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Abstract

We study how students’ field of study shapes the labor market consequences of trade shocks.
We develop a dynamic general equilibrium framework that incorporates both a labor market
where workers differ in their field of study, and an education margin where students choose
their fields in anticipation of future demand. Leveraging uniquely rich Danish administrative
data, and features of the Danish university application system, we develop a methodology to
jointly estimate students’ field preferences and key labor market parameters, while allowing
for latent heterogeneity in workers’ skills and student preferences. We find that heterogene-
ity in how responsive students are to shocks, with some students being substantially more
responsive than previous estimates. However, we also find that students cluster into several
preference types over fields of study—e.g., STEM—so that they are only elastic across a subset
of fields. In ongoing work, we close the model and consider the general equilibrium conse-

quences of globalization, as well as the effects of various labor market and education policies.

JEL: F14, F16, J24, 124

*Contact information: vas@econ.au.dk, lin.tian@insead.edu, st1012@nyu. edu.


mailto:vas@econ.au.dk
mailto:lin.tian@insead.edu
mailto:st1012@nyu.edu

1 Introduction

Economic shocks—for example, globalization, automation, or immigration—can lead to signif-
icant labor market disruptions. How do the impacts of these disruptions differ across workers?
Answering this question requires understanding the differences in the tasks workers perform, and
the extent to which their skills can be transferred to new domains. Crucially, workers” skills are
shaped by the field of study they pursue while still students (Altonji et al., 2012a; Kirkeboen et al.,
2016). Thus, understanding the distributional consequences of labor market shocks, and studying
the effects of policy responses to these shocks, requires understanding how students” educational
choices interact with the labor market.

In this paper, we develop a quantitative framework to study how students decide on their
field of study, and subsequently how workers with different educational backgrounds navigate
the labor market. In our model, students choose a field of study, understanding the labor market
and forming expectation over the returns to each field. This expectation depends both on a forecast
of future prices, and the expected ability on the labor market given a course of study. Workers then
choose their occupation in every period, and can pay a cost to switch occupations in response to
shocks. Crucially, workers differ in their comparative advantage across occupations. Their ability
at different occupations is drawn at entry into the labor market, and the distribution is governed
by their prior education decisions, test scores, and other covariates. Finally, our labor market
and education model is embedded in a small open economy of labor demand where firms in
different industries are exposed to import competition, and can choose whether to use offshored
intermediates in production, and face varying export opportunities.

The context of our analysis is the Danish tertiary education system, which we discuss in de-
tail in Section 2. We use administrative data from Denmark, where we observe a long panel of
workers’ career histories between 1998 and 2018. This is merged to a panel of tertiary education
application data. In addition to the coverage and length of the data, the Danish education sys-
tem has several attractive features ideal for our study. First, the data allows us to follow every
student through multiple layers of the education system, and into their subsequent career. Sec-
ond, similar to many countries!, Denmark employs a centralized admission process to allocate
students to programs. Specifically, students who opt to enter the college system apply for admis-

sion by submitting a list of priorities over institutions and programs (e.g., Business Economics at

1For example, Norway (Kirkeboen et al., 2016), Turkey (Balinski and Sonmez, 1999), and Chile (Hastings et al., 2013).



Aarhus University). The education ministry then allocates students according to a deferred ac-
ceptance algorithm, in which students are ranked by their application score and are assigned to
places based on their preferred choices. In principle, the process is strategy-proof, provides us
with truthful measures of individuals’ ranking over fields. We also show that students tend to
cluster on fields—for example, students whose first priority is a STEM field are highly likely to
submit another STEM field as their second priority.

Using the dataset, Section 3 documents several stylized facts. We show that different fields
of study prepare workers for a fairly specialized set of occupations, but with substantial hetero-
geneity in how specialized each field is. We then show that a large fraction of reallocation across
occupations over time is explained by the sorting patterns of different cohorts. Specifically, for
each occupation, we use the fixed effects decomposition proposed by Porzio et al. (2022). Depend-
ing on the occupation, cohort effects explain up to 90% of growth (or decline) between 1998 and
2018, highlighting the temporal variation in students’ career choices. Finally, we use a Kitagawa-
Blinder-Oaxaca decomposition to trace out the importance of field of study in how new cohorts
re-sort across occupations. Altogether, this set of facts suggests that a model that seeks to under-
stand how workers’ respond to labor market shocks needs to incorporate both heterogeneity in
workers” educational background as well as students” education choices.

Motivated by these facts, in Section 4 we develop a model of labor supply and educational
choices. In the career choice block of our model, workers choose their occupation in each period
ala Artug et al. (2010). Workers make different career choices for two reasons: switching requires
paying a partially-stochastic fixed cost, and workers differ in their comparative advantages across
occupations. Specifically, at the beginning of their careers, workers draw a vector of productivities
across different occupations. This vector is drawn from a distribution that depends on workers’
innate talents, measured by test scores, their field of study, and other characteristics. Abilities
differ within and across educational backgrounds. For example, social science majors, on average
can have higher quantitative skills than humanities majors, while some social science majors can
still have poorer quantitative skills and higher communication skills.

In the education block of our model, students choose which field of study to pursue. This
block of the model builds on the large literature that models major choice (Kinsler and Pavan,
2015; Arcidiacono et al., 2020). Students do not know what their labor market type will be, but
understand that it is mediated by their education choice. For example, they understand that they

will draw from a distribution with higher quantitative skills if they study a STEM field. They are



allocated by reporting a ranking over fields to a centralized authority, who then allocates students
using the deferred acceptance algorithm. Students are heterogeneous in three dimensions: they
can vary in their non-pecuniary preferences across fields, they can vary in their preferences for
income relative to non-pecuniary factors, and the value of a field of study can vary across students’
observable characteristics, such as test scores.

In Section 4, we present our method for estimating the model. To estimate the labor supply
block of the model we use a two-stage estimator, following the approach of Traiberman (2019),
which builds on Arcidiacono and Miller (2011). In the first stage, we use a modified Expectation-
Maximization (EM) algorithm to recover a subset of parameters, including the distribution of the
comparative advantage. Workers’ comparative advantage is unobserved to the econometrician,
and treated as drawn from a set of finite latent types. Thus, we recover the probability that each
worker is of each type. In the second stage, with the distribution of latent types known, we use
the estimator of Artug et al. (2010) to recover the remaining labor supply parameters.

We next estimate the parameters of the student’s field choice problem. This exercise is compli-
cated by two features of the model: first, students make decisions based on ability and preferences
which are only partially observable to the econometrician; second, returns to different fields of
study are not directly measurable in the data, as they depend on yet-unrealized future wages. To
deal with the second problem, we develop a recursive representation of the returns to a field of
study that depends on observed labor market variables and an unobserved continuation value.
We exploit the fact that we observe multiple years of applications to nonparametrically estimate
the unobserved continuation value in the final period, and use this as a control in earlier peri-
ods. To deal with the first problem, we build on the education literature that exploits the deferred
acceptance algorithm (Luflade, 2019; Fack et al., 2019). Specifically, we posit that preferences are
drawn from a mixed logit model (Berry et al., 1995), and use information on the students’ ranking
over many alternatives to identify latent heterogeneity over unobserved preferences (Beggs et al.,
1981).

In Section 6 we present estimates from the labor market and field choice blocks of our model.
On the labor market side, we show that controlling for workers’ field of study, as well as their la-
tent comparative advantage, is quantitatively important for estimating the elasticity of switching
occupations, as well as occupational switching costs. For example, our model predicts that a 1%
decline in the NPV of an occupation leads to an 11% increase in the exit from an occupation. Mod-

els omitting these mechanisms predict less than 1/5 of this effect, compensated with excessively



large estimates of occupational switching costs. We also find strong evidence that certain fields are
very specialized in the set of occupations they prepare workers for, while others are more general
(Leighton and Speer, 2020). Finally, we document both heterogeneity in comparative advantage
across workers and, more novel, heterogeneity in the distribution of latent comparative advantage
conditional on field of study.

Turning to the field choice block of the model, our results suggest an important role for het-
erogeneity across workers. First, we show that different types cluster into intuitive sets of fields.
For example, one type clusters onto “STEM" fields, another type clusters into education and care
fields, and so on. Second, we show heterogeneity in how responsive students are to changes
in the returns to fields. For high-elasticity types, we show that a 1% increase in the NPV of a
field increases entry into that field by .84%. This number is large relative to estimates in Wiswall
and Zafar (2015). However, low-elasticity types are almost completely unresponsive to income
changes. For all types, preferences are very strong—so even those who are relatively elastic are
elastic only over a small set of fields. For example, we find that students who prefer STEM fields
are relatively elastic over STEM fields, but have a near-zero probability of selecting fields outside
of this set.

In Section 7, which is in progress, we will use our estimates to perform several counterfactual
experiments. To do so, we first close our model by embedding the labor supply side into a small
open economy model of labor demand. Firms in different industries face import competition and
can choose to use offshored intermediates in production, generating heterogeneous responses to
trade shocks across occupations. We adopt the exact hat algebra approach to estimate the labor
demand parameters and solve the counterfactuals. The first counterfactual uses our model to
quantify the labor market consequences of reductions in import and offshoring costs (hereafter,
“Globalization”). We take full account of the distributional consequences across incumbents in
different fields of study, as well as the dynamic implications of endogenous education decisions.
In a planned second counterfactual, we consider the implications of an education policy that pro-
motes entry into STEM fields.

Our project contributes primarily to the literature on trade and labor market dynamics. A bevy
of influential reduced form work (Autor et al., 2013, 2014; Dix-Carneiro and Kovak, 2017; Hum-
mels et al., 2014) has shown that trade shocks can have long-lasting effects on workers. While this
literature has been very influential, it is incomplete when it comes to answering certain counterfac-

tual questions—-especially those requiring thinking about how prices respond to policy changes



or alternative shocks. To answer these questions, there has been a large literature modeling labor
market dynamics in an open economy. This project builds on this tradition. To date, authors have
explored the importance of firm reallocation (Helpman et al., 2016), occupational and industrial
reallocation (Artug et al., 2010; Dix-Carneiro, 2014; Traiberman, 2019), and regional reallocation
(Caliendo et al., 2019). These models have also explored questions beyond simple trade shocks,
considering also trade deficits (Dix-Carneiro et al., 2023), migration (Burstein et al., 2020; Caliendo
et al., 2021), and capital dynamics (Kleinman et al., 2023). Nevertheless, the distribution of hu-
man capital in these models is treated as a primitive, invariant to shocks and other changes in the
economy. Indeed, in most papers, workers are treated as homogeneous conditional on their most
recent sector, occupation, or region (and perhaps some observable characteristics). This is not in
line with recent reduced form work in both developing countries, and advanced economies, that
shows that human capital does respond to trade shocks (Atkin, 2016; Blanchard and Olney, 2017;
Greenland and Lopresti, 2016). Our project leverages unique features of the Danish environment
and richness of the Danish data—discussed in section 2—to integrate human capital decisions,
labor, and trade.

Our paper also contributes to the large literature on college major choice and the labor market.
Numerous papers have documented variation in the returns to different fields of study (Kirkeboen
et al., 2016; Bleemer and Mehta, 2022; Andrews et al., 2022), and also explored the importance of
different features of majors, such as specificity (Leighton and Speer, 2020).> Our paper is most
closely related to the subset of the literature focused on estimating models of human capital ac-
cumulation in tertiary education—for example,Arcidiacono (2004) and Kinsler and Pavan (2015),
who both estimate both a labor market process alongside a human capital decision. We also build
on the seminal work of Keane and Wolpin (1997), who model labor demand in addition to a col-
lege decision. Our paper contributes to this literature in two ways. First, due to the breadth of the
Danish data, we are able to estimate a very rich labor supply side of our model. This is important
in order to capture the general equilibrium consequences of the globalization shocks we are inter-
ested in studying. Second, due to the centralized admissions system in Denmark, we can rely on
recent advances in identifying education preferences, e.g., Luflade (2019), to discipline our model,

featuring many different fields of study, and many different latent types.

2 Altonji et al. (2016) and Altonji et al. (2012b) are excellent surveys, containing many more references, as well as
discussions of structural modeling issues.



2 Data and Institutional Background

In this section, we describe the data sources and definitions used in the empirical analysis. We then
provide a brief description of the Danish tertiary education system and show prominent features

in applicants’ applications and field choices.

2.1 Data Sources

Our study period is between 1998 and 2018. We combine several datasets for our analysis. The first
is the Integrated Database for Labour Market Research (IDA)—a panel dataset with information on
the universe of Danish workers over 15, both native and non-native. Briefly, this dataset includes
information on employment status, earnings (in November of the year), ISCO-based occupation,
age, sex at birth, and other demographic variables.

To IDA we merge the Education Register (UDDA), which contains information on highest com-
pleted level of education, year of graduation, as well as each individuals’ field of study, catego-
rized by the International Standard Classification of Education (ISCED). Finally, we use the data
from the Coordinated Admissions System (KOT) run by the Ministry of Higher Education and Sci-
ence. This dataset contains information on students” applications, including information on which
programs they apply to and to which programs they are admitted. The Data Appendix contains a
complete description of how we merged codes from KOT—which are based on the program and
institution—to the UDDA codes.

Data on firms, which contains information on industry classifications, wages, and a list of
products produced, come from two datasets: the Firm Accounting Statistics Register (FIRE) and
the domestic production survey (ProdCom). The former allows for a firm level panel to be con-
structed. The latter, which is only available for industries classified as producing industries, con-
tains information, for each firm, on product-level sales (both revenue and quantity) at the Com-
bined Nomenclature (CN) 8 digit level. The CN is the EU’s specialization of the HS 6, and we
conduct all of our analysis aggregating to the HS 6 level. The last source of data from Denmark
that we use is the Danish Foreign Trade Statistics Register (UHDI). These data are product-firm-

origin/destination level customs data on all international transactions.?

They contain data on
value of imports and exports at the CN 8 level, and often also contain quantity and unit value

information.

3For EU countries, there is a minimum reporting threshold.



We supplement this data with two publicly available datasets. First, we use the O*Net Database,
which is maintained by the National Center for O*NET Development under sponsorship of the
US Department of Labor. These data, which can be merged to the Danish occupation codes, are
aggregated from survey responses pertaining to the importance of various tasks, skills, and types
of knowledge to different occupations. Second, we use Comtrade for global imports and exports

of goods at the HS 6 level.

2.2 Defining Fields and Occupations

Our definition of fields is based on the Danish variant of the ISCED-F classification of fields. The
ISCED-F classification breaks fields into 27 broad categories. We aggregate several of the codes,
and split apart a few codes (for example, separating Health to distinguish between Professional
Bachelor’s Programs and University Bachelor’s Programs). The complete classification and our
aggregation can be found in Table 1 of the Data Appendix. Our definition of level of education is
also based on the ISCED system, and we divide students into three levels: no tertiary education,
short-cycle or vocational education, and medium-cycle or higher education.

Occupations in Denmark are recorded according to the ISCO classification. There is a break
in the recording of occupational codes beginning in 2009, as the ILO updated the codes. We use
the concordance of (Humlum, 2021) to create a time-consistent series of occupations. For data
quality issues, we focus on 2 digit occupational codes. After removing some small occupations,
this yields 22 occupations. The Data Appendix contains a complete description of how we concord
and aggregate occupations over time, how we deal with variation in the quality of occupational
codes (e.g., some occupations are recorded according to an employee register, while others are

imputed), and how we partially impute missing codes.

2.3 The Danish Education System

In our analysis we focus on two types of tertiary education in Denmark—both covered by the KOT
data: medium-cycle, Professional Bachelor’s degrees, and higher-cycle, University Bachelor’s de-
grees.

Professional Bachelor’s degrees require three years of schooling and focus on technical and
readily-marketable skills. This class of programs can include vocational training, but is strictly

broader and also includes business or education training. University Bachelor’s programs are



closer to a standard American 4 year degree. In Denmark, a Master’s program is very common.
Therefore, in our analysis, we assume that students will complete a Master’s and assume they
enter the labor market only after having completed this program, some time in their mid 20s.

Entry in both of these sets of programs is based on high school GPA and exams. Students
submit up to 8 choices for school and field. Different schools and fields of study have different
GPA thresholds for entry. These thresholds are determined by demand from students and a supply
that is determined by the Danish Ministry of Higher Education and Science. Admission into
university by the GPA cutoff is referred to as the “Quota 1" system. There are alternative paths to
education in Denmark. One may take extra exams or be admitted on certain alternative criteria.
This is called the “Quota 2" system. Moreover, it is not uncommon for students to wait between
high school and college if they do not receive their top option.

The Danish system is well understood by students, who are given ample information about
the returns to different fields of study, and have information on historical GPA cutoffs for dif-
ferent fields and universities. It is also explained to them that they may truthfully reveal their
preferences, as there is no penalty for doing so. Indeed, there is an online portal (formally a print
publication) called the UddannelsesGuiden (Education Guide) that provides a great deal of infor-
mation. For example, the listing for a Bachelor of Economics contains information on specific
requirements for different institutions, the number of admits at every university for the last year,
and information on possible career paths that includes information about income.* In our struc-
tural model, we treat students as well-informed both about their income prospects, as well as how
the deferred acceptance algorithm works. However, it is not impossible—and indeed likely—that
students still have bad information on the returns to fields. Unfortunately, lacking external mea-
sures of information and expectations we cannot explore this possibility. In our counterfactuals,
we will assume that information frictions are still present in a way that makes our parameter esti-
mates valid. We also assume that (at least at our level of aggregation of fields), strategic concerns
about the finite list, as well as possible behavioral costs of non-admission, can be ignored.

Table 1 displays the relationship between applicants’ first-choice fields (represented in columns)
and second-choice fields (represented in rows). Several notable patterns emerge from the data.
First, there is clear diagonal dominance across all fields, indicating that majority of students prefer

to select another program within the same field for their second choice. Second, in STEM-related

4See an example on economic major at https://www.ug.dk/uddannelser/bachelorogkandidatuddannelser/
bacheloruddannelser/samfundsvidenskabeligebacheloruddannelser/erhvervsoekonomi/oekonomi. Past admis-
sion informationc can be found at https://www.ug.dk/KOT-tal
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tields such as life sciences, physics/mathematics, and engineering, we observe a substantial clus-
tering of preferences, with a considerable proportion of students opting for their second or third
choice within these interconnected fields. Conversely, in Education and Health, student prefer-
ences are markedly more narrowly focused, with a lower likelihood of selecting a second-choice
tield outside of their initial field of interest. This pattern suggests a strong inclination towards
specialization in these disciplines.

Figure 1 displays the unconditional distribution of first priorities for students across fields of
study, as well as the growth in fields over time. The most popular fields are in Care and Medium
Health, followed closely by Business, Social Sciences and Education. The least popular fields are
those in the STEM fields, as well as Arts. The unconditional distribution misses a few notewor-
thy trends in the data. In terms of shares, the education field is declining in popularity while the
medium health is gaining. ICT, which begins on a very small base, has seen explosive growth,
as has Business. The Humanities have shrunk in popularity. However, the distribution of appli-
cants also changes over time. The number of students applying to tertiary education through the
Coordinated Admissions system has grown 61% between 1996 and 2017. 96% of this growth has
occurred since 2009, and is driven by more programs falling under the Coordinated Admissions

System, rather than population growth in Denmark, which was only 9% between 1997 and 2017.
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Law 4.74 39.98
High Health 6736 11.37 3.57
Life Sciences 9.25 5037 1556 4.60 7.53
Physics/Math 10.61 3984 4.85 6.39
ICT 417 46.64 9.18
Engineering 11.37 1335 19.15 53.37 14.73
Architecture 5.85 10.11 55.75

Table 1: P(Priority,,1|Priority,)

Notes: The columns display students’ first-choice fields and the rows display students’ second-choice fields. The definition of fields is based on the Danish variant of the ISCED
classification fields and is discussed in Section 2.2. Cells are censored below 3.5% for readability.



3 Stylized Facts

In this section, we document three stylized facts on the relationship of fields of study and career
choices. The subsequent analysis focuses on students and workers in the highest level of educa-

tion. Results for workers with the second highest level of tertiary education are current underway.

Fact 1: Different fields of study are associated with specialization in different occupa-

tions.

We first demonstrate that fields of study prepare students for a narrow band of occupations, but
that there is substantial heterogeneity in this specificity. To measure how specialized a field is, we

calculate the Herfindahl-Hirschman Index (HHI) across occupations for each field:

HHILy =) 85
0€O

where s, ,, is the share of workers from education field m working in occupation 0. We calculate
shares pooling across the whole economy. Figure 2 contains a bar graph for each field of study, as

well as the HHI calculated by pooling all workers (in blue).

Figure 2: Field of Study-Occupation HHIs
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Notes: The red bars represent the HHI for different fields of study. The definition of fields is based on the Danish variant of the
ISCED classification fields and is discussed in Section 2.2. The blue bar represents the HHI calculated by pooling all workers.
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The graph reveals several patterns in the data. First, many fields of study are very specialized.
Some of these are not so surprising—for example health, education, and legal fields. Others more
so, for example social science. Second, there is a great deal of heterogeneity in this specialization
measure. For example, in contrast to social science, the HHI in technology and humanities is only
slightly larger than the pooled HHI, suggesting little to no specialization relative to a random
worker.

While the specialization pattern is driven by both labor demand and supply decisions, the
results still suggest that both high specialization and heterogeneity may have important implica-
tions for labor market dynamics. For example, some workers—those in fields like humanities or
business—may easily flow across occupations in response to shocks. Other workers—such as who
studied the natural and social sciences—may be more rigid. Our next fact more explicitly looks at

reallocation, and brings in the role of new entrants.

Fact 2: Occupational reallocation is driven by new cohorts.

Our second fact is that a substantial fraction of occupational reallocation occurs through the entry
of new cohorts. Intuitively, changes in occupational shares can occur in two ways: incumbents
can reallocate themselves (either by switching occupations, or by workers in certain occupations
exiting and entering the labor force), or through new cohorts engaging in a different set of occu-
pations.

In order to quantify these channels we adopt the approach of Porzio et al. (2022), who studied
reallocation of workers in and out of agriculture in emerging economies. Specifically, let s, ., be
the share of workers in cohort ¢ working in occupation o at time t. We then project this share on

cohort and time fixed effects for each occupation:

10gSo|ct = Poc + Pot + Eoct- (1)

To interpret this equation, consider the case that cohort effects are irrelevant: workers are freely
mobile (or at least equally mobile) across generations. In this case, the conditional share of workers
in each occupation would be similar, so that s,.; ~ sy Vc, ¢’. The only reason occupational
shares would change over time would be due to shocks to labor demand that reallocated workers
or common shocks to labor supply, both of which would be reflected in the year fixed effects.

Figure 3 plots both cohort and year fixed effects for each occupation. The first panel plots

13



Figure 3: Reallocation Decomposition

(a) Cohort Fixed Effects (b) Year Fixed Effects
Accounting Admin Agriculture Business Construction Accounting Admin Agriculture Business Construction’
T s IR ) o o | o e : : 2 :
Crafimen Customer Services Education Eleciicy Healfhcare Crafimen Education Electricity . Healthcare
R I N g WP o] o N ~ . R -
o W L) e | 0 e : 3 5 - o :
Taw Wachinery Management ‘ Operators o I - o P echitery] . o Operators
s - Aoy p - \\ : ; e ’ af T N M
P S| A o] ot « @ ° o
5 3 T T | o] i | D | 5] EeE P . . 3
s - =L 7 L3 g - 2 —
o Other Admin Other Manual Retail Security
[__Ofher Manual | Retall Sciences Securily P £ e -
. Sl e Al TNV s : 3 I 3 : S I I
o o™ od R e _,../‘I ? T o] et - ; ? ; Rl
S L - - i) 2 A FEFTS FESEF
1920 1940 1960 1980 2000 1920 1940 1960 1980 2000 1920 1940 1960 1980 2000 & /Lﬁ 'SP kil i 'EQ e
T Services | Services
- ...a..-..w'j B __'«,,,_‘\,_"' : ..... - :
o e e o o o 0 ST SES TS
Birth Year Year
Notes: The figure plots the cohort and year fixed effects from (1). The null hypothesis is a flat line bunched at zero.

cohort effects, with birth year of the cohort on the x-axis, and the fixed effect—interpreted as

the deviation from the long-run economy-average share of that occupation—on the y-axis. If

reallocation did not occur through changes in new cohorts” decisions, then cohort fixed effects

would be flat and bunched at zero. Instead, we see for most occupations, the cohort effects are

not flat. Indeed, the patterns are often not even monotonic, implying that in some occupations

younger cohorts have actually re-entered into previously shrinking occupations.

Figure 4: Variance Explained by Cohort Effects

1

.6 .8
! ! !

Fraction of Explained Variance
4
1
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as 90%. Nevertheless, neither time effects nor cohort effects are dominant in explaining realloca-
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tion, motivating our focus on jointly modeling incumbents” occupational choices and new cohorts’

education decisions.

Fact 3: New cohorts reallocate through their choice of field of study.

Finally, in our third fact, we document the extent to which reallocation across cohorts occurs
through changes in the composition of fields of study. To do this, we do a Kitagawa-Oaxaca-
Blinder decomposition of changes in initial occupations for new cohorts into within- and across-

field of study. Specifically we consider the following decomposition:

Asor = ZASo\m X S p—1+ ZASW X Solm,t—1 + ZASm X ASo|m . 2)
m m m

Within Across Growth Covariance

Figure 5: Decomposing the New Cohort Entry Margin
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Notes: The decomposition of occupational reallocation follows (2). Occupations are sorted based on total growth over 1998 to 2018.
Figure 5 plots this decomposition for each occupation. The light blue bars, which capture
across-field reallocation, are often dominant, suggesting that the majority of growth or decline in
an occupation can be explained by changes in field of study, rather than changes in what workers

with a certain field of study do. All together our facts paint a clear picture of how the occupational
structure of the economy changes: incumbents and new cohorts both play a large role in shaping
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reallocation. Moreover, new cohorts do this not by shifting their initial occupation in response to
shocks, but shifting their field of study over time, giving them to new skills and thus access to new

opportunities. With this in mind, we now turn to our model of labor supply and its estimation.

4 A Model of Labor Supply and Field Choice

We describe students” education choices and labor supply decisions in this section, with labor
demand left to Section 7. Our labor supply model combines three main ingredients: first, students
make forward-looking choices over which which field to pursue; second, workers with different
educational backgrounds make forward-looking occupational choices; third, we incorporate latent
heterogeneity in preferences over fields, as well as unobserved comparative advantage across

occupations, in order to capture rich substitution patterns in response to shocks.

4.1 Environment

We consider a dynamic, small, and open economy. Time, indexed by t, is discrete. There is a mea-
sure L of workers, differentiated by their field, m, and a comparative advantage type k. Workers
exit the labor force at a rate J and are replaced by a new cohort.

In this economy, workers inelastically supply one unit of labor to an occupation. We denote
the set of occupations by o € O. Before entering the economy, the young devote their entire time
to education, choosing a field-level pair, giving rise to intergenerational changes in comparative
advantage across occupations. We denote the set of education choices by m € F.

Figure 6 provides a schematic illustration of our labor supply model. The model starts with
an initial state of high school graduates who enter with their test score and a type I, which reflect
students’ differences in talents and preferences. Students start their lives in the field choice block,
in which they pick their field of study based on anticipated returns to different fields and a pref-
erence shock. Students graduate into the career choice block with their chosen field of study and
comparative advantages across different occupations. New graduates make a forward-looking
decision on their initial occupation. In each period afterwards, incumbent workers can choose to
switch occupations, subject to switching costs. In the subsequent sections, we describe the model

backwards, starting from the incumbents, moving onto the new cohorts, and finally the students.
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Figure 6: Illustration of the Labor Supply Model

4.1.1 Incumbent Workers

Incumbent workers who spent the last period in occupation o choose an occupation o’ at the begin-
ning of period t. Workers of type (k, m) supply human capital H,(k, m) to occupation o. In order
to switch occupations they face moving costs C,yk,,, and receive a stochastic occupation preference
shock, €,. The shocks are distributed Gumbel with mean 0 and scale parameter v.

A worker’s Bellman equation in period f is given by,
v(k,m,0,€) = maxwyrHyr (k, m) — Copriem — €ont + BE:V (k, m,0"), (3)
0//

where V = [v(-,€)dG(e), is the value function v integrated over shocks, and B is the discount
rate, B, multiplied by the probability of exit, J.

We now describe how we parameterize H. We project each occupation onto Z tasks. We
denote by (., the loading on task z in occupation o, where a larger value of { means that the task
is more important for output in that occupation. With this notation, each occupation is attached
to a vector in the positive orthant of R%, {, € R% . Each type of worker has a different ability at
each task, ay .. Worker’s log output in an occupation is the dot product of « and ¢. We additionally
allow for a field effect, a,,, ,that scales up and down the human capital supply of workers in each

occupation, and a type effect a; that reflects the absolute advantage of type-k workers within a
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field. Putting this together we have that,

z
log Ho(k, m) = tom + a + Y 0k 2z0- (4)
z=1

A few comments are in order H. First, workers have comparative advantage across different
occupations through differences in their type k. As an example, suppose there were two occupa-
tions, two tasks, and two types. Suppose that for the first occupation, { = (1,0), and for the other
occupation, { = (0,1). Similarly, suppose that «; = (1,0) and a; = (0,1). Then, type 1 workers
would only produce output in occupation 1, while type 2 workers would only produce output
in occupation 2. Nevertheless, given this horizontal differentiation there is no clear way to argue
that one type has any absolute advantage.

Second, through the «,,, terms, workers in different fields of study can have different compar-
ative advantages, even conditional on type k. For example, workers in STEM backgrounds may
have large values of w,; in technical occupations, such as engineering. Later, we discuss how
during the education phase, the conditional distribution of types, k, is a function of m.

The above value function yields the following solution for V and a policy function on states

that aggregates to the following transition matrix:

- / ! / !/
Vi(k,m,0) = v log <Zexp ( Coo'ton & WortHo (k'T) + BEi Vi (k,m, 0 ))) )
o
exp ( _COO/km+wo’tHo’(kT)+ﬁEf‘/t+l (krmra/) )
/\t(o/|0/k1m) — (6)

ZO// exp ( = Cool kWt Hyr (k];m)+ﬁEth+1 (k,m,0") )

Equations (5) and (6) play a crucial role in how we identify the structural parameters of the model

in the next section.

4.1.2 New Cohorts

Like incumbents, new cohorts enter with a (k, m) pair. They make a multinomial choice over initial

occupation, according to the utility function,

0,km

v (k,m) = max —C¢ . — €0 + WorHo(k, m) 4+ BE¢Viy1(k, m,0) (7)
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We assume € is Gumbel with the same scale parameter as for incumbent workers. This yields the

following choice probability for new cohorts:

eXp ( _Cg,krn+waHD (k,?:)+‘BEth+1 (k,m,o) )

Ai(olk, m) =

C¢ T wWor Hy (km)+BEViyq (k,m,0) > - ®

e
- !
Y eXp ( ok V

Moreover, one can integrate to solve for the inclusive value of being type (k, m) at a time ¢:

¢+ wyHy (k,m) + BE;Vii1(k,m, 0’))
y .

VE(k,m) = vlog)_ exp (_ okm

4.2 Field Choice

We now describe how students make a choice over field. Students enter their field choice de-
cision with a test score, s, and an ex ante latent type, I € 1,...,L. We think of a students’ type
as reflecting initial differences in both comparative advantage (e.g., a proclivity for science), and
preferences. If students” preferences are very heterogeneous and strongly tilted towards partic-
ular fields, then students may not respond much to changing labor market conditions; by the
same token, if the preferences across fields are not very strong, students may be reallocate quickly
in response to anticipated shocks. In addition to their test score and type, students receive an
idiosyncratic Gumbel-distributed preference shock with mean 0 and variance 7t2/6 (i.e., we nor-
malize the scale parameter to 1).

We model a field, m, as a technology that transforms a student into a type (k, m) worker. This
technology is a conditional density over types k given test score s, which we denote by 7(k|m,s).
Given this conditional distribution, we can calculate the value of field m for a student with scores

S as:

Vi(m|s) = ;Wis(k,m)ﬁ(k!mﬁ)l

where recall V{ 5(k, m) is the lifetime payoff to the student upon graduation with a labor market
type k and a field m.

Our assumption on the education technology, 7t(k|m,s), says that while s can inform k, and
while | can inform one’s preferences (as we will see below), conditional on k and m, one’s initial
conditions no longer matter for the labor market. We stress that this assumption does not rule

out either observed or unobserved human capital differentiation in the labor market—it simply
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assumes that k, once revealed, is a sufficient statistic for s as far as wages are concerned. This
simplification maintains the model’s tractability.
Given this technology, student i of type [ with test score s has the following utility for each
field:
Ui = V1 + 0, Vi(m|s) + vlog(Ny) + €7

ims

where € is the field choice shock. The term ¢;,, reflects the mean value of field m to type I stu-
dents. This term reflects myriad factors such as preferences, or the perceived difficulty of finishing
a field. An important parameter is 6;, which governs how responsive workers are to labor mar-
ket conditions. Finally, we include a field-specific control, log(Ny,) to account for the number of
programs within each field—for example “Math/Physics" can include math programs, physics
programs, statistics programs, and so forth. This term serves as a proxy for the “love for variety”
concept, capturing the diversity of choices available in each field. Upon receiving their shocks,
students fill out a ranked list of fields of length R. Students are assigned to a field via the deferred
acceptance algorithm. We assume that students reveal their preferences over fields truthfully.®
For ease of notation, let ®j,,;(s) be the value of field m to type [ at time ¢ as a function of test
score s. Moreover, let m, be how an individual ranks their fields, so that m; means ranked first,
and so on. Then, under the Gumbel assumption, one can show that the probability of observing a

list (mq,my, ..., ) is given by,

. exp(Op,¢(s))

P my, mp,...,MMR ) = .
< ) =1 Zme]:\m,r exp(G)lmt(S))

This expression is a concatenated probability of the usual logit choice probabilities, with the choice
set adjusted at each stage.

Despite the seeming complexity of our demand system, it is actually quite tractable and nearly
encompasses standard models as a special case. First, if there is no unobservable heterogeneity
or occupational choice component in the labor market, then this model collapses to one where
workers estimate the net present value of earnings by taking the NPV of cross-sectional average
earnings in each field. Second, if B = 0, then this collapses to a model where workers only care

about their initial earnings on the job market.

5Given that the list is truncated list, students may be incentivized to include a “safety" choice. At our level of
aggregation, few students are ever actually bound on the list, so we ignore this constraint.
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5 Estimation

We present our estimation strategy in the same order as the model: first we estimate the career

choice block of the model, then turn to the education block of the model.

5.1 Labor Supply of Incumbent Workers

Our estimation of the labor supply parameters for incumbent workers largely follows Traiberman
(2019), building on Arcidiacono and Miller (2011) and Artug et al. (2010). We implement a two
stage estimator: first using an EM algorithm to estimate the parameters of human capital supply,
the distribution of unobserved heterogeneity, and the transition probabilities across occupations;
second, with the estimated unobserved heterogeneity in hand, we estimate the remaining struc-
tural parameters, C and v, through an inversion of the choice probabilities in equation (6) as in
Hotz and Miller (1993).

Turning to the first stage, we assume that log observed wages of individual i at ¢ are the
model’s wages plus a Gaussian noise term.® Let f(wy|k,0,m,t;a) be the Gaussian PDF of log
wages conditional on type, field, occupation, and year, with parameters «. Let gi be the probabil-

ity of being type k. In this case, the likelihood contribution of person i is given by,

K T
Li =Y g x A°(o1,m|k) f(win|k,0,m, ;) x | [ f(wit]k,0,m,t;a) x A(of|os—1,m, k)| .
=2

k=1
The full likelihood, given that g; is unobserved, is the product over £;. The above function is
not amenable to easy maximization since the product of sums destroys the log-linearity typically
exploited in maximum likelihood estimation.
A simple solution to this issue is the Expectation-Maximization (EM) algorithm. To proceed,
we define the following function, which is the expectation of the complete likelihood if k were

observed, which we continue to call the log likelihood in an abuse of terminology:

1=

L=

1

T T
Y qik [log gk + Y _log f(wi|k, 0, mi, t;a) + Y _ log A¢(0it|0i—1,mj, k) 4 log A (01, mjlk) | ,
=1 =1 =2

I
—_

where gj; is the probability that individual i is type k.7 This function is the starting point for

®In Traiberman (2019), this noise term is treated as ex post iid heterogeneity. This can be included in the model, as it
shifts the value of an occupation. Nevertheless, since this ex post shock has no effect on selection, we ignore it in our
present setting.

"The reason this is the expectation is that if we observed k then g;; would be replaced with an indicator for i’s type.
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the EM algorithm. However, this remains a difficult problem due to the presence of A;, the choice
probabilities. Solving for the choice probabilities requires solving the full structural model—which
can be computationally expensive and also requires specifying the process on aggregate shocks.
To circumvent this issue we introduce an approximation to £. In particular, followingArcidiacono

and Miller (2011), we approximate A non-parameterically:

L=y )|y

K
logf(wit |k/ Oit, My, t/ DC) + 10g )\t(oif|oi,f*1/ m;, k) qik/ (9)
i=1k=1 [t=1

where the hats atop the A terms imply that they are not outputs of the model, but estimated
directly from the data.

Another issue in maximizing the likelihood function is the problem of initial conditions. In
particular, agents vary in their field and initial occupation—neither of which is independent of k.
We also have information on a subset of workers’ test scores, s;, which our model allows to inform
one’s unobserved type. And so, instead of estimating g; and A (0o, m|k), we follow Wooldridge
(2005) to deal with initial conditions. Specifically, we estimate A(0jo|m;, ki, to;)—where t; is a co-
hort fixed effect—and then estimate separately g(k|m, to,s), where t( is again cohort fixed effects

and s is test scores. We model this parametrically with a logit link function:®

exp (e, + Bis)
klm,tg,s) = 0 .
(k| o, ) Yr exp(Oxrmt, + Prrs)

We include our full implementation of the EM algorithm in appendix B, but briefly describe

the idea. Given an initial guess of gx and &, one can proceed in the following loop:

1. Update the conditional probabilities for each type:

|:Z;5T:l log f(wit |k/ 0it, M, t/ “) —+ log ;\t (Oit‘oi,ffll mj, k)j| ‘7k
Yh_ {2?:1 log f (wi |k, 041, m;, t; ) + log Ay (0|0 -1, m;, k/)} qx

/

Jix =

which is Bayes’ rule.

2. Update model parameters. We update gy by taking the mean of g; across individuals. Wage

parameters can be estimated using a weighted linear regression of log w;; on occupation-

In the expression above, this indicator is replaced by its expectation, gj.

81f s were continuous we could use a fully non-parametric bin estimator. Indeed, for cohorts where we do not
observe test scores, this reduces to a bin estimator. For cohorts with test scores, we also include a dummy whenever
the score is missing (which we treat as an exogenous event).
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year fixed effects, occupation-field fixed effects, and tasks, where the weights are g;. A can
be updated through a weighted bin estimator of transition rates:

A(o'|o,k, m, ) — iE(okms) dik
Loire (o,km) itk

This process is guaranteed to monotonically increase towards the maximizer of the likelihood
function.

In the second stage of the estimation procedure, we use the Hotz-Miller inversion to solve for
the switching cost parameters and the scale of the Gumbel distribution. To see how this is done,
notice that after estimation of the first stage, w,¢H, (k, m) is observed for every possible (o, k,m), as
are the switching probabilities, A;(0’|o,k, m).” In Appendix B.3, we show how to use (6) to arrive

at the following regression equation:

; +
, (10
1 (10)

; (wo’tHo (k/ m) — worHy (kz m)) + é’oo’kmtJrl

Ae(0'|o, k,m) A (0o k,m)]  Coprm(1 — B)
log [At(0|0,k,m) plog Aipa(0'lo, k,m) | —

where &,ykmi+1 is a time £ + 1 expectational error. Compared to equation (6), the current and next
period’s continuation values are differenced out, which addresses the remaining selection issue.
Under rational expectations, the error is uncorrelated with time t variables, so that equation (10)

can be estimated by ordinary least squares.

5.2 Labor Supply of New Cohorts

This is a standard discrete choice problem. We normalize, without loss of generality, the entry
cost into the occupation 1 (“Management”) to zero. In Appendix B.3 we derive the following
estimating equation:

e
e = (wotH(o,k,m) —w1H(1, k,m)) + BCqopm — V X {log Ai(olk,m) + Blo )\t+1(0|0,k,m)} (11)

A (1|k, m) Aty1(o|1,k,m)
Afte this step, all parameters of the labor supply side of the model are estimated. However,

we stress that at this stage the value function V remains unobserved unless we were to solve the

model. To make this clear, and ignoring expectational error, we rewrite the entry value for an

9Even though these are generated regressors, we will avoid the cumbersome use of hat notation. Instead, it should
be understood that these are estimated.
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occupation in the following discounted form:
T
Vi(o,k,m) = —CS + Y BT [worH (0, k,m) — vlog As(olo, m, k)] + BTV (0, k,m).
T=t

Since V41 (0, k, m) is unobserved, we cannot recover Vf (o, k, m) without solving the model. Nev-
ertheless, the net present value of entering an occupation is an input into the field choice problem.
We now turn to how we estimate the field choice block of the model, and describe a recursive

formulation of the utility function that allows us to avoid needing to observe V.

5.3 Field Choice

To describe how we estimate field choice, we first describe how we set up a recursive represen-
tation of field-choice preferences, and then describe the likelihood and how we maximize this
function. First, under the assumption that one’s latent preference type, [, is independent of the
conditional probability of one’s labor market type, k, conditional on observable characteristics

and field choice, we can estimate the education production function through the regression:

Gik = B + f(5; Bon) + €ikm,

where g is the probability that individual i is type k, m is their field, and s is their test score, and f
is a function of test scores. We bin test scores into quintiles for the function f.!° With this function
in hand, and the choice probabilities conditional on type known, we can construct the payoff to a

tield m at time t for type | individuals as,

Ui () = O + v10g(Nyur) + 6, | Y (ks m) Vi, 5(k,m)| . (12)
k

As explained above, this is not observable for the last period in the sample—which here corre-
sponds to 5 periods before the last period in the labor market sample. To resolve this issue, we
first estimate the composite term Uy, (s) = (Upy,(s) — vlog(Nyr)) in the final period. Then, in

Appendix B.3, we derive the following representation for the value of entering the labor market

19Tn the previous section we had estimated a similar function for initial conditions. Here we bin students into quin-
tiles to economize on computation time.
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as a (k, m) type worker at t, which holds true for any choice of initial occupation o:

Vi (k) = — (1= B)Coy, + worH (0, m) + BV, (k,m) — viog Ao, k, m)
~ pulog Milolodm). 13
A (ofk,m)

Finally, we can plug (13) into (12) and rearrange to derive the following:
K
U (s) = (1 — B)O, + v(1og(Nyt) — Blog Ny 1) + 6 Z n(k!m,s)\@%(m,s) + BUs1im(s), (14)

k=1

where,

A olo, k,m
VE () = —(1 = B)Cle, + worssH(1, k,m) — vlog A%, 5 olk, m) — Bvlog (6(") ,

)‘f+6(0’k1 m)

is an entry value term that only depends on observable data. We can iterate forward on this equa-

tion to arrive at our final formulation of U:

T-1

Ur—rn(s) =0 (1= B77) - vlog(Nu-—) + 01 | 10 B7 Vi ()| 46T ") -
=T .
XVEq(m,s)
To interpret this equation, notice, for example, that if 7 = T this collapses to Ur_,,(s) =

Ut 1(s). While, if T = T — 1 this reduces to the one step forward iteration in equation (14).
For ease of notation, we further denote the term in brackets as X Vf/ T(m, s).

With (15) in hand, we turn to deriving the likelihood function. We start by deriving the likeli-
hood conditional on /, and then move to the estimation of latent types. To construct the likelihood
conditional on type, let i index individuals, let C; be their choice set (which may change over time,
or be a function of their test score s;), and let (7, ms, ..., mg) be their ranked choice list. Suppose
first that we observe individual 7 in the final period of the education data, T — 6. For their first
ranked choice, conditional on being of type I and having score in decile s;, the likelihood contri-

bution will be:
Ny, exp (Upn,i,m—6(s1))

Zm’EC,- er;/ exp (Um’liné(Si)) .

Lit—61 =

After a choice has been made, the number of options needs to be adjusted. The notation can now

be cumbersome, so let N;; ., be the number of options person i at time ¢ has at position r in field
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m given their past choices. For example, if there were 40 nursing programs, and an individual
filled out a nursing program as their first priority, then there are 39 programs still available for the

second priority. With this notation, the likelihood contribution for the full ranked list is given by,

L ( ﬁ zT 6,1y, exp (amrl-Tfﬁ(S'))

i, T—6 mq, mp,...,Mg, S .

: r=1 ZWZEC T 6rm’exp( m'[;T— 6( )>

While the utility term, U, appears in the remainder of the likelihood, for computational conve-
nience, we will only update this term using last period data. Ultimately, we will use the EM
algorithm once again, since [ is unobserved. To this end, letting g;; be the probability that i is of

type I, we can write the log likelihood contribution from the final period as,

LLt- 6—222%1 (UlogNlrm, +um,lT 6 _log ( 2 rm’exp m'l;T— 6( )))) :

I i r m' eC;

Given a value of v—which we discuss below—one can maximize this expression with respect to
Us 1, (s) by iterating on the first order condition, as in Berry et al. (1995). Details, including the
exact expression from the FOCs, can be found in Appendix B.3.

With a current estimate of Uy 1, (s), we turn to discussing how to estimate the remaining choice
parameters conditional on knowing type I. As before, we can construct the individual likelihood
contribution for individual i at time ¢ if they are at type [ using the multinomial logit probabili-
ties. Taking the logarithm and summing across all periods and individuals leads to the following

objective:

LL =Y Y ) g (u 10g Nirm, + O (1= BT07") + 0, XViig_g(m,s) + BT Ur_61m(s) -
I i r
(16)

log ( Y Niexp (11— B7757) + 6 XVfr_g(m,5) + BT Ur_gyy <s>)> )

m'eC;

We maximize (16) by iterating on the first order conditions. Derivations of these conditions, and a
discussion of the moments they map to in the data are in Appendix B.3.
Finally we turn to estimation when [/ is unknown. In this case, we use the EM algorithm

estimate the distribution of types. To update the conditional probability that individual i of type
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I, conditional on a guess of parameters, we use Bayes’ rule:
7 8 p 4 y

5+ _ exp(LLS)q®
T el

it

We update the model parameters given g;; by iterating on the likelihood’s first order conditions,
as described above. We repeat this process, increasing the likelihood in each step, until the pa-
rameters converge within some tolerance.Notice that the ranked lists are crucial for identification.
If we only observed a single choice for each individual, the distribution of types, I, would not be

identified.

6 Estimation Results

We now discuss our results. In the current draft, we focus on workers and students at the highest
level of education (professional and university bachelor’s). In ongoing work, we are estimating
the parameters for the middle level of tertiary education, as well as the labor supply side of the

model for those with no tertiary education.

6.1 Labor Supply

Table 2 displays our results for the estimation of the labor supply parameters in our model.!!

The first row is the value of 1/v we obtain, scaled so that average wages are equal to 1.1> The
second row is the average value of Cnu across all types and occupations. This second row is a
simple average over all occupations and is not waited by actual switches, nor adjusted for moving
shocks. And so some care needs to be taken in interpreting these parameters—a point we return
to below. The columns are the results of three different estimation strategies.

In the first column, we estimate the model of Artug et al. (2010) across occupations—we do not
include any heterogeneity in comparative advantage, nor do we include heterogeneity by field.

We estimate the model using OLS, with a complete set of occupation-pair FE to capture moving

11 At this time, we are only estimating the model for workers with University Bachelor’s degree.

12We divide raw income by mean income. After further sample selection (detailed in the Data Appendix as well as
code), which mostly amounts to our current focus on college graduates, and age restrictions, the mean wage is 1.26. Our
estimated value of ¥ in the main specification is 1.12, so that we report 1.26/1.12 as our estimate of the re-scaled value
of 1/v. Nevertheless, for consistency in the model, we do not use the re-scaled for v in our counterfactual analysis—this
is just for interpretation as a-semi elasticity.
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costs.’® In the second column, we extend this model to one with workers differentiated by field

choice. In the final column, we present the result of the full estimation routine.

Table 2: Labor Supply Parameters

Parameter (1) 2) (3)
w/v 0.30 0.38 1.21
(122) (.041) ()
C/(wxv) 577 460 401
Field Controls v v
Latent Types v

Notes: The first row presents the estimates for 1/v in (5), scaled by the mean wage. The second row presents the estimates for C/v in
(5). The first column reports the estimates using Artug et al. (2010), which does not consider heterogeneity by field or heterogeneity in
unobserved comparative advantage. The second column introduces worker heterogeneity by field. The third column includes both.

Turning to the first row, we see that in a model that ignores all worker heterogeneity, the value

of the inverse semi-elasticity is quite low at 0.24. To further interpret this number, we can calculate

the switching elasticity with respect to a temporary shock to wages in occupation o:

dlog(l — 7o) _ wo

= TToo-

dlogw, v

The mean staying-rate in the economy is approximately 85%. Hence, the first column can be
interpreted as saying that a 1% decrease in the returns to an occupation will raise the exit rate
from that occupation by .26%—a very small number given a base of 15%. Permanent shocks will
magnify the response by approximately 1/ (1 — B), a factor of 12.7.14 Controlling for field increases
the elasticity, reduces the estimated switching costs, and increases the precision of the estimates.

The full model, which incorporates observable and latent heterogeneity, yields a semi-elasticity
of 1.21—more than a three-fold increase over the models ignoring latent heterogeneity. In elasticity
terms, a temporary 1% decrease in wages in an occupation will, ceteris paribus, lead to a 1.02%
increase in the switching rate—or about a .15 percentage point increase in the exit rate for an
occupation. For a 1% permanent decline in wages, the effect on switching out is approximately
11% or 1.7 percentage points.

Turning to the second row of the table, in reporting costs we scale by the mean wage and

13In ACM, there is a different timing assumption on when agents make decisions. If we use an IV estimator inspired
by their assumptions, we find broadly similar results in terms of the ordering across models. However, the IV estimator
is substantially noisier.

14This approximation is not exact due to the presence of the option value term in the inclusive value of an occupation.
More precisely, in a stationary environment, V, = %%gﬂ” If 7140 = .85 then the option value term is relatively small
if v is small.
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the parameter v. This allows the switching costs to be interpreted in units of annual wage. The
costs are larger in models that do not take account of worker heterogeneity. This result is similar to
Dix-Carneiro (2014) and Traiberman (2019), who point out that ignoring heterogeneity equates the
earnings of workers on the margin of switching with inframarginal workers. This pushes down v,

and consequently raises the measure of costs.

Figure 7: Field Specificity
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In the interest of space, we leave the discussion of latent types and comparative advantage to
Appendix A.1. However, we briefly comment on differences in comparative advantage by field,
which is novel to our study. To construct a simple measure of the specificity of a field of study—
our notion of the importance of comparative advantage—we compare the maximum value of &,

to the minimum across occupations:
Specificity, = exp (max {&om} — min {aom}> .
0 0

Figure 7 plots this measure across fields of study. The most “specific" fields of study are physics,
health fields, and education. This suggests that there are strong returns for these fields to sorting
into very specific occupations. To interpret these numbers, all else equal, physics majors earn 1.5
times as much in their best-matched occupation relative to their worst. Studying the arts, ICT, or
business is quite different, with a much flatter gradient. For example, for ICT majors, there is a

sizable, but smaller, 45% gain to being in the best-matched occupation relative to the worst.
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6.2 Field Choice

We allow for L = 4 latent types in our field choice estimation. We assume that both ¢;,, and 6,
are type-specific, but v does not vary with type or field. We assume that students” choice sets are
common, and include all programs in a given year. Table 3 contains our estimates of 6 and v, as

well as the share of each type ! in the population, g;.

Table 3: Field Choice Parameters

Parameter Typel Type2 Type3 Type4
0 0.021 0.074 0.027 0.073
v 0.082 0.082 0.082 0.082
q; 0418 0.108 0.268 0.206

Notes: The table reports the results of field choice estimation by latent type I. The first and second rows report the estimates of
parameters in (12). The third row reports the share of each type in the population.

The estimates of 6 seem to suggest that types 1 and 3 are relatively inelastic, while types 2 and
4 are more elastic. While we show below that type 2 is something of a special case—essentially
completely inelastic on one field—the results for other types suggests a good deal of heterogeneity
in their responsiveness to shocks. To better interpret the coefficients, we note that the elasticity of

choosing m with respect to a shock to the value of that field is given by,

dlog my,
m_ex(l Ttn) X V.

While we never directly estimate V,,, we can approximate the magnitude using V ~ —C; +
%(};gn””, which would be exact in a stationary economy. Using the average values of w and
Too, this number is on the order of 13. There are 15 fields so that 7, ~ 1/15. Plugging these
numbers in, the elasticity for the least elastic type is .24, while for the most elastic type it is .84. On
the one hand, this suggests a rather high responsiveness to shocks compared to other estimates in
the literature (Wiswall and Zafar, 2014). However, it still suggests a relatively small response to
shocks—a 10% increase in the returns to a field would only increase entry into that field by about
8%, which would amount to half of a percentage point off a base of 1/ M.

In addition to estimates of the responsiveness of students to returns to fields, we also estimate
heterogeneity in preferences for fields. We define the non-pecuniary component of preferences to

be
Oy + vlog Ny,
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Figure 8: Preferences Over Field of Study
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Notes: The figure plots the estimated preferences over field of study by latent types. The preferences are computed by summing the
estimates of the non-pecuniary components in the utility function (12), i.e., 8, + vlog Ny.

and use the time average of log N, over years below. To understand the importance and hetero-

geneity of these factors, we plot the probability that each type of student would choose field m if

the returns across all fields were equalized. Figure 8 contains our results.

The four types of students cluster on very distinct sets of fields, similar to the clustering ob-
served in the empirical joint distribution of first and second choices displayed in Table 1. Type 1
individuals cluster in the humanities and social sciences, while Type 4 individuals cluster in trad-
tionally “STEM" fields such as life sciences, medicine, physics, and math. Types 2 and 3 cluster
into medium health (e.g., nursing) degrees, as well as education and care degrees. As noted above,
Type 2 individuals are ostensibly “elastic" given their high level of 6. However, they actually in-
elastically demand medium health programs, and so 6 is largely meaningless for this type, and
unlikely to be identified.

The clustering patterns have important implications for our counterfactuals—while students
respond to income changes to some degree, they still appear to largely cluster in a narrow set
of fields, suggesting that even large shocks may induce only small changes in the distribution of
comparative advantage across types. We now turn to exploring this quantitatively in our counter-

factuals.
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7 Counterfactuals

This section first outlines the remaining ingredients of the model, and concludes with two coun-

terfactual experiments.

7.1 Closing the Model

We briefly describe the labor demand side of the model. More details are available in Appendix
C.1. In what follows, s € S index industries, and D and F refer to Denmark and Foreign, respec-
tively.

There is a final non-traded good from which agents consumed. The final good aggregate in-
dustrial outputs, as well as domestic and foreign varieties in a nested-CES fashion. In the top nest,

the final good aggregator, Y}, is given by

1 o1 %
Y = <Zy§¥st” ) , (17)
S

where Y;; are industrial outputs and y; is an exogenous demand shifter for industry s. Industrial

outputs are themselves non-traded aggregates of domestic and foreign varieties given by:

Ui

Y, = ((Ys?)”? T <Y£>”7) a8)

where Y7 is local absorption of domestic (i.e., Danish) output and Y/, are imported varieties for
an aggregate foreign output, with P? and Pf, being their appropriately defined price indices. The
elasticity of substitution on industrial outputs, ¢, and on domestic versus foreign varieties, 77, obey
the standard regularity condition # > ¢ > 0.

In addition to consumer demand at home, there is demand for domestic output abroad. We
assume that export demand in industry s is exogenously determined by the following demand

curve:

Xy = A (PR) - (19)

where Af is a demand shifter.

Domestic production in each industry s is carried out by a large number of perfectly com-

petitive production units. Each unit produces domestic output Qg by aggregating production
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and non-production services. Accordingly, we categorize occupations into production and non-
production groups, denoted by OF and OV, respectively. Production takes place according to the

following CES function:

o
P_a=17 a—1
a—1

0= () ()7 4 () ()7 s () @) ) T e

where LY is the aggregate output by non-production occupation services, L, is the aggregate out-

o=

put by non-production occupation services, QM is the aggregated imported material inputs, AY,
AP, AM and are the productivities of non-production, production services and imported inputs,
respectively, a > 0 is the elasticity of substitution between LY and the the production aggregate
within each industry, and p > 0 is the elasticity of substitution between LY and Q¥ within each
industry.

We assume that production and non-production inputs are themselves Cobb-Douglas aggre-

gates over occupations, for f = {N, P}

Bso
=TI (gf) : 1)
0c0Of 0
where Y s Bso = 1, and Hsy is the efficiency units (human capital) in each occupation within
each industry. Since workers are indifferent across sectors within an occupation, total human

capital within an occupation is given by Lyt = ) ¢ L.
Finally, consistent with the labor supply model, workers spend their entire income in the pe-

riod it is earned. The aggregate expenditure is therefore equivalent to the aggregate income:

Er =) LotWor.
0

We provide details on labor demand derivation in Appendix C.1. However, to illustrate the
implications of the model for the impact of offshoring price shocks on labor demand, we aggre-

gate across sectors and totally log differentiate. Denoted by z = dlog Z, we obtain the following
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expressions for labor demand:

gé\t[ = Zﬂsot X [“Pg — Wot + Sgpxst + (1 — S?t)]/?t - tstﬁ]} ; (22)
S

U = Y oot X |l — wor + Sxt + (1= S3)y2 + (0 — w)ply — pwhy] . (23)

Offshoring shock affects demand of nonproduction workers through the industrial output de-
mand channel. For production workers, however, in addition to the demand channel, offshoring
shock also affects demand of production workers through the substitution between offshored in-

puts and production labor (« — p > 0).

7.1.1 Demand Side Calibration

Table 4 summarizes the full set of parameters to be calibrated in order to close the model. All
production coefficients are estimated as the time-averaged expenditure shares. We detail the con-

struction of price indices in the appendix.

Table 4: Labor Demand Parameters and Variables

Parameters Meaning Value/Data Source

P BN Labor inputs coefficients IDA
pM Offshored input prices UHD], Broda and Weinstein (2006)
P Imported good prices UHDI, Broda and Weinstein (2006)
Wot Occupation wage IDA
0, & EOS in production Doraszelski and Jaumandreu (2018)
o EOS in final good Atalay (2017)
1 EOS btwn domestic and foreign Simonovska and Waugh (2014)

Total wage bills in occupation-industry pairs identify the labor input coefficients. Danish cus-
toms data provides provide and quantity level information on goods sold to Denmark by each
trading partner, which can be fed into the procedure of Broda and Weinstein (2006) to calculate
the price indices for offshored inputs and imported varieties.’> We set the trade elasticity as 4,
following Simonovska and Waugh (2014). We obtain raw wage data from the Integrated Database
for Labour Market Research (IDA) at Statistics Denmark. Occupation wages are computed by
tirst running a mincerian regression and then divide the residuals by the computed human capital

using (4).

15We follow the approach in Feenstra (1994) to correct for changes in product varieties across time.
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7.2 Counterfactual Analysis

Using data for 2018 as the initial period, the counterfactual experiments hold worker preferences
and technology shocks fixed and compares workers across two simulated economies: one subject
to hypothetical shocks, and the other not. Our current emphasis is on analyzing comparisons of
steady states. Meanwhile, the investigation of transition dynamics is in progress.

In the first experiment, we study the potential labor market impact resulting from a glob-
alization shock. The scenario is motivated by the prospect of further intensification of foreign
competition in goods markets and production processes. To illustrate this, we operationalize this
change by applying a reduction in the costs of imported goods and offshored inputs by 20% and
30%, respectively. The reduction in costs for imported goods is expected to affect workers across
all sectors, whereas the decrease in costs for offshored inputs will differentially affect occupations
that are more substitutable with these inputs. The labor market adjustment to the shock takes the
form of changes in wages, a resorting of workers across occupations within a field, and shifts in

students’ choices of major, reflecting the changing demand for specific skills and occupations.

Figure 9: Globalization shock: Change across occupations in wage (left) and in employment (right)
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We begin by examining the impact of the globalization shock on changes in occupation wages
and employment. Figure 9 plots, on the x-axis, the log change in average occupation wages in
the left panel and the log change in occupation employment in the right panel. Occupations are

sorted on the y-axis according to the magnitude of wage changes. In response to increased for-

35



eign competition, average wages fall across all occupations, ranging from a 0.25% decrease in
Education occupation to a 1.6% decrease among Operators. In general, production occupations
experience greater wage reductions due to their higher substitutability with offshored inputs. The
right panel of Figure 9 shows that changes to occupation wages largely drive the shifts in occupa-
tion employments. Specifically, the occupation that experiences the greatest negative growth, at
-3.6%, is Operator, whereas the occupations witnessing the largest positive growth are Healthcare,
1.5%, and Education, at 1.3%.

These outcomes, which are the focus of much previous literature, capture differences across
occupations in labor market impacts. They do not reveal variation within occupations, particularly
how exposure and resilience to shocks can differ based on fields of study. Figure 10 illustrates the
variation in how different fields respond to the globalization shock by changing their occupation
distribution. The vertical axis, which lists occupations, is organized according to the changes in
occupation wages as displayed in Figure 9. Across all fields, there is a shift away from occupations
experiencing negative wage growth (shown in blue) and towards those with positive wage growth
(shown in red). Nonetheless, the patterns of occupational reallocation significantly vary across
tields. For instance, fields such as High health, ICT, and Law exhibit uniform reallocation patterns
across occupations, while fields like Education, Communications, Business Administration, and

Engineering display much more varied reallocation behaviors.

Figure 10: Globalization shock: Change across fields in occupation sorting
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Notes: Occupations are sorted based on change in occupation wage, as in Figure 9.

The distinct processes of occupation reallocation across various fields also impact the real re-
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turns for these fields, which are displayed in Figure 11. Somewhat surprisingly, the fields expe-
riencing the lowest growth in returns include both those traditionally associated with production
occupations, such as ICT and Engineering, and those not typically specialized in these areas, like
Business Administration and Education. This result underscores the importance of considering
both demand-side shocks and supply-side responses to fully understand the distributional conse-

quences of labor market disruptions.

Figure 11: Globalization shock: Change across fields in returns
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Our analysis further explores the changes in students’ field choices in response to the labor
demand shocks. The left panel of Figure 12 plots these shifts, indicating that, relative to changes in
the returns, the shifts in field choices are very small and primarily observed within STEM-related
fields. The right panel breaks down the overall trend across different latent preference groups.
Notably, no reallocation occurs in Types 1, 2, and 3 , which are driven by their strong preferences
in non-STEM fields. Conversely, the entirety of the reallocation is driven by Type 4, an elastic type
with strong preferences for STEM fields.

Overall, we find that in the short run, majors account for XX% of the variation in the gains and
losses from trade across workers. The importance of majors continues in the long-run, because we
find that students do not switch between STEM and non-STEM majors. This latter result hinges on
our modeling of latent heterogeneity in preferences—a model ignoring these preferences would

imply too much reallocation and lower dispersion in the gains from trade across workers.

In a second planned counterfactual, we will consider implications of an education policy that

promotes entry into STEM field.
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8 Conclusion

TBD...
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A Additional Results

In this appendix, we discuss several additional results regarding the labor market estimation. We

also present tables of all estimated parameters.

A.1 Labor Market Estimates Discussion

In this section, we briefly discuss the patterns of latent heterogeneity in the labor market. Broadly,
latent types govern both absolute advantage through the &) term, and comparative advantage
through the a; , terms in (4). Turning to absolute advantage, Table 5 displays the value of aj for

each type k, while Figure 13 displays the conditional probability each major is of type k, P(k|m).

Table 5: Absolute Advantage (exp(ax))

Typel Type2 Type3 Type4
1.00 0.66 1.58 0.11

There are substantial differences in absolute advantage across types. Type 3 workers, holding
everything else constant, earn fifteen times type 4 workers. While, this does not account for com-
parative advantage, nor the absolute advantage of majors,i it reflects the substantial dispersion in

earnings, even within occupation and field of study:.

Figure 13: Type Probabilities By Major
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Turning to the type probabilities, the most common type is Type 2, and with few exceptions,
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the probability that a worker is type 2 given any major is well over 40%. The second most common
type is Type 4. For both of these types, again with a few exceptions, the probabilities are somewhat
flat across fields of study. Type 1 and Type 3—both higher-earnings types—are substantially more
concentrated on a few fields of study. For example, P(Type 1|m = ICT) is nearly 50%, but is below

10% (and often below 5%) for 2/3 of fields. For Type 3, disparities are particularly pronounced.

Figure 14: Comparative Advantage by Type
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To discuss comparative advantage, rather than focus on individual values of the ay , terms, we

focus on the composite term,

Z
Xko £ Z “k,ZGZ,o-
z=1

To describe comparative advantage, we plot this relative to type 1 in occupation 1 (“Manage-

ment"):

Chpy = P @o—m0) (24)

B exp (“k,Man - “1,Mun)

Figure 14 plots equation (24) for each type k and occupation o.

To interpret the magnitudes, our comparative advantage measure is how much more (or less)
a worker earns in occupation o relative to management than a type 1 worker. So, for example,
looking at Education of Type 2 workers, the value of .28 suggests that Type 2 workers earn 28%

more as teachers relative to managers than Type 1 workers. This is the same order of magnitude
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as the absolute advantage measure, suggesting comparative advantage is an important source of
earnings dispersion and sorting.

With this in mind, while &y, is a very high dimensional object, a few clear patterns emerge.
Type 2 workers have comparative advantage in occupations that are more socially-oriented (e.g.,
Education, Law, Business), and less technically oriented (e.g., Sciences, IT, and manufacturing-
oriented occupations). Type 3 workers display no real comparative advantage differences relative
to type 1—notice that the scale of the y-axis is an order of magnitude smaller than for the other
types. Finally, Type 4 workers tend to have large comparative advantage in the sciences, and more
technical occupations such as machinery. This lines up well with the fact that P(4|m) is largest
for engineering and architecture.The overall impression from Figure 14 is that different types are
varied in their skills at different occupations, and that these magnitudes are quantitatively mean-

ingful.
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B Estimation Algorithms

B.1 Generating Data for Monte Carlo

This section assumes that one has already defined the model and solved for the parameters of the

simulation. Subroutines for this procedure are defined elsewhere. Here we outline the loop to

generate simulated data. We will index each simulated individual by i and calendar time by ¢.

Step 1. Simulate skill prices, w,; and solve for the value functions and policy functions in the

labor market.

Step 2. Given a cohort of size N, and T periods, pre-allocate the following data matrices:

DLM: an N.(T +1)T /2 x 4 (this will be excessive given death and graduation time)

matrix where each row is (i, t, 0, w;t)

DF: N.T x 2 vector that contains vector of i’s field and test score

DK: N.T x 1 vector that contains vector of i’s unobserved labor market type
DL: N.T x 1 vector that contains vector of i’s unobserved ex ante type

DR: N.T x R matrix that contains each N

Step 3. For each i simulate a career path:

Step 3.a. Generate a test score s; for i

Step 3.b. Generate a type for i from the conditional CDF of the type distribution given s;:

L=14) 1(e> Qi(si),
1

where ¢ is a uniform random variable.

Step 3.c. Forr =1, ..., R calculate the ranked list of choices for individual i:

o First calculate the conditional CDF of choices for field:

ED s, €5 (Bt + 04+ 61 T q(kls, 1) Vi, m))
L1\, €XP (Gt + 1 + 61 Ly g (K[s, m) Viys (k, m))

* Second generate a draw from this distribution:

my, =1+ Z 1(e > QF (m)),

mem_,
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for a uniform random variable.

Step 3.d. Assign the agent the highest ranked m in their choice set conditional on s. If no

choice meets the criterion remove them from the sample.
Step 3.e. Determine the agents type:

ki=1+ Y 1(e> QK(m,s)),

MEM_,

where Q is type CDF for agent i with field m and score s, and e is a uniform

random variable.
Step 3.f. Assign an initial occupation beginning in t+5 based on the initial occupation

policy function, A{_ 5:

O] 0

0jt = 1+ Z 1(@ > Z A§<01milki))’

o0=1 o'=1
where e is a uniform random variable.
Step 3.g. Starting the agent at t + 5, simulate a labor market history

i. Determine if the agent exits by testing a uniform random variable against ¢.

If retire, continue to next i. Else...

ii. Draw next occupation and wage:

|(9| 0//
o =1+ ) 1(e> Y Au(0'|oj—1,k,m))
o'=1

0""=1

Wi =wW,,+ X H(ojt, k,m)
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B.2 EM Algorithm Implementation Details

Inputs into the EM Algorithm are the following:

File Name Description Size

iDex Key for worker for each i and t in panel NT x 1
tDex Key for calendar year for each i and t in panel NT x 1
ptDex Worker’s observation within panel for eachiand t NT x 1

field Each worker’s field N x1
occupation Each worker’s occupation at time ¢ NT x 1
logW  Each worker’s log wage at time ¢ NT x 1
zeta Occupational characteristics |O| x Z

These are the files read in by the Algorithm, however they are an incomplete list of what is

needed for the Algorithm to run.

Step 1. Initialize the EM algorithm.

* Set types by k-means clustering on wages, ignoring occupations (as one possibility)

¢ Assign initial probabilities by,

0.95 if clustered into k
qdik =
0.05 if glustered into k

¢ Construct the following sparse matrices once:

- XOT: NT x |O| matrix of occ-year dummies
- XOM: NT x (M|O| — M) matrix of occ-field dummies

— For each k construct a matrix XKZ that is NT x (K — 1) x Z with all zeros for

k =1 (this is a normalization) and for k > 2:

XKZ(k)(:, Z* (k—2)+Z) = o2

— Finally, construct the design matrix for each type:

XTEMP (k) = [XOT, XOM, XKZ (k)]

Note: In matlab this can be stored as a cell or multi-dimensional in array. In other
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languages, a multidimensional array. The notation here is Matlab’s cell. This matrix

does not change with iterations—only the weight matrix is updated.
¢ Estimate initial parameters for wages.

(a) Preallocate the covariance matrix, XtX, toa |O| x T+ (M —1) x |O] 4+ (K—1) x

Z square matrix of zeros.

(b) Preallocate the covaraince matrix between Y and X, XtY, toa |O| x T+ (M —
1) x |O] + (K —1) x Z length vector.

(c) Fork=1,..,K..

i. Generate the weight matrix,
W = diag(qik)
ii. Update the RHS covariance matrix:
XtX = XtX + XTEMP (k) WXTEMP (k) /(NT)
iii. Update the LHS covariance matrix
XtY = XtY + XTEMP(k)'W[logw]/(NT)
(d) Estimate the Mincer regression parameters,
pMincer — (X¢X)~IXtY

(e) Estimate residual variance

— For each k,

rie = logwiy — XTEMP (k) x pMneer

— Estimate variance:

. 1
# = 7 LEL et

t

e Estimate transitions:

Zi:oit,lzoﬂoi,:o/ﬁiem Jik
Zi:oi,,lzoﬂiem ik

A |o, t,m, k) =
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e Estimate initial conditions:

Zi:oit:oﬂierrz []ikl(P} t)

A (oltm,k) = Yiiemqul(pl=1) '

where p! is the first year the worker appears in the data.

Step 2. Initial value of EM objective, J(*) = 0. Begin E Step:

Step 3. For iteration g, update the EM objective, J¢. For each k calculate the log likelihood, LLy

N T
LLe =Y qi | Y (—ri/ (20%) —log(0?) /2 +log A(0jt|0ir—1, mi, k)) + log(A° (s, |to, mi, k)
i=1 =1
And define,
LL=Y LL;
k
Finally add cdf term:

J =Y LLc+)_qrlog(qx),
X

where g, = % Y i Jik-

Step 4. Update weights,

__ exp(LLi)qx
qik =
Y exp(LLieqr
Begin M Step:
Step 5. Update unconditional weights,
1
=N Zj:%’k

Step 6. Update Mincer Parameters

(@) Fork=1,..,K..
i. Generate the weight matrix,

W = diag(qix)

ii. Update the RHS covariance matrix:

XtX = XtX + XTEMP (k) WXTEMP(k)/ (NT)
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iii. Update the LHS covariance matrix
XtY = XtY + XTEMP (k) Wlogw|/ (NT)
(b) Estimate the Mincer regression parameters,
pMimeer = (XtX) Xty

(c) Update residual variance

¢ Foreachk,
rix = logwy — XTEMP(k);; x pMincer

e Estimate variance:
52— 1

NT Zk: Zl; Z Ttk

t
Step 7. Update transitions:
/A\( "o, t,m, k) = Loy y=oNoy=o'niem ik
:0j4—1 =001 ]
210 1=0Ni€Em dik

Step 8. Update initial conditions:

( |t m, k) Zlo” oﬁzemqlkl(pz = )
Lisiem qzkl(Pi =t)

7

Step 9. Step 8: If |J$ — J&~1| < tol, where g is iteration, stop. Else, go to Step 2.

Outputs to be recovered from gMincer

File Name Description Size
flor  Skill Prices O] x T
&om Occ-Field FE |O| x M

&y, Type-Task Productivity K x Z

Additional outputs to save:

File Name Description Size

Ao Transition matrix estimate |O| x |O| x T x M x K
Qx  Matrix of type weights NT x K
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B.3 Stage 2 of Labor Supply

To derive (10),

/
o {/\t(o lo, k, m)

1
WEELED ] =— ( — Cootkm + WortHy (k, m) — worHo (k, m) + B(Viga (k,m, 0") — Viya (k, m,o))),

and

Apyq(0'|o’, k,m 1
10 |: /\tt—:‘l((ol"o/ k/ m))} T ; (COO/km + wO/t+1H0/ <k, m) - w0/t+1H0/ (k/ m>

+ B(Viga(k,m,0") — Viga(k,m, 0")) 4+ (Vi1 (k,m,0") — Viga (k, m,o)))

Cootom + (Vig1(k,m,0) — Vi1 (k,m,0"))

v
Combining, we get,
At (0[o, k,m) A (0']o’t, k,m) Cookm (1 — B)
log | ———-"—~ 1 =—
°8 [/\t(olo, k, m) +plog Aty1(0'|o, k, m) v +

4

1
v (wotHo(k, m) — worHo(k, m)) + Gootkme+1
In principle, to ensure positivity of the costs we apply an exponential transform. Specifically

we estimate the following regression via unweighted NLLS:

ootmk 00’ t+1,mk

;\oo’ m }‘0’0/ m &
log (Atk> + Blog <W) =exp ('Ykm + Z'Yz‘go’z - goz’) x (1—B)i—
z

7

¥ (eftH (o', m, k) — et F(0,m,k))

where 7 = v and H (o0, m,k) = exp(aom + ¥; &x:0z0)-
To derive (11),

ANolkm)] 1
log [W} =— ( oem + WorHo(k, m) — wy, Hy (k,m) + ﬁ(VtH(k, m,o0) — Vip1(k, m,l)))

Aey1(0']0’ k,m)

Ao (o' o) } and after some algebra, we obtain (11).

Combining with log [
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To derive (13)

_CE H ,k/ V Ik/
‘/te(k,m) =V lOg <Zexp ( okm + Wor (O Vm) —+ ,B t+1 (0 m) ))
0
= — Cotm + worH(0, k,m) + V11 (0, k, m) — viog A (o|k, m)

=—Ci, + worH (0, k,m) + B{w,+1H(0,k, m) + BViya(0,k, m)} — vlog Af(o|k, m)—

okm
BvlogAri1(olo, k,m)
== (1= B)Cop + wor H (o, k,m)+

B{—Clm + Worr1H (0, k,m) + BViy2(0,k, m) — viog A, (o]k,m)} —

Aty1(olo, k,m)

vilog Af(olk,m) — Bvlo
g t(| ) ﬁ g A(;+1(O|k/m)

/\t-i-l (O|OI k/ m)

= — (1= B)Clty + worH (0, k,m) + BVf,1 (k,m) — vlog Af (0, k,m) — pvlog AL (olk,m)

B.4 Estimating Entry Costs
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C Details on Counterfactuals

C.1 Labor Demand Model Details

Given wages and prices of imported inputs, the profit maximizing choice of input quantity and

the zero profit condition yield demand for occupation o in industry s:

Lt = Pso x AP x Qg x (PS’?)“ X <P£>pia X (Wﬁ)ip, Yo € OF;

sot — Wt
0

N 14 —n
Lg\gt:f‘\;;XAnystx@g) ><<WSI}]) , Yo e ON;

and demand for imported goods is
« p—u —p
QY = AMx Qu x (PR) x (PF)" " x (PY) ",

where

(P7) "

Q :AF(PD>_17+ E; x Fat 17U>< ;
st s st HsEt 2 (PD)1—17+ (Psi)l—vy’

st

W)= []wh, f={P,N};
0eOf
1

P = :Af (wﬁ)lfp + AM (pgf)“’} -

PR = :Ay (i) "+ (Pﬁ)l_“] "

1

[ 1y 1-4] T
Py = (Pg) + (PSI';) }

Pt == Zys (Pst)lig

S

oo

1
1-c

S

C.2 Solution Methods

C.3 Algorithm: Steady-state equilibrium following shock

(25)

(26)

(27)

(28)

(29)

(30)

(31)

(32)

(33)

(34)

Consider shocks {P}°} — {PL'}, (P} — {P}*'}. We use 0 superscripts to denote the initial

steady state, and 1 superscripts to denote the final steady state.
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Start from the initial steady state: {w9}. We assume g; and 7(k|m,s) = _OPUmtAS) _ qpe

Z:k' exp(ék’m —Hgkls)

. . . A
constant. Denote relative changes in variable x by £ = 75.

Step 1.

Step 2.

Step 3.

Step 4.

Step 5.

Guess {w]}

Compute Bellman Equations by iterating on the following until convergence:

-C e l/HO/ k, Vl k, , /
Vi(k,m,o0) = vlog <Zexp< oo'km + W3 Hy (k, m) + BV( mo)))
O/

1%

Using V1(k,m,0), solve for the inclusive value of being type (k, m):

—Ce

0,km

14

+w! Hy (k,m) + BV(k,m,o
Vel (k,m) = vlog) exp < v Ho (b m) + BV ( )>
O/

Compute the NPV for each field m

Viim|s) = Zk:Ve'l (k, m)r(k|m,s).

Compute {L} } by following the steps in the Monte Carlo simulation in B.1.

Step 5.a. For each individual i, generate a test score s; for i

Step 5.b. Generate a type for i from the conditional CDF of the type distribution given s;:
Li=14) 1(e> Qi(si)),
)

where ¢ is a uniform random variable.
Step 5.c. Forr =1, ..., R calculate the ranked list of choices for individual i:
e Calculate the conditional CDF of choices for field:

Tty P (Bt + 81 6,V ()

2 (m) =
Y1\, €XP (Gt + 1 + 6,V (m]5))

ir

e Generate a draw from this distribution:

my, =1+ Z 1(e > QF (m)),

mem_,
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for a uniform random variable.

Step 5.d. Assign the agent the highest ranked m in their choice set conditional on s. If no

choice meets the criterion remove them from the sample.

Step 5.e. Determine the agents type:

ki=1+ Y 1(e> QK(m,s)),

MEM_,

where Q is type CDF for agent i with field m and score s, and e is a uniform

random variable.

Step 5.f. Calculate the share of individuals belong to type (k,m), scale up to L.

Step 6. Using V! (k,m,0) solve for A{, and A%!(o|k, m)

eXp ( _Caa’km—"_wa’tHo’ E/k/m)+:BV1 (k,m,o’) >

AL(o'|o, k,m) =

20// eXp ( *COO//kW+w0//,Ho//]Ek,m)+ﬁV1 (k,m,o”) )

eXp ( _Co,km +wofH0(ll{/,m)+,BV1 (k/mlo) )

Y exp (fCo,km+wo/tHD/(k,m)+ﬁV1(k,m,o’))

AL (olk,m) =

v

Step 7. Compute H,"¥ ly

Step 7.a. Construct {A}, }:
1
ol Ay
5| (1-6)xAl,

A =
Step 7.b. Solve the system of linear equations,
(A = D)oy =0

Note: one can solve this by solving for the unit eigenvector and eigenvalue of A}C;n or

through iteration on the system, v](cpmﬂ)’l = A,gnv,(f;)’l
1
Lkml
Step 7.c. Scale v}, = . sothaty, Ly, = Li .
1
LkmO
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Step 7.d. Compute changes in human capital supply across occupations

A 1
H;uPP vy _ Z Ll%mo/Hg
k,m

Step 8. Compute changes in prices

Wl = T] Wb, f=pP,N
0cOf

Step 9. Calculate aggregate expenditure (and income)
E =Y SuH,W,
0

Step 10. Calculate changes in domestic output
A ~p\ " AT —T ~p\
Qs = 8% (BP) "+ (1 - S5)ER) Pt (BP)

Step 11. Calculate a new guess for wages, by enforcing labor market clearing and output market

clearing. Choose W, such that

~CRw e () ()

S
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forallo € ON; and

forallo € OF.
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