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Abstract
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decline and (2) high school work experience substantially raises lifetime earnings for
non-college workers. Disciplined by these findings, we develop a general equilibrium
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schooling incentives. Aggregate welfare falls by 0.7%, with the largest losses among
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1 Introduction

Since 2000, teen employment has nearly halved. Historically, employment among teenagers

enrolled in high school ranged between 30 and 40%. However, beginning in the early 2000s,

there was a stark break from trend, and teen employment fell below 20% by 2010. Figure 1

plots this trend in the employment rate for 16-18 year-olds currently enrolled in high school.1

This paper studies two aspects of this dramatic decline: (1) What are the underlying

causes? (2) What are the macroeconomic implications for human capital development and

the distribution of lifetime earnings? Our results show that the decline in teen employment

has large consequences, not only for the lifetime earnings of affected individuals but also

for aggregate welfare and output. More broadly, our findings illustrate how employment

opportunities during adolescence can shape the next generation of workers and have lasting

macroeconomic consequences.

To answer these research questions, the analysis combines reduced-form identification

with a quantitative general equilibrium framework, linking causal evidence from microdata

to aggregate welfare and policy implications. Our empirical analysis provides two necessary

inputs into the quantitative analysis. We first identify the main driver of the decline in teen

employment. We then estimate the lifecycle earnings returns to employment while in high

school, which discipline the long-run consequences of reduced teen employment for human

capital accumulation and earnings. Together, these empirical results motivate the model’s

structure and the need for a quantitative framework, while also disciplining key parameters

governing teen employment and human capital accumulation.

Figure 1: Teen Employment Rate Over Time

Notes: This figure plots the employment rate for 16-18 year-olds currently enrolled in high school. Source:
Current Population Survey (CPS).

1Section 3 discusses Figure 1 in significantly more detail. Appendix B.1 reports extensive robustness
analysis and discusses additional details.
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We begin by examining whether the decline in teen employment is driven primarily

by demand- or supply-side forces. Aggregate evidence suggests that the decline in teen

employment is driven by demand-side forces, particularly the crowding out of teenagers

by adults. After 2000, adult employment in occupations typically held by teenagers (e.g.,

retail and food service) increased sharply, while relative wages in these occupations declined.

This pattern coincided with deteriorating adult labor market conditions driven by recessions,

manufacturing decline, and job polarization, which pushed adults toward lower-skill jobs.2

We then estimate the causal effect of adult crowding out using variation across U.S.

commuting zones. We construct three complementary shift-share instruments that interact

lagged local occupational, age, and education compositions with subsequent national inflows

of adults into teen jobs. The instruments generate differential exposure across commuting

zones to groups of adults who, following post-2000 labor market shocks, were more likely to

move into teen jobs. Identification requires that these initial compositions affect subsequent

changes in teen employment only through adult entry into teen occupations. Our preferred

estimates imply that adult crowding out accounts for more than 50% of the decline in teenage

employment between 2000 and 2010.

Our second empirical exercise estimates the lifecycle returns to employment while in high

school. Prior work finds mixed evidence on these returns, which we reconcile by documenting

substantial heterogeneity by college attendance (Ruhm, 1997; Light, 2001; Ashworth et

al., 2021). Because high school employment choices may reflect unobserved abilities and

preferences that also affect later earnings, we instrument individual work experience with

local teen-employment rates using geocoded National Longitudinal Survey of Youth (NLSY)

data. We find that a one-standard-deviation increase in average weekly hours worked is

associated with 1% higher average lifetime earnings for workers who do not attend college,

but has no significant effect for those who do. Thus, teen employment provides an important

source of on-the-job human capital for non-college workers, implying persistent costs for those

crowded out of work.

However, the reduced-form evidence cannot (1) decompose the mechanisms through which

declining teen employment operates, (2) quantify its macroeconomic and welfare consequences,

or (3) evaluate policies that can mitigate these consequences. Disciplined by our empirical

estimates, the quantitative model provides results for (1)-(3).

In particular, we develop a general equilibrium overlapping-generations model. Teenagers

differ in their ability to accumulate human capital through schooling, à la Ben Porath, or

work experience via learning-by-doing. Teens then decide on the time spent on each activity

and on leisure. At the end of high school, teens decide whether to attend college or enter the

workforce immediately. Adults accumulate human capital, make a labor-leisure choice, and

2See, for example, Yagan (2019) for the long-term employment effects of the Great Recession and Autor
and Dorn (2013) for the eroding work opportunities of middle-skilled manufacturing workers. Foote and
Ryan (2015) show how the post-2000 recessions have accelerated this polarization of the labor market.
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choose between working in “adult” or “teen” occupations. A negative productivity shock

to adult occupations (capturing the joint effects of recessions and job polarization) drives

adults into teenage occupations. This leads to the crowding out we identify in the empirical

analysis. Importantly, crowding out interacts with existing labor market frictions. To model

this interaction, we include a minimum wage, an important friction in the labor market for

low-skill workers, particularly young or teenage workers (Neumark and Shirley, 2022; Clemens

and Strain, 2025).

The model is estimated to match cross-sectional and transitional moments on teen work

and schooling choices, adult occupational choices, lifecycle earnings dynamics, and the

reallocation of adults into teen occupations. Importantly, the model replicates three essential

features of the data. First, teen employment has positive returns for non-college graduates.

Second, adults increase employment in teen occupations in response to an aggregate shock.

Third, teens reduce employment in response to adult crowding out. We identify the parameters

governing these dynamics using simulated method of moments, targeting our causal estimates

of the returns to teen employment and adult crowding out.

The quantitative analysis delivers three main results. First, adult crowding out reduces

teenage employment through three channels. Increased competition from adults lowers the

potential wage of some teenagers below the minimum wage, pushing them into unemployment.

This minimum-wage channel is the largest, accounting for 53% of the decline in teen employ-

ment generated by crowding out. Among teenagers whose potential wages remain above the

minimum wage, lower wages reduce the current consumption return to work and induce lower

labor supply, accounting for 27% of the decline. Lastly, changes in future wages increase the

incentive to attend college, accounting for 20% of the decline in teen employment. We also

show that alternative explanations, including higher minimum wages, stronger preferences for

leisure, and a rising college premium, cannot jointly reproduce the decline in teen employment,

increase in adult employment in teen occupations, and decline in relative teen-job wages.

Second, this reallocation of adults into teen occupations has persistent and highly unequal

consequences. College enrollment increases by 6.5 percentage points, as some teenagers

respond to diminished employment opportunities by investing more in schooling and attending

college. For teenagers who do not make this adjustment, however, lost work experience

reduces employment human capital upon entering adulthood and lowers earnings throughout

the lifecycle. As a result, the P75-to-P25 ratio of lifetime earnings rises by 0.4%, driven

almost entirely by lower earnings at the bottom of the distribution. Aggregate lifetime welfare

falls by 0.7%, with losses of 0.8% among those who worked as teenagers and 1.2% among

non-college adults. Thus, the teenagers most harmed by crowding out are those for whom

work experience is most valuable and who have the weakest schooling alternative.

Third, we evaluate two policies aimed at mitigating reductions in employment opportunities

and human capital accumulation caused by adult crowding out. A lower age-specific minimum

wage raises teenage employment by 12.2 percentage points and increases aggregate welfare by
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0.3%. An optional career and technical education policy, which allows students to accumulate

employment human capital through school, generates similar aggregate welfare gains but

produces a much smaller increase in employment. The policies therefore operate through

different margins. The teen minimum wage is more effective at restoring access to employment

and generates larger gains for teen workers and non-college adults, while career and technical

education provides an alternative means of accumulating employment human capital for

teenagers who remain unable to work. Neither policy unambiguously dominates the other, but

both highlight the same finding: policies that preserve or replace access to work experience

can successfully mitigate the persistent welfare costs of adults crowding out teenagers and

the resulting decline in teen employment.

The empirical literature studying the decline in teen employment is surprisingly sparse.

Aaronson et al. (2006) discuss potential drivers of changes in teen employment rates prior

to the large trend break in 2000, without establishing causal effects. Work studying the

post-2000 decline includes Smith (2012), who studies increased competition from immigrants,

and Neumark and Shupe (2019), who examine the effects of minimum wage increases. Our

approach is complementary but differs by focusing on the long-run macroeconomic decline in

teen employment and the role of adult crowding out.

Beyond the limited empirical literature, our paper is the first to study declining teenage

employment in a quantitative macro setting, allowing us to assess its causes and consequences,

decompose its mechanisms, and evaluate policies to address welfare losses. The model relates

to quantitative work on early employment experience (Gervais et al., 2016; Kaiser, 2026)

and childhood human capital accumulation (Doepke and Zilibotti, 2005; Lee and Seshadri,

2019; Daruich, 2026). It also speaks to debates on minimum wages and vocational training.

While a large literature studies the contemporaneous employment effects of minimum wages,

we emphasize their dynamic consequences for young workers, who are disproportionately

exposed to the minimum wage. We thus contribute to a quantitative macroeconomic literature

studying these longer-run effects (Gorry, 2013; Bárány, 2016; Hurst et al., forthcoming).

More broadly, this paper relates to several larger literatures. First, it builds on research

documenting how technological change, trade exposure, and recessions have displaced middle-

skill adults into low-wage service work (Acemoglu and Autor, 2011; Autor et al., 2013; Foote

and Ryan, 2015; Yagan, 2019). We show that this reallocation has important spillovers for

younger workers, as they are crowded out of their first jobs when adults directly compete with

them. Second, the paper contributes to work on early human capital accumulation and labor

market entry. Prior research finds that initial labor market conditions at entry have long-run

effects on earnings and employment rates (Altonji et al., 2016; Schwandt and Wachter, 2019).

We extend this perspective by showing that losing access to work during high school has

persistent consequences for earnings and employment. This mechanism provides a novel view

on the decline in labor market attachment and earnings among young workers. While existing

work studies deteriorating employment outcomes among young workers (Heathcote et al.,
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2020; Aguiar et al., 2021), our results point to a large lifecycle and cross-generation channel.

Taken together, our results connect these literatures by showing how changes in adult labor

markets have persistent general equilibrium effects on younger workers. As adults displaced by

technological change, trade exposure, and recessions move into lower-skill service occupations,

they crowd teenagers out and reduce opportunities to accumulate employment human capital.

More broadly, we show that teenage employment is not simply a source of contemporaneous

earnings. For many non-college workers, early employment is an investment in human capital,

so deteriorating labor market opportunities can have persistent consequences for earnings,

inequality, and welfare that begin well before adulthood and persist into later life. This

provides a lifecycle and cross-generation link between the forces reshaping adult labor markets

and the worsening of outcomes among young adults.

The remainder of this paper is organized as follows. Section 2 discusses the datasets and

sample selection. Our main empirical results are in Section 3 and Section 4. Section 5 lays

out our quantitative framework and Section 6 discusses the quantitative estimation strategy.

Section 7 reports the model results and policy exercises. Section 8 concludes.

2 Data

We combine data from the Current Population Survey (CPS), the Census and American

Community Survey (ACS), and the confidential geocoded National Longitudinal Survey of

Youth 1979 and 1997 (NLSY).3 We use the CPS to document teen employment trends and

define “teen occupations,” the ACS to investigate the causes of declining teen employment,

and the NLSY to estimate the lifetime earnings returns to teen work and discipline our

structural model. The confidential NLSY provides county identifiers for our instrumental

variables strategy and weekly work histories.

Our analysis focuses on high school students aged 16-18, extending to ages 15-18 in the

NLSY. In the CPS, employment is defined as a positive response to the direct question on

employment status, and earnings include wages and salaries.4 We define “teen occupations”

as the 20 four-digit occupations accounting for the largest shares of teen employment in

the CPS over 1986–2019.5 This set is stable over time and captures approximately 75% of

employed teenagers, with cashiers (15%), food service, and retail sales accounting for the

largest shares. Further details are provided in Appendix A.

3The CPS, Census, and ACS are obtained from IPUMS. We combine the decennial Census (5% sample
through 2000) with the ACS (annual 1% sample from 2005 onward), referring to both as the ACS throughout.

4Results are robust to alternative definitions of both employment and earnings.
5We use IPUMS harmonized occupation codes based on the 2010 ACS classification. See Table F.1 in

Appendix F for the complete list.
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3 Empirical Analysis: Causes of Employment Decline

The decline in teen employment could be the result of supply-side and/or demand-side factors.

Supply-side explanations entail a reduction in the supply of labor by teens, while demand-side

explanations entail a reduction in firms’ demand for teen labor. We argue that the aggregate

data are at odds with an entirely supply-driven explanation. However, we also discuss the

details and validity of specific supply-side explanations at the end of this section.

We emphasize a demand-side explanation driven by adult workers crowding out teens in

response to an aggregate productivity shock. Adults crowd out teen labor when employment

opportunities and wages deteriorate elsewhere. A variety of shocks affecting adult workers

have been studied over the period of interest, including job polarization, recessions, trade

competition, and structural change (Autor and Dorn, 2013; Foote and Ryan, 2015; Yagan,

2019). We confirm that these phenomena in fact drive adults into teen jobs.

3.1 Descriptive Statistics

We present descriptive evidence motivating our focus on demand-side explanations for

declining teenage employment and supporting the construction of the instruments used to

identify their contribution in Section 3.2.

3.1.1 Adults Crowding Out Teen Labor

Figure 2 plots the teen employment rate and the share of adults employed in teen occupations

relative to the adult population. Prior to 2000, teen employment in teen occupations is

relatively flat, while adult employment in teen occupations declines. Beginning in the early

2000s, there is a sharp trend break in the employment of both adults and teens in teen

occupations. Adults cease leaving teen occupations and begin to enter them, while teens begin

to exit sharply. This implies a substitution of adult for teen labor within teen occupations.

It is unclear whether the substitution from teen labor to adult labor stems from demand

or supply factors. Ceteris paribus, a large supply shock generating the pattern in Figure 2

would require wages in teen occupations to be rising. Figure 3 plots real median wages in

teen occupations relative to real median wages in non-teen occupations. This ratio increases

until the early 2000s, then flattens and even falls until the early 2010s. This period coincides

precisely with the influx of adult workers, and the ratio only begins to rise again when

adult workers start to leave teen occupations in the early 2010s. This motivates further

investigation of adult labor crowding out teen labor as a source of the decline and rules out

an explanation primarily driven by supply-side factors. In Section 3.3, we formalize this

using an IV regression analysis and causally show that an increase in the share of adults in

teen occupations has a significant negative effect on wages within teen occupations.
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Figure 2: Adults Entering Teen Occupations

Notes: The left axis plots the employment rate of teenagers aged 16-18 and currently enrolled in high school.
The right axis plots the share of adults working in teen occupations as a fraction of the total adult population.
The adult population is defined as 19 and older who are not enrolled in high school or college. Employment
is defined as positive hours worked in the preceding week. Source: American Community Survey (ACS).

Several supply-side explanations could also contribute to the aggregate decline in teen

employment, including changes in preferences for leisure, rising parental income, or greater

incentives to invest in schooling.6 The aggregate evidence alone cannot fully distinguish these

explanations from adult crowding out. However, our IV analysis exploits predetermined

geographic differences in exposure to adult entry into teen occupations to identify the causal

effect of adult crowding out on teen employment.

3.1.2 Characteristics of Adults Entering Teen Jobs

Our empirical strategy builds on the idea that large economy-wide trends drive specific adult

workers into teen occupations. These trends include the decline in manufacturing employment,

the routinization of work, and the successive recessions after 2000. We present evidence of

these mechanisms in Appendix B.3. However, we remain agnostic about the exact nature of

these shocks and instead focus on the types of workers who enter teen occupations after 2000.

We specifically focus on the demographic characteristics of adults entering teen occupations

and the types of occupations they originate from. Both factors will be used to inform our IV

regression analysis in Section 3.2. To identify the occupations from which adults originate,

we use the linked monthly CPS data to observe transitions of adults into and out of teen

occupations. First, we consider occupations with the highest inflows into teen occupations.

For example, we count all movements from farming into a teen occupation and all movements

6For example, Aguiar et al. (2021) emphasize increased leisure, particularly video gaming among young
men. However, Figure E.3a shows similar declines in employment among male and female teenagers, while
Figure E.3b shows similar declines across household earnings groups. Teen labor laws have also remained
quite stable across regions and over time.
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Figure 3: Ratio of Wages in Teen Occupations to Non-teen Occupations

Notes: This figure plots the ratio of median annual earnings in teen occupations to those in non-teen
occupations for individuals aged 16 and older. Reported zero earnings are dropped, and wages at the
98th percentile and above are winsorized. Real wages are calculated using the 2012 personal consumption
expenditures (PCE) price index. Source: American Community Survey (ACS).

from a teen occupation into farming. We subtract the latter from the former and call this

difference “net inflows into teen occupations” from farming. We then calculate these net

inflows into teen occupations for each non-teen occupation over the 1990-2000 and 2000-2010

periods. We take the difference between these two “net inflows” measures to obtain a change

in net inflows into teen occupations. Table F.2 in Appendix F reports the occupations with

the ten highest changes in net inflows into teen occupations.7

The list of occupations from which workers move into teen occupations is largely composed

of middle-skill occupations. These occupations include both manual and non-manual positions

affected by job polarization, such as machine operators and administrative support. We also

see positions that have clearly been affected by structural change, such as farming.8 We use

these occupations to inform our IV regressions in the next section.

The two most important demographic characteristics of adults entering teen occupations

are age and education. As with occupations, we calculate the age and education groups with

the largest changes in net inflows into teen occupations. We find that it is largely middle-aged

workers (born between 1950 and 1965) who contribute to the rise in adult employment in teen

occupations. When faced with a common shock, older workers are more likely to transition

into non-participation than middle-aged workers and younger workers are more likely to

retrain and switch occupations (Wachter and Bender, 2006). We formalize this logic in

Section 3.2 with an IV regression analysis.

7We use changes in net flows to correct for normal lifecycle movements into and out of teen occupations.
8Only Health Diagnostic and Health Service occupations experienced steady growth over our period

of interest. If we separately look at net inflows in the 1990-2000 and 2000-2010 periods, we see that their
ranking in our list is driven by relatively large net outflows in the 1990-2000 period. This means that many
workers transitioned from teen jobs into health professional jobs before 2000 and then this movement stopped
after 2000.
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We also find that after 2000, adults working in teen occupations became more highly

educated, as we document in Figure F.3b. While the majority of workers transitioning into

teen jobs continue to be those without a college degree, the share of college-educated workers

in these positions has risen markedly relative to the pre-2000 period. Prior to 2000, college-

educated workers were essentially absent from teenage occupations; this is no longer the

case.9 Although initially surprising, this pattern is consistent with a large body of literature

(see Abraham and Kearney (2020) for a review) documenting a sharp rise in non-participation

rates over this period among workers with lower levels of education, particularly males. We

argue that the shocks affecting these occupations were severe enough to displace a sizable

share of college-educated workers as well.

3.2 Instrumental Variable Regression Analysis

The descriptive statistics presented in Section 3.1 suggest that crowding out of teenagers by

adult workers is an important explanation for the decline in teen employment. Using the

ACS, we further investigate the extent to which adult competition has contributed to the

post-2000 decline in aggregate teen employment, exploiting cross-commuting-zone variation

in an instrumental variables regression. Our main relationship of interest is given by,

∆TeenEmpSharec,t = β∆

(
Adults in Teen Jobs

All Adults

)
c,t

+ γ∆Xc,t + ϵc,t (1)

where Xc,t is a vector of controls. The dependent variable is the share of 16-18 year-olds

enrolled in high school who are employed. We identify β from cross-commuting-zone variation

in changes between 2000 and 2010.

There are two major sources of bias when estimating this equation using OLS. First, if

teenagers decide to stop working for reasons unrelated to the labor market (e.g., a change

in preferences for leisure), adults would naturally take up some of those positions. This

would bias β negatively. While the behavior of wages in teen occupations shows that such

supply explanations cannot be the main driver of the observed changes, they could still partly

affect the estimates. Second, if the demand for the output of teen occupations changes, then

both teen employment and adult employment in teen occupations would move in the same

direction. This would bias β positively.

To identify the causal relationship of interest, we rely on an IV strategy. We use the

descriptive statistics presented above to inform our construction of three complementary

instruments. We build a Bartik-style instrument that relies on variation in the occupational

distribution within commuting zones. Similarly, we use the observation that the increase in

adults in teen occupations is accompanied by an increase in older and college-educated adults,

9The rise in college attainment among workers in teen occupations holds when controlling for birth cohort.
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and exploit demographic variation within commuting zones. Identification comes from the

initial distribution of either demographics or occupations Goldsmith-Pinkham et al. (2020).

Previous Occupation Instrument – We construct the instrument zc,t as,

zc,t =
∑
o

so,c,t0go,t (2)

where so,c,t0 are the initial employment shares of each occupation o in commuting zone c

in the initial period t0. We then weight each of these shares by the national change in net

inflows into teen employment from occupation o over the period of interest, go,t.
10 These

weights are calculated using flows of workers, as discussed in Section 3.1. In practice, we

use the top 20 previous occupations of workers transitioning into teen occupations.11 To

minimize potential endogeneity, we use lagged occupational shares. That is, instead of using

shares in 2000, we use shares in t0 = 1990.

Demographic Instruments – We proceed similarly for our demographic instruments. We split

the adult population by birth cohort. We then construct the instrument zc,t as the share of

all adults born between y0 and yT , weighted by each cohort’s change in net inflows into teen

jobs between 2000 and 2010,

zc,t =

yT∑
a=y0

sa,c,t0ga,t (3)

where sa,c,t0 is the share of adults in location c in the initial period t0 who belong to birth

cohort a. The weights ga,t are then calculated in the same way as the weights go,t for the

occupation instrument. We calculate each cohort’s net inflows into teen jobs between 2000

and 2010 from the CPS and then subtract the net inflows between 1990 and 2000 for birth

cohorts ten years older. This last step eliminates age effects. Finally, since we observe that

relatively more college-educated workers enter teen jobs, we construct our third instrument as

above, restricting it to college-educated adults only. For both demographic instruments, we

again use lagged demographic shares from 1990. This reduces any concerns about individuals

moving into and out of commuting zones endogenously.

3.2.1 Instrument Exogeneity

As discussed in Goldsmith-Pinkham et al. (2020), our identifying assumption is that the initial

shares so,c,t0 and sa,c,t0 are uncorrelated with changes in teen employment except through

their correlation with changes in the share of adults in teen occupations. Our instruments

exploit differences in commuting zones’ exposure to national labor market shocks: the two

post-2000 recessions, declining manufacturing employment, and job polarization. These

10The shift term is thus the “∆ Net Inflows” in Table F.2.
11We ensure that none of these occupations are closely related to those defined as teen occupations.
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shocks disproportionately affected workers in particular occupations and demographic groups,

pushing some into teen occupations. Commuting zones with larger initial shares of affected

workers were therefore more exposed to these shocks.

National changes in teenagers’ preferences for work (e.g., video games) or in demand

for the output of teen occupations (e.g., structural change toward service goods) would

not, by themselves, violate our identifying assumption. However, the shocks underlying

our instruments could also affect local demand. Adults pushed into teen occupations may

experience earnings losses, reducing local demand and teen employment independently of

crowding out. To account for these effects, we control for changes in commuting-zone median

earnings and the manufacturing employment share in X. Conditional on these controls, β

identifies the direct crowding-out effect, provided that the instruments have no other direct

effect on changes in teen employment. Some negatively affected adults are also parents of

teenagers in our sample. Declining parental earnings could induce their children to work

more to compensate for lost income. We therefore reconstruct our instruments using only

adults without teenage children. The results are unchanged and reported in Appendix B.4.

Finally, by including several independent instruments, we reduce concerns that any

individual factor biases our results. The occupation and demographic instruments are largely

uncorrelated, suggesting that they capture distinct sources of variation. We document this

and provide additional evidence supporting instrument exogeneity in Appendix B.4.2. We

next discuss instrument-specific concerns.

Previous Occupation Instrument – The instrument assumes that initial occupational shares

affect changes in teen employment only through the reallocation of adults into teen occupations.

Recessions, structural change, and routinization reduced employment opportunities in certain

occupations, pushing affected adults into teen jobs. While initial occupational shares are

unlikely to predict changes in teenagers’ preferences for work, two potential concerns remain.

First, because some affected occupations are middle-skill jobs, their decline could change

the returns to college and thereby influence teenagers’ schooling and work decisions indepen-

dently of adult crowding out. However, the occupations underlying our instrument constitute

only a small subset of middle-skill jobs, and their shares are measured relative to other

middle-skill occupations. It is therefore unlikely that the instrument captures broader changes

in returns to college. Supporting this, Table B.7 shows that the instrument is uncorrelated

with changes in employment shares across all broader middle-skill occupational groups.12

It is also uncorrelated with changes in employment shares among routine jobs and jobs in

manufacturing.

Second, initial occupational shares could predict changes in demand for the output of teen

occupations, independently reducing teen employment and positively biasing β. However,

12Operators, Fabricators, and Laborers; Precision Production, Craft, and Repair Occupations; Farming,
Forestry, and Fishing Occupations; Service Occupations; Technical, Sales, and Administrative Support.
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we find that the instrument is uncorrelated with changes in the aggregate service-industry

employment share and with employment changes in most broader occupational groups

containing teen occupations.13 Although demand shocks specific to teen occupations remain

a potential concern, these occupations constitute only a small subset of broader service,

sales, administrative, and manufacturing support jobs. It is therefore unlikely that the

instrument captures demand changes confined to teen occupations while leaving these broader

categories unaffected. Nonetheless, as an additional precaution, we control for changes in the

manufacturing employment share.

Demographic Instruments – The demographic instruments similarly assume that initial age

and education distributions do not directly affect subsequent changes in teen employment.

The age distribution largely reflects past birth rates and internal and international migration,

while educational attainment reflects past enrollment and migration. Although migration and

schooling decisions respond to local economic conditions, our assumption is that conditions

prior to the 1990s are orthogonal to changes after 2000. Initial demographic shares therefore

affect post-2000 teen employment only through the exposure of particular groups to adverse

national labor market shocks, which push adults into teen occupations.

There is no clear reason why the initial age distribution, or the past economic conditions

that shaped it, would predict changes in teenagers’ preferences for work. A higher initial college

share, however, may reflect greater demand for high-skill workers, encouraging teenagers

to focus on schooling rather than employment. While this could affect the level of teen

employment, it would threaten identification only if favorable conditions for college graduates

before 1990 predicted stronger expected demand for college graduates after 2000, thereby

changing teenagers’ work decisions. We find no significant relationship between our education

instrument and changes in the employment share of high-skill jobs.14

A further concern is that demographic groups differ in their demand for goods and services

produced by teen labor. In particular, demand for service goods rises over the lifecycle

(Cravino et al., 2019). A larger share of older workers could therefore increase both teen

employment and the number of adults in teen occupations, positively biasing β. However, we

find no evidence that larger employment shares in service occupations predict higher values

of our cohort instrument.

Finally, stronger expected returns to college, which reduce teen labor supply, and greater

demand for teen-occupation output would bias β in opposite directions. Yet our instruments

yield very similar coefficients. Moreover, both explanations would imply rising wages in teen

occupations, whereas Section 3.3 shows that larger adult shares significantly reduce wages

for both teenagers and adults in these occupations.

13Operators, Fabricators, and Laborers; Service Occupations.
14Managerial and Professional Specialty Occupations.
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3.2.2 Implementation

We exploit within-commuting-zone time variation using regression equations in first differences.

Our main interest lies in the sharp drop in teen employment after 2000. In our baseline, we

use 10-year differences, starting from the initial period of 2000. Identification comes from

the differential exposure of commuting zones to common shocks occurring after 2000. As

described in Goldsmith-Pinkham et al. (2020), this is akin to a difference-in-differences setting.

Hence, we focus on a different source of time variation than Smith (2012) and Neumark and

Shupe (2019). The former obtains identification through the pre-2000 period, while the latter

exploits year-by-year changes without any relation to an initial period. We focus on variation

stemming from the long-run change.

The elements in Xc,t are median earnings, the share of whites, the share of teenagers, the

unemployment rate, and the manufacturing share. In Appendix B.4.1, we show that controlling

for the minimum wage does not alter our results and that changes in the minimum wage

do not significantly explain changes in teen employment over this period.15 We additionally

show in Figure F.1 that, prior to 2000, the share of adults working in teen occupations was

continuously falling, with a trend reversal in 2000. Therefore, we also include the lagged

change in adults in teen occupations from 1990 to 2000.

Since 2000 marks the beginning of our treatment period, the period before 2000 is the

pre-period. In Appendix B.4, we explore the correlation of our variables of interest between

the pre- and post-periods, as well as the change in variance. These correlations and changes

in variance show that variation in changes in teen employment and the adult share in teen

occupations increases significantly after 2000, providing further support for the choice of

initial period. There is also a weak negative correlation in the changes in our variables

of interest between the two periods. We therefore include the pre-period change in teen

employment in each commuting zone as a regressor to control for any changes induced by

mean reversion or other pre-2000 trends. We compare specifications with and without this

pre-period change and find very similar results.

3.2.3 Results

We report our baseline results in Table 1. We estimate equation (1) for the change between

2010 (the lowest point of teen employment) and 2000.16 We report the estimated crowding-out

coefficient, β, along with the other key controls. The full regression table and the first-stage

regression can be found in Appendix B.4. For the previous occupation instrument, we choose

the top 20 occupations with the largest changes in net inflows into teen occupations between

the 1990-2000 and 2000-2010 periods. The cohort instrument uses all adults who are at least

25 years old in 1990.

15Appendix B.4.1 also discusses in more detail how these results relate to Neumark and Shupe (2019).
16Our results are robust to other years after 2010. See Appendix B.4 for details.

13



Table 1: Instrumental Variable Regression Results

(1) (2) (3) (4) (5) (6) (7) (8) OLS
AdultShare −4.74 −2.67 −3.57 −3.24 −7.33 −4.41 −4.12 −4.22 −0.23

(.089) (.052) (.009) (.010) (.056) (.011) (.006) (.005) (.315)

ZCohort Yes No No No Yes No No No No
ZEducation No Yes No Yes No Yes No Yes No
ZPreviousOcc No No Yes Yes No No Yes Yes No

F-stat 6.57 10.80 19.67 12.09 5.31 15.70 18.85 11.63 –

Lag teen emp. No No No No Yes Yes Yes Yes Yes
Observations 741 741 741 741 741 741 741 741 741

Notes: P-values shown in parentheses. Dependent variable in all columns is the teen employment share.
AdultShare is the share of adults employed in teen occupations as a fraction of all adults. Columns (5),
(6), (7) and (8) control for the change in teen employment between 1990 and 2000. Source: American
Community Survey (ACS).

We find a significant negative relationship between the share of all adults who work in

teen occupations and the share of teenagers who are employed. The coefficients are all of

similar magnitude. The cohort instrument is relatively weak, and its F-statistic is below the

typical cutoff proposed in Staiger and Stock (1997). Restricting the cohort instrument to

college-educated workers increases precision; however, the unrestricted cohort instrument

delivers a similar coefficient. This provides further confidence that the additional identification

concerns associated with the education instrument are minor.

The coefficients for the education and occupation instruments range from −2.67 to −4.41.

Given the aggregate decline in teen employment of roughly 15 percentage points and the

aggregate increase in the share of adults in teen jobs of roughly 2.14 percentage points, a

back-of-the-envelope calculation shows that adult crowding out explains between 38 and 63%

of the decline. In Appendix B.4.2, we confirm these results by conducting the recommended

tests from Goldsmith-Pinkham et al. (2020) and by running overidentification tests, which

return large p-values, lending additional confidence to our instruments.

Comparing the coefficients with the OLS estimates, OLS is positively biased. Co-

movements of teen employment and the employment share of adults in teen occupations due

to changes in demand for the output of these occupations appear to be an important factor.

We now briefly turn to a discussion of the remaining regressors in (1). We are particularly

interested in the effects of the unemployment rate and the manufacturing share, which are

the same demand factors considered in equation (B.1) in Appendix B.3. Table B.3 reports

the coefficients, as well as the results from re-estimating (1) without the share of adults

in teen occupations. Table B.1 shows that increasing unemployment rates and declining

manufacturing employment significantly increase the share of adults in teen occupations.

Comparing the last column in Table B.3 with columns (1)-(8), we see that unemployment
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seems to have a negative effect on teenage employment, which mostly vanishes when including

the adult share. Adverse labor market shocks (measured by the unemployment rate) drive

adults into teen occupations, which crowd out teenagers but have no direct effect on teens.

For the decline in manufacturing, the same logic applies, except that a direct effect remains.

Declining manufacturing employment increases the number of adults in teen occupations,

which again crowds out teens, but it also directly increases teen employment. We hypothesize

that this direct effect of manufacturing proxies for structural change toward higher demand

for service products, including those produced by teen labor.

We close this section by reemphasizing that our results are not driven by a specific group

of teenagers. As mentioned above, Appendix E shows that teen employment falls similarly

for teens of different sexes, races, and parental earnings levels, even though employment

levels in 2000 differ. We confirm this here by re-estimating (1) separately for the teenage

population split by these demographic characteristics, and we find that we can explain very

similar relative declines in employment.

3.3 Effect on Wages

In Section 3.1, we argue that the fall in teenage employment and the increase in the share

of adults in teen occupations are accompanied by a fall in wages for these workers. Going

beyond what we can observe from aggregate time series data, we estimate a version of (1)

with wages in teen occupations on the left-hand side,

∆ log TeenOccWagesc,t = β∆

(
Adults in Teen Jobs

All Adults

)
c,t

+ γ∆Xc,t + ϵc,t (4)

We estimate (4) separately for teenagers and adults to reduce the effects of compositional

change. We measure the median annual wage of all workers employed in teen occupations

(teens or adults) who report nonzero wages in the year of interest.

We find significant negative effects of an increased share of adults in teen occupations

on wages within these occupations, for both teenagers and adults (Table F.3 in Appendix

B.4). This supports our finding that adults crowding out teenagers leads to the fall in teen

employment, rather than adults taking up vacated jobs. The average increase in the share of

adults in teen occupations is 0.02. This implies that average adult crowding out reduces teen

wages by around 21%. Average adult wages decline by 8%.

To interpret the magnitude of these changes, we compute an implied extensive-margin

labor supply elasticity. The roughly ten-percentage-point decline in teen employment due to

crowding out in Table 1, relative to a baseline employment rate of 35%, implies a decline

of approximately 25%. Combined with the roughly 20% decline in wages, this gives an

implied elasticity of 1.2, which is larger than estimates typically found for adults (e.g., Chetty
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(2012)). Two features help explain the stronger response among teenagers. First, teenagers

earn relatively low wages and are therefore more exposed to the minimum wage. As wages

fall, the potential wages of some teenagers fall below the minimum wage, pricing them out

of employment. Second, teenagers rely less on labor earnings for consumption and have

alternative uses of their time, particularly schooling.

4 Empirical Analysis: Returns to Teen Employment

We use the National Longitudinal Surveys of Youth (NLSY) to determine the lifecycle earnings

returns, or “value added”, of teen employment. We emphasize the effects for adults who

graduate from high school but never attend college, but report results for all groups. Further

details are provided in Appendix B.6.

4.1 Descriptive Statistics

The effects of working while in high school are experienced immediately for nearly a quarter

of teens entering the labor market. Of those who worked while enrolled in high school and do

not attend college, 22% remain in the same occupation within five years of graduating from

high school and entering the labor force (at the 4-digit occupation code level). Figure F.4a

plots raw average annual earnings over the lifecycle for students who worked in high school

compared with those who did not. Figure F.4b shows a large and persistent difference in

employment rates over the lifecycle between those who worked in high school and those who

did not. Taken together, these patterns suggest that high school employment may represent

an early stage of labor market attachment rather than simply a source of contemporaneous

earnings, with differences persisting well into adulthood. However, this descriptive evidence

does not prove that there are positive causal effects of working while in high school. It could

also be that selection explains the observed differences. We therefore move to an IV regression

setting.

4.2 Instrumental Variable Regression Analysis

We estimate the causal effect of working during high school on future earnings using a

Mincer-style regression,

Wi = γ0 + γ1E
S
i + γ2Xi + ϵi (5)

where Wi is the natural logarithm of average lifetime annual earnings, ES
i is in-school work

experience, and Xi includes years of schooling, post-school work experience, and other
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individual and location controls.17 Because unobserved ability or motivation may raise both

high school employment and later earnings, OLS estimates of γ1 may be biased. Following

Light (2001) and Ruhm (1997), we instrument ES
i with the local teen employment rate using

restricted-access geocoded NLSY79 and NLSY97 data.

This instrument alleviates a typical shortcoming of IV strategies. An IV regression

identifies the local average treatment effect (LATE) (Angrist et al., 2000), meaning that

we estimate the effect only for students who change their behavior in response to the

instrument. However, this is precisely the group relevant for studying the effects of declining

teen employment opportunities after 2000.18

The exclusion restriction requires that local teen employment affect future earnings only

through an individual’s high school employment. To address persistence in local economic

conditions, we control for the average unemployment rate in the locations where an individual

works over adulthood. The controls Xi also include sex, race, the Armed Services Vocational

Aptitude Battery (ASVAB/AFQT), and 1980 local economic conditions.19

4.2.1 Results

Columns (1)-(4) of Table F.4 in Appendix B.6 show the estimates from our instrumental

variables regression for individuals who graduate high school but do not graduate from college.

Appendix B.6 presents the first-stage results. The returns to teen employment are captured

by “Avg. hours worked HS,” which measures average weekly hours worked while in high

school. We find a significant and positive effect of employment on later-life earnings. As we

add controls, the coefficient of interest ranges from 0.064 to 0.041. Our preferred specification

is column (4), which implies that a one-hour increase in average weekly hours worked in

high school is associated with 4.1% higher earnings over the lifecycle. Or alternatively, a

one-standard-deviation increase in average weekly hours worked increases lifetime earnings

by 1%. We use this estimate as a moment to identify the parameter governing returns to

teen employment in our quantitative model.

Appendix B.6 reports additional results in which the regression is estimated separately

by age group. We find that the returns to teen employment are largest during the middle

of the lifecycle, particularly at ages 30-54. The persistence of these returns into middle age

indicates that the benefits of teen employment extend well beyond initial labor market entry.

Although the NLSY97 allows us to observe individuals only up to age 39, estimating our

17The NLSY provides weekly employment histories. Individual and location controls are aggregated to the
annual level. We calculate annual earnings by multiplying hourly wages by total hours worked and average
earnings across observed years, omitting years without observations.

18In estimating the quantitative model, we replicate this logic by matching the returns for teenagers who
change their behavior in response to economic conditions.

19The AFQT is a composite of four ASVAB subtests. We use the NLSY79 AFQT score and the comparable
NLSY97 math-verbal percentile score constructed from the same subtests, referring to both as the AFQT for
simplicity.
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main regression on this sample yields a coefficient of similar magnitude. Finally, Appendix

B.6 also reports the OLS regression, which estimates a coefficient of 0.013 in our preferred

specification. This indicates that the OLS estimate is negatively biased, suggesting negative

selection of lower-ability workers into teen employment.

Next, we estimate equation (5) for individuals who attend and graduate from college.

Results are reported in column (5). We find that high school work has no effect on later

earnings for this group. This is not surprising, as higher-skill college-educated jobs are likely

to be poorly matched with the set of skills teens develop on the job while working in high

school. Finally, working while in high school can potentially affect the decision or ability to

attend college. Taking this into account can change the overall effect of teen employment.

We therefore estimate equation (5) for all individuals and report the results in column (6).

Returns remain positive but are slightly smaller than for non-college-bound workers. In the

quantitative section, we explicitly model the endogenous college decision.

Combined with the evidence in Section 3, these estimates establish a lifecycle channel

through which changes in adult labor markets propagate to younger workers. When adult real-

location crowds teenagers out of employment, affected non-college workers lose an opportunity

to accumulate human capital that raises earnings well into adulthood.

5 Quantitative Model

Our empirical analysis allows us to identify the direct effect of adult crowding out on the

decline in teenage employment and reduction in lifetime income. We now extend this analysis

by developing a dynamic overlapping generations general equilibrium model, which allows

us to go beyond this reduced-form evidence. The framework links changing conditions in

adult labor markets to teenage labor markets through wages and employment, while the

lifecycle structure endogenously propagates these effects across cohorts as changes in teenage

human capital accumulation and college choices shape outcomes when those teenagers enter

adulthood.

The framework allows us to go beyond the empirical evidence. First, we use the model

to quantify how aggregate shocks driving adults into teen occupations contribute to the

decline in teen employment and to decompose the decline into the separate channels through

which crowding out operates: current consumption, future earnings and college decisions,

and the minimum wage. Second, we quantify the consequences for aggregate output, the

income distribution, and welfare, accounting for general equilibrium effects and heterogeneity

across teenagers of different abilities. Finally, guided by these results, we evaluate policy

counterfactuals aimed at mitigating the consequences of adult crowding out for teenagers.
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Figure 4: Model Lifecycle Timeline Summary
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School, work, & leisure decisions Occupation, work, & leisure decisions

5.1 Model Overview

Time is discrete. Agents live for J model periods indexed by age j, with each period

representing one year. The economy is populated by a continuum of J overlapping generations

with a uniform demographic structure. We consider only steady states and thus omit time

subscripts throughout. We use “prime” notation to denote the next period in an agent’s

lifecycle and omit j subscripts where unambiguous. Period utility is over consumption c and

leisure z, denoted by u(c, z).

Figure 4 summarizes the phases of an agent’s lifecycle. An agent’s lifecycle begins at

j = 1 (biological age 15), having just graduated from middle school and entered grade 9.

The lifecycle before age 15 is not modeled. Initially, agents differ in employment ability ae,

schooling ability as, and schooling human capital hs. Initial employment human capital he is

homogeneous across agents and normalized to one.

Over the next four periods, j = 1 to j = 4 (biological ages 15-18), corresponding to grades

9 through 12, agents attend high school. Each period, they divide their one unit of time

between schooling, employment human capital accumulation, and leisure. At the beginning

of period j = 5 (biological age 19), agents graduate from high school and make a one-time

decision to attend college.20 Those who attend college spend periods j = 5 through j = 8

(biological ages 19-22) accumulating schooling human capital and lose the employment human

capital accumulated during high school.21 While in college, agents use their schooling ability

to accumulate human capital full time.

Agents who do not attend college enter the workforce at j = 5, while college attendees

enter at j = 9 (biological age 23), after four periods of college. Agents enter the workforce

with adult ability ao and human capital ho, formed by combining the two types of teenage

human capital. Adults have one unit of time, make a labor-leisure choice, and dynamically

accumulate human capital. At the beginning of each period, they choose which occupation

to work in. Exogenous death/retirement occurs in period j = J .

The model is general equilibrium, with a representative firm combining aggregate teenage

and adult labor services to produce one consumption good. Adult labor services combine

college and non-college workers, who are imperfect substitutes.

20High school graduation rates are over 93% in the United States.
21Section 4.2 shows that this is an empirically motivated assumption, as teen employment does not increase

lifetime earnings for those who attend and graduate from college.
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5.2 Human Capital and Ability

5.2.1 Teenagers

While enrolled in high school, agents accumulate two types of human capital. Schooling

human capital hs accumulates with time spent in school and studying. Employment human

capital he accumulates with time spent supplying labor to the market. Both types of human

capital hi accumulate according to,

h′i = ϵ′i
(
ai(hini)

γi + hi
)
, for i ∈ {s, e} (6)

where ni ∈ [0, 1] is time spent accumulating human capital, ϵ′i is a luck shock, and γi ∈ (0, 1)

is the elasticity of human capital production with respect to investment. The luck shock is

drawn from an i.i.d. log-normal distribution with mean 1 and variance σ2
ϵ .

An agent must spend a minimum of n̄s time accumulating schooling human capital. This

captures both the time they are physically present in high school and some minimum study

time needed to graduate. Teenagers may spend at most n̄e time employed while in high

school. This represents child labor laws, which limit the amount of time a teenager may work.

When working, teens use both their schooling and employment human capital, which are

aggregated according to the constant elasticity of substitution (CES) aggregator,

ho =
(
αhζs + (1− α)hζe

) 1
ζ (7)

The share parameter is given by α, and the elasticity of substitution between the two types

of human capital is given by η = 1
1−ζ

.

5.2.2 Adults

The distinction between schooling and employment human capital does not exist for adult

workers. The two types of child human capital and ability are transformed into one adult

human capital and ability upon entering the workforce. Initial adult human capital is formed

with the same aggregate of schooling and employment human capital given in equation (7).

Adult ability is log-normally distributed according to,

log ao ∼ N
(
µao + λ(log as − µas) + (1− λ)(log ae − µae), σ

2
ao

)
(8)

where µas and µae denote the means of log schooling and employment ability, µao governs the

mean of adult ability, λ governs the strength of selection on schooling versus employment

ability, and σ2
ao is the variance of the ability draw.22 Adults then accumulate human capital

via learning-by-doing, given the function,

22We discuss this specific specification further in Section 6.2.5 when calibrating the model.
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h′o = ao(hono)
γo + (1− δo)ho (9)

where no ∈ [0, 1] is time spent working, γo is the elasticity of human capital production with

respect to investment, and δo ∈ [0, 1] is the period depreciation rate of human capital.

5.3 Teenage Recursive Problems

Problem for 1 ≤ j ≤ 4: Given a teen occupation skill-price ωl, agents choose time investment

in schooling ns, time investment in employment ne, leisure z, and consumption c, in order to

solve,

V k(j, hs, he, as, ae) = max
c,z,ns,ne

{
u
(
c̄+ c, z

)
+ βEϵs,ϵe

[
V k(j′, h′s, h

′
e, as, ae)

]}
subject to, (10)

c = ωl(ψ + ϕho)ne

h′i = ϵ′i
(
ai(hini)

γi + hi
)
, for i ∈ {s, e}

ho =
(
αhζs + (1− α)hζe

) 1
ζ

ns ∈ [n̄s, 1], ne ∈ [0, n̄e], z ∈ [0, 1]

ns + ne + z = 1

where c̄ is some consumption provided by parents, and β is the time discount factor. We

discuss the interpretation of ψ and ϕ in Section 5.4.1 below. Throughout, skill-price means

the price/wage per efficiency unit of labor.

Problem for j = 5: Upon graduating high school, an agent’s state is characterized by

(hs, he, as, ae). The agent begins period j = 5 with a decision to attend college or not, by

solving,

max
{
Eao

[
V hs
(
j = 5, hs, he, as, ae

)]
,Eao,ϵs

[
V u
(
j = 5, hs, as, ae

)]}
(11)

where V hs and V u denote the maximum possible continuation value of not attending college

and attending college, respectively. The agent chooses to attend college, or not, before the

realization of adult ability, ao. We omit an explicit reformulation of equation (10) with the

continuation value given by equation (11) and the laws of motion given by equations (7)-(8).

While in college, the agent spends their full time endowment accumulating schooling

human capital (ns = 1 in equation (6)) and consumes a fixed amount c̄u. Workers who choose

to go to college lose all their he accumulated during high school, reverting it to the initial

level.23 The state variables while in college are thus given by (hs, as, ae).

23This abstracts from any work experience during college. Our empirical analysis in Section 4.2 confirms
this assumption where we estimate zero returns to teen employment for those who later graduate from college.
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5.4 Adult Recursive Problem

Given a skill-price ω ∈ {ωl, ωm, ωs}, adult agents of education type E ∈ {m, s} choose work

time no, leisure time z, and consumption c, in order to solve,

V o
E(j, ho, ao) = max

c,z,no

{
u
(
c, z
)
+ βV o

E(j
′, h′o, ao)

}
subject to, (12)

c = E(ωi, ho, no), for i ∈ {l,m, s}
h′o = ao(hono)

γo + (1− δo)ho

z, no ∈ [0, 1]

no + z = 1

where E(ωi, ho, no) is earnings for a given occupation technology, skill-price, and human

capital level, and will be discussed below in Section 5.4.1.

5.4.1 Occupation Choice

For notational simplicity, problem (12) describes the dynamic human capital accumula-

tion/leisure decisions, omitting the occupation choice faced by adults at the very beginning of

each period. Adults decide whether to work in teenage occupations (l) or adult occupations.

We denote adult occupations of non-college graduates by m and those of college graduates

by s. Workers are paid competitive hourly wages, wm = ωmho for adults without a college

degree and ws = ωsho for workers with a college degree. Adults who work in teen occupations

(and teenagers) earn the hourly wage,24

wl = ωl(ψ + ϕho) (13)

The marginal product of a worker in an adult occupation corresponds to the adult’s human

capital. In teen occupations, we assume that workers can use only a fraction ϕ of their human

capital, plus a fixed term ψ. The productivity of workers in most teen occupations depends

largely on the worker simply being physically present at work. We capture this with ψ, but

also allow for productivity differences between workers. These differences reflect both worker

ability (e.g., reliably showing up to work) and the more traditional accumulation of skills

that allows workers to complete simple tasks more efficiently.

Mathematically, this formulation allows us to characterize occupational choice by a cutoff

for adult human capital ho. This cutoff is independent of the labor/leisure decision. Workers

below h∗{m,s} supply their labor in teen occupations, and workers above supply their labor in

24Period earnings E(ω, ho, no) from problem (12) are given by Em = ωmhono, Es = ωshono, and El =
ωl(ψ + ϕho)no.
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adult occupations. The cutoff value is given by,

h∗{m,s} = ψ
ωl

ω{m,s} − ϕωl

(14)

where in practice we restrict parameters and equilibrium prices such that ω{m,s} > ϕωl,

ensuring a unique positive occupational cutoff.

5.5 Firms

Production is performed by a representative firm, which combines labor inputs from workers

in teenage occupations, adults in non-college occupations, and adults in college occupations

according to the nested constant elasticity of substitution (CES) function F (Yl, Ym, Ys),

Y =
(
(AlYl)

ν + θ [(AmYm)
σ + (AsYs)

σ]
ν
σ

) 1
ν

(15)

Firms solve the profit maximization problem,

max
Yl,Ym,Ys

{
F (Yl, Ym, Ys)− ωlYl − ωmYm − ωsYs

}
(16)

and the marginal product of each aggregate labor input F{Yl,Ym,Ys} equals equilibrium skill-

prices ω{l,m,s}. Here, Al, Am, As are standard productivity parameters, while θ measures adult

occupation productivity relative to teenage occupation productivity. We solve the model for

two values of θ, assuming a negative, unanticipated shock to θ that implies a second steady

state with more adults in teen occupations and fewer teenagers working. The change in θ

proxies for all underlying macroeconomic changes that drive adults into teen jobs, such as

recessions and job polarization.25 Labor is aggregated according to,

Yl =

∫ h∗
m

0

(ψ + ϕhmo )nodΦ̃m +

∫ h∗
s

0

(ψ + ϕhso)nodΦ̃s +

∫ Hk
max

0

(ψ + ϕho)nedΦ (17)

Ym =

∫ Ho
max

h∗
m

hmo nodΦ̃m (18)

Ys =

∫ Ho
max

h∗
s

hsonodΦ̃s (19)

where Φ(j, hs, he, as, ae) is the share of teenagers with characteristics (j, hs, he, as, ae), and

Φ̃s(j, ho, ao) and Φ̃m(j, ho, ao) are the shares of college and non-college adults with human

25Section 7.1.1 contrasts this mechanism with alternative explanations for the decline in teen employment
that we deliberately abstract from in this baseline model. We show that a host of alternative forces are
counterfactual to the data and do a poor job of capturing the dynamics of declining teen employment.
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capital level ho and ability ao. Together with the optimal labor supply of teenagers ne and

adults no, this closes the labor market.

5.5.1 Minimum Wage

The minimum wage may play an important role in the ability of young workers to supply their

labor, as demonstrated in ample empirical work (Neumark and Shirley, 2022; Clemens and

Strain, 2025). In the efficient model laid out so far, crowding out of teenagers works through

downward pressure on the current and future wages of teens, causing an optimal reduction in

working hours. We now introduce a minimum wage in the economy. For teens, the minimum

wage wmin binds when their potential hourly wage satisfies wl = ωl(ψ + ϕho) < wmin. These

teenagers cannot be employed and must set ne = 0. As adults with higher human capital take

up teenage occupations, wl falls, which increases the share of teens for whom the minimum

wage binds. The number of teens that are crowded out by the minimum wage depends on

the mass of teens whose human capital is “slightly” above the cutoff value in the original

steady state.

5.6 Equilibrium

Here, we summarize the equilibrium conditions of this economy. A stationary competitive

equilibrium in this economy is a set of skill-prices {ωl, ωm, ωs}, teen schooling and employment

supply {gne , gns} and college attendance choice gu, adult labor supply gno and occupation

choices {h∗m, h∗s}, and labor demands {Yl, Ym, Ys}, such that,

1. Skill-prices are consistent with the firm optimization over technology (16).

2. Labor supply and college choices of teenagers are consistent with (10) and (11).

3. Labor choices for adults are consistent with (12) and occupational choices of adults are

given by (14).

4. The labor market clears according to (17)-(19).

6 Model Estimation

The empirical analysis established that adult crowding out causally reduces teen employment

and that teen employment increases lifecycle earnings of non-college graduates. However, the

reduced-form evidence cannot determine the mechanisms through which the decline operates,

its macroeconomic and welfare consequences, or how policy can address the decline in teen

employment. Answering these questions is the purpose of the quantitative model, which

allows us to decompose the mechanisms behind the decline, trace consequences that unfold

over the lifecycle and across the earnings distribution, and evaluate counterfactual policies.
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To do so, we must first estimate the quantitative model. The estimation has two main

objectives. First, discipline the model to reproduce the U.S. economy prior to the decline in

teen employment. This includes teen work and schooling choices, human capital accumulation,

college attendance, adult occupational choices, and lifecycle earnings dynamics. We treat

the year 2000 as this initial steady state. Second, discipline how the U.S. economy responds

to the reallocation of adults into teenage occupations. We use changes between 2000 and

2010 and our causal estimates of the effects of adult competition on teenage earnings and

employment to identify the forces governing this response.26

More specifically, we choose one set of parameters externally using empirical estimates for

the U.S. economy and from the literature, in Section 6.1. Conditional on these parameters,

we jointly choose the remaining parameters in Section 6.2 to minimize the distance between

model-generated moments and their empirical counterparts. We use the causal estimates of

declining teen employment from adult crowding out in Section 3.2 and the returns to working

while in high school in Section 4.2 to discipline key parameters governing the model’s central

mechanisms. Appendix D reports additional details on the calibration procedure, construction

of the model equivalent moments, and robustness exercises.

6.1 External Parameters

Agents spend four years in high school and then remain in the model for an additional 45

years, through age 59. Thus, the full modeled adult lifecycle consists of J = 45 periods. We

choose a standard value of 0.95 for β, the time discount factor.

Teen fixed consumption provided by parents, c̄, is expressed as a fraction of average adult

earnings at the ages when teenagers are typically present in the household. This fraction

is taken from the large literature on adult consumption equivalence, with values typically

falling in the range of 0.2-0.5 (Browning and Ejrnæs, 2009). We take the midpoint of 0.35.

The variance of luck shocks σ2
ϵ is set to 0.05 in order to smooth corner solutions and

generate random variation for our model regressions. The value chosen is in line with estimates

for adult human capital accumulation (Lee and Seshadri, 2019).

Next, we set the constraints on minimum time devoted to schooling human capital

accumulation n̄s, and maximum time devoted to employment human capital accumulation

n̄e. We take the discretionary time endowment of an individual to be 11.5 hours per day,

which we show in Appendix A is the average time teenagers spent on school, work, and leisure

activities. The 2003-2004 Schools and Staffing Survey (SASS) reports average time spent per

day in school of 6.64 hours. Correspondingly we set the minimum amount of time a student

must spend in order to finish high school to 7 hours per day. Hence, n̄s = (5 · 7)/(7 · 11.5) = 0.43.

Cross-state variation in teen labor laws is small and typically conforms to the federal

26We perform a robustness analysis and show that the results are not sensitive to the choice of 2010 as the
second steady-state year.
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limit of 18 hours per week when school is in session and the individual is under the age of 16.

Otherwise, federal law does not limit hours worked for those older than 16, or when school is

not in session for those under 16. However, most states choose to limit the amount those

aged 16 and 17 may work to 40 hours per week, and limit the times of day teens may work

while school is in session. Therefore, we choose to set the upper bound using a full-time work

week of 40 hours and thus n̄e = 40/7 · 11.5 = 0.50. Empirically, 40 hours represents the 95th

percentile of working teens in our ACS sample.

The two parameters governing the learning-by-doing accumulation of adult human capital

γo and δo are not well identified in the data. Additionally, there is not a standard method for

estimation in the literature, as there is for corresponding parameters in a Ben-Porath style

model. We take these parameters as 0.30 and 0.02, from Blandin (2018), which presents an

in-depth discussion of their estimation and robustness.27

Finally, the CES parameter between adult college educated and non-college educated

labor is set to σ = 0.31 = (1− 1/1.44), an elasticity of substitution of 1.44 in line with the

estimates in Katz and Murphy (1992).

6.2 Internal Parameters

The remaining 23 parameters are chosen to minimize the distance between 26 model-generated

moments and their empirical counterparts. Empirical moments are estimated from the ACS

and NLSY. Steady-state moments calculated using the ACS are for the year 2000, with the

exception of earnings profiles where we pool the 1980, 1990, and 2000 ACS to account for

time effects. Transitional moments using the ACS are calculated by comparing the years

2000 and 2010. This is in line with our empirical analysis presented in Section 3. Appendix A

reports additional details of the method and sample selection used to calculate our empirical

moments. Several of our moments are regression coefficients in the data, which we match by

estimating comparable regressions on simulated model data.

6.2.1 Preferences

We parameterize the period utility function as,

u(c, z) = ln(c) + κ ln(z), for κ ∈ {κk, κo} (20)

where κk is preference over leisure for teenagers, and κo preference over leisure for adults.

We use data from the American Time Use Survey to pin down the leisure parameter for both

27Our main results are not sensitive to the choice of γo and δo, and the model does well in matching
average lifecycle growth for college and non-college labor. In general, lifecycle profiles are not the focus
of this analysis. We simply need an accurate way to capture continuation values for teenagers making
forward-looking decisions.
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teenagers and adults. Specifically, we target the share of total discretionary time that is spent

on leisure activities. For details see Appendix A.

6.2.2 Initial Distributions

Initial employment ability, schooling ability, and schooling human capital are log-normally

distributed, with their distributions governed by σae , σas , σhs , µae , µas , and µhs . To separately

identify parameters governing the accumulation of schooling and employment human capital,

we need a measure of schooling human capital. To this end, we use transcript data from the

NLSY. For each student we observe the yearly credits taken and GPA. We then measure

schooling human capital as the GPA-weighted stock of credits, hdatas . It is assumed that

hmodel
s = B · hdatas , with B some constant scaling factor. Given that our model begins with

grade 9, we use grade-8 credits and GPA variance to discipline σhs . We then calculate

schooling human capital profiles as,

log(hdatas ) = αhs + βhsage+ ϵhs (21)

For both children who subsequently attend college and those who do not, the profiles are near

linear. The average growth rate of hdatas and the employment share of teenagers identify µae

and µas . We normalize initial employment human capital to one for all agents and similarly

set µhs to one.

6.2.3 Teens

A central moment to our analysis is the return to teen employment. We causally estimate this

return using geocoded NLSY data, as discussed in Section 4.2. We replicate this empirical

exercise in the model through an indirect inference procedure designed to match the data

estimate as closely as possible. Specifically, we induce small changes in the teen skill-prices

and re-solve teenagers’ employment, schooling, and leisure choices, allowing both hours

worked and the set of teenagers who work to adjust. We then construct the model analogue

of our IV estimate as the ratio of the resulting change in adult earnings to the change

in teen employment time. As in the data, this identifies the return to work for teenagers

whose employment decisions respond to changes in economic conditions, while also allowing

endogenous changes in schooling and college attendance. Formal details of this procedure are

provided in Appendix D.1.

The two parameters which most sharply affect the returns to teen employment and the

teen employment rate are the curvature of employment human capital production, γe, and

the elasticity of substitution between school and employment human capital, ζ. We describe

how ζ is determined by a separate moment below, leaving the returns to teen employment to

identify γe.
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The curvature of schooling human capital, γs, directly governs returns to schooling

investment on schooling human capital (i.e., the return to not working on hdatas ). The logic

is similar to the effect of γe on earnings. The difference is that hdatas is only affected by γs.

Hence, we can identify γs by estimating the returns of working on schooling human capital

in the data and the model. In practice, we estimate the effect of the sum of hours worked

during high school on schooling human capital at graduation. In the data we estimate a

version of equation (5) with hdatas as the dependent variable, utilizing the same IV strategy

as Section 4.2,

log(hdatas ) = δ0 + δ1E
S
i + δ2Xi + ϵi

We use the same procedure in the model as that for the returns to teen employment on

earnings. Empirical regression results are reported in Appendix D.2. More hours worked

during high school have a negative and significant causal effect on schooling human capital

acquired.

The share parameter α that governs the relative weight on schooling human capital

versus employment human capital in (7) is determined by the shares of hs and he inputs in

production. A smaller value of α places greater weight on employment human capital in

the adult human-capital aggregator and thereby increases the incentive to accumulate he.

However, we do not observe he directly. Instead, the intensive margin of teen employment ne

works as a proxy for the employment human capital stock. These moments are taken from

the NLSY79.

The CES parameter ζ, which determines the elasticity of substitution between schooling

and employment human capital, is pinned down by the earnings ratio of workers with different

human capital levels. Again, he is unobserved and so we use ne as a proxy in the data and

model. Conditional on time spent working, all variation in earnings then comes from hs. The

earnings ratio of workers with different hs then identifies ζ. In practice, we use workers that

just graduated high school and entered the labor market. We then estimate ζ by using a

simple OLS of initial earnings on hs in the data and model. The exact specifications and

regression results are in Appendix D.

We need a measure of the propensity to work conditional on the future decision to go

to college or not. Since there are no future earnings gains from teenage work experience for

anyone who goes to college, the difference in work hours between college and non-college bound

teens plays a crucial role in determining how teenagers adjust. Since our model abstracts

from some determinants of hours worked (parents’ earnings, race, and sex) we use data from

the NLSY to regress average hours worked during high school on a dummy that indicates

whether an individual completes at least an associate’s degree and demographic controls. We

then match the difference in hours worked between college- and non-college-bound teenagers

in the model to the estimated regression coefficient in the data. Finally, the percentage of

teens employed is estimated using 2000 ACS and discussed in Section 3 and Appendix A.
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6.2.4 College

The curvature of schooling human capital production in college, γu, directly affects the

amount of human capital that those graduating college enter the labor force with. Hence,

it is most closely identified by the college earnings premium for young adults. Using ACS

data, we target the college earnings premium observed for 24-29 year-olds with the model

equivalent. Fixed consumption while in college c̄u largely affects the college attainment rate

(Gong et al., 2019). The college attainment rate is defined as the share of individuals with an

associate’s degree and above, again calculated from the ACS.

6.2.5 Adults

The parameters µao , λ, and σao jointly govern the level, selection, and dispersion of the

adult ability distribution. We orthogonalize the level of adult ability from its dependence on

childhood abilities by specifying the distribution in equation (8), so that µao governs the mean

of adult ability while λ governs the strength of selection on schooling versus employment

ability. Because the childhood abilities enter in deviation form, the selection parameter shifts

ability symmetrically around the mean without altering its level, which allows µao and λ to

be identified separately in estimation.

As is standard in the adult human capital accumulation literature, we target these

parameters using earnings growth profiles for college-educated versus non-college-educated

workers, with µao shifting the overall level of the profiles, λ governing the divergence between

the college and non-college profiles, and σao governing the dispersion of adult earnings. The

variances of the childhood ability distributions, σas and σae , together with the variance of

initial schooling human capital σhs , are in turn disciplined by the cross-sectional dispersion

of teen and adult earnings, since they determine how much heterogeneity agents carry into

their schooling, work, and college decisions. We use pooled 1980, 1990, and 2000 Census

samples and closely follow Lagakos et al. (2018) to construct earnings profiles.

The parameters ψ and ϕ define the level of human capital for those who work in teen

occupations. This then defines a cutoff separating those who work in teen versus non-teen

occupations, and hence governs the share of adults working in teen occupations by age.

Figure F.5a plots the share of adults employed in teen occupations by education status.

Additionally, ψ and ϕ jointly determine the spread of earnings within teen occupations. When

ψ is large relative to ϕ, own human capital plays a smaller role in earnings, compressing the

within-occupation earnings distribution.

6.2.6 Production

The productivity parameters Al, Am, As, and θ govern earnings and employment shares in

the initial steady state. We normalize θ to one. The initial productivity parameters Al, Am,
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and As are disciplined by employment shares and relative earnings across teen, non-college,

and college occupations in the initial steady state.

The remaining parameters to identify are ν and the shock to θ. The shock to θ is the sole

exogenous driver inducing a change in our economy. We calibrate the shock to θ so that the

share of adults taking up teen occupations matches the data. We use this shock to calibrate

a second steady state. The elasticity of substitution between college and non-college adult

labor is 1/(1− σ), while the elasticity of substitution between teen labor and the adult labor

composite is 1/(1− ν). The parameter ν therefore governs how changes in adult employment

in teen occupations translate into wage changes. To isolate the effect of adults on wages,

we first simulate the following three economies: (1) we solve the benchmark model, (2) we

solve for the new steady state, with all parameters held fixed except for a negative shock

to θ, and (3) taking adult employment levels from (2), we calculate prices and simulate the

partial equilibrium response, keeping all else fixed at (1), including θ. In this way, we can

focus on the effects of adults taking up teen occupations without conflating them with other

equilibrium effects of the productivity shock. We use the counterfactual steady state in

which we vary only the number of adults in teen occupations and match the resulting wage

changes to the coefficient from the causal earnings regression in (4), which corresponds to

the empirical exercise in Section 3.

Then, to examine the “crowding out” of teen workers, we define the model-implied teen

employment coefficient as,

(% teen work)3 − (% teen work)1
(adults in teen occ.)2 − (adults in teen occ.)1

(22)

where subscripts refer to moments from economies (1)-(3). We calibrate this to our causal

estimates of the effect of adult crowding out on teenage employment. We target the coefficient

in column (7) of Table 1, i.e., the occupation instrument and controlling for the lagged change

in teen employment. The occupation instrument is the most natural, as we replicate it in the

model. We control for the lagged change in teen employment (and the lagged change in the

number of adults in teen jobs) since we assume the model to be in steady state initially. This

coefficient is determined by the effect of the change of adults in teen occupations on wages

and the reaction of teens to these wage changes. The former is governed by the production

parameters, especially ν, as explained above.

The second component, the elasticity of teenage employment to wage changes, is not

governed by a specific parameter but instead reflects three margins discussed above. First,

lower current wages reduce the consumption return to working, with the strength of this

response governed primarily by parental consumption, c̄, and preferences for leisure, κk.

Second, wage changes alter the relative returns to accumulating employment and schooling

human capital and, through future wages, the incentive to attend college. These margins
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depend on the human capital production parameters γe, γs, α, and ζ, as well as the parameters

governing the college decision, particularly γu and c̄u. Third, lower wages increase the share of

teenagers for whom the minimum wage binds, with the magnitude of this response depending

on the distribution of teen wages around the minimum wage, governed in part by ψ, ϕ, and

the distribution of teenage human capital. Hence, conditional on the wage transmission ν

(disciplined separately by the causal earnings regression) matching the crowding-out coefficient

in column (7) of Table 1 is an overidentification exercise where the model must reproduce the

reduced-form effect of adult entry on teen employment as the product of two independently

identified pieces.

6.2.7 Minimum Wage

We calibrate the minimum wage relative to the average wage of teenagers. Following Autor

et al. (2008) we use the real federal minimum wage in 2000. Vogel (2023) shows that the

federal minimum wage is approximately equal to a weighted average of the max of federal

and state minimum wages until 2000. We intentionally hold the minimum wage fixed at its

2000 level in the baseline to isolate the interaction of adult crowding out with the level of the

minimum wage. In Section 7.1.1, we separately quantify how much of the observed decline in

teen employment can be explained by an increasing minimum wage.

6.3 Model Fit

Before turning to our quantitative analysis we verify that the model accurately fits key

features of the U.S. economy. Tables 2 and 3 report the model-generated moments compared

to empirical counterparts. Appendix D reports additional details of the calibration procedure

and how specific model moments are calculated.

The model does well at matching the key moments in the data, including the causal

estimates from Sections 3 and 4. Among the teenage labor-supply moments, a notable

discrepancy is average hours worked by all teenagers, where the model produces 175 versus

230 hours in the data. In general, the model can match either average hours worked or the

gap in hours between college- and non-college-bound teenagers.

This arises because the data show no earnings returns to teen employment for college

graduates, which we impose in the model. In the model, these teenagers work only because

employment raises current consumption or idiosyncratic risk over human capital accumulation.

In the data, they may also work for reasons absent from the model, such as parental pressure,

social considerations, or preferences for working. Capturing these motives requires preference

heterogeneity that is difficult to identify. Instead, Appendix D.4 shows that our main results

are robust to an alternative calibration that exactly matches average hours worked while

overshooting the gap in hours between college- and non-college-bound teenagers.
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Table 2: Model Fit – ACS Moments

Moment Model Data

Teens
Decline regression coefficient −5.0 −4.1
Share teens working 0.41 0.35
Average hours worked, all teens 175 230
P90 to P10 earnings ratio 9.5 9.7
Schooling-time share 0.58 0.58

Adults
Share working in teen occ. 0.14 0.11
Share with college degree 0.42 0.40
Share working in teen occ. – college 0.01 0.05
Share working in teen occ. – non-college 0.24 0.18
∆ in adults working teen occ. 0.02 0.02
College lifetime earnings growth 0.82 0.82
Non-college lifetime earnings growth 0.58 0.55
Variance lifetime earnings 0.50 0.50
Leisure rate 0.33 0.20

Earnings
College/non-college, all adult 1.64 1.68
College/non-college, 24-29 1.45 1.47
Non-teen occ./teen occ. 2.01 1.68
Adult/teen, teen occ. 4.3 5.3
Earnings regression −10.4 −10.4
Minimum wage/avg. teen wage 0.82 0.81

Notes: The columns compare the model to the data for selected targeted moments. Source:
Leisure share moments are taken from the American Time Use Survey (ATUS). Earnings
profiles use the 1980, 1990, and 2000 American Community Survey (ACS). All remaining
steady-state moments in this table are taken from the 2000 ACS. Transitional moments are
calculated using the 2000 and 2010 ACS.

Table 3: Model Fit – NLSY Moments

Moment Model Data

Teens
Returns to employment on earnings 0.04 0.04
Returns to employment on hs −0.06 −0.05
% Growth of hdatas , grade 9-12 355 320
Returns to hdatas 0.04 0.03
SD(hdatas (Grade 8))/Mean(hdatas (Grade 8)) 0.80 0.80
College to non-college hours regression −144 −134

Notes: The columns compare the model to the data for selected targeted
moments. Source: National Longitudinal Surveys of Youth 1979 and
1997 (NLSY79) and (NLSY97).
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7 Quantitative Results

In this section, we use the quantitative model to present three sets of results on declining teen

employment. First, Section 7.1 decomposes the mechanisms through which declining teen

employment occurs and shows that competing hypotheses cannot account for the observed

decline. Second, Section 7.2 explores the macroeconomic, distributional, and welfare effects

of declining teen employment. Third, Section 7.3 conducts two policy exercises aimed at

improving welfare for those teens crowded out of the labor market by adult workers.

Throughout the results section, we refer to three steady states across which we compare

results. Steady state one (SS1) is the benchmark calibrated U.S. economy in 2000. Steady state

two (SS2) is the steady-state economy in 2010, in which the adult-occupation productivity, θ,

is changed while all else is held constant at SS1 levels. For steady state three (SS3), we take

adult employment levels from SS2, calculate prices, and simulate partial-equilibrium decisions

while keeping all else (including θ) fixed at SS1 levels. This counterfactual economy allows us

to isolate the effects of adults crowding out teens from the productivity shock effects present

in SS2.28

7.1 Causes of Declining Teen Employment

We begin by investigating the mechanisms through which teen employment declines. Down-

ward pressure on current wages reduces the consumption that teenagers can afford from their

labor income and increases the share of teenagers directly affected by the minimum wage.

Downward pressure on the future wages of workers in teen occupations increases the incentive

to attain a college degree, thereby reducing the return to teen employment.

The relative strength of these mechanisms cannot be calculated from the data for three

reasons. First, we lack large-scale consumption data for teens, which are necessary to quantify

the importance of current consumption. Second, estimating the effect of adult crowding

out on college attainment requires panel data. To use local variation in the share of adults

employed in teen occupations, we must know the share of college graduates who lived in

commuting zones with a high share of adults in teen occupations while they attended high

school. Using only local variation in college attainment excludes all individuals who move to

different commuting zones for college and/or later employment.29

Third, while Neumark and Shupe (2019) identify the effects of changes in the minimum

wage on teen employment, our point is different. The minimum wage interacts with increased

28Strictly speaking, SS3 is a counterfactual allocation and is not a steady-state equilibrium. For expositional
simplicity, we refer to SS3 as a steady state throughout the remainder of the paper.

29Although we do not have the data required to fully quantify this channel, we find some evidence that
adult crowding out leads to increased college enrollment. We are able to estimate the effect of adult crowding
out on college enrollment among 19-year-olds after 2005 and find a significant positive relationship. Further
details are reported in Appendix B.5.
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Table 4: Decomposition of Decline in Teen Employment from Adult Crowding Out

Current Consumption Minimum Wage Schooling

27% 53% 20%

Notes: This table reports a decomposition of teen employment decline
between current consumption, minimum wages, and schooling choices
or future consumption. Numbers are averaged over the six possible
sequential permutations, turning each channel off, one at a time.

competition from adults. Conditional on the number of adults entering teen occupations, the

importance of the minimum wage in crowding out teenagers depends on the distribution of

human capital around the threshold at which the minimum wage binds. If many individuals

earn slightly above the minimum wage before the increase in competition from adults, then

the wage decline induced by this competition will crowd out many teenagers. Importantly,

this effect does not depend on the level of the minimum wage, but rather on the distribution

of teenage human capital. Given limited data, it is difficult to identify sufficient local variation

in teenage human capital, conditional on the magnitude of the increase in adult employment.

However, we are able to use our calibrated model to decompose the effects of these

channels. For each case, we solve the model in the initial steady state and our counterfactual

economy (SS3) that isolates the direct effect of adult crowding out. We then sequentially

turn off each mechanism to assess its relative importance.30

Table 4 reports the results of this decomposition exercise, where contributions are averaged

across the six possible sequential permutations. Current consumption accounts for 27% of

the decline in teen employment, while future wages and college choice account for 20%. The

minimum wage plays the largest role in transmitting the effects of a productivity shock to

declining teen employment, explaining roughly half, or 53%, of the decline.

The three channels differ in kind, not only in magnitude. Current consumption and

schooling operate on the intensive margin. A lower teen wage reduces the marginal value

of an hour worked, and teenagers respond by reallocating time toward school and leisure at

a rate governed by the curvature of the human capital production functions, and relative

to both employment and schooling abilities. The minimum wage, on the other hand, is an

extensive mechanism. A teenager whose productivity places them just above the minimum

wage before adults enter loses their job entirely once competition from adults pushes wages

down, however small that decline may be. The size of the resulting displacement depends on

the estimated teen wage schedule. Because the fixed component of teen productivity, ψ, is

30To ignore the effect of current consumption, we set ωl (in the budget constraints of teenagers, equation
(10)) to its initial steady state level (SS1). As a result, only the minimum wage and future wages change the
behavior of teens. Second, to turn off the effect of the minimum wage, we calculate the cutoff ωl(ψ + ϕho) <
wmin using ωl from the initial steady state (SS1). Finally, the effect of future wages is turned off by setting
all future wages in the adult problem to their initial steady state (SS1) values.
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large relative to the component that varies with accumulated human capital, ϕ, teenage wages

are compressed, and a given proportional decline in ωl moves a large mass of teenagers across

the threshold at once.31 Had teen productivity been more dispersed, the same decline would

have displaced far fewer of them and the minimum wage share would have fallen accordingly.

This is the sense in which our mechanism concerns the interaction between the minimum

wage and adult crowding out, rather than the level of the minimum wage itself.

The decomposition also implies that the teenagers who stop working are drawn from

opposite ends of the ability distribution. The minimum wage rations out teenagers with the

least human capital (and typically lowest abilities), who are closest to the threshold. The

schooling channel removes teenagers with the highest schooling ability, who are on the margin

of college and for whom the decline in the return to work experience tips the attainment

decision. The two groups leave employment for very different reasons. Those in the second

group reallocate time toward a more productive investment and gain in lifetime earnings.

Those in the first group are rationed out, losing both current earnings and the work experience

that would have raised their adult wages, with no offsetting investment. Roughly half of

the decline in teen employment is therefore “involuntary” in a well-defined sense, which is

what makes the aggregate decline consequential for macroeconomic and policy considerations,

rather than just a change in how teenagers allocate their time.

7.1.1 Alternative Forces

We now consider alternative shocks, beyond the shock to labor productivity in adult occu-

pations, θ, that we deliberately abstract from in our baseline. First, we showed that the

existence of a positive and constant minimum wage plays an important role in the decline

in teen employment. In reality, however, the average minimum wage in the U.S. increased

by approximately 10% between 2000 and 2010. We solve an alternative economy in which,

instead of introducing a negative shock to adult occupation productivity, θ, we increase the

minimum wage by 10%. We find that teen employment falls by 5.4 percentage points. This is

much smaller than the full 10 percentage point decline captured by our baseline model with a

shock to θ. Furthermore, the share of adults working in teen jobs rises by a negligible amount.

With a combined shock to θ and a 10% increase in the minimum wage, teen employment

falls by an additional 6.5 percentage points relative to the benchmark model. When solving

the model with an increase in the minimum wage alone, wages in teen jobs relative to those

in non-teen jobs increase by 0.1%. This is counterfactual, as the data show a decrease in

teen-job wages of roughly 10%, consistent with our baseline results with a shock to θ. We

interpret this finding as indicating that the increase in the minimum wage can explain a

portion of the decline in teen employment but cannot be the main explanation.

31Recall from the calibration that these parameters ψ and ϕ are partially identified by the spread of teen
wages in the data.
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Our empirical and quantitative results focus on the change in demand for teen jobs being

the main driver behind the employment decline. However, the model allows us to contrast

this with a change in the supply of teen labor, as a possible explanation for declining teen

employment. To this end, we now increase the preference for leisure κk in the 2010 steady

state, leaving everything else at its 2000 value. Since we cannot observe changes in preferences

in the data, we solve for the change in κk which produces the same decline in teen employment

as in the benchmark model and data. This increases κk by a factor of approximately two.

The resulting equilibrium features a small increase in the number of adults in teen jobs

but essentially no change in the relative wages of workers in teen occupations, which again

contradicts the data.

Another competing hypothesis is that an increase in the college wage premium may have

induced teenagers to substitute away from working time and towards schooling time, as the

value of a college degree increased. While the large run-up in the college wage premium

mainly occurred from 1980 through 2000, we find that it still rose from 1.68 to 1.75 for the

2000 to 2010 period. As with the change in leisure preference, we solve for college labor

productivity As which induces the increase in the college wage ratio seen in the data. College

attendance rises by a small amount of 3.2%, however teen employment also rises by 17.4%

which is counterfactual to the data.32

7.2 Consequences of Declining Teen Employment

With a better understanding of the mechanisms driving declining teen employment, we

now turn to its macroeconomic and distributional consequences. A central feature of these

results is that adult labor market reallocation has effects that extend across the lifecycle and

generations, altering teenagers’ human capital accumulation and subsequent adult outcomes.

Section 7.2.1 examines changes in inequality and key macroeconomic moments due to adult

crowding out.33 Section 7.2.2 examines the welfare consequences. Throughout, we compare

SS1 and SS3 to isolate the effects of adults crowding out teen employment.

7.2.1 Distributional

Table 5, row one, shows that under SS3, college enrollment rises by 15.6%, or 6.5 percentage

points relative to the benchmark economy. The main force driving this increase is that many

of the teens crowded out of the labor force substitute toward college attendance. That is,

teenagers with low-to-middle schooling and employment ability choose to work in the initial

32Teen employment rises through two channels from the general equilibrium increase in the teen skill-price.
First, because skilled and unskilled labor are complementary in production, the increase in As raises the teen
skill-price while the nominal minimum wage remains fixed. Second, because current consumption plays a
small role in teen employment decisions, the income effect is small and the substitution effect dominates,
increasing hours on the intensive margin.

33In Appendix C.2.1, we also discuss changes in aggregate output.
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steady state, SS1. However, in SS3, they are no longer able to work and now find it more

valuable to spend time acquiring schooling human capital and subsequently attending college.

This effect is strong enough to counteract the reduction in the college skill-price premium,

which causes a mechanical substitution away from college attainment. The college skill-price

ωs rises by 0.2%, and the non-college skill-price rises by 0.7%.34

The falling gap between the college and non-college skill-prices also mechanically con-

tributes to the 1.9% decrease in the college earnings premium shown in row two of Table 5.

The college skill premium also falls as the rise in the number of college graduates decreases

the average earnings of those working with a college degree. Teenagers who switch to college

attendance after being crowded out of teen employment have lower schooling ability and earn

less over their lifecycle. Ceteris paribus, this lowers the college earnings premium.

More than offsetting the decline in the college skill premium is the stark decline in

average earnings among teenagers crowded out of the labor force who do not reallocate to

college. This raises the P75-to-P25 earnings ratio by 0.4%. Among teens who worked in SS1,

employment human capital at high school graduation falls by 1.9% (or 1.0% across all teens),

with persistent effects on adult earnings. Among individuals who do not attend college in

either SS1 or SS3, lifetime earnings fall by 1.2%. Thus, even holding college attainment fixed,

lost employment opportunities during high school leave affected workers with less human

capital and lower earnings throughout adulthood. The increase in earnings inequality is

therefore almost entirely driven by falling 25th-percentile earnings among adults crowded out

of employment as teenagers who could neither accumulate employment human capital nor

adjust toward college. By contrast, earnings at the 75th percentile are largely unaffected, as

these are high-schooling-ability agents who attend college in both SS1 and SS3.

This is the key lifecycle and cross-generational propagation mechanism in the model. A

shock that initially reallocates existing adults across occupations changes the human capital

accumulated by teenagers and, in turn, the earnings distribution of those individuals after

they enter adulthood. Thus, the consequences of changing adult labor market opportunities

extend beyond the workers initially affected and shape the labor market outcomes of younger

workers into later life.

7.2.2 Welfare

Table 6 reports realized consumption-equivalent (CE) welfare changes between the benchmark

calibrated equilibrium (SS1) and the counterfactual economy that isolates the effect of adult

crowding out (SS3). Welfare is reported for those who did and did not work during high school

and for those who did and did not obtain a college degree. Because these are endogenous

outcomes that can change in SS3, we fix the groupings in SS1.

Those who worked as teenagers in SS1 see a 0.8% decline in welfare. The vast majority

34Recall, by skill-prices we are referring to wage/price per efficiency unit of labor.
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Table 5: Distributional and Equilibrium Effects of Adult Crowding Out

Moment % Change

College enrollment +15.6
College earnings premium −1.9
P75-to-P25 ratio lifetime earnings +0.4
Entering he −1.0

Teen occupation skill-price, ωl −6.4
Non-college occupation skill-price, ωm +0.7
College occupation skill-price, ωs +0.2

Notes: This table reports changes in selected model moments between
the initial calibrated steady state (SS1), and the counterfactual steady
state which isolates the effects of adults crowding out teenagers (SS3).

Table 6: Welfare Effects of Adult Crowding Out

Grouping ∆ Welfare %

Worked as teenager −0.8
Did not work as teenager −0.4
Non-college graduate −1.2
College graduate +0.1

Whole economy −0.7

Notes: This table reports the realized welfare change between the
benchmark calibrated equilibrium (SS1), and the counterfactual econ-
omy which isolates the effect of adult crowding out (SS3). Groupings
are fixed in SS1.

of this welfare decline is driven by lost human capital accumulation due to adult crowding

out, rather than by lost consumption during the teenage years or a lower teen-occupation

skill-price. The welfare of teens who did not work during high school falls by 0.4%. Most of

these teenagers go on to obtain a college degree, so the welfare loss is driven in part by the

decline in the relative college skill-price premium. The welfare of non-college adults falls by

1.2%, while that of college adults rises by 0.1%. Many non-college adults are former teen

workers who lose human capital accumulation opportunities. Additionally, many switch into

teen occupations and earn lower wages permanently. Welfare in the economy as a whole falls

by 0.7%. Importantly, the incidence of adult crowding out is not confined to teenage years.

The largest welfare losses arise among non-college adults because reduced access to work

during high school changes the human capital with which these workers enter adulthood.

Figure 5 examines heterogeneity in the welfare effects of adult crowding out by plotting

welfare changes between SS1 and SS3 across schooling ability, as, and employment ability,

ae. Schooling human capital, hs, is held at its median level. Welfare losses decline with

employment ability among individuals with low schooling ability. Those with high employment
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Figure 5: Welfare Effects of Adult Crowding Out by Schooling and Employment Ability

Notes: This figure plots realized lifetime welfare changes between SS1 and SS3 for the benchmark calibrated
economy, broken down by high and low schooling ability as and employment ability ae. This figure is shown
for a median level of initial schooling human capital hs.

ability are typically workers and do not attend college. Among those with high employment

ability, fewer agents are crowded out by adult workers, as they are able to accumulate sufficient

employment human capital, he. On the other hand, welfare losses are flat for those with high

schooling ability. Teen workers who also have high schooling ability have a better outside

option and can more easily substitute toward schooling human capital accumulation and/or

college attendance. This is consistent with Section 7.2.1, where the increase in inequality

was driven by large losses among agents at the bottom of the skill distribution.

Taken together, these two sets of results in Section 7.2 show that the general equilibrium

effects of changing adult labor market opportunities extend beyond the adults initially affected.

By crowding teenagers out of employment, adult reallocation changes early human capital

accumulation and college choices, with consequences for productivity, earnings inequality,

and welfare that persist after those teenagers enter adulthood. The effects of shocks to adult

labor markets can therefore begin shaping the next generation of workers well before they

reach adulthood.

7.3 Policy Analysis

We now examine two policies designed to mitigate the welfare losses of teenagers crowded

out by adult workers. In the preceding section, we analyzed differences between SS1 and SS3

in order to isolate the effects of adults crowding out teenagers. Here, the relevant analysis is

the effect of policies on the observed 2010 equilibrium (SS2). Hence, we compare realized

welfare in SS2 with and without each policy intervention.
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7.3.1 Minimum Wage

The decomposition analysis in Section 7.1 showed that the minimum wage is an important

factor in explaining the effects of adults crowding out teen labor. Hence, alternative minimum

wage policies are a natural candidate for reducing the negative effects on teens crowded out

of the labor force. Teen minimum wage policies vary significantly across states. Nine states,

such as Michigan and Colorado, have specific age-based subminimum wage policies in place.35

In seven of these nine states, the policy is to pay workers under the age of 18 a wage equal to

85% of the adult minimum wage.

In column (1) of Table 7, we compare our baseline 2010 steady state with the alternative-

policy 2010 steady state. Under this policy, the number of college graduates falls and the

college skill-price rises, increasing welfare for college graduates and agents who did not work

as teenagers by 0.3% and 0.2%, respectively. Lifetime welfare of teen workers and non-college

graduates rises by 0.4% each. Teen employment rises by 12.2 percentage points, meaning

its decline between SS1 and SS2 is 12.2 percentage points smaller than in the benchmark

economy. A lower teen-specific minimum wage benefits those gaining early work experience

but reduces skill-prices for others through increased teen labor supply. However, teenagers

graduate from high school with greater human capital and earn more over their lifecycle,

raising overall welfare.

Non-college agents who do not work during high school under either the original or the

lower minimum wage (i.e., the lowest-skilled teenagers) benefit in adulthood from the higher

minimum wage in SS2 that keeps teenagers out of the labor force. The minimum wage

essentially “protects” very low-skill workers from the negative effects of the θ shock. For

this set of agents, who are most adversely affected by the shock, welfare rises by only 0.02%,

driven by a slight change in skill-prices.36

7.3.2 Career and Technical Education

An alternative policy to alleviate the negative effects of lost teenage work experience is

career and technical education (CTE).37,38 We model a CTE program in which students

35The remaining state teen minimum wage policies broadly fall into three categories. First, states such
as California and New York have no youth subminimum wage, and teens earn the same minimum wage as
adults. Second, states such as Georgia and Texas do not consider teenagers to be “employees”, so the teen
minimum wage defaults to the federal youth minimum wage of $4.25 established by the Fair Labor Standards
Act (FLSA). Third, states such as Minnesota and Nebraska have a youth “training” wage that pays teens a
subminimum wage for, typically, the first 90 days of employment or in specific occupations, such as camp
counselors or lifeguards.

36Note that we are comparing steady states. Hence, this discussion is for illustrative purposes.
37Career and technical education (CTE) is also commonly referred to as “vocational schooling.”
38During most of the twentieth century, CTE availability steadily declined, plateauing in the late 1990s.

The reasons for this shift involve complex political, racial, and economic factors beyond the scope of this
paper. However, a detailed study of vocational training is an important avenue for future research using our
quantitative framework.

40



Table 7: Welfare Changes in SS2 Under Minimum Wage and CTE Policies

∆ Welfare %

Grouping (1) Minimum Wage (2) CTE

Worked as teenager +0.4 +0.1
Did not work as teenager +0.2 +0.4
Non-college graduate +0.4 +0.2
College graduate +0.3 +0.3

Whole economy +0.3 +0.3

Notes: Column (1) reports realized welfare changes under a teen minimum
wage policy at 85% of adult minimum wage. Column (2) reports realized
welfare changes under a voluntary CTE policy, where 15% of schooling time
is spent accumulating employment human capital. Welfare changes are
reported for the counterfactual economy with a shock to θ, (SS2).

may voluntarily enroll at any point during high school. Enrolled students devote a fraction

ξ ∈ (0, 1] of their schooling time to accumulating work-related rather than schooling human

capital. Their effective schooling and working time choices are thus (1− ξ)ns and ne + ξns,

respectively. Teens are not paid for vocational training time. We analyze a CTE policy with

ξ = 0.15 and report welfare changes for SS2 in column (2) of Table 7.39

Under the CTE policy, there is a 1.0% increase in teen employment relative to SS2

without vocational training. This increase is driven by two forces. First, many teens who

were crowded out by adults because the minimum wage prevents them from accessing the

labor market are now able to accumulate enough human capital through vocational training

to access the labor market. Second, given the new human capital production technology, the

relative benefits of accumulating employment human capital increase, and it is optimal for

many teens to “specialize” by attending CTE schooling and working.

In particular, there is a 1.2% decrease in teen leisure, and teens allocate significantly more

time to CTE schooling and work. This increases employment human capital at graduation.

That is, CTE raises average employment human capital by allowing teens to work more and

by directly increasing employment human capital for those enrolled in the CTE program,

even if they are still unable to work. Together, welfare rises by 0.1% for those who worked

as teenagers and by 0.2% for non-college adults. The CTE policy also reduces the college

attainment rate by 0.9%. This decline in college attainment raises the college skill-price,

increasing welfare by 0.3% for college-educated agents and by 0.4% for those who did not

work in high school.

However, welfare falls by 0.03% for agents who attended college in the benchmark economy

but no longer do so under the CTE policy. These agents have low employment and schooling

39The current federal definition of a “CTE concentrator” program requires 10-15% of instructional time
(at least two courses) to be devoted to vocational training. We choose this as our vocational policy.
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ability. Unable to work as teenagers in the benchmark economy, they attended college to

accumulate human capital but spent much of their adult lives in teen occupations. Under

the CTE policy, they instead accumulate employment human capital during high school and

enter the workforce without attending college, but continue to work in teen occupations

throughout adulthood. The gains from early human capital accumulation are offset by lower

teen-occupation skill-prices, driven by increased teen employment and human capital.

7.3.3 Discussion

Taken together, the two policies generate similar aggregate welfare gains but operate through

different margins. The teen minimum wage directly relaxes the constraint preventing teens

from working, producing a much larger increase in teen employment. It also generates larger

welfare gains for former teen workers and non-college adults, for whom work experience has

the largest returns. CTE instead allows teens with limited labor market access to accumulate

employment human capital. It generates a smaller employment response but partially replaces

the human capital otherwise gained through work.

Consequently, neither policy unambiguously dominates. If the objective is to restore

employment opportunities and offset losses among teenagers who would otherwise work and

enter the non-college labor market, the teen minimum wage is more effective. CTE, however,

generates larger welfare gains for those who did not work during high school by providing an

alternative source of employment human capital. Both policies struggle to fully protect the

lowest-skill workers. Under the teen minimum wage, those who remain unable to work see

little welfare improvement. Under CTE, some marginal college attendees instead enter teen

occupations for much of their careers, leaving their welfare essentially unchanged.

8 Conclusion

Little is known about the causes or consequences of the dramatic 50% decline in teen

employment since 2000. We provide new evidence on the causes of this decline, its implications

for human capital and welfare, and the role of policy in mitigating its effects. To do so, we

combine causal reduced-form evidence with a quantitative general equilibrium model. Our

results show that declining teen employment reduces lifetime earnings and generates sizable

aggregate welfare losses, illustrating how disruptions to employment early in life have lasting

macroeconomic consequences.

Empirically, we use an instrumental variables strategy to causally establish two results.

First, adult crowding out of teen labor accounts for more than 50% of the aggregate decline.

Adults were driven into teen occupations for a variety of reasons, including job polarization,

successive recessions, and structural change. Second, working in high school has large positive
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lifecycle returns for teenagers who do not attend college. A one-standard-deviation increase

in average weekly hours worked increases lifetime earnings by 1%.

These empirical results discipline our quantitative lifecycle model with human capital

accumulation and occupational choice. Teenagers allocate time between schooling, work

experience, and leisure, while adults choose between teen and adult occupations. Aggregate

shocks that worsen opportunities in adult occupations reallocate adults toward teen jobs,

generating the crowding out observed in the data. The model allows us to go beyond our

empirical evidence in three ways: (1) decomposing the underlying mechanisms, (2) quantifying

the aggregate and distributional consequences, and (3) evaluating policy interventions.

Adult crowding out reduces teen employment through three distinct channels. The largest

is the minimum-wage channel, which accounts for 53% of the decline generated by crowding

out as competition pushes some teenagers’ potential wages below the minimum wage. Lower

current returns to work account for a further 27%, while stronger schooling incentives account

for the remaining 20%. These mechanisms generate heterogeneous responses. Some teenagers

substitute toward schooling and college, with college enrollment increasing by 6.5 percentage

points. Others lose access to work without making this adjustment and enter adulthood with

less employment human capital and experience lower lifetime earnings. As a result, crowding

out increases earnings inequality and reduces aggregate welfare by 0.7%, with the largest

welfare losses concentrated among non-college workers.

Our policy experiments show that these losses are partially mitigated by either preserving

access to teenage employment or providing an alternative means of accumulating employment

human capital. A lower teen-specific minimum wage substantially restores teen employment,

while career and technical education allows teenagers to accumulate work-related human

capital through school. Both policies raise aggregate welfare by 0.3%, although they benefit

different groups and operate through different margins.

More broadly, our results show that teenage employment is not simply a source of

contemporaneous earnings. For many non-college workers, early employment is an investment

in human capital, and so changes in access to work during high school can have persistent

consequences for earnings, inequality, and welfare throughout the adult lifecycle. Our findings

therefore suggest that the long-run effects of deteriorating labor market opportunities can

begin well before adulthood.
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Online Appendix

Appendix A Datasets and Sample Selection

Current Population Survey – We use CPS data from the Annual Social and Economic

Supplement (ASEC) for our main trends. All analysis for teenagers is restricted to ages

16-18 and currently enrolled in high school. We define employment as a positive response

to the direct question on employment status. To identify transitions into teen occupations,

we use the linked monthly CPS for adults aged 19-79 who are not enrolled in an academic

program. We count moves from a non-teen to a teen occupation, either directly or through

an intervening spell of unemployment. We aggregate 4-digit ACS occupation codes into

81 broader categories following the IPUMS CPS classification, excluding the top 20 teen

occupations, and consider transitions from these into the 4-digit teen occupations.

Census and American Community Survey – We use the 5% samples of the 1990 and 2000

decennial Census and the annual 1% ACS samples for 2005-2019. The ACS underlies all

regressions in Section 3, and we also verify all aggregate CPS trends using the ACS. We

apply the same restriction for teenagers. Earnings refer to the preceding 12 months, and we

assume that they correspond to the current occupation.

National Longitudinal Surveys of Youth – The NLSY79 follows individuals aged 14-22 on

January 1, 1979, and the NLSY97 individuals aged 12-16 on December 31, 1996. Our

baseline uses the NLSY79, which covers more of the lifecycle and predates the decline in teen

employment. We obtain the county identifiers for our instruments from the restricted-access

geocoded NLSY of the Bureau of Labor Statistics and link counties to commuting zones using

the crosswalks in Autor et al. (2013). From the weekly Work History Data Files, we construct

yearly panels following Guvenen et al. (2020), except that years follow the academic calendar,

with the summer months assigned to the subsequent school year, to capture transitions at the

end of high school and hours worked while enrolled. To construct annual earnings comparable

to the ACS, we multiply the hourly wage in each occupation by the hours worked in that

occupation during the year. Because the ACS earnings variable includes tips, bonuses, and

commissions, the two measures differ slightly.

American Time Use Survey – To measure the time teenagers spend in school, at work, and

on leisure, we use the IPUMS ATUS major activity categories: “Working and Work-related

Activities” for work, “Educational activities” for schooling, and “Socializing, relaxing, and

leisure” together with “Sports, exercise, and recreation” for leisure. We assume that these

activities make up an individual’s total time budget, apply the same sample selection as in

the other datasets, and use 2003, the first year of the survey, as our baseline. For teenagers,

these activities account for 11.5 hours per day on average.
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Appendix B Empirical Robustness

B.1 Teen Employment

Our baseline sample is defined as those aged 16 to 18 who are currently enrolled in high

school. Figure E.3 shows that the decline in teen employment holds across alternative sample

definitions. In particular, when we define the sample to include all teens, regardless of

enrollment status, we obtain similar results and are able to present a trend further back in

time.

For our baseline analysis, teen employment is defined by a positive answer to the direct

questions on employment status. See Figures E.1-E.4 for alternative definitions. Our finding

of declining teen employment is not sensitive to these alternative definitions. We also show

that the decline holds for both summer and non-summer employment in Figure E.2. Figure

2 shows that we obtain a similar result when using the ACS rather than the CPS.

We use Organization for Economic Co-operation and Development (OECD) data to show

that this phenomenon is not specific to the United States. Figure F.2 plots teen employment

rates across several advanced economies and the OECD average.

B.2 Teen Occupations

The list of teen occupations is generated for those aged 16-18 who report positive hours

worked in the previous week. Table F.1 reports the top 20 occupations used to define teen

occupations. The results in Section 3 remain unchanged if we instead use the top 15 or top

30 occupations.

In order to provide consistent trends over time, it is necessary to maintain a consistent

definition of a teen occupation. For this reason, we average the top occupations over the

1986-2019 period, inclusive. The top 20 occupations consistently represent between 73% and

75% of total teen employment over this period. This occupation list is stable over time, with

all occupations in the top ten present throughout the entire period. The largest exceptions

that appear between 1986 and 1991 and drop out thereafter are “Pumping Station Operators”

and “Driver/Sales Workers and Truck Drivers,” which are ranked 13th and 15th over this

period, respectively. The largest exceptions that appear only in the 2016-2019 period are

“Athletes, Coaches, Umpires, and Related Workers” and “Law enforcement workers, nec,”

which are ranked 17th and 19th over this period, respectively. None of these occupations are

present in the averaged list.
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B.3 Factors Driving Adults into Teen Occupations

In order to motivate our empirical strategy, we first present evidence that large economy-wide

trends drive adult workers into teen occupations. We then use the characteristics of those

adults most exposed to these shocks to build instruments that exploit their differential

distribution across commuting zones.

We start by focusing on the employment rate as a proxy for business cycle fluctuations

(as in Yagan (2019)) and on the decline in manufacturing.40 We use data from the American

Community Survey (ACS) to investigate the effects of these demand factors (D), exploiting

commuting zone (c) and time (t) variation by estimating OLS regressions(
Adults in Teen Jobs

All Adults

)
c,t

= αDc,t + γXc,t + θt + ϕc + ϵc,t (B.1)

where, X includes controls for median earnings and demographics within commuting zones,

and θt and ϕc are time and commuting zone fixed effects. The variable of interest, Dc,t,

is either the total employment rate or the manufacturing employment share. We estimate

(B.1) using the years 2000 and 2010, the period of the largest decline in teen employment.41

Table B.1 shows that both factors significantly explain adult employment in teen occupations.

Commuting zones that experience negative employment shocks or a decline in manufacturing

see more adults take up teen occupations.

Table B.1: Demand Factor Regression Results

(1) (2)

Employment -0.12
(0.000)

Manufacturing -0.064
(0.015)

Observations 741 741

Notes: P-values shown in parentheses. The dependent variable is
the share of adults working in teen occupations. Source: American
Community Survey (ACS).

40We experimented with the inclusion of a “China shock” from Autor et al. (2013). However, controlling
for manufacturing absorbs the effects of increased trade competition from China.

41The qualitative relationship is robust to including more years. We discuss the time variation we exploit
in detail in Section 3.2.
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B.4 Employment Decline Regression Analysis

We re-estimate our baseline regressions using instruments constructed only from adults

without teenage children, which requires initial shares from 2000 rather than 1990, and, for

the previous occupation instrument, using end years from 2009 to 2014 instead of 2010. In

both cases, the results are essentially the same as in our baseline.

Figure B.1: Pre- and Post-Period Correlation

Notes: Each dot represents one commuting zone. The x-axis plots the change of the variable between 1990
and 2000 and the y-axis the change between 2000 and 2010. The line plots the weighted correlation between
pre- and post-period. Source: American Community Survey (ACS).
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Table B.2: First-Stage Regression Results

Adult Share

(1) (2) (3) (4) (5) (6) (7) (8)

ZCohort 0.015 0.015
(0.011) (0.021)

ZEducation 0.140 0.081 0.142 0.081
(0.000) (0.022) (0.000) (0.027)

ZPreviousOcc 0.011 0.009 0.011 0.009
(0.000) (0.002) (0.000) (0.002)

TeenEmpt−1 -0.007 0.001 -0.007 -0.000
(0.558) (0.907) (0.521) (0.996)

AdultSharet−1 -0.070 -0.101 -0.082 -0.099 -0.085 -0.098 -0.098 -0.099
(0.453) (0.230) (0.252) (0.180) (0.360) (0.269) (0.202) (0.205)

MedianWage 0.004 0.005 0.003 0.005 0.004 0.005 0.003 0.005
(0.218) (0.120) (0.264) (0.116) (0.230) (0.118) (0.268) (0.115)

EmpRate -0.134 -0.151 -0.164 -0.171 -0.132 -0.152 -0.162 -0.171
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

WhiteShare -0.055 -0.030 -0.024 -0.021 -0.056 -0.030 -0.025 -0.021
(0.001) (0.095) (0.138) (0.214) (0.001) (0.097) (0.112) (0.215)

TeenShare 0.065 -0.010 0.077 0.025 0.057 -0.009 0.068 0.025
(0.472) (0.915) (0.366) (0.789) (0.525) (0.923) (0.428) (0.790)

Manufacturing -0.098 -0.124 -0.081 -0.110 -0.101 -0.124 -0.085 -0.110
(0.001) (0.000) (0.002) (0.000) (0.000) (0.000) (0.001) (0.000)

Constant -0.007 -0.002 -0.017 -0.017 -0.006 -0.002 -0.017 -0.017
(0.312) (0.416) (0.001) (0.001) (0.358) (0.411) (0.001) (0.001)

F-stat 5.66 10.80 19.67 12.09 5.30 15.70 18.85 11.63
Observations 741 741 741 741 741 741 741 741

Notes: P-values are shown in parentheses. The dependent variable is the adult employment share in teen
occupations. All specifications include the controls used in the corresponding second-stage regression. Source:
American Community Survey (ACS).
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B.4.1 Minimum Wage Changes

We investigate whether changes in the minimum wage can help explain the decline in teen

employment. Indeed, Neumark and Shupe (2019) find that changes in state minimum wages

explain a significant part of the variation in teen employment rates between 1989 and 2015.

The authors use state-year variation to identify their coefficients and include the share of

immigrants as a measure of competition for teen jobs in their regression. In contrast, we use

the 10-year change and variation at the commuting zone level for identification. Our measure

of adults in teen jobs then quantifies the total competition faced by teenagers, including

immigrants who actually take up teen work.

Here, we use the same minimum wage data as Neumark and Shupe (2019), (the higher of

the state and federal minimum wage) for each commuting zone. We calculate the population-

weighted average minimum wage for commuting zones that span more than one state. In

contrast to Neumark and Shupe (2019), we find that changes in the minimum wage are

not significant in explaining the change in teen employment from 2000 to 2010. This seems

sensible, as the average minimum wage in the U.S. only began rising in 2005, five years after

the beginning of the sharp drop in teen employment. Also, while the levels of the minimum

wage differ across states, we do not find large variation in changes in the minimum wage

between 2000 and 2010. These changes also do not correlate with our instruments, giving

us additional confidence that we are identifying a channel independent of changes in the

minimum wage.

Finally, we view our results not as contradicting Neumark and Shupe (2019) but as

complementary. Our quantitative model exercise shows that the interaction between the

negative pressure on teen wages due to adult crowding out and the existence of a minimum

wage is quantitatively important in explaining the magnitude of the employment decline.
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Table B.5: Overidentification Tests

(1) (2) (3) (4) (5) (6)
AdultShare -3.73 -4.52 -3.24 -4.22 -3.26 -4.24

(0.003) (0.001) (0.007) (0.002) (0.007) (0.002)

ZCohort Yes Yes No No Yes Yes
ZEducation No No Yes Yes Yes Yes
ZPreviousOcc Yes Yes Yes Yes Yes Yes

F-stat 14.46 13.49 12.09 11.64 9.97 9.44
J-Test p-value 0.68 0.34 0.50 0.86 0.30 0.42

Lag Teen Emp. No Yes No Yes No Yes
Observations 741 741 741 741 741 741

Notes: P-values shown in parentheses. Source: American Community Survey (ACS).

Table B.6: Correlation Between Instruments

ZPreviousOcc ZCohort ZEducation

ZPreviousOcc 1.0 0.11 0.28
ZCohort 0.11 1.0 0.60
ZEducation 0.28 0.60 1.0

Notes: This table shows the correlation between each instrument for
decline in teen employment regressions. Source: American Community
Survey (ACS).

B.4.2 Plausibility of Instrument Exogeneity

Although there is no formal test to establish the exogeneity of our instruments, we can provide

supporting evidence for a causal interpretation of our estimates. Since our instruments follow

a Bartik-style logic, we follow the recommendations in Goldsmith-Pinkham et al. (2020).

First, since we have several instruments, we can run overidentification tests by including

different combinations of our instruments jointly in the regressions. Results in Table B.5 show

that the overidentified IV regressions deliver remarkably similar coefficients. The regressions

return large p-values for the overidentification J-tests, lending support to the validity of our

instruments. These tests are meaningful because our occupation instrument is only weakly

correlated with the demographic instruments. The instruments thus pick up distinct variation

in the data.

Next, we investigate whether our instruments are correlated with the controls. Such

correlations could be a concern if these regressors were correlated with other unobserved

factors that explain changes in teen employment. We show in the first three rows of Table B.7

that the controls are not meaningfully correlated with our instruments and explain a small

share of the variation in the instruments. Importantly, the minimum wage is uncorrelated
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with our instruments, providing further support that the relationship between adults in teen

jobs and teen employment that we identify is independent of changes in the minimum wage.

Across all instruments, the only control that is always significant is the overall employment

rate in a commuting zone. Given that we control for other measures of local economic

conditions, the employment rate is a sufficient statistic for the remaining changes in economic

activity within a commuting zone. Controlling for the employment rate therefore absorbs

additional demand factors and provides clean identification of the direct crowding-out effect.

Next, we calculate the Rotemberg weights as recommended in Goldsmith-Pinkham et

al. (2020). The weights are well behaved: the four largest, on Admin Support (0.66),

Managerial Related (0.23), Records Processing (0.08), and Health Service (0.07) occupations,

are all positive and together account for essentially all of the total weight. The largest weight

is on Admin Support occupations, one of the key cognitive middle-skill jobs that suffered

from routinization. The same is true for Records Processing workers.

While higher-skilled than the previous occupations, Managerial Related occupations saw

a reduction in employment in our period of interest, with employment falling by 3.5% from

the onset of the 2008 recession through 2010. Finally, Health Service occupations experienced

steady growth in our period of interest, but it seemingly became harder to transition from

teen jobs into those occupations as better-trained workers increasingly took up these jobs

after 2000. The share of workers with a college degree in health service occupations rose by

23% between 2000 and 2010. This, in turn, has the same effect of driving more lower-skilled

adult workers into teen jobs. Looking at the demographic instruments, we find that it is

mostly cohorts born between 1950 and 1965 that drive the first-stage correlation, precisely

those middle-aged workers who have the largest net inflows into teen jobs.

We then use these results to investigate the correlation between our explanatory variables

and each of the occupations and demographic groups with the largest Rotemberg weights.

We find results very similar to those for the aggregated instruments. Finally, we experiment

with re-estimating our IV regressions, leaving out each of the top shares from the instrument

construction. Leaving out Admin Support occupations is the only omission that weakens the

first stage enough to reduce the F-statistic below 10, although the second-stage coefficient

remains of similar magnitude. We can remove each of the other shares without affecting the

results. Across these four exclusions, the coefficient ranges from −4.01 to −4.91, compared

with −4.12 in our baseline, and the results are available upon request. Thus, we conclude

that our results do not depend on any one occupation or demographic group, although Admin

Support workers seem to play an important role.
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B.5 Adult Crowding Out and Teen College Enrollment

Adult crowding out increases the relative return to college for some teenagers, as college

graduates are much less likely to work in negatively affected teen occupations. As discussed

in Section 7.1, quantifying this channel empirically requires knowing where college-age

individuals lived during high school, which is generally unavailable without panel data.

However, since 2005, the ACS reports individuals’ residence in the previous year, allowing us

to link 19-year-olds to the commuting zone where they lived at age 18, when most were still

in high school. Denoting the previous year’s commuting zone of residence by c−1, we estimate

∆Col. Enrollmentc−1,t = β∆

(
Adults in Teen Jobs

All Adults

)
c−1,t−1

+ γ∆Xc−1,t−1 + ϵc−1,t (B.2)

for 19-year-olds, with all controls measured in the previous year and commuting zone. Since

the analysis is limited to 2005 onward, we also control for the college enrollment rate of

19-year-olds in 2005 to account for changes between 2000 and 2005. We employ the same IV

strategy as our baseline regressions, using the occupation instrument, and estimate changes

between 2005 and 2010 and between 2005 and 2015.

We find significant positive effects in both periods. The average increase in the adult share

in teen jobs between 2005 and 2010 implies an increase in college enrollment of approximately

five percentage points, equivalent to about half a standard deviation of local enrollment-

rate changes over this period. These results provide supporting evidence that increased

competition from adults for low-skill jobs raises college attendance, as predicted by the model.

However, the results should be interpreted with caution, as our measure includes enrollment

in both 4-year and 2-year colleges and does not directly establish an increase in college degree

completion.

Table B.8: Change in College Enrollment of 19-Year-olds

t = 2010 t = 2015

Adults in Teen Jobs 6.14 8.94
(0.022) (0.001)

F-stat 17.29 20.62

Observations 741 741

Notes: P-values shown in parentheses. Source: American Com-
munity Survey (ACS).
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B.6 Lifecycle Earnings Returns Regression Analysis

Table B.9: First-Stage for Earnings Returns Regressions

Avg. hours worked HS

(1) (2) (3) (4) (5) (6)

Teen emp. rate 1980 11.795 9.829 9.812 11.009 8.640 10.471
(0.000) (0.000) (0.000) (0.000) (0.001) (0.000)

Sex -1.269 -1.269 -1.271 -1.447 -1.238
(0.000) (0.000) (0.000) (0.000) (0.000)

White 0.403 0.399 0.443 0.515 0.406
(0.041) (0.048) (0.032) (0.248) (0.320)

Black -0.475 -0.480 -0.589 -0.791 -0.559
(0.024) (0.028) (0.012) (0.118) (0.009)

AFQT score 0.000 0.000 0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.870) (0.000)

Avg. life unemp. rate -0.003 0.015 0.006 0.004
(0.937) (0.723) (0.941) (0.915)

Median real earnings 1980 -0.000 -0.000 -0.000
(0.664) (0.557) (0.418)

% white 1980 -1.965 -0.446 -1.654
(0.059) (0.815) (0.071)

% teen share 1980 -1.306 16.701 2.707
(0.919) (0.476) (0.811)

% col. deg. 1980 1.400 -1.116 0.995
(0.628) (0.832) (0.695)

Intercept -0.325 0.213 0.242 1.496 2.015 1.375
(0.311) (0.564) (0.639) (0.405) (0.522) (0.380)

F-stat 152.53 101.30 98.98 54.65 11.50 66.08
Observations 3,118 3,057 3,056 3,056 1,163 4,219

Notes: P-values shown in parentheses. Columns (1)-(4) are for those who graduate high school
and do not graduate college. Column (5) is for college graduates. Column (6) is for all workers.
Source: National Longitudinal Surveys of Youth 1979 (NLSY79).
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Table B.10: Second-Stage for Earnings Returns Regressions by Age Group

log of average earnings

(1) (2) (3) (4) (5) (6) (7) (8)

Avg. hours worked HS -0.000 0.009 0.029 0.030 0.061 0.055 0.031 0.011
(0.979) (0.454) (0.040) (0.003) (0.000) (0.001) (0.102) (0.658)

Median real earnings 1980 0.000 0.000 0.000 0.000 -0.000 -0.000 -0.000 -0.000
(0.002) (0.284) (0.376) (0.897) (0.381) (0.217) (0.281) (0.284)

% white 1980 -0.203 -0.178 -0.278 -0.290 -0.191 -0.383 -0.510 -0.487
(0.019) (0.025) (0.004) (0.189) (0.115) (0.004) (0.000) (0.006)

Teen share 1980 -0.246 -5.248 -3.435 -4.672 -4.092 -5.272 -4.011 -5.083
(0.841) (0.000) (0.011) (0.012) (0.016) (0.003) (0.028) (0.023)

% col. deg. 1980 1.019 1.472 1.525 1.333 1.403 1.162 1.607 1.811
(0.000) (0.000) (0.000) (0.002) (0.001) (0.006) (0.000) (0.001)

Sex -0.215 -0.187 -0.161 -0.171 -0.163 -0.133 -0.150 -0.186
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

White -0.046 -0.059 -0.030 -0.052 -0.077 -0.068 -0.038 -0.033
(0.024) (0.002) (0.203) (0.035) (0.013) (0.021) (0.225) (0.401)

Black -0.115 -0.134 -0.112 -0.128 -0.088 -0.081 -0.089 -0.131
(0.000) (0.000) (0.000) (0.000) (0.006) (0.015) (0.010) (0.007)

AFQT score 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Avg. unemp. rate 20-24 -0.012
(0.000)

Avg. unemp. rate 25-29 -0.013
(0.000)

Avg. unemp. rate 30-34 0.007
(0.041)

Avg. unemp. rate 35-39 -0.002
(0.007)

Avg. unemp. rate 40-44 -0.009
(0.135)

Avg. unemp. rate 45-49 -0.008
(0.070)

Avg. unemp. rate 50-54 -0.008
(0.154)

Avg. unemp. rate 55-59 -0.012
(0.266)

Intercept 2.352 2.914 2.731 2.954 3.056 3.366 3.353 3.551
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

F-stat 46.96 53.49 48.72 52.15 47.48 57.27 40.25 21.38
Observations 3,121 2,876 2,531 2,351 2,088 1,949 1,765 1,092

Notes: P-values shown in parentheses. Columns are for age groups (inclusive) 20-24, 25-29, 30-34, 35-39,
40-44, 45-49, 50-54, and 55-59, respectively. Source: National Longitudinal Surveys of Youth 1979 (NLSY79).
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Table B.11: Second-Stage for Earnings Returns Regressions with NLSY97

log of average earnings

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

Avg. hours worked HS 0.036 0.042 0.016 0.024
(0.144) (0.192) (0.470) (0.303)

Median real earnings 2000 0.000 0.000 0.000 0.000
(0.496) (0.062) (0.733) (0.306)

% white 2000 -0.334 -0.054 -0.237 -0.257
(0.003) (0.710) (0.023) (0.040)

Emp. rate 2000 -2.628 -4.790 -1.711 -2.919
(0.101) (0.014) (0.289) (0.003)

Teen share 2000 -1.360 -4.590 -1.863 -2.057
(0.576) (0.110) (0.443) (0.903)

% col. deg. 2000 0.847 0.728 0.835 0.714
(0.000) (0.005) (0.000) (0.002)

Sex -0.177 -0.189 -0.175 -0.197
(0.000) (0.000) (0.000) (0.000)

White -0.024 0.072 -0.147 0.080
(0.752) (0.452) (0.054) (0.341)

Black -0.133 0.044 -0.266 -0.053
(0.080) (0.630) (0.001) (0.524)

Hispanic -0.030 0.098 -0.143 0.077
(0.694) (0.306) (0.065) (0.360)

AFQT 0.000 0.000 0.000 0.000
(0.031) (0.873) (0.007) (0.000)

Avg. life unemp. rate 0.000
(0.976)

Avg. unemp. rate 20-24 0.004
(0.585)

Avg. unemp. rate 25-29 -0.000
(0.976)

Avg. unemp. rate 30-34 -0.006
(0.382)

Intercept 5.092 6.656 4.382 5.271
(0.002) (0.001) (0.007) (0.000)

F-stat 9.56 9.85 10.00 10.67
Observations 3,424 3,710 3,236 2,798

Notes: P-values shown in parentheses. Column (1) is for all ages. Columns
(2)-(4) are for age groups 20-24, 25-29, and 30-34, respectively. Source:
National Longitudinal Surveys of Youth 1997 (NLSY97).
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Table B.12: Ordinary Least Squares for Earnings Returns Regressions

log avg. lifetime earnings

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

Avg. hours worked HS 0.023 0.015 0.015 0.013
(0.000) (0.000) (0.000) (0.000)

Sex -0.174 -0.175 -0.180
(0.000) (0.000) (0.000)

White -0.110 -0.131 -0.105
(0.000) (0.000) (0.000)

Black -0.100 -0.127 -0.124
(0.000) (0.000) (0.000)

AFQT score 0.000 0.000 0.000
(0.000) (0.000) (0.000)

Avg. life unemp. rate -0.010 -0.008
(0.000) (0.059)

Median real earnings 1980 0.000
(0.500)

% white 1980 -0.170
(0.042)

% teen share 1980 -4.385
(0.000)

% col. deg. 1980 1.710
(0.000)

Intercept 2.636 2.651 2.802 3.029
(0.000) (0.000) (0.000) (0.000)

Observations 3,923 3,796 3,794 3,056

Notes: P-values shown in parentheses. Source: National Longitudinal Surveys
of Youth 1979 (NLSY79).

61



Appendix C Quantitative Model

C.1 Computation

We solve the adult problem by backward induction from the terminal conditions V o
m

(
jo =

46, ho, ao
)
= 0 and V o

s

(
jo = 46, ho, ao

)
= 0. Integrating over adult ability ao and the labor-

market luck shocks ϵ in the first adult period yields the continuation values Eao,ϵo

[
V hs
(
j =

5, hs, he, as, ae
)]

and Eao,ϵs,ϵo

[
V u
(
j = 5, hs, he, as, ae

)]
that enter the teen problem. Compar-

ing the two at the end of the teen phase determines college attendance.

We use a logarithmically spaced rectangular grid over (he, hs), rebuilt at each parameter

evaluation to span the states reachable under the current parameters. The initial distribution

over (ae, as, hs) and the luck shocks ϵ are discretized on equal-probability quantile nodes

following Kennan (2006). We interpolate next-period value functions using shape-preserving

piecewise cubic Hermite interpolation with a tensor-product extension to two dimensions,

rather than an unconstrained cubic spline, because the value function has kinks at the

minimum wage threshold and at the college-attendance boundary. We interpolate separately

on each side of each boundary and apply the threshold or the maximum at each integration

node, so that the expectation is never taken through a smoothed kink.

At each state, we solve the interior problem and all relevant boundary problems, including

voluntary nonemployment among teenagers whose productivity exceeds the minimum-wage

threshold. For the interior branch, we locate the optimum on a coarse grid and polish it with

a Nelder-Mead search on a logistic reparametrization of (ne, z) that enforces the box and

simplex constraints. The constrained branch is a one-dimensional search over leisure, which

we solve using Brent’s method. Schooling time is then ns = 1− ne − z.

To simulate moments, we solve for the general equilibrium at the vector of internally

calibrated parameters Ξ, as a fixed point in the skill-price vector ω = (ωl, ωm, ωs), and simulate

N = 250,000 agents under the equilibrium decision rules. For transitional moments, we

re-solve and re-simulate the model after the shock to θ, holding everything else fixed. Baseline

and counterfactual simulations share common random numbers, so that differenced moments

reflect changes in behavior rather than sampling variation. The results are unchanged when

increasing N .

To calibrate the model, we minimize L(Ξ) =
(
m(Ξ) − m̂

)′
W
(
m(Ξ) − m̂

)
, where m(Ξ)

and m̂ are the vectors of model-simulated and data-equivalent moments and the weighting

matrix W is the identity matrix. All moments are normalized to lie on the unit interval, [0, 1],

so that differences in units and scale do not mechanically affect their relative weight. We

use the TikTak global optimization method from Arnoud et al. (2019), with 25,000 starting

points and Nelder-Mead as the local optimizer over 100 points.
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C.2 Additional Results

C.2.1 Output

In addition to distributional changes, the crowding out of teen workers by adults affects

aggregate output. To quantify the mechanisms underlying the 1.48% increase in output

between SS1 and SS3, Table C.1 decomposes the difference into six mechanisms: schooling and

employment human capital at labor force entry, current teen labor input, college attendance

and associated lifecycle reallocation, adult occupational reallocation, and adult labor supply

and on-the-job human capital accumulation. Since SS1 and SS3 share the same productivity

parameter θ, there is no direct productivity effect. For each mechanism, we combine its

SS1 or SS3 value with alternative combinations of the remaining mechanisms, reconstruct

individual lifecycle paths, aggregate effective labor supplied to teen, non-college, and college

occupations, and evaluate output using the common production technology.42 For example,

to isolate the effect of employment human capital at high school graduation, he, we replace

each individual’s SS1 value with their SS3 value, holding skill prices, other decision rules,

and entering schooling human capital fixed. This changes initial adult human capital for

non-college workers, and we evaluate the fixed policy functions at this altered state.

The increase in output is driven primarily by the college-choice response. Changes in

college choices raise output by 3.12%, more than twice the total increase between SS1 and

SS3. As fewer opportunities to work and accumulate employment human capital make the

non-college path less attractive, more teenagers attend college. Although these individuals

forgo four periods of market production, they accumulate more schooling human capital. For

those induced to attend college, the resulting increase in post-college effective labor more

than offsets forgone production while enrolled and reduced non-college labor. Importantly,

this output increase is a quantitative result rather than a mechanical consequence of higher

college attainment. It depends on the relative supplies of college and non-college labor and

the calibrated productivity and substitution parameters. With smaller productivity gains

from college or larger losses of non-college labor and production while enrolled, higher college

attainment could instead reduce output.

Several other mechanisms offset this increase. Most significantly, adult occupational

reallocation reduces output by 1.51%. The SS3 wage schedule induces more adults to work

in teen occupations rather than college or non-college adult occupations. This reallocation is

costly because adult human capital enters effective labor directly in college and non-college

occupations, whereas only ψ + ϕho units are used in teen occupations. Adults moving into

teen jobs therefore use their accumulated human capital less intensively while reducing labor

supplied to college and non-college sectors. Changes in adult labor-leisure choices partially

42The contribution of each mechanism depends on the values of the other mechanisms. We evaluate
all 26 = 64 subsets and compute the average marginal contribution of each mechanism across all possible
orderings.
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Table C.1: Output Decomposition between SS1 and SS3

Mechanism %∆ in Output from SS1

Entering hs +0.24
Entering he −0.18
Teen labor/leisure choice −0.29
College choice +3.12
Occupation choice −1.51
Adult labor/leisure choice +0.10

Total +1.48

Notes: This table decomposes the change in output between the initial calibrated steady
state (SS1) and the steady state isolating adult crowding out (SS3). Rows (1) and (2)
capture changes in schooling and employment human capital, respectively, at adult
entry. Row (3) captures changes in current teen labor input. Row (4) captures changes
in college choices and the associated lifecycle allocation of labor. Row (5) captures the
reallocation of adults across teen, non-college, and college occupations. Row (6) captures
changes in adult labor supply and subsequent on-the-job human capital accumulation.
Contributions are averaged over the 26 = 64 possible subsets.

offset this loss, raising output by 0.1%. Many non-college agents enter employment with

lower human capital and earnings, inducing them to substitute away from leisure toward

labor supply and human capital production.

Reduced teen employment also lowers output through two channels. Lower current teen

labor directly reduces output by 0.29%. Beyond teenage years, reduced opportunities to

accumulate employment human capital in high school lower he at adult entry, reducing output

by a further 0.18%. Thus, crowding out reduces production both immediately and through

lower subsequent worker productivity, as shocks originating in adult labor markets affect the

human capital with which teenagers enter the workforce. These losses are partially offset

by greater schooling human capital accumulation, with higher entering hs raising output by

0.24% as some teenagers reallocate time from employment toward schooling.
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Appendix D Quantitative Calibration

D.1 Returns to Teen Employment Time

A central moment in our analysis is the return to teen employment. We causally estimate

this return using geocoded NLSY data, as presented in Section 4.2. Our empirical strategy

identifies the returns to working for teenagers whose behavior changes in response to economic

conditions. We replicate this exercise in the model.

We perturb the low-skill price ωl, which anchors the teen skill-price ωl(ψ + ϕh), symmet-

rically by ±1% around its baseline equilibrium value, holding the non-teen skill-prices ωm

and ωs fixed.
43 This is a partial-equilibrium experiment in which we re-solve only the teen

problem, so teenagers re-optimize their employment time ne and reallocate their residual time

freely between schooling ns and leisure z, while the adult continuation values and the adult

leisure policy are held at their baseline values. Using identical ability draws, initial human

capital, and shock paths across the up and down perturbations, we estimate the return to

teen employment as the Wald ratio of the reduced-form earnings response to the first-stage

hours response,

β̂IV
work =

E
[
lnE | ω+

l

]
− E

[
lnE | ω−

l

]
E
[
Ne | ω+

l

]
− E

[
Ne | ω−

l

] (D.3)

where Ne =
∑4

j=1 ne,j is cumulative teen work time, lnE is log average adult earnings, and

E[·] denotes the mean over the non-college sample.

This design mirrors our empirical IV in identifying the return for teenagers whose behavior

changes with economic conditions. Raising ωl relaxes the minimum wage eligibility screen

ωl(ψ+ϕh) ≥ w̄, so the perturbation moves teen employment along both the intensive margin

(hours) and the extensive margin (which teenagers work at all). The marginal entrants have

lower working ability, so the average ability of working teens falls and the estimand recovers

a local average return for these compliers, as in the empirical estimate.

D.2 Returns to Teen Schooling Time

The curvature parameter for schooling human capital, γs, directly governs the returns to

schooling investment in terms of hdatas (i.e., the effect of not working on hdatas ). The logic

is similar to the effect of γe on earnings. The difference is that hdatas is affected only by γs.

Hence, we can identify γs by estimating the effect of working on schooling human capital in

the data and the model. In practice, we estimate the effect of the sum of hours worked during

high school on schooling human capital at graduation. In the data, we estimate equation (5)

with hdatas as the dependent variable, using the same IV strategy outlined in Section 4.2,

43The moment is unchanged under alternative perturbation sizes.
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log(hdatas ) = δ0 + δ1E
S
i + δ2Xi + ϵi (D.4)

Regression results are reported in Table F.5. In the model, we estimate equation (5) with

hmodel
s as the dependent variable, using the same strategy as Appendix D.1.

D.3 Returns to Schooling Human Capital

To calibrate ζ in the model, we use equation (7),

ho =
(
αhζs + (1− α)hζe

) 1
ζ (D.5)

We regress the earnings of recent high school graduates who do not attend college on their

accumulated hdatas .44 In practice, we select all 19-year-olds who do not attend college. We

further restrict the sample to observations with positive earnings and full-time employment

(i.e., 40 hours) at age 19. Finally, we drop observations without a complete transcript history.

We run a simple OLS regression that also includes indicators for sex and race. To facilitate

interpretation of the coefficient, we use the logarithm of both earnings and hdatas . The

coefficient of interest is 0.025, with a p-value of 0.074. We then estimate the same regression

using simulated data from the model and match the coefficient.

D.4 Model Fit Robustness

Many parameters affect average hours worked by teenagers and the gap in hours worked

between college and non-college graduates. However, because the alternative parameter

available to jointly match these two moments is also preference based, and the teen leisure

parameter κk cleanly changes these two moments while keeping the others unchanged, we vary

κk in this robustness exercise. Lowering κk by 25.2% and holding all other parameters fixed

produces an exact match of 230 for average hours worked by all teens, but overshoots the gap

between college and non-college graduates, with a regression coefficient of −176 versus −134.

Welfare results are quite similar across the two calibrations: the whole-economy welfare

change is −0.643%, compared with −0.655% in the benchmark, and the largest difference for

any group is 0.16 percentage points, for those who did not work as teenagers.

44As described in Section 6, hdatas is the cumulative GPA-weighted sum of credits for each student.
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Appendix E Figures of Teen Employment Decline

The figures in this appendix document the decline in teen employment across demographic

groups and under alternative definitions of employment. These figures restrict the sample

to teenagers aged 16-18 who are enrolled in high school, consistent with our main empirical

specifications. Because the enrollment variable is available only from 1986 onward, we begin

these figures in 1986. The decline in teen employment also holds when employment is defined

as working more than 15 hours per week or for positive usual weekly hours.

Figure E.1: Teen Employment Decline

Notes: This figure plots the employment rate for 16-18 year-olds currently enrolled in high school. Employment
is defined using the indicator variable for employment status. Source: Current Population Survey (CPS).

Figure E.2: Teen Employment Decline – Summer vs. Rest of Year

Notes: This figure plots the employment to population ratio for 16-19 year-olds. Source: Bureau of Labor
Statistics (BLS).
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Figure E.3: Teen Employment Decline by Gender and Parental Earnings

(a) By gender (b) By parental earnings

Notes: This figure plots the employment rate for 16-18 year-olds currently enrolled in high school, by gender
(panel a) and by parental earnings (panel b). Employment is defined to be those with positive hours worked
over the preceding week. Source: Current Population Survey (CPS).

Figure E.4: Teen Employment Decline – Hours and Weeks Worked

(a) Employment rate, positive hours (b) Average weeks worked

Notes: Panel (a) plots the employment rate for 16-18 year-olds currently enrolled in high school, with
employment defined as those working positive hours. Panel (b) plots the average weeks worked for the same
group. Source: Current Population Survey (CPS).
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Appendix F Additional Figures and Tables

Figure F.1: Total Teen Occupations to Population Ratio

Notes: This figure plots the total number of individuals (age 16 and older) employed in teen occupations,
relative to total population size. Source: Current Population Survey (CPS).

Figure F.2: Teen Employment Decline – Across Countries

Notes: This figure plots the employment to population ratio for 16-19 year-olds. Source: Organization for
Economic Co-operation and Development (OECD) tables.
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Figure F.3: Age and College Attainment of Adults in Teen Occupations

(a) Average age (b) Share with at least a Bachelor’s degree

Notes: This figure plots the average age (panel a) and the percentage with at least a Bachelor’s degree (panel
b) of adults 19 and older, not enrolled in an academic institution, who are employed in a teen occupation.
Source: Current Population Survey (CPS).

Figure F.4: Lifecycle Earnings and Labor Force Participation by High School Work

(a) Real annual earnings (b) Non-participation rate

Notes: This figure plots real annual earnings (panel a) and the non-participation rate (panel b) from ages
20-55, for high school graduates who never attended college, split by those who worked while in high school
and those who did not. Earnings are indexed to earnings of a 20-year-old who worked while in high school.
Real earnings are calculated using the 2012 personal consumption expenditures (PCE) price index. Source:
National Longitudinal Surveys of Youth 1979 (NLSY79).
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Figure F.5: Lifecycle Employment in Teen Occupations and Earnings by Education

(a) Employment in teen occupations (b) Earnings profiles

Notes: Panel (a) plots the percentage of adults employed in a teen occupation, by adult age and education
type, from the 2000 ACS. Panel (b) plots data average earnings profiles by high school and college education,
with high school earnings at age 55 normalized to one, from the 1980, 1990, and 2000 ACS. Source: American
Community Survey (ACS).

Table F.1: Teen Occupations

Cashiers
Laborers and Freight, Stock, and Material Movers, Hand
Chefs and Cooks
Food preparation and serving related workers, nec
Waiters and Waitresses
Childcare Workers
Counter Attendant, Cafeteria, Food Concession, and Coffee Shop
Retail Salespersons
Janitors and Building Cleaners
Agricultural workers, nec
Sales and Related Workers, All Other
Food Preparation Workers
Telemarketers
Stock Clerks and Order Fillers
Receptionists and Information Clerks
Grounds Maintenance Workers
Hosts and Hostesses, Restaurant, Lounge, and Coffee Shop
Construction Laborers
Cleaners of Vehicles and Equipment
First-Line Supervisors of Food Preparation and Serving Workers

Notes: This table reports the top 20 teen occupations that are aggregated to
define a teen occupation. Source: Current Population Survey (CPS).
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Table F.2: Top 10 Origin Occupations by Increase in Net Flows into Teen Occupations

∆ Net Inflows (1990-2000 & 2000-2010)

Admin Support
Farmers
Records Processing
Machine Operators
Printing Machine Operators
Health Diagnosing
Personal Service
Health Service
Teachers
Precision Workers

Notes: This table reports the top ten non-teen occupations in which adults are employed
before switching into teen occupations. We calculate inflows net of outflows and report the
changes in these net flows. We count those directly entering teen occupations and those who
move through unemployment spells, if their most recent occupation before unemployment
was a non-teen occupation. Source: Linked monthly Current Population Survey (CPS).

Table F.3: Wage Regression Results

(1) OLS (3) OLS
TeenWages TeenWages AdultWages AdultWages

AdultShare −10.44 1.35 −3.84 −0.62
(0.024) (0.112) (0.016) (0.066)

ZPreviousOcc Yes – Yes –
ZEducation Yes – Yes –

Observations 741 741 741 741

Notes: P-values shown in parentheses. Source: American Community Survey (ACS).
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Table F.4: High School Employment and Lifetime Earnings

log average lifetime earnings

(1) (2) (3) (4) (5) (6)

Avg. hours worked HS 0.064 0.057 0.051 0.041 0.007 0.036
(0.000) (0.000) (0.000) (0.003) (0.808) (0.006)

Sex −0.122 −0.130 −0.145 −0.236 −0.146
(0.000) (0.000) (0.000) (0.000) (0.000)

White −0.141 −0.157 −0.121 −0.103 −0.127
(0.000) (0.000) (0.000) (0.034) (0.000)

Black −0.084 −0.113 −0.109 −0.104 −0.080
(0.000) (0.000) (0.000) (0.052) (0.001)

AFQT score 0.011 0.021 0.015 0.017 0.012
(0.000) (0.000) (0.000) (0.000) (0.000)

Avg. life unemp. rate −0.018 −0.008 0.001 −0.009
(0.000) (0.067) (0.893) (0.023)

Median real earnings 1980 −0.000 −0.000 −0.000
(0.094) (0.998) (0.087)

% white 1980 −0.234 −0.027 −0.250
(0.011) (0.883) (0.004)

Teen share 1980 −4.919 −4.255 −4.662
(0.000) (0.085) (0.000)

% col. deg. 1980 1.675 0.590 1.551
(0.000) (0.262) (0.000)

Intercept 2.496 2.530 2.683 3.085 3.287 3.059
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

F-stat 152.53 101.30 98.98 54.65 11.50 66.08
Observations 3, 118 3, 057 3, 056 3, 056 1, 163 4, 219

Notes: P-values shown in parentheses. Columns (1)-(4) are for those who graduate high school and do
not graduate college. Column (5) is for college graduates. Column (6) is for all workers.
Source: Geocoded National Longitudinal Surveys of Youth 1979 (NLSY79).
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Table F.5: Second-Stage Schooling Human Capital Regressions

GPA weighted HS credits

(1) (2) (3)

Avg. hours worked HS -0.013 -0.013 -0.047
(0.020) (0.022) (0.040)

Sex 0.079 0.078 0.065
(0.000) (0.000) (0.000)

White 0.080 0.079 0.096
(0.075) (0.076) (0.134)

Black 0.037 0.037 0.031
(0.413) (0.411) (0.612)

Hispanic 0.038 0.038 0.042
(0.399) (0.397) (0.504)

AFQT score 0.000 0.000 0.000
(0.000) (0.000) (0.000)

% col. deg. 2000 -0.061 -0.214
(0.335) (0.242)

Median real earnings 2000 0.000
(0.755)

% white 2000 0.057
(0.573)

Emp. rate 2000 1.773
(0.158)

Teen share 2000 1.241
(0.504)

Intercept 0.310 0.323 -1.307
(0.000) (0.000) (0.278)

F-stat 86.81 87.94 15.12
Observations 3,096 3,096 3,096

Notes: P-values shown in parentheses. Source: National Longitudinal
Surveys of Youth 1997 (NLSY97).
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Table F.6: Externally Calibrated Parameters

Parameter Description Value Source

Preferences
J Model periods 45 Biological life 15-59
β Discount factor 0.95 Standard
Teens
c̄ Teen fixed consumption 0.35 Literature
σ2
ϵ Luck shocks 0.05 Literature
n̄e Max hours working 0.50 Teen labor laws
n̄s Min hours schooling 0.43 Standard schooling day
Adults
γo Adult human capital curvature 0.30 Literature
δo Adult human capital depreciation 0.02 Literature
Production
σ College/non-college CES parameter 0.31 Literature

Notes: This table gives model parameters, a brief description of their role, the externally
calibrated value, and the source.

Table F.7: Internally Calibrated Parameters

Parameter Value Description

Initial distributions
σ2
ae

0.0601 Employment ability variance
σ2
as

0.0202 Schooling ability variance
σ2
hs

1.04 Initial schooling human capital variance
µae -3.69 Employment ability mean
µas

0.197 Schooling ability mean
Teens
κk 0.218 Preference over leisure
γe 0.0845 Working human capital production
γs 0.673 Schooling human capital production
α 0.217 CES human capital aggregator share
ζ 0.0345 CES human capital aggregator elasticity
College
γu 0.447 College human capital production
c̄u 0.0461 Fixed college consumption
Adults
κo 2.26 Preference over leisure
µao -1.94 Adult mean level shifter
σ2
ao

0.0543 Variance of adult ability
λ 0.946 Share of schooling ability
ψ 0.454 Fixed human capital, teen occupations
ϕ 0.586 Fraction human capital, teen occupations
Production
ν 0.586 Production CES elasticity
Al 0.462 Production CES productivity
Am 0.289 Production CES productivity
θ Shock 0.0876 Percent shock to adult productivity
wmin 3.23 Minimum Wage

Notes: This table gives model parameters, the internally calibrated value, and
a brief description of their role.
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