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When Offshoring Threatens Jobs:

Lifelong Education and Occupation Choice”

Daisuke Adachi® Lars Skippert
July 9, 2025
Abstract

Manufacturing job offshoring has displaced low-skilled workers lacking transition
skills. Using Danish adult education and employer-employee data, we study how vo-
cational training influences occupational choice and mitigates labor market shocks.
Manufacturing workers trained in business services (BS) show a higher probability
of transitioning to BS occupations via dynamic difference-in-difference analysis. We
then propose and estimate a life-cycle model of training and occupation. Our model
reveals that program take-up elasticity is lower than occupation choice elasticity, indi-
cating insensitivity to program monetary value. Counterfactual wage subsidies tied
to BS programs support manufacturing-to-BS transitions and reduce labor force exits,
especially among older workers.

Keywords: Adult vocational education, life-cycle discrete choice model, labor
market resilience.
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1 Introduction

Offshoring has significantly reduced demand for low-skilled labor (e.g., Hummels ef al],
20714; Utar, P0T8), prompting renewed interest in sectoral training programs and adult
education (Katz et all, ?2027). These changes have led to job losses in traditional manu-
facturing and routine work, raising concerns about the economic and social costs of tran-
sitioning workers from declining to growing sectors. In this paper, we argue that Adult
Vocational Education (AVE) can play a supportive role in addressing these challenges.
By equipping workers with outdated skills with new competencies for emerging roles in
expanding sectors, AVE offers a pathway to mitigate job transition costs and align work-
force skills with market demands. Despite the recognized potential of adult education
(CEDEEQP, 2023), quantitative analysis for effectively evaluating adult education poli-
cies remains insufficient (Black et all, 2073). We propose a framework to assess AVE'’s
impact on occupational choices, ultimately aiming to inform policymakers on enhancing
labor market resilience to economic shocks.

We leverage Denmark’s tradition of adult education and rich administrative data. We
focus on individuals aged 25 and older whose highest educational attainment is below
university level. By targeting these individuals, AVE is expected to provide a realistic
medium- to long-term solution for redirecting obsolete skills toward relevant ones. Ad-
ditionally, Danish AVE programs offer diverse skill sets. To capture this skill heterogene-
ity, we use the Danish education classification system and match it to occupation codes.
Danish administrative data enable us to utilize this program-occupation concordance, as
they link information on all publicly funded AVE programs with employment registers
at the individual level.

We employ a dynamic difference-in-difference (DiD) approach to examine how enroll-
ment in training programs affects participants’ occupational choices and earnings over
time. The share of people participating in AVE programs at least once over their life cycle
is only 3 percent, indicating strong individual selection mechanisms. To mitigate biases

from individual heterogeneity, we match the sample based on employment history. We



find that among workers in manufacturing occupations, participants in business services
(BS) training programs transition into BS occupations 0.9-3.1 percentage points more fre-
quently than non-participants within 1-8 years of participation.

To understand the underlying mechanism and perform policy counterfactuals, we de-
velop a life-cycle model with discrete choices for participation in AVE programs and occu-
pations. Program participation increases occupation-specific human capital (Kambourov
and Manovskii, ?009). Forward-looking individuals maximize expected lifetime utility
subject to preference shocks in choosing both occupation and education categories. To
solve this decision problem parsimoniously and flexibly, we introduce a correlated Gum-
bel distribution for preference shocks. This implies that the joint probability of occupation
and program choice follows a nested logit form with two key sensitivity parameters: the
sensitivity of conditional occupation choice probability to the choice-specific value func-
tion and the marginal program choice probability.

The model is estimated in two steps. First, we apply the finite mixture method and
estimate human capital functions with unobserved heterogeneity in occupation-specific
human capital. Second, we use the nested logit choice probability to derive the log-linear
estimable equation to back out the remaining preference parameters, including the two
sensitivity parameters. The entire strategy closely follows [lraiberman (2019) but extends
it to estimate the nested logit choice probability function.

Our estimates show that program take-up sensitivity is lower than occupation choice
sensitivity, suggesting that individuals do not respond strongly to the monetary attrac-
tiveness of programs. The estimated model explains more than half of the observed vari-
ation in occupation and program choice probabilities.

We examine the effects of counterfactual changes in wage subsidy policy. We find that
subsidizing 10% of annual real earnings for BS program participants increases the share
of workers in BS occupations, with a strong churning effect that reduces manufacturing
occupation choices. This occurs due to the substitution of human capital development via

formal training programs for the accumulation of tenure in traditional occupations. We



also find that, in the context of an offshoring shock that reduces manufacturing wages,
the BS-focused reform mitigates the increase in the share of individuals exiting the labor
force, especially at older ages. These results highlight the importance of AVE program
design in revitalizing labor markets and enhancing their resilience.

This study contributes to burgeoning literature on training and job switches (Kam-
bourov et all, P020; Kafz et all, 2022).7 Our paper is most closely related to Schulze (20724),
who studies the role of adult enrollment in community colleges in mitigating the Great
Recession shock to the labor market. He finds previous employment history heterogene-
ity plays a key role in enrollment and estimates a dynamic discrete choice model of sector
and field of study to inform the tuition subsidy policy changes. We complement this pa-
per by studying an adult vocational training rather than a college education. This enables
us to tightly connect the training area and occupation groups and analyze the effect of
post-training occupation trajectories in a dynamic DiD framework.

More theoretically, this paper relates to recent literature on labor market dynamics in
relation to globalization (among others, Artug et al), P010; Dix-Carneira, P014; Caliendo
etall, P0TY). Particularly, building upon life-cycle dynamic discrete choice models, [Iraiber-
man (PZ019) examines the distributional effects of import competition across occupations.
These papers treat human capital accumulation indirectly, where workers can affect skill
levels only through job experience. In contrast, our model allows individuals to actively
develop human capital by participating in AVE programs to maximize their lifetime earn-
ings and utility.

To our knowledge, models incorporating the dynamic effects of education on labor
market outcomes treat them sequentially rather than simultaneously, motivated by ed-
ucation programs primarily designed for youth, such as college attendance (e.g., Keane
and Wolpin 1997; Heckman et all T998b; Lee 2005; Lee and Wolpin P010). Departing from

this tradition, we consider a model of per-period joint decisions regarding employment

!Early contributions in adult training literature mainly focused on the effect on labor market attachment
and income (Heckman et all, [9983; [espersen et all, P008). Card ef all (?018) provide a thorough review of
the recent literature on the performance of government-sponsored training programs.
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and program participation, reflecting the features of Danish adult vocational training.
We also build upon the literature on the analysis of Danish active labor market policies
(ALMP, Kreiner and Svarer, 202?2). One of the recent contributions is Humlum and Munch
(2019), who study the effect of the 2011 subsidy reform and the relationship between
take-up and globalization. We provide a match between the Danish version of the ISCED
education classification and the ISCO occupation groups and estimate their treatment

effects based on the dynamic DiD estimation method applied to the matching sample.

2 Background

In this section, we review the institutional setting of adult vocational training in Denmark

and describe our administrative data sources.

2.1 Structure of the Vocational Training System

Denmark’s apprenticeship system follows a dual structure that alternates between classroom-
based theoretical instruction and practical, employer-led on-the-job training. This struc-
ture, similar to systems in several European countries (e.g., Austria, Germany, and Switzer-
land), is centrally regulated but co-governed by employer and labor representatives who
define curricula, assessments, and training standards.

Training programs are organized into four broad tracks:

Personal Services (PS) - social work, nursing assistance, childcare.

Business Services (BS) - office administration, finance, retail, logistics.

Agriculture and Food (AF) - culinary training, farming, tourism.

Manufacturing and Technology (MT) - Engineering, skilled trades (e.g., carpentry,

plumbing), automotive repair.

These tracks define both the educational content and the expected occupational outcomes.



Adults (25+) typically bypass preparatory stages designed for younger cohorts and
can significantly shorten training duration through skills assessment. Adults generally
complete apprenticeship programs in 24 to 30 months, depending on the track, while
younger participants typically require 40 to 48 months. These differences reflect both for-
mal recognition of prior experience and institutional flexibility designed to accommodate
older participants.

Older apprentices are also compensated at substantially higher rates. Average hourly
wages range from €18 to €23 during the first year of training and from €21 to €24 in the
second year. In contrast, younger apprentices typically earn €11—€13 in the first year and

€13—€17 in the second.?

2.2 Data sources

We combine data from several Danish administrative registers to analyze the role of adult
apprenticeships in early and mid-career transitions. Our primary data source is the Stu-
dent Register (KOTRE), which provides complete coverage of all individuals enrolled in
publicly regulated full-time education programs in Denmark. KOTRE includes both the
level and content of education based on Denmark’s adoption of ISCED-15. This allows
us to classify vocational training programs according to the four broad apprenticeship
categories (PS, BS, AF, and MT). Moreover, KOTRE includes a pseudonymized, non-
information-carrying personal identifier that enables us to link individuals across reg-
isters.

A key feature of our classification is its greater granularity compared to prior studies.
For example, Jacobson et al] (2005) classifies community college classes into two broad
categoriesquantitative vs. non-quantitative courseswhereas our approach provides more
detailed classification tied directly to subsequent occupational pathways. This level of

specificity allows us to track career transitions with greater emphasis on training content.

2Both time-to-completion and hourly wage rates are based on our calculations using full population
data. Firms receive partial reimbursement for wages through public subsidies that vary by apprentice age
and partly offset the increased cost of training older workers.
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While other possible classifications could aggregate some tracks (e.g., combining Business
Services and Personal Services) or separate others (e.g., splitting construction from man-
ufacturing), we maintain these distinctions to better capture differences in occupational
mobility patterns and adhere to the ISCED classification.

We focus on completed apprenticeships. Given that these programs last at least one
year regardless of prior experience, no individual in our data completes more than one
program in a given year. While it is possible to complete multiple apprenticeships se-
quentially over time (e.g., completing a BS apprenticeship at age 29 and later a PS ap-
prenticeship at age 37), such cases are very rare, affecting less than 0.2 percent of our
sample. Therefore, we consider only the first apprenticeship.

We supplement KOTRE with employment data from the Integrated Database for La-
bor Market Research (IDA), which provides matched employer-employee records for the
full Danish workforce. From IDA, we extract firm and establishment identifiers, indus-
try classification based on NACE Rev. 1, occupation codes based on ISCO-08, workplace
municipality, and annual earnings for individuals” main jobs in November. Earnings data
include wages subject to labor market contributions.

Additionally, we incorporate data from two other key registers: The Register-based
Labor Force Statistics (RAS), which provides information on unemployment and labor
force participation, and the Population Register (BEF), which contains demographic vari-
ables such as age, sex, and immigration status.

All datasets are linked at the individual and firm levels using consistent pseudonymized

identifiers.

2.3 Investigative Sample

To examine the role of adult apprenticeships in career transitions, we begin by construct-
ing a sample of all individuals who turn 25 between 1993 and 2022, where the lower
bound (1993) is selected due to data availability for occupation codes. Our sample in-

cludes individuals with non-missing education levels, place of residency, and age, cover-



ing 98.5% of individual-year observations.

We then select low- and medium-skilled workers who were employed in manufactur-
ing production jobs at age 25. We define low- or medium-skilled workers as those with no
more than upper secondary education at age 25. We identify manufacturing industries
(section D of NACE Rev. 1) and define production occupations as workers with ISCO
occupations in groups 7 ("Craft and Related Trade Workers") and 8 ("Plant and Machine
Operators, and Assemblers").

Since we focus on career transitions, we map and separate subsequent occupations
into admittedly crude groups that correspond to the four vocational tracks: a produc-
tion occupation corresponds to the ISCO codes just mentioned; we define personal ser-
vice occupations as all occupations with ISCO codes 53 ("Personal Care Workers") and 54
("Protective Services Workers"); agriculture and food as all occupations with ISCO codes 6
(skilled agriculture, forestry and fishery workers), 51 (personal service workers), 52 (sales
workers); and business services as 4 (clerical support workers). We do this to clarify how
adult apprenticeships may foster transitions into different occupations. Based on these
occupation groups, we find that average annual transition rates from manufacturing to
BS occupations are 2-4%.

The Manufacturing and Technology (MT) programs and Business Services (BS) pro-
grams have ample take-up variation and are likely related to recent labor market shocks;
therefore, we focus on these two programs moving forward.

Figure [ shows the basic facts of program participation shares for our selected young
manufacturing workers as they age. Panel [a shows the portfolio of manufacturing and
Business service programs experiences, which we define by the cumulative experiences
of individuals at each age if they have taken, since age 25, (i) none of the programs, (ii)
only the manufacturing programs, (iii) only the Business service programs, or (iv) both of
the manufacturing and Business service programs.

We find that the cumulative experience increases throughout the life cycle, at least

until around the mid-40s, that Business service programs are more popular than manu-



facturing programs, and most individuals take courses in at most one area throughout
the life cycle.

Panel TB shows the share of individuals who take manufacturing and Business service
programs, conditional on the current occupations they work in. We confirm that Business
service programs are taken by more workers in general. We also find that there is a pos-
itive correlation between the current occupation group and the apprenticeship program
category—For manufacturing occupation workers, the manufacturing program share is
larger than the Business service program share; for Business service occupation workers,

BS programs dominate the program take-up.

Figure 1: Basic Facts about the Adult Apprenticeship
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Note: The left panel shows the “portfolio” of manufacturing and business-service program experiences for
our investigative sample. We define the portfolio as the cumulative experiences of individuals at each age
if they have completed, since age 25, (i) a Manufacturing and Technology (MT) apprenticeship (solid line),
(ii) a Business Service (BS) apprenticeship (long dash line). The right panel shows the conditional share
of individuals who complete an MT (dark grey) and BS apprenticeship (light grey), conditional on their
ISCO-based occupation at the time of apprenticeship. “AF” is the Agriculture and Food occupations, “MT”
is Manufacturing and Technology occupations, “BS” is Business service occupations, and “PS” for Personal
Service occupations.

Estimation Sample For the following empirical analysis, we focus on the 1973-1977
birth cohorts to study the role of adult apprenticeship in their career transitions. These co-
horts were among the first to have access to adult apprenticeships throughout their prime

working years, while also being old enough to experience career disruptions during the



Great Recession (2008-2010).

We exclude earlier cohorts because adult apprenticeship programs were introduced
after they had already entered the labor market, making their experience inconsistent
with our framework. While some older workers certainly do take advantage of these
programs, their participation is more limited and likely subject to different selection dy-
namics.

We exclude later cohorts because workers under 25 were ineligible for adult appren-
ticeships. Younger individuals may also delay training strategically to become eligible,
potentially distorting the observed take-up patterns. By focusing on a cohort that turned
25 well before the Great Recession (2008-2010), we avoid these early-career distortions

while capturing the impact of labor market shocks on mid-career workers.

3 Empirical Analysis

We study the observed dynamic relationship between the education program and oc-
cupation take-up using the local-projection difference-in-difference and the relationship

between earnings and past program take-up by a modified Mincer regression.

3.1 Offshoring and Program Take-up

To understand the impact of offshoring on workers, we first develop an offshoring expo-
sure measure. This measure is based on the concept of “narrow offshoring” as discussed
by Feenstra and Hanson (1999) and Hummels et all (?014). We collect firm-level output
product codes (HS4) from the Danish PRODCOM survey, referred to as VARS. Simultane-
ously, we gather import values from customs data, known as UHDI. Using the collected
data, we compute the total import values of the products that each firm produces. This al-
lows us to quantify the extent of offshoring activities that are likely to substitute in-house
workers at the firm level.

To assess the relationship between a worker’s offshoring exposure and their propen-

10



sity to participate in apprenticeship programs, we first calculate the 10-year (1996-2005)
growth rates of offshoring values for each firm. We then assign workers to the firm where
they were employed at the beginning of the period, 1996. Finally, we measure a worker’s
exposure based on the quantile of offshoring growth rates of their firm. We focus on low-
skilled workers, given a large body of evidence that shows the particular substitutability
of low-skilled workers with offshoring.

Figure D examines the relationship between the offshoring exposure and training in-
tensity, which indicates that workers exposed to higher levels of offshoring tend to exhibit
higher intensities of BS-program training. This finding suggests a positive correlation be-
tween offshoring exposure and the take-up of skill-enhancing training programs, partic-
ularly among low-skilled workers who may seek to enhance their employability in the

face of increasing offshoring pressures.

Figure 2: Offshoring and Training
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Note: Correlation between the quantile of offshoring exposure and the share of apprenticeship program
take-up is shown. The offshoring is measured by the centered 1996-2005 growth rate of the firm-level
narrow offshoring value of Hummels et all (2014). Each worker is assigned to the firm at which she is
employed in the baseline year. The apprentice program is classified according to the descriptions in Section
1. The left panel shows the level of the take-up share in percent, and the right panel shows the relative
percentage point to the first quantile.
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3.2 Training Program and Occupation Choice

We next study how adult apprenticeship programs correlate with worker job changes
over time. We begin by constructing treatment and comparison groups. For this pur-
pose, denote T as a treatment year, 0 as an origin occupation group, and e as an edu-
cation program category. Then, we match the individuals in the following two steps.
First, for each (7,0), we select all individuals that worked in occupation o in all years
t = 1t —5,...,7 — 1. This step ensures that the work history five years prior to the treat-
ment is matched between the treatment and comparison groups. The spirit of this choice
comes from the literature that showed that it is critical to consider a work history in the
matching procedure, as it is a crucial factor that reflects individual unobserved hetero-
geneity (Jespersen et all, 2008). Second, for each e, we define a treatment group as indi-
viduals who take up education in category e for the first time in year T and a comparison
group as those who did not take up a course in area e in year 7.

We estimate a dynamic treatment effect for each origin occupation o and education
category e, aggregated across different cohorts T by stacking cohort samples.? In this
case, the treatment is staggered across cohorts, which generates the “negative weight”
problem (De_Chaisemartin_and_d"Haultfoenille, 70720). We choose the local projection
(LP) approach and design the control group using the “clean control” described below.
We choose LP over the two-way fixed-effect (TWFE) approach for two reasons. First,
the LP approach uses a first-difference equation and does not require the inclusion of
the individual fixed effect, which is computationally feasible. Second, the LP estimator
for B does not depend on the choice of the window period for k since the estimation

equation does not depend on other values of k, while the TWFE estimator does.

3Formally, the dynamic treatment effects from the stacked sample is a weighted average of the cohort-
specific treatment effects ", from the equation

P
0,e,T 0,e,T I _o,eT 0,e,T
Yierk — Yo = a7+ BYOTADG + ) (AXi—p) vy + el @)
p=0

In our case, the weight is the cohort-T share of the residual variation in the program take-up. Making
multiple event-specific datasets and aggregating the event-specific difference-in-difference estimator is in
the same spirit as the event-by-event analysis in Cengiz et al] (?01Y).
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Following the strategy proposed by Dube et all (2022), we define an unclean control
indicator UC;; that equals zero if AD, = 1 or ADf/t 4 = 0for h < k and one otherwise.
This is equivalent to defining the observation (i, t) as a “clean” unit if either it is treated
in the period ¢ or if it did not receive any treatment up to year t + k, and including UC; ; x
eliminates the negative weight problem due to including previously treated units in the

comparison group. Formally, we estimate

Yiprk = Yipor =05 (1 + ¢f{eUCi,t,k> + By “ADj, + 6°UC; 1

P
+ ) (1 + % UCi ) AXipp) 705 + €5 )
p=0

wherek = —4,...,8withk # —1is the lag and lead from the treatment, 5, is the indicator
0,e,T
jt

is the indicator for the category-e course take-up by year t (so that Df, = 1 is an

for employment in occupation e, «

e
Dit

is the “group”-j and year-t specific fixed effects,

absorbing state), and X;; , is a control variable vector with lags p = 0, ... P. For group j,
we use a 6-digit-industry and non-employed indicator. For control variables, we use the
indicator of positive annual earnings and the log of earnings plus one. The parameter of
interest is B, which represents a weighted average of cohort-specific treatment effects
with positive weights that reflect treatment variance and subsample size.

The identification assumption in the LP-DiD is that conditional on the work history,
control variables, and fixed effects, program take-up is exogenous to the error terms. Al-
though it is not straightforward to defend this assumption under non-experimental set-
tings, we have several observations that minimize the identification concern. First, in a
meta-analysis study, Card et all (2018) report that the average program effects of ALMP
policies based on randomized experiments are similar to those from non-experimental
designs. Second, Ghanem et all (2024) clarifies the necessary and sufficient conditions
for the parallel trend assumptions under general classes of selection mechanisms. Since
our outcome variable is not earnings but the occupation dummy, the “Ashenfelter dip”

(Ashenfelter and CCard, 1985) issue, or selection on the outcome or fixed effect, is of less
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concern. The concern of the selection on the treatment effect (Roy-type selection) is mini-
mized under a highly unionized labor market like Denmark where the earnings increase
is tied to the skill levels in many cases. Nonetheless, to address remaining concerns about
selection into programs, we will estimate the dynamic discrete choice model with unob-

served comparative advantage over occupations in the following sections.

Results. We report estimation results of our aggregated LP specification (P) for the past
occupation o being manufacturing and education program category e being BS in Figure
B, and relegate other results to the Appendix. Panel Ba is the baseline result, which shows
that there are no pre-trends before the program take-up, and those who take up BS pro-
grams tend to move to BS occupations with 0.9-3.1 percentage point higher in 1-8 years
after the program than those who did not. Therefore, BS programs are likely to play a
role in helping those who have been in manufacturing occupations to move toward BS
occupations. This finding is consistent with Kambourov et al! (2020), who showed gov-

ernment sponsored training tends to shift workers into different occupations.

Figure 3: Local-projection Difference-in-difference Estimates

(a) Baseline Result (b) Subsample Analysis By Ages
.04 .06
€ .03 % € .04 i
k5 *} 3 *} }
o ©
= E=
- i r I
o | S +
& 01 { S0 b e g oo }
01T 41 44 oo ¢ -.02
4 3 -2-101 2 3 45 6 7 8 4 -3 -2-101 2 3 4 5 6 7 8
Years relative to the first KHF adult education Years relative to the first KHF adult education
o Baseline = Firm FE o Age 25-34 = Age 35-44 < Age 45-54

Note: The local projection difference-in-difference estimates from (B), where the past occupation o is the
manufacturing occupation and education category e is business service, defined in Section Z1. The left
panel shows the baseline result (circle marker) and the result with firm fixed effects (square marker). The
right panel shows the results with the subsample analysis across different age groups. Error bars show 95
percent confidence intervals. Standard errors are clustered at the individual and industry-year levels.

Panel B4 also shows the results of the same specification with the firm fixed effect,
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and they are qualitatively similar to the baseline. Therefore, production workers move
occupations when taking BS programs, whether or not the transitions involve changes
in firms or not. This is consistent with the relatively minor role played by firms in the
context of adult apprenticeship, as the program take-up decision and occupation switches
are driven primarily by individual workers. This point can also be confirmed in Figure
ATd, where we verify that our baseline results are robust to the subsample analysis by
different firm sizes.

To explore the source of the positive effect of switching from manufacturing and BS
occupations, we explore the analysis across subsamples in Panel BB. We find that the
effect is found across all age groups, but the point estimates are larger for the youngest
group of individuals (aged 25-34). This is consistent with the life-cycle model and human
capital accumulation, as the value of switching to a new occupation is higher for young
people than for older ones. Furthermore, we perform subsample analyses across firm size,
educational level, gender, and business cycle and show that positive effects are found for
most of the subsamples.? Appendix Figure B shows the results.

In Appendix Figure A2, we show the results for the other combination of previous
occupation and programs (o, e). Although there is no pretrend detected before the treat-
ment in all combinations, we find positive and significant dynamic treatment effects of
apprenticeship programs if and only if e is BS. For the case of 0 being BS, this suggests
a positive effect of upskilling since treated workers receive education on similar skills as
those that are used in their previous jobs. In contrast, the main results in Figure Ba can be
seen as reskilling in the BS occupations, since the treated workers are educated about dif-
ferent skills from those used in their previous jobs. Appendix Figure [A-3 shows the result
with the outcome variable of overall (instead of occupational) employment, confirming
positive effects for BS education (and manufacturing education for some groups) without

any significant pretrends. Finally, in Appendix A3, we show the results of cohort-specific

“The result based on the firm size suggests that the role of within-firm job assignment, which is espe-
cially prevalent for large Danish firms (Frederiksen and Katd, 2IT8), is minimal. As Cardetall (2018) point
out, in general, the effect of the ALMP is greater for women and during the recession. We find consistent
results in the sub-sample analysis on gender and business cycle.
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estimation in equation ().

3.3 Modified Mincer Equation

To study the role of program participation on earnings, we estimate the following Mincer

equation modified to the adult apprenticeship setting: for each occupation group o,

Inearnings;, = By + piagei: + B3 (age; )* + Batenure], + Bytraining?, +n) +¢;,, if oy = o,

)
where log earnings are regressed on age and its square (potential experiences) and occupation-
specific tenures (consecutive years of work), as in a standard Mincer equation, and 77 is
the individual fixed effect. Furthermore, we include a term of trainingf, ;» which is the
indicator variable if the individual has taken a program in the program field that is rel-
evant to occupation o. Therefore, B} captures how many percent of current earnings are

correlated with past training, conditioning other Mincerian variables and fixed effects.

Results. Table [ shows the regression results. Consistent with the literature, we find
positive and significant tenure effects on earnings—One additional year of experience in
occupation increases earnings by 0.8-1.7 percent, depending on the occupation.5 More-
over, we find evidence of the positive association between past training take-up and cur-
rent earnings in manufacturing, BS, and personal service (PS) occupations. The coefficient
is even larger than the tenure effect, having a 4-6 percent effect on earnings if an individ-
ual has taken a program in the relevant field. We could not find conclusive evidence
for occupations in agriculture/food occupation, possibly because of the lack of enough
variation or the negative bias due to the short-term wage drop after occupation switches
(Kambourov et all, 2020). These results suggest that apprenticeship training positively

affects human capital development.®

>Gathmann and Schonberg (?010) finds around 1 percent for the corresponding parameter.

6 Although we cannot completely disregard the possibility that the positive coefficient is an artifact of
labor market signaling rather than the human capital accumulation (Spence, 1978), we believe this concern
is minor given the target of the adult apprenticeship is at low-skilled adults.
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Table 1: Estimates of the Modified Mincer Equation

Food Manuf. BS PS
(1) () 3) 4)
age 0.071**  0.064***  (0.139**  (.102***

(0.002)  (0.001)  (0.001)  (0.002)
age squared -0.001*** -0.001*** -0.001%* -0.001***
(0.000)  (0.000)  (0.000)  (0.000)

tenure 0.008**  0.012** 0.017** 0.017***
(0.001)  (0.000)  (0.000)  (0.000)

training 0.006  0.047*** 0.048** 0.064***
(0.006)  (0.001)  (0.002)  (0.002)

N 671140 1643124 1057346 855037

Note: Estimation results of the modified Mincer equation (B) is shown. “Food” stands for the Agriculture
and Food (FJO) occupations, “Manuf.” for Manufacturing and Technology (TBT) occupations, “BS” for
Business service (KHF) occupations, and “PS” for Personal Service (OSP) occupations. Standard errors are
clustered at the individual and industry-year levels and shown in parentheses.

Appendix A4 shows a version of (B) with the time fixed effect as our motivation is
offshoring and labor market shocks, which are timely events (Table B:H). To address a
concern about earnings mean reversion, we also perform a robustness exercise with an
additional control variable of the lagged outcome variable (log earnings, Table Bf). Re-
sults are robust to these extensions.

In general, we have shown positive correlations between participation in adult ap-
prenticeship programs, choice of occupation, and earnings. However, these results are
based on arguable identification assumptions on program selections. Furthermore, these
empirical results are insufficient to rigorously sort out the job transition mechanisms and
quantitatively analyze hypothetical policy reforms on apprenticeship programs. To over-
come these shortcomings, we will develop a structural model and discuss individual joint
decisions of occupations and education programs and the effect of wage subsidy reforms

in the next section.
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4 Model

We consider an individual life-cycle model with discrete choices for participation in ap-
prenticeship programs as well as jobs. We choose a partial equilibrium framework to keep
the model simple, motivated by the fact that the take-up rate of any adult apprenticeship
program over the life cycle is fairly low, indicating that general equilibrium forces (e.g.,
reactions in skill and goods prices) due to changes in adult apprenticeship programs are
likely to be limited. We first formally introduce the sequential problem (Section ET) and

convert it to the Bellman representation in a state space (Section &E2).

4.1 Environment

Time is discrete. Consider an individual i who enters at time t = 0 and exits att = T,
which we occasionally refer to as age to consider an individual’s problem. Individual
heterogeneity is denoted by w, whose specification will be introduced later. There are
occupations 0 € 0U O and apprenticeship programs e € 0U YV, where 0 = 0 means
not employed and e = 0 means not in any program. Based on the empirical analysis
described above, we set O =V and denote the elements of these sets by 1,...,0O.

We consider the full combination of (0,¢). For instance, a worker may enroll in a
BS program while employed in a manufacturing occupation to prepare for a transition
to a BS occupation. Alternatively, a worker may enroll in a PS program while working
in a different occupation. However, she may find that a PS occupation does not align
with her preferences and therefore does not enter a PS occupation in the end. Allowing
flexibility in the choice of (o, ¢) captures the patterns of preference-based joint occupation
and education program choice that we observe in the data.

We assume that the training status is an absorbing state, motivated by the fact that the
majority of workers take vocational education at most in one field in their lifecycle. This
means that once an individual is trained in a particular program e at time t, so ¢; = ¢, she

cannot get trained again and keeps e; = e for all s > t.
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The timeline of individual decision-making is as follows. At the beginning of each
period ¢, an individual draws a vector of occupation o-program e-specific idiosyncratic
preference shocks €; = {€oet},, Given the realized value of €, she chooses the occupa-
tion and program (o, ¢), receives and consumes the earnings. Formally, the lifetime utility

maximization problem in year t =0,..., T is

_ t—t (. D
Vi = max_ E; Z B (”ot/,et/,ot/_l,et/_l,f’ + ert"et"t,> !
{Ot/’el‘/}t’:t t'=t
where ul is the deterministic utility component that depends on whether the
t,et,ot/_l,et/_l,t

individual is working or not, and E; is the expectation conditional on the information
set at the beginning of period ¢, B € (0,1) is the discount factor, and ¢ is the standard

deviation of the preference shock. The per-period utility is given by

u(l))t,et,ot_l,et_l,t = th/é’t,thOt,t — To, 1,00 — Key 1,0 T Aojes
where w, .+ is the market wage in occupation o0 when taking program e in year ¢, and h, ¢
is the occupation o-specific human capital level (e.g., Kambourov and Manovskii, 200Y),
To,_,,0; 18 the disutility from occupation transition, x,, , ., is the utility cost of participating
in vocational training programs. a,, is the constant utility shifter for choice (o, e) that
matches the observed share of 0 and e. The market wage w, . depends on the program
to incorporate wage subsidies for taking the program and is exogenous to workers.

For each occupation o, the human capital level is determined by
Inhy s = B+ Bt + PS> + Bteny  + BStrainingy s + wo + Goy (4)

where ten,; is the tenure of working in occupation o, training,; is the take-up status
of programs in occupation o in year t — 1, and ¢, is an error term following a mean-
zero normal distribution with variance (fgz. In the same spirit as [[raiberman (2019), we

assume that ¢, is unknown at the time of (o, e;) decisions, and that human capital is
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non-transferable across occupations. Namely,

teng;—1+1 ifor =04
tenolt = . (5)

0 otherwise

Non-employment is voluntary and per-period utility is given by an age-dependent func-
tion

udly = B+ B3t + B3 + wo,

independent of tenure or past training.

4.2 Solution

To solve the model recursively, we introduce the Bellman representation. We use “tilde”
notation to denote state variables determined at the beginning of each period. In this
model, the state space is the tenure and occupation in the last period, program taken,
and individual type, 5§ = (tén, 0,€ w). We can then write the deterministic choice-specific

value function vP as

Z)P (0,e|8) = wo,tht (0,€|5) + BE:Vii1 (s (5,0,¢)),

for any t, wheres (5,0,¢) = (ten (0|3) ,0,¢e,w), ten (0|5) summarizes the state variable tran-
sition, and E;V; 1 (s (§)) is the ex-ante value function conditional on the state variables
satisfying the terminal condition V71 = 0. The optimization problem is equivalent to
solving max ., oP (0, el5), and the solution can be characterized by (o, e)-specific choice

probability 7t; (0, e|3). To solve for these, we introduce the nested Gumbel distribution.

Assumption 1. (Nested Gumbel) The random vector € follows the “nested Gumbel” distribution,

given by the joint CDF:

Pr (€o,e < zoe V0,€) = €Xp (—G ({exp (—2zo,e — ’Y)}o,e>> , (6)
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where 7y is the Euler constant, and G is the correlation function:

e 0

1-p
Gla)=Y ():m,w) | ?

with® = {xoe},, and p < 1 being the correlation parameter.

The nested CES correlation function (1) allows flexibility in the correlation of the error
term conditional on the vocational skill e. A positive correlation in Gumbel errors makes
the variance less relevant and the deterministic part more relevant, as error draws are
more likely to be close values. Aligned with this intuition, if 0 < p < 1, then the choice is
more sensitive to the deterministic values within the nest. In contrast, if p < 0, the choice
is less sensitive within the nest. Furthermore, if p = 0, then the nest in () dissolves and
all error draws are uncorrelated across any pairs of (o, ¢), which reduces the distribution

with CDF (B) into independent Gumbel.

Proposition 1. Under Assumption [, the choice probability 1t:(o, e|3) features the decomposition

into the conditional probability 7t<(ole,3) conditional on education e and marginal probability

M (e|), rti(o,e|3) = 7&(ole, 3) i (e|3)M, where
vP(0,e)3) ~
e oo (G Mgy — &P ((1=p)oP(e]3))
iy (0le,§) = o T (ef8) = PP ®)
exp (v; (el3)) Yeexp ((1-p)oP(¢9))
and vP (e|3) is the inclusive value of education status e, satisfying
D(, ,l&
Diiay) — v (0, e[8)
exp (ve (e|s)) = ;exp ( = ) :
Proof. See Section Bl O

Proposition [ introduces the flexible choice probability representation. Roughly speak-
ing, the conditional probability of occupation choice changes with respect to vP with the

semi-elasticity 1/(c(1 — p)). In contrast, the marginal probability of education choice
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does with the semi-elasticity of (1 — p). If p > 0 and ¢ is sufficiently small, then the

occupation choice is more sensitive to the value than the education choice.

4.3 Discussions

We discuss issues arising from our model assumptions.

The Relationship between Occupations and Skills. In our model, vocational skills are
simplified and have a one-to-one relationship with occupation groups, so that O = V.
By contrast, several past studies explore different specifications. Examples include task-
specific skills in Gathmann and Schonberg (2010) and job-specific mixes of general multi-
dimensional skills in Cazear (2009) and Cavounidis and Lang (?020). These works provide
a parsimonious way to describe the set of potentially multi-dimensional skills required
by labor demand, be it occupations or firms. In relation to these studies, our model set-
ting can be regarded as a special case in which each occupation demands only one of
the occupation skills but not skills in other occupations. We believe that this setting is
natural in our application of vocational training as skills are fairly horizontally differenti-
ated, although extending it to one with multi-dimensional requirements of skills by each

occupation has the potential to provide different interpretations of vocational skills.

On the Renewal Action Assumption (B). This assumption implies the renewal action
being the occupation switch in the dynamic discrete choice literature (Arcidiacono and
Miller, POTT). Although it is restrictive, it is widely used as it helps reduce the state space
and helps develop an estimation equation. It is possible to relax the assumption by letting
the renewal action be, for example, only not employed (but not the occupation switch)
or away from the previous occupation for more than two periods, with an increase in

computation time.

The Implication of the Correlated Gumbel Distribution. The correlated Gumbel dis-

tribution implies education take-up and occupation switch decisions in a similar manner
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as the nested CES, with the upper nest being the occupation choice and the lower nest the
program take-up decision. As such, the dependence of p, on occupation o captures the
heterogeneous sensitivity of education take-up decisions to changes in the expected value
of taking up a program relative to that of not taking up across occupations. Therefore, for
example, we can allow that workers’ sensitivity is lower when not working than when
working due to reasons outside the model (e.g., lack of information when not working).
The correlated Gumbel distribution we adopt has a key restriction: any shocks in other
occupations do not affect the probability of education take-up decisions in the current
occupation, conditional on working in one occupation. A possible model choice to avoid
this would have been to reorder the upper and lower nests and assume the program e-
conditional elasticity of occupation-o substitution. A benefit of such an approach is that
we can allow the occupation switch sensitivity to differ across different education take-
ups. However, this approach may be problematic when it comes to estimation since we
would need to either use a small sample of education takers to infer the flexible and key

elasticity parameters or keep track of all past education take-ups.

5 Estimation

To estimate the model, we introduce the functional form for the transition cost of occupa-

tion T and education x:

7 (0]8) = 1 {0 # 0} (To,0 + To1l + To2l {0 = &} + To3t) . )
1
Kkt (e]5) =1{é=0,e # 0} (Kelo + Ke'lm +x.01{e=0}+ Kelgt) . (10)

This parametrization assumes that the two transition costs depend on tenure, past expe-

rience in occupation or education, and age.
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5.1 Estimation Method

We implement a three-step estimation, extending [Iraibermanl (2019). First, we estimate
the human capital function with finite dependence. Second, we estimate the job choice
sensitivity parameter ¢ using the Bellman equation (Artuc et al], P0T0). Finally, we esti-
mate the program choice sensitivity parameter p, using a similar idea as the second step.

To implement the first step, we construct the joint likelihood for individual i in year
t, conditional on individual heterogeneity w as ljy, = I (wjs, st 5it—1|w;, t). Using the
assumption that wage error ¢ is not observed at the time of occupation and program

choice, we can write it as

litw = @ (Inwjss; 1, wi, t) 70 (8i]Si4-1, i), (11)

where ¢ is the normal density function and 7; is the joint transition probability in Propo-
sition [. To specify the full likelihood function, we perform the pseudo expectation-
maximization (EM) algorithm developed by Arcidiacono_and Milled (2011), using the
empirical distribution of choice probabilities instead of solving the model 7; in each pa-
rameter iteration.

In the second step, we use the revealed preference representation of the value function

with respect to the choice probability. We have the following relationship:

Proposition 2. (Ex-ante value function) For any o, e, §
VE@G) = -0 [m (nfw (eys:)) +(1-p)ln (nf (ole, s))} + 9P (0,e]5). (12)

Proof. See Appendix B2. O

This proposition states that, because of the nested logit form, the marginal and condi-
tional choice probabilities are related to the ex-ante value function differently. Because we
can non-parametrically estimate both choice probabilities given the first-stage estimates,

(I2) provides a basis for estimating the remaining preference parameters. Note that, if
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p = 0, then the difference between the marginal and conditional probabilities dissolve
and the expression reduces to the case of [Iraiberman (2019).

To control for the past values V; (), we take two different (o, e) paths that start from
the same state variable 5. To control for the future expected values Vtil, we extend the

path by one period ahead and use notation o’ to denote it. Note that the model restriction

implies:
ten (o'|ten (o|ten,d) ,0) = ten (o' |ten (6]ten,d),0) =0, Yo' # 0,0

due to the renewal action assumption (Iraiberman), ?079). Namely, no matter what the
current choice of occupation o is, the next period tenure to work in a different occupation

o’ # o must be zero. More specifically, we iterate (I2) one period and rearrange it to have,

for any 3,

7t (0,¢'|3) e (0, €]s (8,0,¢))
n(ras) <o (G e e a0
o [ (A @)Y, (T € 0.¢)
o (T(l—p) [( O,tht( 4 | ) o,tht( /O| ))} + 1_P [1 (7_[{\/[ (O‘§)> +151 <7T£_A|_1 (€/|S (§,5,0))>]
i (B [ (I (0,15 (5,0,¢)) = e (0,15 (5,5,0)

+ (A, — a50) — To,0 — Kot — B{Toor — Ts00 } + Per }
+1¢ (8,0,0',¢)

where p; (5,0,¢,0',¢') is the forecast error satisfying

ut (5,0,e,0,¢') =pln (nﬂl (¢'|s (§,o,e))) + (1 —p)In (7r441 (0, €'|s (5,0,¢)))

—E [pln (ntAﬁl (¢'|s (§,o,e))> + (1 —p)In (71441 (0, €'s (§,o,e)))] :

With the first-step estimates on the human capital function, all variables are observed and

the equation can be estimated with least squares with fixed effects.
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5.2 Results

Table @ shows the estimates of the human capital function from the first stage. We find
that education significantly increases human capital, especially for the food, manufactur-
ing, and business services occupation groups. There is also a large heterogeneity in the
unobserved types across all occupation groups. This heterogeneity implies strong sorting

based on comparative advantage (Traiberman, 2019).?

Table 2: Human Capital Function Estimates

Variable Food Manufacturing Business Personal

Age 0.141 (0.034)  0.336 (0.080) -0.162 (0.039) -0.108 (0.026)
Age-squared -0.008 (0.002) -0.028 (0.007)  0.014 (0.003)  0.010 (0.002)
Tenure 0.457 (0.109)  0.285 (0.068) 0.540 (0.129) -0.613 (0.147)
Training 1.400 (0.335)  1.306 (0.313)  1.544 (0.370)  0.402 (0.096)

Low Type  -0.886(0.212) -1.426 (0.341)  -0.099 (0.024) 1.099 (0.263)
High Type  1.685(0.403) 1.773(0.424)  2.322(0.556) 3.142 (0.752)

Note: The table shows the human capital function parameters. Each column corresponds to the occupa-
tion group. “Business” are business service occupations, and “Personal” are personal service occupations.
Variable low-type shows the intercept for the low type, and high-type shows that for the high type. Boot-
strapped standard errors are shown in parentheses.

Table B shows the estimates of location parameters, averaged across different pro-
grams and occupations, respectively. Therefore, column A® shows the average occupation-
specific location parameters, while A" shows the average program-specific location pa-
rameters, normalized to the average location parameter for not employed, which is zero.
We find that the occupation-specific location parameters are all negative, implying the
disutility of working relative to not working. Next, the program-specific location pa-
rameters are negative and large in absolute terms for all four program groups, while the
parameter is positive for the no-program take-up. These imply a stronger reluctance to

participate in the program than to work, as depicted in Figure [A.

’Mraiberman (2019) finds that the coefficient on the tenure would have been upward biased if the model
does not account for the unobserved comparative advantage due to selection. We also find that the coeffi-
cient estimates on education would have had a similar upward bias.
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Table 3: Average Location Parameter Estimates

Occupation/programs A0 AV
Agriculture and Food -1.00 -2.67
Manufacturing and Technology -0.81 -1.26
Business Service (BS) -093 -1.44
Personal Service (PS) -0.75 -2.00

No education - 1.26

Note: The table shows the averages of the estimates of location parameters. A© stands for the location
parameters averaged for each occupation choice o, while A stands for the location parameters averaged
for each program choice 0. The parameter is normalized so that A = 0 for not employed, and that value
is suppressed in the table.

We estimate the scale parameter at 1/0 = 1.11, with a standard error of 0.09. This
value is close to the estimates in [[raiberman (2019), whose preferred valueis 1/0 = 1.43
with a standard error of 0.05. Samples used in these two studies are taken from Danish
administrative data, but our data construction differs since we merge the education reg-
ister and focus on the population where adult apprenticeship is relevant, and our model
adds education choice. We still find a qualitatively similar value for the occupation choice
sensitivity, which confirms the robustness of the past study.

Table B shows the estimates of education choice sensitivity 1/ (1 — p,) for different
occupation groups o. First, we find that education program choice elasticity is smaller
than occupation choice elasticity 1/c. This reveals a general insensitivity of individuals
to choose programs when the value of doing so varies. Second, the estimate is particularly
small for those not currently employed, suggesting a special insensitivity for this group of
people. This special insensitivity could be due to the limited information about program
availability when not working, while we do not take a strong stance on the exact cause of
the parameter estimates.

To check if our estimated model fits well with the observed variation, we fit the con-
ditional choice probabilities 7t; (0, e|5) from data and model for each o,¢,35, and t. Table B
shows the result of this exercise. We find that our model can explain more than half of
the data variations based on the R-squared measures for both joint and marginal distri-

butions.
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Table 4: Estimates of Program Takeup Sensitivity

(1) (2) (3) (4) (5)
Occupation Not employed Food Manu  BS PS
1/(1—po)  0.490*** 0.829% 0.924*** 0.809*** 0.938***

(0.0205) (0.0082) (0.0046) (0.0051) (0.0044)
N 4896 12078 21945 17964 22425
R-squared  0.104 0.457 0.633 0.587 0.666

Note: The table shows the estimates of program take-up sensitivity or the correlation parameter in the
correlated Gumbel distribution. In each column, estimates for different occupation groups o are shown:
Column (1) shows one for individuals not employed, (2) for workers in agriculture and food occupations,
(3) for those in manufacturing and technology occupations, (4) for those in business service occupations,
and (5) for those in personal service occupations. Standard errors are clustered at the level of the state
variable and shown in parentheses. *** p<0.01.

Table 5: Model Fit

Joint (0,e) Marginal (o) Marginal (e)

Simulated share 2.047*%*  1.202%** 1.505%+
(0.00628)  (0.00405) (0.00518)

N 98,058 34,641 44,509
R-squared 0.520 0.724 0.655

Note: The regression result of observed choice probability on model-implied choice probability 7t (o, |3).
Each observation is possible combinations of (o, ¢, 3, t). The first column shows the result of (o, e)-joint dis-
tribution, the second column that of o-marginal distribution (Hence 7 (0|3) in eq. B), and the third column
that of e-marginal distribution. Standard errors are clustered at the (5, t) level and shown in parentheses.
*** p<0.01.

6 Counterfactual Exercises

6.1 Wage Subsidy Reform

In this section, we demonstrate that our framework can be useful for several policy coun-
terfactuals. There have been several changes in the wage subsidies of adult education
programs in Denmark, while no evaluation of such policy changes with regard to life-
cycle labor supply has been made, partly due to the lack of an appropriate theoretical

framework. Our stylized model provides a first look at this issue.
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Specifically, we consider a permanent 10% increase in the wage rate w, ¢ conditional
on taking apprenticeship programs. This exercise can be thought of as an increase in
the wage subsidy reform,® or reducing the opportunity cost due to the time spent on
programs (without sacrificing the program effects). We evaluate two scenarios, one where
the subsidy is only conditional on taking programs, without specifying the types of the
programs (“universal exercise”), and the other where the subsidy is targeted at business
service (BS), so given only to those who take up programs in the BS category (“BS-targeted
exercise”).

We consider a hypothetical individual from age 25 and examine the impact on the
conditional choice probabilities over the life cycle and average earnings. To compute
such probabilities and averages, we simulate 100,000 individuals and compute the full
life-cycle path of the state vector 5, based on the model solution (8).

The effect of the universal exercise on choice probabilities is shown in Figure &. From
the left panel, we confirm that the individual is likely to shift from non-education in
the baseline to some education take-up throughout the life-cycle, as predicted from the
model. Moving on to the right panel, we find that the share of individuals increased for
manufacturing occupations the most, followed by BS occupations. There is almost null
effect on the share of food/agriculture and personal service occupations, and the not-
employed category absorbs all the reduction in the share. This effect size order among
the four employment category aligns with the baseline employment share. Therefore,
the universal exercise expanded the employment share gap between occupations. The
primary reason is the complementarity between the tenure and program take-up effect
in developing human capital and wages. It is more beneficial for workers in traditional
occupations with large shares of employment, in which they accumulate human capital
by tenure anyway, to take up the programs in the relevant fields. This can be confirmed

by a relatively large increase in the take-up of manufacturing and BS programs in the left

8The wage subsidy was initially as low as about 5 USD per hour and was gradually raised to 10 USD in
nominal terms (Deloittd, P013). The 10% subsidy increase roughly amounts to this increase for the average
earnings individual in real terms.
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Figure 4: The Effect of Universal Exercise on Program and Occupation Choice Probabili-
ties
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Note: Figures show the effect of the universal exercise, where a 10% wage subsidy is given to those who
take up any programs, on individuals” apprenticeship program and occupation choice probabilities. The
left panel shows the effect on the choice probability of program take-up, while the right panel shows the
impact on the occupation choice probabilities.

panel.

Turning to the BS-targeted exercise, we show the result in Figure B. From the left
panel, we confirm a shift from all other education categories to BS education throughout
the life-cycle, as predicted from the model. In the right panel, we find that the occupa-
tion choice probability increased significantly for BS occupations. Strikingly, there is a
strong churning effect, with the employment share of manufacturing occupations drop-
ping significantly. The main reason is the substitution of human capital development by
formal apprenticeship programs rather than experience in the work. In the new environ-
ment where BS programs are more attractive, workers know there is a good substitute for
working in traditional manufacturing occupations to accumulate occupation-specific hu-
man capital. Therefore, they reduce the chance of attachment to these occupations from
the early phase of the life-cycle.

Finally, Figure B shows the average impact of the two reforms on life-cycle earnings
across individuals. We find that both reforms lead to an increase in the average earnings,

with a stronger effect in the case of the universal reform than of the targeted reform. This
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Figure 5: The Effect of BS-Targeted Exercise on Program and Occupation Choice Proba-
bilities
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Note: Figures show the effect of the targeted exercise, where a 10% wage subsidy is given to those who
take up programs related to business-service (BS) occupations, on individuals” apprenticeship program
and occupation choice probabilities. The left panel shows the effect on the choice probability of program
take-up, while the right panel shows the impact on the occupation choice probabilities.

is not particularly surprising given the more generous feature of the universal reform. In
both cases, the positive effect is the largest during the youth period, when many individ-
uals take the apprenticeship. However, it is worth noting the positive impact diminishes
as individuals age faster under the universal reform, and at around age 50, it becomes
smaller than that of the targeted reform. This indicates that the targeted reform helps in-
dividuals to leave manufacturing occupations and transition into BS occupations, leading

to higher growth of human capital towards the end of their working life.

6.2 Resilience from the Offshoring Shock

Next, we consider the offshoring trend in the 2000s and 2010s as a case study. A common
feature of these trends is the strong negative impact on workers in the manufacturing
industries of high-income countries, such as Denmark. We model this negative impact
by reducing the average wage of manufacturing workers, w,;, by 10%. In our partial
equilibrium framework, we interpret this reduction as reflecting weakened labor demand

in the manufacturing sector and refer to it as the offshoring shock.
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Figure 6: The Effect on Average Earnings along the Life cycle
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Note: Figures show the effect of the universal exercise (blue dashed line) and the targeted exercise (red
solid line) on average earnings across simulated individuals over the life cycle. In the universal exercise, a
10% wage subsidy is given to those who take up any programs, while in the targeted exercise, a 10% wage
subsidy is given to those who take up programs related to business-service (BS) occupations.

The adult apprenticeship system can mitigate such a negative shock by providing an
alternative means of accumulating human capital. To understand how different policies
provide resilience to this negative labor market shock, we consider three apprenticeship
scenarios. First, we use the baseline estimated model as a benchmark. Second, we intro-
duce a 10% subsidy for those who enroll in any program, similar to the universal reform
scenario considered in Section Bl Finally, we examine the BS-targeted reform scenario,
where a 10% wage subsidy is granted to those in BS occupations. The aim here is not
to assess the effects of these reforms per se but to compare the impact of the offshoring
shock across the three different policy backgrounds.

As in Section B, we simulate 100,000 individuals under each scenario to compute
life-cycle paths of occupation choice. To focus on the different resilience levels of the
policies, we calculate the conditional probabilities of occupation choices (including un-
employment) conditional on working in the manufacturing sector at labor market entry.

Table B summarizes the life-cycle labor market attachment and occupation choice
shares under each scenario. Initially, under the baseline policy, there is a strong per-
sistence in attachment to manufacturing occupations throughout the life cycle (60.9% at

age 30 and 58.0% at age 60). When the offshoring shock occurs, we observe a significant
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decrease in this probability (to 42.5% and 37.6%, respectively). Meanwhile, the share of
those not in the labor force at age 30 is 6.7% higher under the shock, and this difference
increases to 12.4% by the age of 60. These figures summarize the effect of the offshoring
shocks in the baseline economy.

Under the targeted reform scenario, we observe an increase in the conditional shares
of non-employment throughout the life-cycle (for instance, 15.0% at age 30 compared to
14.2% under the baseline). This suggests that the human capital accumulation aspect
of working in manufacturing occupations is replaced by formal apprenticeship program
participation. Conversely, the universal reform leads to lower non-employment rates
throughout the life-cycle. Notably, it is only under the targeted reform scenario that we
observe a significant reduction in the employment-depriving effect of offshoring: at age
60, an additional 11.9% would move to non-employment had they worked in manufac-
turing at age 25 under the targeted reform scenario, while the corresponding shares are
12.4% under the baseline and 12.3% under the universal reform scenario. These findings

underscore the resilience of the BS-targeted reform in the face of the negative labor shock.

7 Conclusion

In this paper, we have developed a theoretical framework to consider the joint decision
of occupation choice and apprenticeship program participation by adult individuals. We
tirst discussed the vocational nature of the Danish adult education system and introduced
an education classification that can be matched with occupation codes. Using Danish
administrative data and the local projection method, we have shown that the effect of
business service education on working probability in the relevant occupation for work-
ers in manufacturing and technology occupations is 0.9-3.1 percentage points 1-8 years
after participation. Mincer regression also shows positive effects on earnings in the rel-
evant occupations for manufacturing and business-service occupations. Motivated by
these findings, we develop a stylized model of occupation and program choice with flex-

ible education program elasticities depending on occupations. We estimate the model by
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Table 6: Conditional Occupation Distribution over Life-cycle (%)

Baseline economy Under structural change shock

Age  Non-emp Agri. Manuf. BS PS Non-emp Agri. Manuf. BS PS
Baseline policy 30 14.21 8.03 6092 946 738 2093  12.03 4249 13.68 10.87
35 16.27 758 60.62 816 7.37 23.94 1147 41.65 1218 10.76

40 18.71 692 5993 775 6.69 27.54 10.55 4053 11.57 9.80

45 21.13 6.59 5919 7.10 6.00 30.98 9.83 4012 10.15 8.92

50 23.10 588 58.79 649 574 34.19 9.04 3894 950 833

55 24.96 545 5797 624 537 36.24 837 3856 9.03 781

60 25.38 512  58.00 6.03 547 37.82 8.02 3761 879 7.76
Targeted reform 30 14.99 857 5858 9.71 8.14 21.35 1231 4052 1416 11.65
35 17.21 814 5871 872 7.22 2468 1190 40.18 12.81 10.42

40 19.99 728 5795 816 6.61 28.68 1079 3893 11.77 9.83

45 21.97 6.73 56.85 7.79 6.66 31.90 997 3732 11.08 9.74

50 24.50 6.08 5645 6.81 6.16 35.05 9.03 3724 990 878

55 26.46 564 55.64 654 572 38.20 823 36.17 932 8.07

60 27.46 558 5541 6.21 5.35 39.41 813 3579 896 7.70
Universal reform 30 14.09 767 6211 859 7.53 20.70 11.86 4329 1288 11.26
35 15.50 726 6211 817 6.97 23.55 11.06 4281 1233 10.26

40 18.36 6.64 6123 737 639 27.47 10.15 4143 1143 9.52

45 20.56 6.22 6028 6.88 6.06 30.88 945 4035 10.15 9.16

50 22.75 562 59.74 6.14 574 34.28 867 3958 915 832

55 24.02 532 59.63 586 5.17 36.25 814 3913 892 755

60 24.61 531 59.38 5.64 5.06 36.94 796 3913 836 7.6l

Note: The table presents the conditional occupation choice probabilities for individuals who worked in manufacturing, production, and
routine occupations ("Manuf.") at age 25 throughout their life-cycle under various scenarios. The percentages should add up to 100% across
rows (within each age category) in each panel. The panels in the left column display simulation results under the estimated model, while
those in the right column represent results under the model with the offshoring shock, where occupation-specific skill prices are reduced
by 10%. The top, middle, and right panels illustrate the cases of the baseline policy, the business service (BS)-targeted reform, and the
universal reform, respectively. These reform scenarios are explained in the main text.



applying techniques from the dynamic discrete choice literature and find that education
switching elasticity is lower than occupation choice elasticity, especially for those who are
not employed. Policy counterfactual analysis suggests that wage subsidies conditional
on any education programs would expand existing employment share inequality across
occupation groups. In contrast, subsidies targeted at business-service-related programs
would reduce the share of workers in the manufacturing sector significantly.

There are several benefits to considering the structural model of adult apprenticeship.
First, our framework allows us to separate several mechanisms that affect occupation
choices, such as non-monetary switching costs and occupation-specific human capital.
Second, only by using the model can we formally describe different practical policy tools,
such as wage subsidies specific to groups of programs, and evaluate the labor market and
tiscal implications of hypothetical policy changes. We believe our proposal paves the way
for further academic and policy discussion on the effective design of policies to promote

education for adult individuals.
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Online Appendix (Not for review)

A Additional Empirical Results

A.1 Subsample LP-DiD Analysis

Figure A.1: Subsample Estimates for the Local-projection Difference-in-difference Speci-
fication

(a) Across Firm Size (b) Across Education Level
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Note: The subsample estimates for the local projection difference-in-difference estimates from (2), where
the past occupation o is the manufacturing occupation and education category e is business service, defined
in Section 7. The left top panel shows the results with the subsample across different firm sizes (“Small
firm” being below the median; “Large firm” being above the median). The top right panel shows the results
with the subsample across different education levels (“Low skilled” being less than high school graduates;
“Medium skilled” being youth vocational education; “High skilled” being more than college). The left
bottom panel shows the results with the subsample across gender. The right bottom panel shows the results
with the subsample across the business cycle, where the recession period is defined by the OECD Recession
Indicators for Denmark from the Peak through the Trough taken from the FRED website. Error bars show
95 percent confidence intervals. Standard errors are clustered at the individual and industry-year levels.

40



A.2 Dynamic DiD Analysis for Different Combinations of Past Occu-

pation and Education Programs

Figure A.2: The Effect of Sectoral Education on Corresponding Sectoral Employment

(a) From KHF employment to KHF education
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(c) From TBT employment to KHF education
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(b) From KHF employment to TBT education
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Note: The local projection estimates from equation (A) with the outcome variable of employment in each
program category e are shown. Panel A7 shows the case with the previous occupation of KHF and the
education category of KHF, so (0,e) = (KHF,KHF), and panels A7H, [A72d, and [A72d show the case with
(0o,e) = (KHF,TBT),(TBT,KHF),(TBT, TBT), respectively. Error bars show the 95 percent confidence
intervals. Standard errors are clustered at the individual and industry-year levels.
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Figure A.3: The Effect of Sectoral Education on Overall Employment

(a) From KHF employment to KHF education (b) From KHF employment to TBT education
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Note: The local projection estimates from equation () with the outcome variable of overall employ-
ment. Panel A7d shows the case with the previous employment sector of KHF and education sec-
tor of KHF, so (s,e) = (KHF,KHF), and panels [A7H, A7d, and show the case with (s,e) =
(KHF,TBT),(TBT,KHF), (TBT, TBT), respectively. Error bars show the 95 percent confidence intervals.

A.3 Cohort-Specific LP-DiD Estimates

Figure BTl shows the estimation result of equation (I) with (0,e) = (KHF, KHF). Figure
B2 shows the estimation result of equation (I) with (0,e) = (KHF,TBT). Figure B3
shows the estimation result of equation () with (0,e) = (TBT,KHF). Figure B4 shows
the estimation result of equation () with (0,e) = (TBT, TBT).
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Table B.1: Cohort-Specific Effects of KHF Education for KHF Workers

1) (2) 3) 4) ) (6) (7) 8) 9) (10)
k=-5 k=-4 k=-3 k=-2 k=0 k=1 k=2 k=3 k=4 k=5
KHF 1996 -0.000298  -0.00027  -0.000816 -0.000751 -0.000991  0.00853  0.00726  0.0206** 0.0157  0.0313***
(0.0054) (0.00551)  (0.00539) (0.00481) (0.00448)  (0.00735)  (0.00875) (0.00983) (0.0108)  (0.0115)
Observations 2278994 2278994 2278994 2278994 2278994 2278994 2278994 2278994 2278994 2278994
KHF 1997 0.00157 0.000312  -0.000456 -0.000144 -0.000982  -0.00797  -0.000113 0.00951  0.0174  0.0322**
(0.0061) (0.00577)  (0.00572)  (0.00516)  (0.0048) (0.00825)  (0.0099)  (0.0112)  (0.0123)  (0.0131)
Observations 2452195 2452195 2452195 2452195 2452195 2452195 2452195 2452195 2452195 2452195
KHF 1998 -0.00585** -0.00289** -0.00128  -0.000952 -0.00102  0.00856*** 0.0143** 0.0130*** 0.0189*** 0.0237***
(0.00163)  (0.00147)  (0.00133) (0.00121) (0.00113)  (0.00199)  (0.00246) (0.00281) (0.0031)  (0.00334)
Observations 2865582 2865582 2865582 2865582 2865582 2865582 2865582 2865582 2865582 2865582
KHF 1999 0.00646** -0.00258  -0.00126  -0.000481 -0.00116  0.00459*  0.0103** 0.0129*** 0.0184*** (.0222***
(0.00223)  (0.00197)  (0.00172) (0.00144) (0.00133)  (0.0024)  (0.003)  (0.0035)  (0.00391) (0.00423)
Observations 2919628 2919628 2919628 2919628 2919628 2919628 2919628 2919628 2919628 2919628
KHF 2000 -0.000257  0.0000422 -0.000719 -0.000281 -0.00155  -0.000428  0.0167*** 0.0251*** 0.0337*** 0.0365***
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(0.00454)  (0.00398)  (0.00342) (0.0028)  (0.00227)  (0.00423)  (0.00532) (0.00627) (0.00714) (0.0078)
Observations 2995368 2995368 2995368 2995368 2995368 2995368 2995368 2995368 2995368 2995368
KHF 2001 -0.000893  -0.000492  -0.000818 -0.000798 -0.00217  0.0000943 0.00549  0.00592  0.0108  0.0235***
(0.0052) (0.00451)  (0.00383) (0.00309) (0.00245)  (0.00425)  (0.00531) (0.00626) (0.00717) (0.00796)
Observations 3095244 3095244 3095244 3095244 3095244 3095244 3095244 3095244 3095244 3095244
KHF 2002 -0.000621  0.000249  0.000502 -0.000123 -0.0027 -0.00629  0.00378  -0.00733 -0.00389  -0.0174**
(0.00596)  (0.0052)  (0.00435) (0.00346) (0.00274)  (0.00433)  (0.00535) (0.0063)  (0.00725) (0.00808)
Observations 3150114 3150114 3150114 3150114 3150114 3150114 3150114 3150114 3150114 3150114
KHF 2003 0.00367 0.000632  0.000747  0.000744 -0.00373  0.00263  -0.0104  0.0107  0.0198**  0.0132
(0.00832)  (0.00731)  (0.00614) (0.00477) (0.00382)  (0.00556)  (0.00656) (0.00771) (0.00891) (0.00998)
Observations 3227298 3227298 3227298 3227298 3227298 3227298 3227298 3227298 3227298 3227298
KHF 2004 0.0142 0.00912  0.00325  0.000298  0.00000753 0.0196***  -0.00997  0.0092  0.00488  0.0348***
(0.0111) (0.00978)  (0.00826) (0.00637) (0.00513)  (0.00693)  (0.00784) (0.00896) (0.0104)  (0.0117)
Observations 3230664 3230664 3230664 3230664 3230664 3230664 3230664 3230664 3230664 3230664

Note: The local projection estimates from equation () with the outcome variable of employment in the KHF sector are shown (so e = KHF



°1

in equation ). The sample is a group of workers that continuously worked in KHF sectors for five years prior to each treatment year (so
s = KHF in equation M). Each row indicates the year of participation in KHF education (variable T in equation ). Within a row, each column
indicates the lag and lead from the treatment year (variable k in equation [). Standard errors are clustered at individual and industry-year

levels and shown in parentheses. *** p<0.01 ** p<0.05 * p<0.1.
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Table B.2: Cohort-Specific Effects of TBT Education for KHF Workers

1) () 3) 4) &) (6) @) (8) 9) (10)
k=-5 k=-4 k=-3 k=-2 k=0 k=1 k=2 k=3 k=4 k=5
TBT 1996 -0.000431 -0.0000661 0.000562  -0.0000182 -0.00082  -0.0106  -0.023 0.0295  -0.022 -0.0182
(0.0163)  (0.0166)  (0.0163) (0.0141)  (0.0136)  (0.0202)  (0.0236)  (0.0259)  (0.0277)  (0.0288)
Observations 2605497 2605497 2605497 2605497 2605497 2605497 2605497 2605497 2605497 2605497
TBT 1997 -0.00166  -0.00177  -0.00169  -0.00147  -0.002 -0.0146  -0.0188  -0.0303  0.00819  0.00305
(0.0306)  (0.0297)  (0.0294) (0.0256)  (0.0247)  (0.0384)  (0.0453)  (0.05) (0.0536)  (0.0559)
Observations 2797919 2797919 2797919 2797919 2797919 2797919 2797919 2797919 2797919 2797919
TBT 1998 -0.000568 -0.00113  -0.000612  -0.000544  -0.000696  -0.00452  -0.014 0.0203  -0.0211  0.0121
0.0271)  (0.0245)  (0.0221) (0.0195)  (0.0188)  (0.0298)  (0.0361)  (0.0403)  (0.0434)  (0.0455)
Observations 3057710 3057710 3057710 3057710 3057710 3057710 3057710 3057710 3057710 3057710
TBT 1999 -0.000973 -0.00104  0.00000342 0.000132  -0.000102  -0.0073  -0.0437*  -0.049 0.0315  -0.0372
(0.0218)  (0.0191)  (0.0165) 0.0137)  (0.0131)  (0.0214)  (0.0261)  (0.0299)  (0.0326)  (0.0344)
Observations 3215949 3215949 3215949 3215949 3215949 3215949 3215949 3215949 3215949 3215949
TBT 2000 0.0000237 -0.000107  0.0000471  -0.000321  -0.000338  -0.0139  0.00903  0.0164  0.0442  0.0407



Ly

(0.0206)  (0.0178)  (0.015) (0.0121)  (0.0102)  (0.0173)  (0.0214)  (0.0248)  (0.0276)  (0.0294)
Observations 3368307 3368307 3368307 3368307 3368307 3368307 3368307 3368307 3368307 3368307
TBT 2001 -0.000227  -0.000252  -0.0000736 -0.000103  0.0000184  0.00543  0.00647  0.00941  0.0119*  0.0142*
(0.006) (0.00509)  (0.00419)  (0.00329)  (0.00269)  (0.00427) (0.00527)  (0.00614) (0.00689) (0.00746)
Observations 3484336 3484336 3484336 3484336 3484336 3484336 3484336 3484336 3484336 3484336
TBT 2002 0.000254  0.000183  0.0000485  0.0000431  -0.0000635 0.0127*** 0.00152  0.00349  0.00497  0.00432
(0.00368)  (0.00314)  (0.00254)  (0.00194)  (0.00156)  (0.00225) (0.00275)  (0.00322) (0.00363) (0.00396)
Observations 3562907 3562907 3562907 3562907 3562907 3562907 3562907 3562907 3562907 3562907
TBT 2003 -0.000828 -0.000515  -0.000159  -0.0000994 0.0001 0.00161  0.00214  0.00907** 0.00734  -0.000954
(0.00554)  (0.00477)  (0.00389)  (0.0029)  (0.00235)  (0.00313) (0.00362)  (0.00422) (0.00476) (0.00521)
Observations 3639885 3639885 3639885 3639885 3639885 3639885 3639885 3639885 3639885 3639885
TBT 2004 -0.0018  -0.000999  -0.000794  -0.000536  0.000164  -0.00602 -0.0193** 0.0144**  0.0188** 0.0116
(0.0103)  (0.00895)  (0.00737)  (0.00548)  (0.00451)  (0.00565) (0.00622)  (0.00697) (0.00785) (0.00859)
Observations 3637130 3637130 3637130 3637130 3637130 3637130 3637130 3637130 3637130 3637130

Note: The local projection estimates from equation () with the outcome variable of employment in the TBT sector are shown (so e = TBT

in equation ). The sample is a group of workers that continuously worked in KHF sectors for five years prior to each treatment year (so
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s = KHF in equation ). Each row indicates the year of participation in TBT education (variable T in equation ). Within a row, each column
indicates the lag and lead from the treatment year (variable k in equation ). Standard errors are clustered at individual and industry-year

levels and shown in parentheses. *** p<0.01 ** p<0.05 * p<0.1.
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Table B.3: Cohort-Specific Effects of KHF Education for TBT Workers

(1) () 3) 4) %) (6) ) (8) ) (10)
k=-5 k=-4 k=-3 k=-2 k=0 k=1 k=2 k=3 k=4 k=5
KHF 1996 0.0003 -0.0000447 -0.000121  0.0000263  0.000849  0.0188*** 0.0315**  0.0280*** 0.0321*** 0.0270***
(0.00519)  (0.0053)  (0.00518)  (0.00453)  (0.00437)  (0.00649) (0.00755)  (0.00831) (0.00888) (0.00932)
Observations 2387733 2387733 2387733 2387733 2387733 2387733 2387733 2387733 2387733 2387733
KHF 1997 0.00000296 -0.000236  -0.000319  -0.000252  0.000455  0.0234*** 0.0264**  0.0242** 0.0305*** 0.0330***
(0.00534)  (0.00517)  (0.00511)  (0.00451)  (0.00434)  (0.00674) (0.00794)  (0.0088)  (0.00944) (0.00993)
Observations 2549177 2549177 2549177 2549177 2549177 2549177 2549177 2549177 2549177 2549177
KHF 1998 0.00063 0.000186  -0.0000555 -0.0000454 0.0000903 0.0037  0.00787** 0.0118** 0.0161*** 0.0186***
(0.00207)  (0.00191)  (0.00178)  (0.00159)  (0.00153)  (0.00243) (0.00294)  (0.0033)  (0.00357) (0.00377)
Observations 2725979 2725979 2725979 2725979 2725979 2725979 2725979 2725979 2725979 2725979
KHF 1999 0.00121 0.000781  0.000407  0.000122  0.000359  0.00704** 0.0124**  0.0168** 0.0162*** 0.0168**
(0.00269)  (0.0024)  (0.00215)  (0.0018)  (0.00173)  (0.00282) (0.00344)  (0.00395) (0.00433) (0.0046)
Observations 2897288 2897288 2897288 2897288 2897288 2897288 2897288 2897288 2897288 2897288
KHF 2000 0.000811  0.000582  0.000337  0.000102  0.000142  0.0145** 0.00943*  0.0199*** 0.0257*** 0.0218***
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(0.00457)  (0.004) (0.00346)  (0.00281)  (0.00239)  (0.00406) (0.00503)  (0.00583) (0.00655) (0.00706)
Observations 2973817 2973817 2973817 2973817 2973817 2973817 2973817 2973817 2973817 2973817
KHF 2001 0.00034 0.000309  0.0000978  0.0000302 -0.00012  0.0155** 0.0258**  0.0263** 0.0422*** (0.0475***
(0.00441)  (0.00379)  (0.00322)  (0.00256)  (0.00207)  (0.00338) (0.00419)  (0.00489) (0.00553) (0.00607)
Observations 3049943 3049943 3049943 3049943 3049943 3049943 3049943 3049943 3049943 3049943
KHF 2002 0.000881  0.000709  0.000416  0.000165  -0.000198 0.00769** 0.00207  0.0177*** 0.00566  0.00509
(0.005) (0.00432)  (0.00359)  (0.00278)  (0.0022)  (0.00333) (0.00409)  (0.00481) (0.00547) (0.00604)
Observations 3043479 3043479 3043479 3043479 3043479 3043479 3043479 3043479 3043479 3043479
KHF 2003 0.000971  0.000985  0.000708  0.000436  -0.00024  0.00295  0.00449  0.0149** (0.0182** 0.0265***
(0.00607)  (0.00528)  (0.0044) (0.00332)  (0.00262)  (0.00366) (0.00431)  (0.00506) (0.00579) (0.00643)
Observations 3070553 3070553 3070553 3070553 3070553 3070553 3070553 3070553 3070553 3070553
KHF 2004 -0.000278  -0.000084  0.00000901 0.0000815  0.0000096 0.0363** 0.0257***  0.0657*** 0.0455** 0.0341***
(0.0127) (0.0111)  (0.00934)  (0.00701)  (0.00559)  (0.0073)  (0.00822)  (0.00937) (0.0107)  (0.012)
Observations 3004898 3004898 3004898 3004898 3004898 3004898 3004898 3004898 3004898 3004898

Note: The local projection estimates from equation (l) with the outcome variable of employment in the KHF sector are shown (so e = KHF in

equation M). The sample is a group of workers that continuously worked in TBT sectors for five years prior to each treatment year (sos = TBT
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in equation ). Each row indicates the year of participation in KHF education (variable T in equation ). Within a row, each column indicates
the lag and lead from the treatment year (variable k in equation [). Standard errors are clustered at individual and industry-year levels and

shown in parentheses. *** p<0.01 ** p<0.05 * p<0.1.
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Table B.4: Cohort-Specific Effects of TBT Education for TBT Workers

1) (2) 3) 4) ) (6) 7) (8) ) (10)
k=-5 k=-4 k=-3 k=-2 k=0 k=1 k=2 k=3 k=4 k=5
TBT 1996 0.00112  -0.00076  -0.00411 -0.00286  0.000171 -0.00758 -0.0023  0.027 0.0385  0.0627
(0.0255)  (0.026)  (0.0256)  (0.0232)  (0.0213)  (0.0348)  (0.041)  (0.0458)  (0.0497)  (0.0529)
Observations 2488492 2488492 2488492 2488492 2488492 2488492 2488492 2488492 2488492 2488492
TBT 1997 -0.000054 0.00131  0.00203  0.00367  0.00349  0.00733  0.0115 0.0362*  0.0336  0.017
(0.0119)  (0.0113)  (0.0113)  (0.0103)  (0.00948) (0.0163)  (0.0194)  (0.0218)  (0.0237)  (0.0253)
Observations 2657575 2657575 2657575 2657575 2657575 2657575 2657575 2657575 2657575 2657575
TBT 1998 0.0077 0.00681  0.00305  0.00309  -0.001 0.104%  0.132%*  0.124%*  0.133**  (.130%**
(0.0149)  (0.0137)  (0.0126)  (0.0117)  (0.0107)  (0.0188)  (0.0231)  (0.0261)  (0.0286)  (0.0306)
Observations 2792649 2792649 2792649 2792649 2792649 2792649 2792649 2792649 2792649 2792649
TBT 1999 -0.000641 0.00138  -0.00275 -0.000156 0.00187  -0.00547 -0.0587** -0.0354  -0.0454  -0.0482
(0.0207)  (0.0187)  (0.0167)  (0.0141)  (0.0128)  (0.023)  (0.0285)  (0.033)  (0.0366)  (0.0394)
Observations 2985183 2985183 2985183 2985183 2985183 2985183 2985183 2985183 2985183 2985183
TBT 2000 00116  -0.00693  -0.00522 -0.00631  0.00261  -0.00264  0.0265 0.0842**  0.0879***  0.0727**
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(0.021)  (0.0187)  (0.0165)  (0.0135)  (0.0109)  (0.0203)  (0.0254)  (0.0298)  (0.0339)  (0.037)

Observations 3083720 3083720 3083720 3083720 3083720 3083720 3083720 3083720 3083720 3083720

TBT 2001 -0.0012  -0.000154 0.00113  0.00109  0.000811 -0.0152** -0.000093 0.00798  0.0102  0.0235*
(0.00812)  (0.00715)  (0.00621) (0.00508)  (0.00397) (0.00699) (0.0087)  (0.0102)  (0.0117)  (0.013)

Observations 3163236 ~ 3163236 3163236 3163236 3163236 3163236 3163236 3163236 3163236 3163236

TBT 2002 -0.000851 -0.000241 0.000945 0.001 0.000208  0.0128*** (0.0247***  0.0306***  0.0484*** (0.0423***
(0.00441) (0.00389) (0.00332) (0.00268) (0.00209) (0.00339) (0.00418) (0.00491) (0.00564) (0.0063)

Observations 3183146 3183146 3183146 3183146 3183146 3183146 3183146 3183146 3183146 3183146

TBT 2003 0.00491  0.00416  0.00269  0.00114  -0.00217 0.00677* 0.00315  0.0152*** 0.0148**  0.000662
(0.00523)  (0.00464) (0.00395) (0.00309) (0.00244) (0.00367) (0.00436) (0.00513) (0.00593) (0.00667)

Observations 3207302 3207302 3207302 3207302 3207302 3207302 3207302 3207302 3207302 3207302

TBT 2004 -0.000884 -0.00269  -0.00579  -0.00468  0.00456  -0.0279** 0.00543  0.0486*** 0.0406**  0.0692***
(0.0206)  (0.0184)  (0.0157)  (0.0122)  (0.00965) (0.0134)  (0.0154)  (0.0177)  (0.0206)  (0.0235)

Observations 3120133 3120133 3120133 3120133 3120133 3120133 3120133 3120133 3120133 3120133

Note: The local projection estimates from equation () with the outcome variable of employment in the TBT sector are shown (so e = TBT in

equation M). The sample is a group of workers that continuously worked in TBT sectors for five years prior to each treatment year (sos = TBT
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in equation M). Each row indicates the year of participation in TBT education (variable T in equation ). Within a row, each column indicates
the lag and lead from the treatment year (variable k in equation [). Standard errors are clustered at individual and industry-year levels and

shown in parentheses. *** p<0.01 ** p<0.05 * p<0.1.



Table B.5: Mincer Equation with Time Fixed Effects

log earnings
AgFood. Manuf. BusSer. PerSer.

Tenure 0.0199** 0.0130*** 0.0141*** (.0125***
(0.0010)  (0.0001)  (0.0002)  (0.0004)

Training -0.0766  0.0265*** 0.0211***  -0.0476%
(0.0649)  (0.0073)  (0.0028)  (0.0195)
Age controls Yes Yes Yes Yes
Individual FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
N 148611 6152134 4133980 6591667

Note: Estimation results of the modified Mincer equation (3) with the time fixed effect are shown. “AgFood”
stands for the Agriculture and Food (FJO) occupations, “ManTec” for Manufacturing and Technology (TBT)
occupations, “BusSer” for Business service (KHF) occupations, and “PerSer” for Personal Service (OSP)
occupations. Standard errors are clustered at the individual and industry-year levels.

Table B.6: Mincer Equation with the Lagged Outcome Variable

log earnings
AgFood. Manuf. BusSer. PerSer.

Tenure 0.00905**  0.00336**  0.00576*** 0.00237***
(0.000568) (0.0000988) (0.0000906) (0.000129)

Training 0.0881  0.0156**  0.00623**  -0.0556***
(0.0638)  (0.00704)  (0.00265)  (0.0188)

Llogearnings 0.0346**  0.0984**  0.129%*  (.145**
(0.00313)  (0.000829)  (0.000892)  (0.00106)

Age controls Yes Yes Yes Yes
Individual FE Yes Yes Yes Yes
N 148611 6152134 4133980 6591667

Note: Estimation results of the modified Mincer equation (8) with the lagged log earnings are shown. “Ag-
Food” stands for the Agriculture and Food (FJO) occupations, “ManTec” for Manufacturing and Technol-
ogy (TBT) occupations, “BusSer” for Business service (KHF) occupations, and “PerSer” for Personal Service
(OSP) occupations. Standard errors are clustered at the individual and industry-year levels.
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A4 Robustness Checks for Mincer Regressions

B Theory Appendix

B.1 Proof of Proposition I

We follow the argument in [ind"and Ramondd (2023). We begin with the definition of
correlation function and formalize the max probability property under multivariate o-

Frechet distribution.

Definition 1. (Correlation function) A function G : lRﬁ — IRy is a correlation function if

the associated copula function C (u) = exp <—G ((— Inu,,) o,e)) is a max-stable copula—

thatis, € ( (u() )" = € ((0),.):

Lemma 1. (Correlation function representation) et = {s’g,e}o’e follows the multivariate o-

Frechet distribution if and only if there exists a correlation function G satisfying

Pr (s’g’e < zy, Vo, e> = exp (—G ({af’ez;g}me)) . (B.1)

Proof. See Lemma O.4 in the Online Appendix of Lind and Ramonda (2023). O
Write aF = {af,}  inLemmall.

Lemma 2. (Max probability characterization) Suppose that €F follows the multivariate o-Frechet

distribution. Then:

G (aE )
- E o,e
Pr( €ge I(I)lae/XEO/e/) "~ Gla E) /
where G is the correlation function in Lemma I, and G, (aF) = 9G (af) /al, is its partial
derivative.
Proof. See Lemma O.6.1 in the Online Appendix of [ind and Ramonda (2023). O
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Next, we apply the nested CES restriction. Suppose G is given by (@). Then G is a

correlation function because

m 1 1-p
c({ur),,) = (- (p (mu) )
1 N\
=exp (mx % _Z(Z(_lnuo,«f)lp>

e 0

m

1-p
—ep | -% (;(_IMO’E)HP> = C ({toc}os)

Hence, by Lemma [, random vector ef with the CDF (B) follows the multivariate o-

Frechet distribution. The partial derivative of G is given by

o y
Goe (x) = (Z(xo',e)l_”> (Xo,e) =

o

Thus, Lemma P implies that

1\ 1-p
1—
oy (2()7)
Pr (EE E/,e/) = 9¢ . (BZ)
E

Note also that, for a random vector e following a multivariate o-Frechet distribution,

! !/ .
a new vector ef = {gE o,e} = {coeek ¢},, With constants ¢,, > 0 follows another
0,e ! ’

E E

multivariate o-Frechet distribution with a new vector of shifters a* ;. = 4, ,¢{ ., as

z
Pr (55,; < 2z, Vo, e) = Pr (ef,e < %2 v, e)

Coe

o B E [ Zoe I
—oo(~a ({5 (2) 7} )
= exp (—G ({ag’ez@g} )) . (B.3)
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We will connect the above results based on the Frechet distribution to the Gumbel
distribution. Assumption [ implies that ¢5, = (exp (¢o,c)), , follows the multivariate o-

Frechet distribution when af, = exp (ao,):

Pr <sf,e < z,, Vo, e) = Pr(exp (€p,) < 20, V0,0)
= Pr(eo,e < 1In(z0,) Vo,e)

= exp <—G ({eXp (@ge —0ln (Zo,e))}o,e>>

—exp (-6 ({atat) ).

This confirms that we can apply Lemma 2 under Assumption [I.

Finally, the (o, ¢)-choice probability can be written as

o,e

e = Pr (Voe —n}axVO e/)
< +€062V e/+soxe/Vo e)
= Pr (exp <VO€ + & e) > exp (Vo]?,e' + eox,e/> Vo', e’)
Pr(VDEE ZVD,s Az e)

where the third equality follows because the exponential function is a monotone transfor-

mation. Therefore, (B22) and (B:3) imply

(o5 (vé?e"f)”)ll”l 029 ))
o (aE (V25) ) ny (26'( 5o (Vo) )11P>

TCo,e =

Rewriting exponentiated variables af, and Vol?e’E as the level variables 4, and V[, yields

&).
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B.2 Proof of Proposition

There are two steps: ex-post value function distribution and choice-probability. In this
proof, we do not need the dependence on the state variable 3§ because we fix it in the
beginning. So, we will suppress it from the notation.

First, we will show the distribution of the ex-post value function V; (¢) follows the

Gumbel with location A — yo, where

o (£ (Eon(52)) ) ~em (L or(-ner o)

e

and scale ¢, so its mean V/ is given by A — 7o + 7o = A. This is verified by

Pr(Vi(e) <z)=Pr <rr(}%x vt (0,e) < z)

= Pr(v; (0,e) < z, Vo, e)

D
= Pr (et (0,€) < M, Yo, e)

= exp (‘G exp (_w N 7) }0,6)>

Second, we will show that this mean can be expressed in terms of the choice probabil-
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ity under conditional-marginal decomposition. This is verified by, for any 0 and e,

A=cln (Zg:exp ([1 — p] 0P (€)>>
e (11— 0o )

I
S|
-

oP (0,e
_ [—m (=) + (1 -p) {—m (7S.) + U(l(—_p))H
o [—ln (néw) —(1—p)ln <7roc|e)} + 9P (0,e),

where the second line uses the marginal probability expression, and the fourth line uses

the conditional probability expression from equation (8).
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