any given outcome
in 2002 (2003)*. The initial conditions are modeled with multinomial logit since the outcomes
are mutually exclusive, where the latent utility for each initial conditions equation has a separate
location parameter,*! while the non-initial conditions are still a bivariate ordered logit model.

I estimate a separate utility function with a separate random effect for each of the
potential 9 outcomes, which makes the multinomial logit assumption that that the transitory
shocks are independent not as restrictive*?. The utility function at the initial conditions are

specified as follows, and each estimated component is presented in Table A6.
Ug't(0,0) = ‘c'];,(tOIO)

j _ (0,1) 0,1)rj j(0,1) j(0,1)
Ui't(O,l) = XiOwoj + @ Ziy+ oy +E

j(0.1)
Vi,O

40 For example, initial conditions for employment (0,1) indicate that the respondent did not work
in 2002 (employment dosage level 0) and worked part-time in 2003 (employment dosage level
1). Similarly, initial conditions for alcohol (1,2) indicate that the respondent consumed moderate
levels of alcohol in 2002 (alcohol dosage level 1) and consumed heavy levels of alcohol in 2003
(alcohol dosage level 2).

4! The model estimates the specified distribution of the unobserved heterogeneity with 3 discrete
points of support, where each point of support p corresponds to the following vector of

unobserved heterogeneity:
a .m ~a(01) _a(02) _a(1,0) _a(1,1) _a(1,2) _a(2,0) _a(21) _a(22) _e(01) _e(0,2) _e(1,0) _e(1,1)
(Y E MY« Sy o M« Sy« S« Sy el ¢ S« Sy Sl « S Nyl S Ny
21) _e(22
0 e )
42 That is, the following transitory shocks are independent
(81(0,0) j(0,1) £j(0’2) E]'(1,0) j(1,1) 81(1,2) j(2,0) _i(21) _j(2,2)

io +€o %o %o o o o %o &0 -

(04
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j 0,2 0,2) ~]j j(0,2 j(0,2
U (02) = X;o0l? + 077 + ol )+ 0P

j02)
Vi,0

j _ (1,0 1,0) ] j(1,0) , j(1,0)
Ui (1,0) = Kiowe;” + @ Zig + a7 +E

j(1,0)
Vi,O

j — (1,1) LD ] i1y, j11)
Ui (1,1) = Kiowe; ™ + @y Zig + 0" +E,

j(11)
Vi,O

j 1,2 1,2)~j j(1,2 j(1,2
U(1,2) = X;o0$? + 077 o + ol )+l

j(1.2)
Vi,o

j 2,0 2,0) ~]j j(2,0 j(2,0
U(2,0) = X;o0” + 007+ ol )4G0

(2,0)
Vi,0

j _ 2,1) 21)j i(2,1) i(2,1)
Ui't(Z,l) = XiOwoj + @ Ziy+ oy e

i2.1)
Vi,O

j 2,2 2,2) ] (2,2 j(2,2
U,(22) = X0l ? + 077+ ol ) +e) 32

i2,2)
Vi,0

Appendix C: Bivariate Probit Model with First-Order State Dependence

Allowing the transitory shocks to be correlated across outcomes improves upon the main
specification where only the permanent unobserved heterogeneity is arbitrarily correlated across
outcomes. I relax the assumption of uncorrelated contemporaneous transitory shocks across
outcomes, cov(ed, €) = 0, as transitory shocks for employment may be correlated with
transitory shocks for alcohol (e.g. living in a high density city is associated with more job

opportunities and also with more alcohol consumption). In particular, the vector s]; . has the

following multivariate normal distribution in the bivariate ordered probit model:

(g gi)~N <(8) ’ <p12 piz))
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Relative to the bivariate ordered logit model, the bivariate ordered probit model estimates
positive structural correlation between outcome-specific transitory shocks (cov (&, €) = 0.38)
by estimating one additional parameter ¢;,.%

Unlike the bivariate ordered logit model, the bivariate probit model jointly models the

outcome for alcohol and employment in any given period Y;; = (Y3, Yi‘i)‘”, and numerically

approximates the probabilities of any given outcome P(YitlYi,t—lr ocp), as those probabilities no
longer has a closed form solution®.

The coefficients presented in Table AS indicate that the results are in consistent and
indicate that there is state dependence within outcome which increases with dosage level, and

moderate alcohol consumption increases employment.

43 The parameter ¢, is then used to estimate cov(e$, €f;) to be between -1 and 1. The probit
model estimates parameter ¢,,=0.0384 (SE=0.0857). The correlation cov(e}, €;;) is by
construction between -1 and 1.

exp (¢12)

1+ exp (d12)
44 In the bivariate probit model, I estimate the likelihood for the full sequence of both outcomes

jointly in each period (unlike separate likelihood for each outcome in bivariate logit model) ,
Li(?io,...,?iT) , where L;(Yig, .... Vi) = 2;3)=1 “p{P(YiOMp,o) 1_[tT==22000121 P(Yitl?i,t—lf O‘p)}
4 For instance, the probability of respondent i consuming moderate level of alcohol (dosage 1)
and not being employed (dosage 0) in period t is approximated as follows:
P(Y; = (1'0)|Yi,t—ll(xp) = P( c1a < Vi(ap) + €6 < c205 Vi(0p) + €% < c10)

= P( Cia — Vi%(ap) < +£?t < Cya — Vi%(ap); E?t < Cia— Viz'ic(ap))

0 1
Where (&f;, &) ~N ((o)’<p12 pi2)>

cov (e, &) = —1+ 2%
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Figure 1: Actual vs Simulated Full-Time
07 Employment, Bivariate Ordered Logit

0.65

0.6
0.55
0.5
0.45
0.4
2002 2003 2004 2005 2006 2007 2008 2009 2010 2011
Simulated Data e= = Actual Data

Note: This figure presents the observed and simulated probability of full-time employment using
the parameters estimated by the bivariate ordered logit model.



Figure 2: Simulated Alcohol-Related Policies,
Bivariate Ordered Logit
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Note: This figure presents the simulated probability of full-time employment using the
parameters estimated by the bivariate ordered logit model. In addition, it shoes the simulated
probability of full-time employment under three counterfactual scenarios, where I hold all
estimated parameters constant and artificially change the alcohol consumption dosage level for
all respondents before simulating full-time employment in the next period: (i)A scenario where
alcohol abstention is assigned to every respondent at every period, (ii) a scenario where moderate
alcohol consumption is assigned to every respondent at every period, and (iii) a scenario where
heavy alcohol consumption is assigned to every respondent at every period. See Table 8 for the
respective coefficients.



Table 1: Summary Statistics at First Wave

Full
sample Subsample
All Poorly
Education Educated
Age 2002 19.97 19.94 19.93
(1.42) (1.41) (1.42)
Male (%) 0.51 0.44 0.45
(0.50) (0.50) (0.50)
Resident Father (%) 0.72 0.73 0.68
(0.45) (0.44) (0.47)
P(Abstain Alcohol) 0.43 0.41 0.45
(0.49) (0.49) (0.50)
P(Moderate Alcohol) 0.56 0.58 0.54
(0.50) (0.49) (0.50)
P(Heavy Alcohol) 0.01 0.01 0.01
(0.09) (0.10) (0.10)
P(No Employment) 0.38 0.34 0.34
(0.48) (0.47) (0.47)
P(Part-time Employment) 0.29 0.31 0.24
(0.45) (0.46) (0.43)
P(Full-time Employment) 0.34 0.35 0.42
(0.47) (0.48) (0.49)
Highest Educ HS 0.58 0.54 0.79
(0.49) (0.50) (0.41)
Highest Educ BA 0.19 0.26 0.00
(0.39) (0.44) (0.00)
N 8984 4050 2781

Note: Standard errors are in parenthesis. These summary statistics are unweighted.

The first column reports demographics for the entire NLSY97 sample. The second column
reports demographics for individuals with non-missing answers to the relevant questions. The
third column corresponds to the subsample of column 2 with less than a college education.



Table 2: Stylized Facts
Panel A: Persistence of Full-Time (High Dosage) Employment

P (Full-time Employment| Lag No employment) 0.265
P (Full-time Employment | Lag Part-Time Employment) 0.379
P (Full-time Employment| Lag Full-Time Employment 0.791
Panel B: Persistence of Heavy (High Dosage) Alcohol

P (Heavy Alcohol | Lag Abstain Alcohol) 0.001
P (Heavy Alcohol | Lag Moderate Alcohol) 0.012
P (Heavy Alcohol | Lag Heavy Alcohol 0.256
Panel C: Transition to Full-Time Employment (High Dosage) from Alcohol

P (Full-time Employment | Lag Abstain Alcohol) 0.501
P (Full-time Employment | Lag Moderate Alcohol) 0.636
P (Full-time Employment| Lag Heavy Alcohol 0.619
Observations 2,781

Source: Author calculations with data from the NLSY97.

Note: These probabilities are computed at the yearly level from 2003 to 2011, and the table presents the
average over years. For each of the outcomes, there are three dosage levels as described in the paper:
None, Low and High. For employment, these dosage levels are no employment, full-time employment
and part-time employment. For alcohol, these dosage levels are abstention, moderate and heavy.



Table 3: Bivariate Ordered Logit Coefficients

Alcohol Employment
Panel A: Main Specification
Lag Moderate Alcohol (ylgfj’w 1.38 0.14
(0.04) (0.04)
Lag Part-time Employment (y]gfj’w 0.03 0.67
(0.06) (0.04)
Lag Heavy Alcohol (y/E") 4.05 0.28
(0.17) (0.14)
Lag Full-Time Employment (y:;gh) 0.06 1.97
(0.05) (0.04)
Observations 2,781
Panel B: Entire Sample (Low and High Skilled)
Lag Moderate Alcohol (ylgfj’w 1.47 0.18
(0.03) (0.03)
Lag Part-time Employment (y]gfj’w 0.03 0.77
(0.05) (0.03)
Lag Heavy Alcohol (v,*") 431 022
(0.16) (0.13)
Lag Full-Time Employment (y:;gh) 0.04 2.23
(0.04) (0.03)
Observations 4050
Panel C: Likely Alcohol Misuser
Lag Moderate Alcohol (ylgfj)w 1.32 0.14
(0.04) (0.04)
Lag Part-time Employment (y]gfj’w 0.00 0.67
(0.06) (0.04)
Lag Heavy Alcohol (y:;gh) 4.02 -0.29
(0.18) (0.15)
Lag Full-Time Employment (y:;gh) 0.04 1.97
(0.05) (0.04)
Observations 2709




(Continued) Table 3: Ordered Logit Coefficients
Alcohol Employment

Panel D: Likely Alcohol Misuser During Survey

Lag Moderate Alcohol (ylgfj’w 1.28 0.14
(0.04) (0.04)
Lag Part-time Employment (y]gfj’w 0.00 0.69
(0.06) (0.04)
Lag Heavy Alcohol (y:;gh) 3.99 -0.28
(0.18) (0.15)
Lag Full-Time Employment (y:;gh) 0.04 2.00
(0.05) (0.04)
Observations 2654
Panel E: Alternative Alcohol Dosage Definition
Lag Moderate Alcohol (ylgfj’w 1.37 0.14
(0.04) (0.04)
Lag Part-time Employment (y]gfj’w 0.03 0.67
(0.06) (0.04)
Lag Heavy Alcohol (v, ") 3.94 20.17
(0.14) (0.12)
Lag Full-Time Employment (y:;gh) 0.04 1.97
(0.05) (0.04)
Observations 2781

Note: The parameters y{;]?’w and ygjigh in the first column correspond to the latent utility for

j=alcohol and the second column correspond to the latent utility for j=employment from equation
1, which are estimated by the bivariate ordered logit model. For example, for j=employment

(second column) and k=alcohol, the respective coefficients are ylL(]?"’V:O. 14, and y:jigh=-0.28.

Standard errors were computed by taking the inverse of the numerical Hessian at the estimated
parameter values. For each of the outcomes, there are three dosage levels as described in the
paper: None, Low and High. For employment, these dosage levels are no employment, full-time
employment and part-time employment. For alcohol, these dosage levels are abstention,
moderate and heavy.



Table 4: Average Partial Effects

Actual Simulated APE
Panel A: Persistence of Full-Time Employment

P(Full-time Employment | Lag Full-time Employment)-P(Full-time Employment | Lag No Employment) 0.411
P(Full-time Employment | Lag Full-time Employment)-P(Full-time Employment | Lag Part-time Employment) 0.268
P(Full-time Employment | Lag Part-time Employment)-P(Full-time Employment | Lag No Employment) 0.143
P(Full-time Employment |Lag Full-time Employment) 0.791 0.785 0.731
P(Full-time Employment |Lag Part-time Employment) 0.379 0.453 0.463
P(Full-time Employment | Lag No Employment) 0.265 0.234 0.320

Panel B: Persistence of Heavy Alcohol

P(Heavy Alcohol | Lag Heavy Alcohol)-P(Heavy Alcohol | Lag No Alcohol) 0.118
P(Heavy Alcohol | Lag Heavy Alcohol)-P(Heavy Alcohol | Lag Moderate Alcohol) 0.111
P(Heavy Alcohol | Lag Moderate Alcohol)-P(Heavy Alcohol | Lag No Alcohol) 0.007
P(Heavy Alcohol | Lag Heavy Alcohol) 0.256 0.188 0.121
P(Heavy Alcohol | Lag Moderate Alcohol) 0.012 0.013 0.010
P(Heavy Alcohol |[Lag Abstain Alcohol) 0.001 0.001 0.003

Panel C: Transition to Full-Time Employment

P(Full-time Employment | Lag Heavy Alcohol)-P(Full-time Employment | Lag Abstain Alcohol) -0.056
P(Full-time Employment | Lag Heavy Alcohol)-P(Full-time Employment | Lag Moderate Alcohol) -0.078
P(Full-time Employment |Lag Moderate Alcohol)-P(Full-time Employment | Lag Abstain Alcohol) 0.022
P(Full-time Employment |[Lag Heavy Alcohol) 0.619 0.636 0.507
P(Full-time Employment |Lag Moderate Alcohol) 0.636 0.632 0.585
P(Full-time Employment |[Lag Abstain Alcohol) 0.501 0.505 0.563

Note: The first, second, and third column show the observed probability, simulated probability and the average partial effects
respectively. For P(Full-time Employment | Lag No Employment), the first (second) column is the observed (simulated) probability
of full-time employment among those whose observed (simulated) lagged outcome was no employment in the previous period; the
third column presents the average partial effect where I use the parameters estimated by the bivariate ordered logit model for all



individuals, where I artificially change the lagged employment outcome to no employment for everyone while leaving all other
parameters constant. Since individuals are observed under “no employment,” or “part-time employment,” or “full-time employment”
as mutually exclusive lagged outcomes, the probability gaps (first three rows of each panel) cannot be computed from observed data.



Table 5: Robustness Checks and Sample Analogues

Panel A: Coefficients
Lag Moderate Alcohol (yXo"

a,)

Low
e

Lag Part-time Employment (y

Lag2 Moderate Alcohol (yfl].L A8Low

Lag? Part-time Employment (yz;—‘agLOW)

High
a,j )

Lag Heavy Alcohol (y

High
e )

Lag Full-Time Employment (y

Lag2 Heavy Alcohol (yz.LagHigh)

a)

Lag2 Full-Time Employment (yi;‘agHigh)

Observations

Bivariate Ordered Logit Bivariate Ordered Probit

Bivariate Ordered Logit

First Order First Order Second Order
Alcohol Employment Alcohol Employment Alcohol  Employment
1.38 0.14 1.01 0.15 1.27 0.15
(0.04) (0.04) (0.08) (0.08) (0.04) (0.04)
0.03 0.67 -0.07 0.50 0.05 0.68
(0.06) (0.04) (0.12) (0.10) (0.06) (0.05)
X X X X 0.85 X
(0.04)
X X X X X 0.18
(0.05)
4.05 -0.28 1.40 0.07 3.54 -0.23
(0.17) (0.14) (0.36) (0.35) (0.20) (0.15)
0.06 1.97 0.08 1.09 0.02 1.85
(0.05) (0.04) (0.11) (0.09) (0.05) (0.04)
X X X X 2.23 X
(0.21)
X X X X X 0.67
(0.04)
2,781 250 2,781




(Continued) Table 5: Robustness Checks and Sample Analogues

Bivariate Ordered Logit Bivariate Ordered Probit Bivariate Ordered Logit
First Order First Order Second Order
Alcohol Employment Alcohol Employment Alcohol  Employment
Panel B: Mean, Variance, and Serial Correlation of Generalized Residuals
E[r] ()] 0.00 -0.01 0.02 0.00 0.00 0.00
(0.01) (0.01) (0.02) (0.02) (0.01) (0.01)
E[r],()?] 1.00 1.05 0.99 1.05 0.99 1.05
(0.01) (0.01) (0.06) (0.05) (0.02) (0.02)
E[r] (), r}_; ()] -0.03 -0.05 -0.02 -0.02 -0.01 0.00
(0.01) (0.01) (0.02) (0.02) (0.01) (0.01)
E[r] (), r} ()] 0.11 0.08 0.08 0.07 -0.03 -0.02
(0.01) (0.01) (0.02) (0.02) (0.01) (0.01)
E[r] (), r} ()] 0.07 0.07 0.07 0.06 0.05 0.04
(0.01) (0.01) (0.03) (0.03) (0.01) (0.01)
E[r] (), r} ()] 0.06 0.05 0.03 0.05 0.05 0.04
(0.01) (0.01) (0.03) (0.03) (0.01) (0.01)
E[r] (), r_s(@)]  0.06 0.06 0.09 0.06 0.06 0.05

(0.01) (0.01) (0.02) (0.03) (0.01) (0.01)




(Continued) Table 5: Robustness Checks and Sample Analogues

Bivariate Ordered Logit Bivariate Ordered Probit Bivariate Ordered Logit
First Order First Order Second Order
Alcohol Employment Alcohol  Employment Alcohol Employment
Panel C: Correlation of Generalized Residuals Between Alcohol and Employment, Cross-Period
E[r (), rf(ay)] 0.03 0.04 0.03
(0.01) (0.02) (0.01)
E[r{i (o), rfe—q ()] 0.00 -0.01 0.01
(0.01) (0.02) (0.01)
E[rf (o), rfe_p ()] 0.00 -0.02 0.00
(0.01) (0.02) (0.01)
E[rf (o), rfe_s (o] 0.00 -0.02 0.00
(0.01) (0.03) (0.01)
E[r{i (o), rfe—a ()] 0.00 0.00 0.00
(0.01) (0.03) (0.01)
E[rfi (), rfes (a)] 0.00 -0.01 0.02
(0.01) (0.03) (0.01)

Note: See section 4C and Appendix B for a description of the generalized residuals diagnostics. Panel A presents the parameters y{;]pw

and ygigh for all three models. The bivariate ordered logit model with second-order state dependence estimates four additional

2Lagyigh
jj

of sample-analogue generalized residuals for alcohol and employment. Panel C presents the contemporaneous, as well as cross-period,
correlation between the sample-analogue generalized residual of alcohol and employment. Standard errors reported in Panel A were

computed by taking the inverse of the numerical Hessian at the estimated parameter values. Panel B reports the standard errors of the

corresponding sample average. For instance, the SE of the sample average E[rgt(ai)] is SE = j—; , where SD is the standard deviation

Lagrow

parameters yjzj and y for j={alcohol, employment}. Panel B presents the mean, variance, 1st-5th order autocorrelation

of the original random variables rgt(ai) .



Table 6: Policy Counterfactuals with Bivariate Logit, Simulated Full-Time Employment

Actual Simulated Simulated Policy 1 Simulated Policy 2 Simulated Policy 3

No Alcohol Moderate Alcohol Heavy Alcohol
2002  0.422 0.419 0.419 0.419 0.419
2003 0.474 0.500 0.486 0.512 0.435
2004 0.534 0.548 0.528 0.564 0.457
2005 0.593 0.588 0.566 0.605 0.488
2006 0.647 0.612 0.588 0.627 0.508
2007 0.641 0.628 0.604 0.643 0.525
2008 0.611 0.628 0.604 0.643 0.525
2009 0.580 0.592 0.568 0.608 0.486
2010 0.574 0.578 0.553 0.594 0.470
2011 0.602 0.582 0.558 0.598 0.475

Note: The first column presents the observed probability of full-time employment averaged over respondents by year. The second
column shows the simulated probability of full-time employment using parameter estimates from the bivariate ordered logit model
averaged over respondents by year. The last three columns show the simulated probability of full-time employment under three
counterfactual scenarios, where I hold all estimated parameters constant and artificially change the alcohol consumption dosage level
for all respondents before simulating full-time employment in the next period: (i)A scenario where alcohol abstention is assigned to
every respondent at every period, (ii) a scenario where moderate alcohol consumption is assigned to every respondent at every period,
and (iii) a scenario where heavy alcohol consumption is assigned to every respondent at every period.



Figure Al: Arbitrary Correlation of Unobserved
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Table Al: Full set of Coefficients, Bivariate Ordered Logit Model (First-Order State
Dependence)

Alcohol Employment Initial Conditions
Alcohol Employment

Lower Threshold c1 2.18 -0.65
(0.15) (0.11)
Upper Threshold c2 8.37 0.40
(0.16) (0.11)
Trend -0.01 -0.01
(0.01) (0.01)
Lag Moderate Alcohol (y{;fj)w 1.3754 0.1428
(0.04) (0.04)
Lag Part-time Employment (y]gfj’w 0.03 0.67
(0.06) (0.04)
Lag Heavy Alcohol (vh.e") 4.05 2028
(0.17) (0.14)
Lag Full-Time Employment (y:}gh) 0.06 1.97
(0.05) (0.04)
Male 0.58 0.56 0.49 0.39
(0.05) (0.04) (0.09) (0.08)
Resident Father 0.17 0.17 0.26 0.28
(0.05) (0.04) (0.10) (0.08)
Lower Threshold c1 Initial Conditions 1.03 -1.64
(0.19) (0.30)
Upper Threshold c2 Initial Conditions 6.37 -0.53
(0.27) (0.30)
Wype 2 0.91 177 1.16 173
(0.13) (0.07) (0.21) (0.19)
Mype 3 2.51 0.03 2.38 0.17
(0.07) (0.006) (0.15) (0.11)
b, -0.48
(0.12)
b5 1.07

(0.07)




(Continued) Table A1l: Full set of Coefficients, Bivariate Ordered Logit Model (First-Order

State Dependence)
Alcohol  Employment Initial Conditions
Alcohol Employment
Age 18-20 -0.60 -0.64
(0.12) (0.09)
Age 21-23 0.02 -0.28
(0.09) (0.07)
Age 24-26 0.05 -0.13
(0.06) (0.05)
Age 18-19 Initial Conditions -0.95 -1.10
(0.13) (0.11)
Age 20-21 Initial Conditions -0.32 -0.44
(0.13) (0.11)
Beer Tax -0.53 -1.42
(0.11) (0.29)
Unemp Rate -0.07 -0.09
(0.01) (0.04)
Observations 2781

Note: The parameters in the first column correspond to the latent utility for j=alcohol and the
second column correspond to the latent utility for jJ=employment from equation 1, which are
estimated by the bivariate ordered logit model. The parameters in the third and fourth column

correspond to the latent utility for the initial conditions for alcohol and employment,

respectively. Standard errors were computed by taking the inverse of the numerical Hessian at
the estimated parameter values. For each of the outcomes, there are three dosage levels as
described in the paper: None, Low and High. For employment, these dosage levels are no
employment, full-time employment and part-time employment. For alcohol, these dosage levels

are abstention, moderate and heavy.



Table A2: Ordered Logit Model, Without Exclusion Restrictions

Alcohol Employment
Lag Moderate Alcohol (YI;;,(]-)W 1.38 0.14
(0.04) (0.04)
Lag Part-time Employment (y]gfj’w 0.03 0.67
(0.06) (0.04)
Lag Heavy Alcohol (y:;gh) 4.07 -0.28
(0.17) (0.14)
Lag Full-Time Employment (y:;gh) 0.05 1.98
(0.05) (0.04)
Observations 2,781

Note: The parameters y{;]f’w and ygjigh in the first column correspond to the latent utility for

j=alcohol and the second column correspond to the latent utility for j=employment from equation
1, which are estimated by the bivariate ordered logit model. Standard errors were computed by
taking the inverse of the numerical Hessian at the estimated parameter values. For each of the
outcomes, there are three dosage levels as described in the paper: None, Low and High. For
employment, these dosage levels are no employment, full-time employment and part-time
employment. For alcohol, these dosage levels are abstention, moderate and heavy.



Table A3: Bivariate Ordered Logit Model, Alternative Number of Mass Points

Alcohol Employment Distribution of Mass Points
Panel A: Three Mass Points
Lag Moderate Alcohol (y55" 1.38 0.14 Prob (Type 1) 22.03%
(0.04) (0.04) Prob (Type 2) 13.68%
Lag Part-time Employment (y¢$* 0.03 0.67 Prob (Type 3) 64.30%
(0.006) (0.04)
Lag Heavy Alcohol (v;®") 405 028
(0.17) (0.14)
Lag Full-Time Employment (y:;gh) 0.06 1.97
(0.05) (0.04)
Panel B: Four Mass Points
Lag Moderate Alcohol (y55" 1.12 0.11 Prob (Type 1) 19.97%
(0.05) (0.04) Prob (Type 2) 12.31%
Lag Part-time Employment (y¢$* 0.05 0.79 Prob (Type 3) 20.75%
(0.006) (0.05) Prob (Type 4) 46.96%
Lag Heavy Alcohol (v;®") 3.64 038
(0.18) (0.15)
Lag Full-Time Employment (y:;gh) 0.00 1.93
(0.05) (0.04)
Panel C: Five Mass Points
Lag Moderate Alcohol (y55" 1.04 0.11 Prob (Type 1) 9.09%
(0.04) (0.04) Prob (Type 2) 24.48%
Lag Part-time Employment (y¢$* 0.05 0.68 Prob (Type 3) 11.02%
(0.006) (0.05) Prob (Type 4) 34.43%
Lag Heavy Alcohol (vh.®") 3.46 -0.49 Prob (Type 5) 20.97%
(0.18) (0.15)
Lag Full-Time Employment (y:;gh) 0.00 1.79
(0.05) (0.04)




(Continued) Table A3: Bivariate Ordered Logit Model, Alternative Number of Mass Points

Alcohol Employment Distribution of Mass Points

Panel D: Six Mass Points

Lag Moderate Alcohol (v;$" 1.03 0.16 Prob (Type 1) 7.64%
(0.04) (0.04) Prob (Type 2) 9.89%

Lag Part-time Employment (y¢$* 0.05 0.72 Prob (Type 3) 8.90%
(0.06) (0.04) Prob (Type 4) 18.81%

Lag Heavy Alcohol (v5.®") 3.38 -0.10 Prob (Type 5) 26.22%
(0.18) (0.15) Prob (Type 6) 28.54%

Lag Full-Time Employment (y:;gh) 0.06 1.67
(0.05) (0.04)

Panel E: Seven Mass Points

Lag Moderate Alcohol (v;$" 1.00 0.17 Prob (Type 1) 6.27%
(0.04) (0.04) Prob (Type 2) 7.65%

Lag Part-time Employment (y¢$* 0.08 0.65 Prob (Type 3) 9.42%
(0.06) (0.04) Prob (Type 4) 17.90%

Lag Heavy Alcohol (y5*") 3.32 012 | Prob(Type 5) 24.53%
(0.18) (0.15) Prob (Type 6) 29.08%

Lag Full-Time Employment (ye:®") .07 1.60 Prob (Type 7) 5.15%
(0.05) (0.04)

Panel F: Eight Mass Points

Lag Moderate Alcohol (v;$" 0.97 0.18 Prob (Type 1) 531%
(0.04) (0.04) Prob (Type 2) 13.42%

Lag Part-time Employment (y¢$* 0.08 0.66 Prob (Type 3) 9.44%
(0.06) (0.04) Prob (Type 4) 15.00%

Lag Heavy Alcohol (v5¢") 3.40 0.17 | Prob (Type 5) 26.73%
(0.19) (0.16) Prob (Type 6) 22.36%

Lag Full-Time Employment (vg,¢") 0,08 1.56 Prob (Type 7) 3.91%
(0.05) (0.04) Prob (Type 8) 3.84%




(Continued) Table A3: Bivariate Ordered Logit Model, Alternative Number of Mass Points

Alcohol Employment Distribution of Mass Points

Panel G: Nine Mass Points

Lag Moderate Alcohol (v;$" 0.97 0.17 Prob (Type 1) 4.66%
(0.04) (0.04) Prob (Type 2) 14.75%
Lag Part-time Employment (y¢$* 0.08 0.66 Prob (Type 3) 8.83%
(0.06) (0.04) Prob (Type 4) 14.79%
Lag Heavy Alcohol (v5:#") 1.93 0.17 Prob (Type 5) 1.91%
(0.22) (0.17) Prob (Type 6) 28.55%
Lag Full-Time Employment (y5:*") 0,07 1.56 Prob (Type 7) 3.72%
(0.05) (0.04) Prob (Type 8) 4.30%
Observations 2,781 Prob (Type 9) 18.49%

Note: The parameters y{;]pw and ygjigh in the first column correspond to the latent utility for

j=alcohol and the second column correspond to the latent utility for j=employment from equation
1, which are estimated by the bivariate ordered logit model. Standard errors were computed by
taking the inverse of the numerical Hessian at the estimated parameter values. For each of the
outcomes, there are three dosage levels as described in the paper: None, Low and High. For
employment, these dosage levels are no employment, full-time employment and part-time
employment. For alcohol, these dosage levels are abstention, moderate and heavy. The right
panel reports the unconditional probabilities of each mass point.



Table A4: Alternative Definitions of Alcohol Dosage Levels, Bivariate
Ordered Logit Model (First-Order State Dependence)

Alcohol Employment
Panel A: Heavy Alcohol 15 Days of Drinking (70% of those Binge)
Lag Moderate Alcohol (YI;;,(]-)W 1.355 0.143
(0.040) (0.038)
Lag Part-time Employment (y]gfj’w 0.013 0.676
(0.054) (0.043)
Lag Heavy Alcohol (v, 5" 3.601 0.132
(0.113) (0.101)
Lag Full-Time Employment (y:;gh) 0.036 1.986
(0.046) (0.040)
Panel A: Heavy Alcohol 15 Days of Drinking (90% of those Binge)
Lag Moderate Alcohol (YI;;,(]-)W 1.366 0.144
(0.040) (0.038)
Lag Part-time Employment (y]gfj’w 0.009 0.672
(0.055) (0.043)
Lag Heavy Alcohol (y:;gh) 3.623 -0.216
(0.139) (0.118)
Lag Full-Time Employment (y:;gh) 0.044 1.980
(0.046) (0.040)

Note: The parameters y{;]f’w and ygjigh in the first column correspond to the latent utility for

j=alcohol and the second column correspond to the latent utility for j=employment from equation
1, which are estimated by the bivariate ordered logit model. Standard errors were computed by
taking the inverse of the numerical Hessian at the estimated parameter values. For each of the
outcomes, there are three dosage levels as described in the paper: None, Low and High. For
employment, these dosage levels are no employment, full-time employment and part-time
employment. For alcohol, these dosage levels are abstention, moderate and heavy.



Table AS: Full set of Coefficients, Bivariate Ordered Probit Model (First-Order State
Dependence)

Alcohol Employment Initial Conditions
Alcohol Employment

Lower Threshold c1 2.90 -0.12
(0.41) (0.29)
Upper Threshold c2 6.22 0.54
(0.43) (0.29)
Trend 0.04 0.00
(0.03) (0.03)
Lag Moderate Alcohol (y{;fj)w 1.01 0.15
(0.08) (0.08)
Lag Part-time Employment (y]gfj’w -0.07 0.50
(0.12) (0.10)
Lag Heavy Alcohol (y:;gh) 1.40 0.07
(0.36) (0.35)
Lag Full-Time Employment (y:}gh) 0.08 1.09
(0.11) (0.09)
Male 0.28 0.30 0.51 0.35
(0.08) (0.09) (0.19) (0.18)
Resident Father 0.13 -0.19 0.26 -0.27
(0.08) (0.11) (0.22) (0.21)
Lower Threshold c1 Initial Conditions 2.39 0.50
(0.67) (1.20)
Upper Threshold c2 Initial Conditions 4.95 1.36
(0.74) (1.20)
Ctype 2 2.03 -0.57 2.55 0.21
(0.34) (0.15) (0.57) (0.34)
Ciype 3 2.8 0.51 2.06 1.26
(0.32) (0.13) (0.54) (0.31)
OP 0.80
(0.30)
b3 1.68

(0.25)




(Continued) Table AS: Full set of Coefficients, Bivariate Ordered Probit
Model (First-Order State Dependence)

Alcohol Employment Initial Conditions
Alcohol  Employment

Age 18-20 0.11 -0.3256
0.2261 0.2323
Age 21-23 0.3404 -0.0459
0.1657 0.1681
Age 24-26 0.3412 -0.0544
0.1119 0.1127
Age 18-19 Initial Conditions -0.5824 -0.4081
0.2673 0.2545
Age 20-21 Initial Conditions -0.234 -0.2288
0.2731 0.2612
Beer Tax -0.1864 1.9916
0.2941 1.5551
Unemp Rate -0.0129 0.0949
0.0208 0.1805
12 0.0384
0.0857

Note: The parameters in the first column correspond to the latent utility for j=alcohol and the
second column correspond to the latent utility for j=employment from equation 1, which are
estimated by the bivariate ordered probit model. The parameters in the third and fourth column
correspond to the latent utility for the initial conditions for alcohol and employment,
respectively. Standard errors were computed by taking the inverse of the numerical Hessian at
the estimated parameter values. For each of the outcomes, there are three dosage levels as
described in the paper: None, Low and High. For employment, these dosage levels are no
employment, full-time employment and part-time employment. For alcohol, these dosage levels
are abstention, moderate and heavy. The bivariate ordered probit model estimates an additional
parameter, ¢ ,, relative to the bivariate ordered logit, where

exp (¢12)

cov(el, ef) = —1+ 2«
it ©it 1+ exp(dq2) + exp (d13)




Table A6: Full set of Coefficients, Bivariate Ordered Logit Model (Second-Order State Dependence)

Panel A: Coefficients of non-Initial Conditions (Ordered Logit)

Alcohol Employment
Lower Threshold cl 2.44 -0.28
(0.15) (0.12)
Upper Threshold c2 8.75 0.75
(0.17) (0.12)
Trend -0.01 -0.03
(0.01) (0.01)
Lag Moderate Alcohol (ylz;f]?w 1.25 0.16
(0.04) (0.04)
Lag Part-time Employment (y]gfj’w 0.04 0.67
(0.06) (0.05)
Lag Heavy Alcohol (y:;gh) 3.48 -0.20
(0.20) (0.15)
Lag Full-Time Employment (y:;gh) 0.03 1.84
(0.05) (0.04)
Lag2 Moderate Alcohol (yfl]-L ABLowy 0.84 X
(0.04)
Lag2 Part-time Employment (yg” ABLow X 0.18
(0.05)
Lag2 Heavy Alcohol (yz].L *Biighy 2.32 X
(0.21)
Lag2 Full-Time Employment (yi;agmgh) X 0.67
(0.04)
Male 0.54 0.54
(0.05) (0.04)
Resident Father 0.14 0.15

(0.05) (0.04)




(Continued) Table A6: Full set of Coefficients, Bivariate Ordered Logit Model (Second-Order State Dependence)

O(type 1 X X
Ciype 2 0.84 1.6
(0.14) (0.10)
Ciype 3 2.18 0.04
(0.09) (0.07)
o, -0.52
(0.15)
b5 1.20
(0.09)
Age 18-20 -0.45 -0.43
(0.14) (0.11)
Age 21-23 0.06 -0.22
(0.09) (0.07)
Age 24-26 0.03 -0.15
(0.06) (0.05)
Beer Tax -0.39
(0.11)
Unemp Rate -0.06

(0.01)




(Continued) Table A6: Full set of Coefficients, Bivariate Ordered Logit Model (Second-Order State Dependence)

Panel B: Initial Conditions for Alcohol

2002 None 2002 None 2002 Low 2002 Low 2002 Low 2002 High 2002 High 2002 High
2003 Low 2003 High 2003 None 2003 Low 2003 High 2003 None 2003 Low 2003 High

Male 0.23 0.16 0.21 0.71 2.04 2.40 0.84 -0.20
(0.14) (1.06) (0.14) (0.12) (0.47) (5.09) (0.44) (0.91)
Resident Father -0.03 -1.33 -0.06 0.41 0.07 -3.95 0.37 -0.69
(0.14) (1.08) (0.14) (0.13) (0.42) (5.89) (0.45) (0.83)
ype 1 -1.48 436 -1.28 -1.83 -5.45 4.16 537 441
(0.27) (1.58) (0.27) (0.33) (1.01) (2.90) (1.47) (1.51)
AFpe 2 -0.40 2.13 -0.53 0.21 332 232 2.08 2.10
(0.31) (1.27) (0.32) (0.28) (0.85) (2.31) (0.78) (1.15)
AFpe 3 0.56 -3.00 0.49 1.96 2.36 3.73 -1.62 2.10
(0.24) (1.30) (0.24) (0.21) (0.66) (2.78) (0.64) (1.00)
Age 18-19 Initial Conditions -0.51 -3.53 0.62 -1.36 _1.75 333 171 2.14
(0.21) (2.08) (0.21) (0.18) (0.52) (3.32) (0.58) (0.88)
Age 20-21 Initial Conditions 0.07 121 0.11 -0.34 -0.60 3.12 -0.66 -3.50
(0.20) (1.03) (0.20) (0.18) (0.48) (3.22) (0.54) (1.83)
Beer Tax -1.69 0.62 -1.48 237 -1.69 -0.44 _1.63 -0.50
(0.42) (2.82) (0.43) (0.37) (1.27) (6.59) (1.42) (2.33)

Unemp Rate X X X X X X X X




(Continued) Table A6: Full set of Coefficients, Bivariate Ordered Logit Model (Second-Order State Dependence)

Panel C: Initial Conditions for Employment
2002 None 2002 None 2002 Low 2002 Low 2002 Low 2002 High 2002 High 2002 High
2003 Low 2003 High 2003 None 2003 Low 2003 High 2003 None 2003 Low 2003 High

Male 0.14 0.45 0.22 0.32 0.27 0.21 0.27 0.85
(0.18) (0.17) (0.19) (0.16) (0.17) (0.18) (0.20) (0.13)
Resident Father 0.22 0.30 0.38 0.70 0.87 0.04 0.66 0.62
(0.18) (0.17) (0.20) (0.18) (0.19) (0.18) (0.21) (0.14)
type 1 -0.51 -1.03 -0.72 -0.77 -0.61 0.15 -0.95 1.46
(0.73) (0.69) (0.77) (0.66) (0.68) (0.72) (0.80) (0.53)
Otype 2 -1.69 -2.36 -2.07 -2.59 -2.71 -1.40 -4.24 -0.94
(0.74) (0.72) (0.82) (0.72) (0.82) (0.76) (1.23) (0.57)
type 3 -0.33 -0.20 -0.39 -0.20 0.14 0.43 -0.24 2.22
(0.70) (0.66) (0.74) (0.64) (0.66) (0.70) (0.77) (0.51)
Age 18-19 Initial Conditions 0.31 0.08 0.70 0.31 -0.07 -0.59 -0.51 -1.42
(0.27) (0.26) (0.33) (0.25) (0.26) (0.26) (0.28) (0.19)
Age 20-21 Initial Conditions 0.14 0.62 0.40 0.29 0.20 0.13 0.01 -0.31
(0.29) (0.27) (0.34) (0.26) (0.26) (0.25) (0.28) (0.18)
Beer Tax X X X X X X X X
Unemp Rate -0.11 -0.10 -0.20 -0.12 -0.17 -0.15 -0.10 -0.20
(0.11) (0.10) (0.11) (0.10) (0.10) (0.11) (0.12) (0.08)
Observations 500

Note: The parameters in the first column Panel A correspond to the latent utility for j=alcohol and the second column correspond to
the latent utility for j=employment from equation 1, which are estimated by the bivariate ordered logit model with second order state
dependence. The parameters in Panel B and C correspond to the latent utilities for the initial conditions equations for alcohol and
employment, respectively. The initial conditions equations are estimated with a multinomial logit model. Standard errors were
computed by taking the inverse of the numerical Hessian at the estimated parameter values.
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