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Abstract

We study how university students’ field of study choices influence the economy’s skill distri-
bution and its adaptability to labor market disruptions. Our framework incorporates forward-
looking students select majors that determine their comparative advantage across occupations.
Using Danish administrative data on university applications and career outcomes, we account
for unobserved heterogeneity in student and worker skills. Our estimated model finds that
fields vary significantly in specificity, with the most generalized fields being nearly six times
more responsive to shocks than the most specialized. Students cluster into STEM and non-
STEM groups but show greater elasticity within clusters than previously estimated. Counter-
factuals reveal that easing capacity constraints could boost GDP by 0.3% and reallocate ma-
jors. Simulating labor market shocks, such as declining foreign goods prices and Al-driven
demand shifts, shows that incorporating field choice doubles occupational reallocation, ampli-

tying trade gains, while Al shocks have smaller effects.
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1 Introduction

Economic shocks—such as globalization, automation, and immigration—transform labor mar-
kets, creating winners and losers. These disruptions raise fundamental questions: Who benefits,
who suffers, and how can policies build resilience? Addressing these issues requires understand-
ing the heterogeneity in workers’ skills, their transferability across occupations, and, most impor-
tantly, how these skills are developed. The foundation of workers’ skills lies in decisions made as
students (Altonji et al., 2012a; Kirkeboen et al., 2016), yet the role of educational choices in shaping
labor market outcomes remains underexplored. A unified understanding of how these choices in-
teract with labor market dynamics is crucial for answering these pressing questions and designing
effective policy responses.

This paper develops a comprehensive framework to examine how students’ field of study
choices influence skill formation and labor market dynamics. The model captures how individ-
ual preferences and abilities interact with field-specific pathways to shape workers” comparative
advantage and career trajectories. Importantly, it identifies two distinct margins of adjustment
to shocks: the reallocation of incumbent workers across occupations and the adaptation of new
student cohorts through changes in field selection. Through this framework and the rich Danish
administrative data, we quantify the responsiveness of different fields of study to shocks. The
counterfactual analyses uncover the implications of capacity constraints in higher education, and
evaluate the broader implications of labor market shocks under different policy scenarios.

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 system
has two 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. Second, sim-
ilar 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 admission by
submitting a list of priorities over institutions and programs. The education ministry then allo-
cates students according to a deferred acceptance algorithm, in which students are ranked by their

application score and are assigned to places based on their preferred choices. We use the priority

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



lists of students as a measure of their ranking over fields, which will allow us to recover students’
unobserved preferences when estimating our model.

In Section 3 we document several facts that motivate the models” ingredients. First, we show
that different fields of study prepare workers for a fairly specialized set of occupations. This moti-
vates our focus on field of study, as it immediately suggests that this is likely an important margin
of heterogeneity for understanding the incidence of labor market shocks. Second, we use the fixed
effects decomposition proposed by Porzio et al. (2022) to decompose reallocation across occupa-
tions into the portion attributable to new cohorts and to incumbents switching jobs. We find that
both are important margins, but which is more important differs across occupations. This fact mo-
tivates us to jointly model the labor supply decision of incumbents, and the education decision of
new cohorts. Finally, to motivate how we model field choice, we use a Kitagawa-Blinder-Oaxaca
decomposition to demonstrate that a significant fraction of occupational reallocation by new co-
horts is driven by students” changing their field of study, rather than students of the same field of
study changing their occupations.

Motivated by these facts, in Section 4 we develop a model of labor supply and educational
choices. Our model can be thought of as comprising two blocks: the career decisions of incumbent
workers, and the education decisions of students. In the career choice block of our model, workers
choose their occupation in each period a la 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 programs may generally provide better quantitative skills but weaker
communication skills compared to humanities programs. However, within social sciences, some
programs may have lower quantitative skills but stronger communication skills than others.

In the field choice 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 un-
derstand that it is mediated by their education choice. We allow for students to be 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 5, we discuss identification and estimation. To estimate the labor supply block of
the model we use a two-stage estimator, following the approach of Traiberman (2019), building on
Arcidiacono and Miller (2011). This approach requires first using the Expectation-Maximization
(EM) algorithm to recover a subset of parameters, including the distribution of workers’ latent
comparative advantage, and transition rates across occupations. In the second stage, we regress
transition rates on wage differentials to recover the remaining labor supply parameters, as in Artug
et al. (2010). We use students’ ranked lists to then estimate the field choice block of our model. We
build on the literature that exploits the deferred acceptance algorithm (Luflade, 2019; Fack et al.,
2019) to estimate preferences. Having information on students’ second choices allows us to model
latent preferences across fields of study. We use time variation in the model-implied returns to
fields of study in order to estimate how responsive students are to shocks to future income.

In Section 6 we present estimates from the labor market and field choice blocks of our model.
We construct a measure of fields” comparative advantage at different occupations. We find that
some fields are highly specialized, matching strongly to a small handful of occupations. Other
tields are much more general. To measure the economic content of specificity, we calculate the
increase in the exit rate from an occupation given a 1% decline in earnings in that occupation. We
have two main results. First, controlling for workers” human capital is crucial to estimating the
responsiveness of workers to shocks: a 1% decline in the NPV of an occupation raises the exit
rate by 11%, however this effect is four times smaller when we ignore worker and field hetero-
geneity. Second, we find substantial heterogeneity in workers’ responsiveness by field. The most
generalized fields are nearly six times more responsive to shocks than the most specialized.

Turning to students decision over fields, we focus on three key findings. First, we find that
the average student is relatively responsive to shocks to future income. For example, a 1% in-
crease in the net present value of a field increases entry into that field by .4 percentage points (an
elasticity of 2.6). Second, we find an important role for heterogeneity across students—both in
terms of responsiveness and preferences. For example, we find that students who wish to study
education have a strong preference for that field, but are relatively elastic and willing to switch
into care or health fields. On the other hand, we find that STEM-types are relatively inelastic, and
mostly switch within STEM fields or into business. Finally, we show that modeling heterogeneity
is crucial to capturing realistic substitution patterns between students. We show that the im-

plied substitution matrix for students—which fields students switch into given a shock to a single



tield—has similarities to the observed preferences we observe from students’ ranked lists. On the
other hand, estimating our model without this heterogeneity—akin to estimating a simple logit
model featuring independence of irrelevant alternatives—leads to wildly unrealistic patterns.

In Section 7, we use our estimates to perform several counterfactual experiments. To do so, we
tirst close our model by embedding the labor supply side into a small open economy model of la-
bor demand. Firms in different industries face import competition and can choose to use offshored
intermediates in production. We then simulate demand shocks across occupations, by counterfac-
tually reducing the costs of foreign goods and offshored inputs. The trade shocks would in turn
induce heterogeneous responses across occupations. We adopt the exact hat algebra approach to
estimate the labor demand parameters and solve the counterfactuals under different policy sce-
narios. In particular, we shut down reallocation for all fields, we maintain the current Danish
system (which has capacity constraints for some fields), and we allow students to freely choose
tields and assume supply can adjust (the “American" system). We show that allowing students to
reallocate under the current Danish system, with capacity constraints, leads to 12% higher welfare
gains from offshoring. If institutional constraints (e.g., capacity constraints and high school tracks)
are removed, welfare gains following the shock are 22% higher.

Our paper contributes to several strands of literature. First, we contribute to the literature that
uses general equilibrium models to study the dynamic response of workers to shocks.

Our paper is most closely related to papers that try to understand the career decisions of work-
ers who differ in their abilities, either due to mobility frictions, or due to horizontally differentiated
skill sets. These models have been used to study trade shocks (Artug et al., 2010; Dix-Carneiro,
2014; Traiberman, 2019), immigration (Llull, 2018; Burstein et al., 2020; Monras, 2020; Khanna and
Morales, 2017), and to understand search and sorting patterns in the economy (Lise and Postel-
Vinay, 2020).

We also contribute to the large literature on the the joint determination of human capital and
career decisions. 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 ex-
plored the importance of different features of majors, such as specificity (Leighton and Speer,
2020).> Within this literature, our paper is most closely related to the subset of the literature fo-

cused on estimating models of human capital accumulation in tertiary education—for example,

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



Arcidiacono (2004), Adda and Dustmann (2023), Beffy et al. (2012), and Kinsler and Pavan (2015),
who 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. Methodologically, we are close to the literature exploiting centralized assignment
mechanisms as a source of identification for preferences over college majors (Kapor et al., 2024;
Fack et al., 2019; Larroucau and Rios, 2022). Our contributions to these literature are several-fold.
First, much of the prior literature on education and careers has focused on vertical education
decisions—e.g., no college, vocational school, or college—while we focus on horizontally differ-
entiated fields of study—Beffy et al. (2012) and Arcidiacono et al. (2016) being notable exceptions.
Second, we tie students” education decisions to a model of the labor market that features many
occupations and sectors, and allows for dynamic adjustment along these margins. This is novel
to our approach, and we show that modeling such occupational heterogeneity is important for
two reasons. First, we show that both incumbent and new cohort switching are key margins of
adjustment in the economy. They also interact—as the reallocation of incumbents changes ex-
pected earnings for new cohorts, while the actions of new cohorts similarly affects the anticipated
change in labor supply for incumbents. Second, a common feature of trade shocks, technological
shocks, and immigration shocks are that they impact only a subset of occupations directly, and the
remainder through equilibrium reallocation. For example, certain “STEM"-intensive occupations
may be exposed to trade or artificial intelligence—e.g., those in R&D—while others less so—e.g.,
medicine. Our paper provides a unified framework that bridges a rich model of field choice, with
a dynamic occupational choice model that can be used to understand reallocation to the kinds of
targeted shocks that worry policy makers.

Finally, our paper contributes to the growing literature on the demand for fields of study (Rob-
les and Krishna, 2012; Wiswall and Zafar, 2015; Kirkeboen et al., 2016; Agarwal and Somaini, 2018;
Fack et al., 2019), by nesting field choice within a broader labor supply framework. Unlike much
of the existing literature, our approach integrates educational decisions with labor market real-
location, which allows us to study how field choices interact with occupational reallocation in

response to shocks, providing insights into aggregate outcomes and general equilibrium effects.



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 education system and show prominent features in

students” applications and field choices.

2.1 Data Sources

We employ several administrative datasets covering the Danish economy from 1996 to 2019. 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. IDA includes information
on employment status, earnings, ISCO-based occupation, age, sex at birth, and other demographic
variables. Throughout the text “earnings" refers to the earnings concept in this register—which
are total annual earnings in workers” main job. Workers are assigned an employer and occupation
based on their employment status in November of each year.

Our main source of information regarding individuals” education comes from the Education
Register (UDDA). The data include the type of education completed, the level of education and
the year of graduation . The education register also contains references from all education pro-
grams to the International Standard Classification of Education (ISCED) which allows us to clas-
sify education programs into field of study. In the next subsection we discuss our classification
of occupations and fields of study. We supplement the education register with information re-
garding student applications from the Coordination Register (KOT). The data are provided by the
Coordinated Admissions System, which is run by the Ministry of Higher Education. For each
student, we know the set of programs to which they applied, whether they received admission in
a program, the system under which they received admission (i.e., through GPA, or an alternative
channel), their test score, among other variables. We hand-link the education programs in KOT to
UDDA and calculate admission cutoffs based on all applications data®.

In addition to these datasets, we bring in standard firm level data from the Firm Accounting
Statistics Register (FIRE). This allows us to identify workers” industries. Finally, we use the Danish
Foreign Trade Statistics Register (UHDI). These data are product-firm-origin/destination level cus-

toms data on all international transactions.* They contain data on value of imports and exports at

3We also need to determine the effective GPA cutoff threshold for each program with a binding testing cutoff, as this
is not available (digitally at least). The Data Appendix contains a complete description of how we concorded KOT to
UDDA and calculated admission cutoffs.

4For EU countries, there is a minimum reporting threshold.



the CN8 level, and often also contain quantity and unit value information.

In addition to the Danish register data, 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.

2.2 Defining Fields and Occupations

We define the level of education based on the ISCED system, and divide students into three levels:
no tertiary education, short-cycle education, and medium-cycle or higher education. We refer to
last group as level 3 education, and this is the primary focus of our analysis. Our definition of
tields is based on the Danish variant of the ISCED-F classification of fields. The ISCED-F clas-
sification breaks fields into 27 broad categories. We aggregate several codes—especially in the
natural sciences—due to their small size. We also break apart the health code into programs at the
Professional Bachelor’s level and the University level. Appendix table 10 contains the full list of
educational fields.’

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. When the data breaks, there are several quality issues in the data. 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. Appendix Table 11 contains the list of occupations in our analysis.

2.3 The Danish Education System
The Higher Education System in Denmark

Our analysis focuses on tertiary or higher education in Denmark, which includes two main types

of programs: Professional Bachelor’s degrees and University Bachelor’s degrees. Professional

5Note that not all of these fields have corresponding programs at the highest level of tertiary education in Denmark,
but we include them as in counterfactuals we include all workers, who may have studied these fields at other schools.



Bachelor’s degrees, often referred to as Academy Bachelor’s degrees, typically require three years
of study and are designed to provide students with practical, job-oriented skills tailored to meet
labor market demands. These programs cover fields such as business, education, engineering, and
various forms of vocational training, emphasizing technical expertise and immediate employabil-
ity. University Bachelor’s degrees, on the other hand, follow a more academically focused path,
comparable to a standard American four-year degree but completed in three years . These pro-
grams are oriented toward theoretical knowledge and research, preparing students for further
academic pursuits or careers requiring in-depth expertise in their chosen fields.

In Denmark, as in much of Europe, the higher education system emphasizes early specializa-
tion, differing significantly from the U.S. model of majors and minors. Students apply directly to
specific programs, such as engineering or business, rather than entering with a broad area of study:.
Unlike the U.S. model, which offers general education requirements and flexibility in course se-
lection, the curriculum in Denmark is more predefined, with less room for electives outside the
chosen field.

High school tracks play a critical role in shaping students” options for higher education. Dan-
ish upper secondary education comprises several tracks, each influencing the types of tertiary
programs students can pursue (see Appendix XXX for more information in high school tracks).
While the system has become more fluid over time, with for example options for students to take
supplementary courses to broaden their eligibility, these tracks still determine much of the access
to higher education. To this end, in our estimation, we use upper secondary background, includ-
ing specialization when available, to construct students” consideration sets for tertiary education.
We also use high school tracks as a control when estimating students’ returns and preferences over

different fields of study.

The Application System

Entry into both Professional Bachelor’s programs and University Bachelor’s programs occurs
through a centralized admissions process. Students can apply to up to eight programs (a com-
bination of field and institution). Each program has its own GPA threshold for entry, which is
determined by student demand and the program supply, regulated by the Danish Ministry of
Higher Education and Science. Some programs also have specific prerequisites, such as suffi-
cient mathematics preparation. Students in Denmark are given significant resources to help them

make informed choices about their education and improve their information about alternatives



educational choice . The UddannelsesGuiden (Education Guide”) provides detailed information
on program-specific prerequisites, historical GPA cutoffs, admissions numbers, labor market out-
comes, demand trends across fields of study, and subject matter expectations. Study guidance
centers (Studievalg) further support students through counseling services. Nevertheless, while
students inevitably face some gaps in information and cannot fully predict the returns to different
tields of study, significant efforts are made to provide them with comprehensive guidance and
resources.

The Danish admissions system uses a Deferred Acceptance mechanism, ensuring that if a stu-
dent is ineligible for their first choice, it does not affect their chances of being considered for sub-
sequent choices. This structure encourages students to truthfully rank their preferences (Fack et
al., 2019). However, some students may still choose not to apply to programs where they believe
they are ineligible or incur psychological costs from the process. In our estimation, we assume stu-
dents apply within a “realistic” set of alternatives, consistent with the “score bounds” approach
of Kapor et al., 2024. While the majority of admissions to tertiary education programs take place
through GPA cutoffs (also referred to as the "Quota 1" system), a fraction of admissions take place
based on supplementary exams or other criteria for students who were rejected from their Quota
1 application (the "Quota 2" system). In our analysis, we only focus on Quota 1 admissions. It is
also not uncommon for students to wait between high school and college if they do not receive
their top choice. Although the system allows for some fluidity, quotas remain binding for many
programs, and delaying applications can result in penalties. As a result, most students apply to
multiple programs and many are admitted to or attend their second (or higher) choice.

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. 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 applicants also changes over time. The number of students applying to tertiary
education through the Coordinated Admissions system has grown 61% between 1996 and 2017,

driven both by higher take up of higher education, and an expansion of those programs covered

6This is in line with the fact that students may have poor information about alternatives, see (Wiswall and Zafar,
2015; Kapor et al., 2020).
7See https:/ /www.ug.dk/

10



Figure 1: Summary Statistics on First Priority

(a) Unconditional Distribution (b) Growth Over Time
154 ) Education Care Med Health Arts
f J\/\N\
%) 0 "'x\/ BN _—
=3 -1
o
i 1 Humanities Social Science Communications Business Admin
= A7 2
] )
/,_/wg
no_- < 0 —~——0 ~————— —
e g
G 1G] Law High Health Life Sciences Physics/Math
o 4 o 2
g 05 g
= <
] D oo~ ——— — T
1 Y
1995 2000 2005 2010 2015
o icT Engineering Architecture
S @ P & & N S A O @ 2
PPN EFL ST P FE OO 1
& & & o8 & E & S & & P
<& & S a2 & S & ° § & °
¥ R & RIS SRS s
(JQ@ %0 v 1995 2000 2005 2010 2015 1995 2000 2005 2010 2015 1995 2000 2005 2010 2015
Year

Table 1 provides insight into students” preferences by examining the relationship between
tirst-choice fields (columns) and second-choice fields (rows). Two patterns stand out. First, the
data show strong diagonal dominance across fields, indicating that most students select a second-
choice program within the same field as their first choice®. Second, preferences vary significantly
by discipline. In STEM fields such as life sciences, physics/mathematics, and engineering, there
is notable clustering, with a large share of students selecting second or third choices within these
closely related fields. In contrast, preferences in Education and Health appear more narrowly
focused, with students showing a lower likelihood of considering programs outside their initial

field of interest. This suggests a strong tendency toward specialization in these disciplines.

8In our subsequent analysis, we do not distinguish between students choosing a similar program within the same
institution (e.g., Physics versus Math at Aarhus) or applying to the same program at different institutions. We do not
find a clear pattern that suggests students engage in one kind of behavior or another: 37% of the time students apply
across programs within the same institution, and the other 63% of the time they apply for similar programs across
institutions.
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classification fields and is discussed in Section 2.2. Cells are censored below 3.5% for readability.



3 Motivating Model Ingredients

In this section, we present three stylized facts about the relationship between fields of study and
career choices. Our analysis focuses on students and workers with tertiary education. The purpose
of this section is to motivate our model, which incorporates both a career choice component and
a field choice component. The facts presented below highlight that occupational reallocation is
influenced by two margins: how incumbents reallocate themselves and how new students adjust

their human capital investment decisions.

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 specificity. To measure how specialized a field is, we

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

HHIy =) 82,
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 grey).

We highlight two takeaways from this graph. First, fields of study are generally highly spe-
cialized. The pooled HHI—unconditional on field of study—is about .2, while the average HHI
for any given field is nearly double this. Second, there is substantial heterogeneity across fields,
which suggests that there could be significant heterogeneity in how workers with different back-
grounds weather shocks. For example, Social Science has a lower HHI than the pooled HHI, while

health and education fields are nearly fully specialized.

Fact 2: Occupational reallocation is driven equally by new cohorts and incumbents.

We now establish that a substantial fraction of occupational reallocation occurs through the entry
of new cohorts. Changes in occupational shares can occur in two ways: incumbents can switch
occupations (or exit the labor force), or new cohorts can engage in a different set of occupations.

In order to quantify these channels we adopt the approach of Porzio et al. (2022), who studied
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Figure 2: Field of Study-Occupation HHIs
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Notes: The black 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 grey bar represents the HHI calculated by pooling all workers.

reallocation of workers in and out of agriculture in emerging economies. Let s, be the share of

workers in cohort ¢ working in occupation o at time t. We project this share on cohort and time

fixed effects for each occupation:

1085o|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,.; & s,|«Vc,c’. In this case, reallocation would
reflect common demand or supply shocks, and be absorbed into the year fixed effects. On the
other hand, if workers are completely immobile, then all reallocation would occur through new
cohorts, and only those fixed effects would matter.

Figure 3 plots both cohort and year fixed effects for each occupation. The first panel plots
cohort effects, with birth year of the cohort on the x-axis, and the fixed effect on the y-axis. Both
sets of fixed effects clearly matter. However, there are some clear differences, where for some
occupations the cohort effect is close to irrelevant, while for others the time effect is small. This

motivates a model that captures both margins of adjustment for the economy:.
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Figure 3: Reallocation Decomposition
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Notes: The figure plots the cohort and year fixed effects from (1). The null hypothesis is a flat line bunched at zero.

Figure 4: Variance Explained by Cohort and Year Effects
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To further quantify the importance and heterogeneity of the cohort effect, we calculate the
ratio of variance in fixed effects to the variance of the fitted log shares: (792%, / UIZOESE/ j € {ct}.
This number can be larger than one due to the covariance of cohort and year fixed effects. Figure
4 plots the density of this ratio for both year and cohort fixed effects. The cohort effects are to
the right of the year fixed effects, suggesting that, if anything, they account for a larger share of

variance—with the caveat that the covariance term (which tends to be negligible) is absent here.

We finally turn to establishing that new cohorts reallocate by switching their field of study.
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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 Spp—1+ ZASWZ X Solm,t—1 +ZASWZ X ASo|m . 2)
m m m

Within Across Growth Covariance

Figure 5: Decomposing the New Cohort Entry Margin

m ..
| -=IuBBHER I
° I FEEE |
0
O ..
i\
Q & & S o o S P & > @ N
& S & FEFESE L EL S S
F O ¥ E P e & P S & @
& el S N ) o > ) > S >
& S & P D7 & 9 ISP PN N
) & & 9 S N
L & F S Ay K
(Q $) @) "00
S @ & N
< 2 & oo‘{b
)
|_ Within Growth Across Growth

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 all occupations that experienced at least a 5% change in
share. The light gray bars measures changes through field choice. For nearly all occupations, a
substantial fraction of changes in initial occupation shares occurs through changes in field choices.
There are some notable deviations—for example, management and administration. These occu-

pations may be less matched to a particular field.

Together, our facts paint a clear picture of how the occupational structure of the economy

9The covariance term tends to be very small, so it is omitted. The full decomposition for all occupations can be
found in appendix figure 9.

16



changes: incumbents and new cohorts both play a large role in shaping occupation reallocation.
Moreover, new cohorts shift their initial occupation in response to shocks, but also shift their field
of study over time. With this in mind, we now turn to our model of labor supply and field choice,

and its estimation.

4 A Model of Labor Supply and Field Choice

In this section we describe students” education and labor supply decisions, with labor demand
left to Section 7. Our labor supply model combines three main ingredients: first, students make
forward-looking choices over which field to pursue; second, workers with different educational
backgrounds make forward-looking occupational choices; third, we incorporate latent hetero-

geneity in preferences over fields, as well as latent comparative advantage across occupations.

4.1 Environment

We consider a dynamic, small, and open economy. Time, indexed by t, is discrete. There is a
measure L of workers, differentiated by their field of study m € F and comparative advantage
type k € {1, ..., K}. Workers supply one unit of labor inelasticially to an occupation 0 € O. They
exit the labor force at an exogenous rate §, and are replaced by a new cohort. New cohorts are
differentiated by their preferences, /, their test score, s, and other covariates, X.

Figure 6 provides a schematic illustration of the labor supply model. High school graduates
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 preference shock—returns and preferences can depend on their
initial state. 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 sequel, we describe the model backwards,

starting from the incumbents, moving onto the new cohorts, and finally the students.

4.1.1 Incumbent Workers

Incumbent workers who spent the last period in occupation o choose an occupation o at the be-
ginning of period t. In order to switch occupations they face moving costs Cyyi, and receive a

stochastic occupation preference shock, ¢,. Workers of type (k, m) supply human capital H,(k, m)
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Figure 6: Illustration of the Labor Supply Model

to occupation o. In order to parameterize H we first project each occupation onto Z tasks. Denote
by (., the loading on task z in occupation 0, 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 vec-
tor in the positive orthant of R?, {, € R% . Each type of worker has a different ability at each
task, a; .. 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

tield. Putting this together we have that,

Z
10g H, <k/ m) = Kom + & + Z D‘k,zgz,o- 3)
z=1

A few comments are in order. 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
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fields of study can have different comparative advantages, even conditional on type k. For exam-
ple, workers in STEM backgrounds may have large values of «,,, 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.

Returns to an occupation are determined competitively, with skill price w,:. Putting this to-

gether, the worker’s Bellman equation in period t is given by,
U(k, m,o, 8) = maxXx wo/tHO/ (k, m) — Coo’km — &o't —+ ﬁEtV(k, m, 0/), (4)
0/

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

Henceforth we assume that preference shocks, ¢,, are conditionally independent of other vari-
ables, and are distributed Gumbel with mean 0 and scale parameter v. Under these assumptions,

V takes the following form:

_Coo’km +w0’tHo’(k/m) +;BEfo+1(k/ m,0/)>> (5)

Vi(k,m,0) = v log <Zexp ( .,

Moreover, the policy function for workers aggregates to the following transition probabilities

across occupations and states:

exp ( 7C00’km+wo’tHu’ (k'l;m)+ﬁEfo+1 (k,m,o’) )

At(0']o, k,m) =

ZO” exp ( —Coollkm T W Hyrr (k]//m)+;BEt‘/t+1 (k,m,0")

. 6)
)

Equation (6) illustrates the interpretation of v as governing the elasticity of occupational switching
with respect to fundamentals. Suppose that v — 0. In this case, the transition probabilities collapse
to either 0 or 1, taking on the value of 1 only if the numerator is the highest utility occupation.
Hence, for low values of v, earnings differentials determine worker transitions, and gross worker
flows are close to net worker flows. At the other extreme, if v — oo, then (6) collapses to 1/|0O|—
i.e.,, workers randomly allocate themselves uniformly across occupations in each period. And so,

for large values of v, earnings differentials are irrelevant.
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4.1.2 New Entrants
Like incumbents, new entrants enter with a (k,m) pair. They make a multinomial choice over

initial occupation, according to the utility function,

v (k,m) = max —C{ 4 — €0 + WorHo(k, m) + BE¢Viy1(k, m,0) (7)

0,km

We assume € is Gumbel with the same scale parameter as for incumbent workers. This yields the

following choice probability for new cohorts:

exp ( —Co i+ Wot Ho (k’rz) +BE;Vii1(km,0) )

Af(olk,m) =

—C¢ ., +w, . H,(km)+ M\ ®)
oty (K, ﬁEtVt+1(k,m,O)>

Zo’ eXp < of km -
Moreover, one can integrate to solve for the value of being type (k, m) at a time ¢:

—Ce

0,km

+ wO/tHof (k, TI’Z) + ﬁEt‘/tJrl (k, m, 0/) )
v .

V{(k,m) = vlog) exp <
O/

4.2 Field Choice

In this subsection we first describe the returns to a field, and then discuss how students construct
their ranked choice lists. Students enter their field choice decision with a test score, s, and a prefer-
ence type, [ € 1,..., L. They also have covariates, X, such as their high school background. In this
subsection, we suppress these characteristics for ease of discussion, but everything is conditional

on these characteristics.

Returns to Field

When students choose their field of study, they consider two effects on labor market returns. First,
there is the common productivity effect, a,,, in equation (3). For example, all economics degrees
have some mean return in managerial occupations that may be different than the return to com-
munications degrees. Second, each field of study induces a conditional distribution over k € K,
that may also depend on other characteristics: 7t(k|m,s). This stochastic term allows for students

within the same field of study to have different talents on the market. Given this conditional
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distribution, the value of field m for a student with score s is:
Vi(mls) = Y Vi, s(k,m)re(k|m, s),
k

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

In addition to their test scores, students may have different preferences over fields of study.
Student preferences are drawn from the set | € L. We suppose that for a type-I student, there is
a non-pecuniary, time-invariant, utility to a field denoted by #;,,,. Moreover, students can differ in
the importance they assign to future earnings, which is governed by the parameter 6. Regardless
of their type, students also receive a conditionally independent Gumbel(0,1) preference shock over
tields, €.

Finally, different fields of study can be associated to a varying number of programs. For ex-
ample, within “Math/Physics" are all mathematics programs and physics programs, at all insti-
tutions. As the focus of our paper is not on institutional quality, nor on within-field variation,
we simply treat programs within a field of study as symmetric. Instead, we assume that students
have a love-of-variety over the number of programs, governed by v.

Combining all of these terms, student i of type [ with test score s has the following utility for
each field:

Uimsi = Oy + 6,Vi(m|s) + vlog(Ny,) + €5y, )

where € is the field choice shock.

Ranked List Determination

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 over their consideration sets.'’ Students’ consideration sets can
depend on their test score (for example, students with low scores will not apply to programs
which they have no probability being admitted to) and their high school background (for example,
whether they studied math or not). We denote consideration sets by C C F.

For ease of notation, let ©y,,;(s) be the value of field m to type I at time ¢ as a function of test

10Given 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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score s. Le., the terms in (9) except for the shock. 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 (my, my, ..., ) is given by,

15[ exp (@11 (5))

P(mq,my, ..., mg;s,C)
( b R = ZmGC\m exp(®lmt( ))

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 quite tractable and encompasses
standard models as special cases. 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 net present value of cross-sectional average earn-
ings 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.

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 field choice 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 we use the EM algorithm to estimate the parameters of human capital supply,
the distribution of unobserved heterogeneity, and the transition probabilities across occupations;
second, we estimate the remaining structural parameters, C and v, by inverting workers” choice
probabilities (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.M1 Let f(wit|k,0,m, t; ) be the Gaussian PDF of log

wages conditional on type, field, occupation, and year, with parameters «. Let g, be the probabil-

1n 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.
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ity of being type k. In this case, the likelihood contribution of person i is given by,

K T
L= Z gx X A°(01, m|k) f(wir|k,0,m,1; &) X Ilf(wlﬂk, o,m,t;0) X A(o¢|os_1,m, k)
- t=
The full likelihood, given that g is unobserved, is the product over £;. Optimizing this function
using typical optimization routines is difficult for two reasons: (1) the likelihood is not log-linear;
and (2) A; is the outcome of the solution of the structural model, requiring knowing future contin-
uation values and their expectations.

A standard solution to the first issue is to use the Expectation-Maximization (EM) algorithm.
This necessitates defining an auxiliary function, the mean of the likelihood conditional on the
distribution of k (as if it were known). The second issue is more specific to our setting. However, as
pointed out by Arcidiacono and Miller (2011), we can treat A as a direct parameter to be estimated,
and then map this back to structural parameters in a second stage. Putting this all together yields

the following function, which we continue to call the log likelihood in a mild abuse of terminology:

T

N K
E Zlkz Zlogf wlt|k Oltrml/t 0‘)+10g)\t(01f|01t 1/ml/k) qik/ (10)

where g;; is the probability that individual 7 is type k, and the hats atop the A terms imply that
they are not outputs of the model, but estimated directly from the data.

One final issue in maximizing (10) is how to deal with initial condition, A;(01), since work-
ers initial occupation is non-random. We follow Wooldridge (2005) and estimate a function,
A(ojo|m;, ki, to;)—where t; is a cohort fixed effect—and then estimate separately q(k|m, to, s), where
to is again cohort fixed effects and s are students” GPA (which we observe for a subset of workers).
We parameterize A(0;9) with a logit link function.!?

Appendix D contains a full description of how we implement the EM algorithm, but we now

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

12Formally,

exp (Omt, + Pis)
Lk exp(Orme, + Prrs)”
If s were not 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).

q(k|m, tO/S) =
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1. Update the conditional probabilities for each type:

|:Z;ET:I log f(wit |k/ Oijt, My, t/ “) + log ;\t (0it|0i,t*1/ mj, k):| Qk
Y1 [ZL1 log f(wit|k', 0it, m;, t; &) +1og Ae (0] 0i 41, mi, k’)} qx

I
Tix =

which is Bayes’ rule.

2. Update model parameters. We update g by taking the mean of g;; across individuals. Wage
parameters can be estimated using a weighted linear regression of log w;; on occupation-
year fixed effects, occupation-field fixed effects, and tasks, where the weights are gj. A can

be updated through a weighted bin estimator of transition rates:

Zie (o' 0,k,m,t) ik

A0 o, k,m, t) = )
(@ ) Yoire(okm) qi'k

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 recover
the switching cost parameters and the scale of the Gumbel distribution. To see how this is done,
notice that after estimating the first stage, wo:H, (k, m) is observed for every possible (o, k, m), as
are the switching probabilities, A;(0|o,k,m)."> In Appendix D.2.2, we show how to use (6) to

arrive at the following regression equation:

+
. Y , (11)
; (wo/tHo (k/ m) — WorHy (kr m)) + goo’kmt—ﬁ—l

Ae(0'|o, k,m) A (0o k,m)]  Coprm(1 — B)
lo [)\t(o|o,k,m) +plog Atr1(0’|o, k,m) |

where §,pkmi+1 is @ time t + 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 ¢ variables, so that equation (11)

can be estimated by ordinary least squares.

13Even 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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5.2 Labor Supply of New Cohorts

The only parameter that remains to be estimated for new cohorts are the entry costs C,. We can
exploit a very similar strategy as above to back out these parameters. We normalize, without loss
of generality, the entry cost into the occupation 1 (“Management") to zero. In Appendix D.2.2 we

derive the following estimating equation:

A¢(olk, m) Aty1(olo, k,m)
e _ _ _ t +
okm = (wotH(o,k,m) wltH(l,k,m)) + BCqom —V X {log 7/\5(1|krm) + Blog ALk m) [ (12)

We take the time average of this expression as our estimate of C,.

Before we turn to the estimation of the field choice block, we stress that at this point our estima-
tion strategy has avoided explicitly computing V, in levels. Instead, we have used the inversion
of choice probabilities to construct regression equations that difference out these terms. Never-
theless, the net present value of entering an occupation is an input into the field choice problem.
However, we now describe a recursive formulation of the utility function that allows us to avoid

needing to observe Vy.

5.3 Field Choice

First, we demonstrate how to represent payoffs recursively. This will allow us to exploit the panel
dimension of our applications data. We begin by deriving all of our results under the assumption
that students’ latent type, [, is observed. Afterward, we describe how to use the EM algorithm to
obtain the distribution of types.

The first step is to estimate the education production function through the regression:

Gik = Pm + £(5; Bon) + €ikm,s

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 then construct the payoff to a field m at time ¢ for type !

individuals as,

Upi(s) = Oy + v1og(Nyr) + 0, | Y 7t (k|s, m)V{,5(k,m) | . (13)
k

As mentioned at the end of section 5.2, V* is not directly estimated. Technically, one only needs

to know the differences in V* across fields, but even these differences cannot be directly estimated

14Tn the previous section we had estimated a similar function for initial conditions. The difference here is that we bin
students into quintiles to economize on computation time.
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as there is no simple representation of these differences that does not still require knowledge of
some terminal value. To resolve this issue, we do not try to estimate the structural parameters for
the last period in our data, instead we directly estimate the composite term Uy, (s) = (Uryy(s) —
vlog(Nur)).

Estimating Uj;,,(s) provides an estimate of differences in V¢ within it. It turns out that we
can use this to estimate the structural parameters using earlier periods of data. Specifically, in
Appendix D.2.2, we derive the following representation for the value of field m and time ¢ for a

type (1, s) student:

— Til ! T ~
uT—T,lm (S) :ﬁlm(l - :BT_T) + Ulog(Nm,T—T) + 61 2 ABT _TV%7T,+5(771,S) +;BT_TUT,lm (S)

=1

(14)

F
XVT,T(m,s)

where,

Viis(m,s) =) m(klm,s) {—(1 = B)Cotm + Wo,r+5H(1, k,m) —vlog Ay 5(olk,m) — pvlog <
k

fsaolo ) )
X glolk,m) ) J”

is an entry value term that only depends on observable data. Notice that if T = T, this collapses
to the final period utility. Otherwise, this is a discounted sum of observed payoffs, using the

discounted final period utility as a control for the continuation value. With (14) in hand, we turn

to deriving the likelihood function. We continue conditional on /, and discuss estimating the latent
type distribution at the end. To construct the likelihood conditional on type, let i index individuals,
let C; be their choice set (which is a function of calendar time, GPA, and high school background),
and let (my,my, ..., mg) be their ranked choice list. Suppose first that we observe individual i in
the final period of the education data, T — 6. For their first ranked choice, conditional on being of

type | and having score in decile s;, the likelihood contribution will be:

N, exp (U, i,m—6(si))
Ymec; Ny exp (C[m’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

m given their past choices. For example, if there were 40 nursing programs, and an individual
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tilled 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,

R 1 T 6,71y, exp (C[mrliT—6<si))
Lit—6(m,ma, ..., mg,s;) = [ | - :
r=1 L eC T 6,r,m' EXP (um’liT—6(Si))

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 7 is of

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

LLr- 6—222%1 <UIOgN1rm, + Uy, 17—6(s —log< Y N}, exp (Unir—6(s ))))

I i m' €C;

Given a current guess of Uy, (s), we can construct the individual likelihood contribution for
individual 7 at time ¢ if they are at type | using the multinomial logit probabilities. Taking the

logarithm and summing across all periods and individuals leads to the following objective:

LL; = ZZZ&/M (U log Nirm, + O (1 — BT7671) + GZXVET,G(m,s) + BT U g1 (5)—
SR (15)
log ( ZC N}, exp (ﬁ,m(1 — BT + O, XV g(m,s) + ﬁT—ﬁ—fuT_é,lm(s))> )
m'€C;

We maximize (15) by iterating on the first order condition, as in Berry et al. (1995). Details, in-
cluding the exact expression from the FOCs, and their connection to various data moments, can

be found in Appendix D.2.2.
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

I, conditional on a guess of parameters, we use Bayes’ rule:

),

Ly exp(LLE) gl

(g+1) _ exp(LLz(tl)
i =

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 param-

eters converge within some tolerance.
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5.4 Identification

We discuss the intuition for identification by breaking down the discussion into the same steps as
the estimation. First, identification of wage parameters comes from the panel structure of the wage
data, and have a similar identification strategy to fixed effects. If there were no occupations, this
would be tantamount to clustering workers by their long-run average quantile in the wage distri-
bution.!> With occupations, switchers determine how to bunch workers according to comparative
advantage. When a worker switches occupation, if they are in a similar position of the income dis-
tribution, persistently, then they appear to have absolute advantage in both occupations; on the
other hand, if their wage is lower (relative to peers in the new occupation) after the switch, they are
deemed to have comparative advantage in the initial occupation. These situations are illustrated
in Appendix Figure 11 for the case of two types. We caveat that this intuition is incomplete, as we
also control for occupational histories, so that workers who cluster in similar occupations are also
grouped together.

Second, the identification of switching costs parameters—C, C,, and v— follows straightfor-
wardly from the regression specification and comes from the response of occupational switching
given changes in wage differentials. The response of net flows to wage differentials pins down the
switching parameter, while the overall level of flows—gross flows—pins down the level of switch-
ing costs. Finally, differential switching patterns conditional on v pin down how C varies across
occupation pairs.

Finally, we discuss the intuition for the field choice parameters. While all parameters are jointly
identified via likelihood maximization—making any discussion an approximation—the most in-
tuitive discussion separated each piece of the EM algorithm. That is to say, we discuss identifi-
cation conditional on /, and then identification of the type distribution conditional on the other
parameters. First, given a distribution of types, the identification of ; comes from changes in
field choice given changes in returns to the observed component of that field, VF. Similarly, the
tixed effects, v;,,, reflect long-term sorting patterns of students, as well as how students of the
same type make decisions given different choice sets. Second, identification of the distribution of
types comes from information on the ranked list of choices. Conditional on a set of parameters,
students with similar lists are clustered together. Clarity on this point may be easiest to see with

an example where there were no clustering. Suppose there were only type of student. In this case,

15This is similar in spirit to Bonhomme et al. (2019), and indeed the EM algorithm is often how k-means clustering is
implemented in practice.
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since the preference shocks are conditionally independent, one’s second choice of field would be
independent of their first choice, P(m,|m,,) = P(m,,). If there is dependence between first and
second choices, students are clustered in a way that ensures conditional independence conditional

on type.16

6 Estimation Results

6.1 Labor Supply

We separate the discussion of the labor market block of the model into two sets of parameters:
those governing human capital, H, and those governing switching costs. Recall that human capital
depends on both one’s field of study, and their latent type k. In our estimation, we have used 4
types. Turning to human capital, we first discuss the specificity of fields. We focus on a measure
that captures the idea that some fields are strongly attached to a few occupations, while other
tields send workers to many occupations. To this end, we focus on the parameter «,,, which
captures the comparative advantage of workers with field m in occupation o, holding their latent

type constant.

Table 2: Specificity of Different Fields

Max Skew B

High Health 075 193 221
Architecture 047 158 1.68
Education 043 094 1.53
Care 041 -0.14 1.66
Law 0.37 -0.03 1.72

Communication 033 082 1.19
Business Admin 030 -0.04 1.55
Physics/Math 028 -0.19 1.27

Life Sciences 027 033 1.20
ICT 027 032 129
Engineering 026 016 142
Medium Health 023 -0.35 1.55
Humanities 023 031 1.13
Arts 023 034 138

Social Science 020 -040 1.46

In our estimation, we cannot recover «,,, in levels, we can only recover differences. This is

165ee Greene and Hensher (2010) or Conlon et al. (2024) for more on the identification of unobservable preference
parameters from ordered choice data.
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intuitive—we can only recover comparative advantage, which requires both a base occupation,
and base field. We construct a measure of specificity based on the Revealed Comparative Advan-

tage (RCA) measure of Balassa (1965). First we construct RCA:

RCA,, =

exp (@om /V) / Yo exp (&g /v
_ o P ( ) 1 (16)

VT L’ [exp (o /V) / Lo €xp (&g / V)]

This measure is the probability that a worker with field m would enter occupation o if only a,,
determined the returns to an occupation relative to the mean of that probability for all other fields.
We subtract 1 for ease of interpretation. When this number is negative, it implies that workers are
less likely than everyone else to enter an occupation, and if it is positive, they are more likely.
Moreover, the magnitude is informative about the degree of sorting relative to everyone else.
Appendix Figure 10 plots RCA across occupations for each field. While there are many ways to

summarize this graph, we use the max as our definition of specificity:
Specificity,, £ max RCA,,. (17)
0

Table 2 displays our measure for all fields. The second and third columns contain two additional
measures: the skewness of RCA,,, and the slope of RCA,,, on its rank for each field. The different
measures tell similar stories. Health, Education, and Care are relatively specialized fields. STEM
fields are in the middle, while Humanistic and social science fields are much more general. An
interesting finding is that for a handful of fields, the skew is negative. This implies that rather
than being very well matched to a specific occupation, there might be fields that match very poorly
to a few occupations, but are otherwise quite general skills.

Turning to the parameters governing switching, table 3 displays estimates for this block of
the model. The first row is the value of 1/v we obtain, scaled so that average wages are equal
to 1. The second row is the average value of C/v across all types and occupations. This second
row is a simple average over all occupations and is not weighted by actual switches, nor adjusted
for moving shocks. The columns are the results of three different assumptions: the first column
presents estimates with no controls for field, or latent types, in the second column we introduce

controls for field of study, and the third column presents results for the full model.
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Table 3: Labor Supply Parameters

Parameter 1 (2) 3)

w/v 030 038 1.85
(122) (041) (.238)
C/v 577 460 4.01
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.

To interpret 1/v, we can calculate the switching semi-elasticity with respect to a temporary
shock to wages in occupation o:

”m = 2100 (1 = Too). (18)
We focus on the semi-elasticity since 71,, is a probability. This number is the percentage point
increase in exit from occupation o given a temporary shock to wages. This semi-elasticity scales
linearly in 1/v, so we can conclude that controlling for latent type and field increases workers’
responsiveness to shocks by a factor of four. Moreover, moving costs decrease by 30%. 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.

More novel to our setting is that because workers of different fields differ both in their exit rates
and earnings, we can calculate the semi-elasticity in (18) for different fields of study. To do so, for
each worker, we calculate their semi-elasticity given their current earnings, current occupation,
and the probability they are type k, we then take the mean over all workers and years in the
economy within each field. We refer to this as the mean semi-elasticity. &£,.1”

Table 4 shows the value of &, for each field of study. These values are correlated with our pre-

vious measure of specificity, but there are clear differences. For example, business administration

7Formally, let

1 . A
Eimt = v ZQikwimkt X Ao(i)o(i)mkt x (1 - Ao(i)o(i)mkt)'
k

Then we can define the mean semi-elasticity as,

1
Em = W Z Z‘Simt‘

iem t
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Table 4: Elasticity values by Education Field

Field of Study Em

Business Admin 0.270
Social Science 0.244
Engineering 0.228
ICT 0.215
Physics/Math 0.193
Law 0.185
Life Sciences 0.180
Architecture/Construction 0.170
Arts 0.134
Communications 0.131
Humanities 0.132
High Health 0.081
Care 0.060
Education 0.050
Med Health 0.046

is highly elastic, but in the middle of the pack using our specificity measure. The differences arise
for several reasons, including the fact that £,, depends not just on m but also on the correlation
between m with latent type, k, and other parameters of the model. One interesting source of differ-
ences arises from the fact that w, appears in 18 in levels, while in (17), implicitly, only differences
matter. For example, if two fields of study had the same distribution of A across occupations,
and w, was shifted up uniformly for one field, then that field would be more sensitive to shocks.
Hence, even though business administration degrees are more specialized to specific occupations
than, say, arts degrees, they are nevertheless more sensitive to shocks because their earnings are
higher.

A striking feature of Table 4 is the level of heterogeneity in semi-elasticity across fields of study.
For example, in the most responsive field—business administration—a 1% decline in wages raises
the exit rate by nearly 6 times as in the least responsive field—medium health. The economy-wide
average semi-elasticity is .13. Thus, a 1% temporary decline in earnings in an occupation raises
the exit rate by .13 percentage points. This number may seem small, but this is because a 1%
temporary shock is itself small. Thus, to put this number in perspective, consider a permanent
shock, approximated by w, /(1 — B).!® In this case, a 1% permanent decline in earnings raises the

exit rate by 1.7 percentage points.

18Formally, the value function changes by the change in wages, as well as through ripple effects that arise from
changes in switching probabilities. We ignore these latter terms for simplicity.
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6.2 Field Choice

In this subsection, we focus on three aspects of field choice estimation: the sensitivity of field
choice with respect to net present value, heterogeneity in preferences by type, and substitution
patterns between fields following a shock to net present values. The full set of parameters can be
found in Appendix (XX). In our estimation, we set L = 4, which was computationally fast while

allowing for a good deal of heterogeneity.

Table 5: Field Choice Parameters

Parameter Typel Type2 Type3 Type4
g, 0.07 0.47 0.03 0.07
q 016 0.21 0.34 0.29
& 017 142 008 020
Notes: The table reports the results of field choice estimation by latent type I. The first row reports the estimates of 6; in (13), the

second row reports the share of each type in the population, the third row reports the semi-elasticity of students’ first choice field
with respect to a shock.

Turning to the first set of results, Table 5 contains our estimates of 6 for all types, as well as
their distribution. In addition, we measure the mean semi-elasticity of students’ first choice field
with respect to a shock. Specifically, for each student i we calculate,

f_ AT

& = dlog Ve Tim(iyt (1 = T (i) 01V (m, (1)),

where m(i) and s(i) are the field choice and score of student i. At this point, we need to measure
V¢ in levels, albeit it is measured in differences. To do so, we make a simple assumption: that the
entry cost into retail is one quarter of a year’s earnings, as one quarter is the average time it takes
to find a retail job.!” Our measure of sensitivity is the average of this across students, weighted by

their probability of being a specific type:

1
Ef = g X S.f.
1 Y i ;‘111 il

This measure has the interpretation as being the percentage point decrease in the fraction of stu-

dents’ choosing a field given a 1% decline in the NPV of that field.

190ur results are not particularly sensitive to this normalization. For example, we have also used an approximation to

%g(ﬂ””)—and find similar numbers. This is

V¢ based simply on the net present value on the labor market—)_, o
because those occupations with high costs of entry are precisely those that workers enter very rarely (e.g., management).
We have also used w, /(1 — B) to consider a shock to income, holding occupational choices fixed, and this also does not
qualitatively change results. Appendix E contains details on how we approximate V;, including how we take averages

over time.
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Table 5 displays two key results. First, students are relatively sensitive to shocks. Taking the
type-weighted average of the last row—which is .41— suggests that a 10% decrease in the net
present value of a field leads to a 4 percentage point decrease in the choice probability for that
tield. While small, this number is substantially larger than many estimates in the literature. For
example, Beffy et al. (2012) estimates that a 10% increase in returns to STEM fields only increases
entry by a quarter of a percentage point. Wiswall and Zafar (2015) estimate that the elasticity
of the log odds ratio of switching majors with respect to a shock to be 1.6, while the equivalent
number in our estimation would be 2.5. There are many possible explanations for our findings.
The Danish system may simply better inform students of the returns to different fields. We also
consider a larger set of fields, and as we will see below, a good amount of reallocation is within
broad categories, such as STEM.2

Our second key finding is that there is substantial heterogeneity across students in their sensi-
tivity. For example, the most sensitive students—those identified d as Type 2—are 18 times more
sensitive to shocks than the least sensitive—those identified as Type 3. This type of heterogeneity
can be very important for the effects of counterfactuals—shocks that primarily affect relatively
flexible types will have quantitatively and qualitatively different economic consequences than
those affecting relatively inflexible types.

Aside from heterogeneity in sensitivity, we find that there are significant differences in prefer-
ences by type. Table 6 shows the distribution of first priority by student type, with the last column
being the unconditional distribution in the population. The four types align relatively well with
common wisdom, and with the priority matrix plotted in section 2.3. Type 1 strongly prefers ed-
ucation, nursing, and care. The second type is a “health care" type, with a strong preference for
high health (doctors, dentistry, etc.) or medium health (nursing, technicians, etc.). The third type
is a STEM type. Interestingly, there is still a substantial fraction of this type that chooses Business
or Care. There are two reasons for this. First, STEM is not popular overall, as can be seen in the
last column, so that most students, even within this type, will opt for fields like Business. Second,
not all students of the same type have the same access to choice sets, either because of their test

scores or their high school background. As we will see below, substitution between fields paints

20In’ceres’tingly, we do not find that the differences are driven by our use of ranked choice data, which is a different
source of variation than in many other papers. If we only estimate one type, and ignore the ranked lists, we estimate
similar mean semi-elasticities—but very different substitution patterns. On the other hand, we do find that controlling
for choice set is very important, and assuming that all students have access to all fields of study lowers our estimates
considerably. At the extreme of ignoring all observable heterogeneity, and simply inverting aggregate choice probabil-
ities, our estimates are close to 0.
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Table 6: Distribution of First Priority by Student Type

Type Population
1 2 3 4
Education 606 07 07 19 104
Medium Health 7.7 544 13 0.7 13.2
Care 186 19 221 08 11.1
Arts 05 00 09 63 2.2
Humanities 28 07 1.0 222 74
Communication 2.1 12 5.7 181 7.8

Social Science 31 121 25 217 10.2
Business Admin 0.7 3.8 17.3 155 114

Law 03 37 44 57 4.0
Life Sciences 04 30 81 04 3.6
Physics/Math 02 06 45 07 1.9
ICT 00 00 32 14 1.5
Engineering 05 05 131 14 5.1
Architecture 02 02 62 26 2.9
High Health 23 172 89 0.8 7.2

a slightly different picture of student preferences. Finally, Type 4 is a humanities/social science

type.
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Initial Field

F $ @ Gg 5
(9] 9 oy
& S g 4 % & o & & ez Josd
& 4 o 2 & gG 4 & & “ & S 5 o~
i i s g & 3 3 3 ¢ S & & ) é I & :$6
Substitute Field < > @) X ol @ % 5 ~ N R N & < ool
Education 5.26 37.80 2.82 3.78 3.18 1.61 1.49 0.69 0.71 0.55 1.74 0.85 1.20 1.19
Medium Health 17.60 15.26 1.11 1.19 1.67 4.89 1.34 1.80 31.18 3.33 0.98 2.65 1.31 60.38
Care 51.72 14.83 1.53 1.31 291 0.93 3.16 0.82 3.14 4.00 2.65 8.49 6.06 1.50
Arts 1.10 0.21 1.87 8.34 6.80 2.08 2.70 1.08 0.20 0.51 5.10 0.87 2.59 0.06
Humanities 9.04 1.95 3.23 28.21 29.78 12.18 10.15 5.54 0.79 1.99 3.41 1.27 6.25 1.28
Communication 6.01 2.24 6.53 18.37 26.23 10.67 12.44 6.02 1.09 2.92 3.96 3.12 4.46 1.33
Social Science 5.46 6.64 3.07 24.05 31.98 24.23 37.18 51.90 2.75 10.82 12.39 3.64 12.63 12.23
Business Admin 222 1.72 7.65 12.65 14.71 18.90 23.42 21.08 4.02 12.54 16.08 13.86 13.47 2.26
Law 0.66 1.63 3.49 5.99 6.52 5.97 22.62 15.94 2.09 4.30 6.64 4.73 6.62 2.60
Life Sciences 0.67 7.26 6.38 0.32 0.38 0.72 0.43 1.76 0.67 13.61 6.39 16.20 7.52 11.09
Physics/Math 0.25 0.77 1.99 0.45 0.68 0.59 2.32 2.54 1.52 4.35 456 9.03 4.78 2.44
ICT 0.06 0.01 0.97 1.39 0.69 0.81 0.22 1.92 0.26 1.08 2.98 7.95 7.64 0.12
Engineering 0.60 1.10 4.28 0.75 0.83 0.66 0.38 2.90 0.51 9.72 17.93 20.30 22.22 2.99
Architecture 0.37 0.46 3.06 1.34 2.04 1.19 0.91 2.54 0.73 2.68 5.50 12.88 15.72 0.54
High Health 4.23 55.92 441 1.02 1.31 2.60 17.33 3.95 7.38 36.19 19.03 2.92 11.62 3.24

Table 7: Substitution Matrix (

dm,,/dlog Vi,

d(1—my,)/dlog Vm>



Finally, before turning to counterfactuals, we look at aggregate substitution patterns between
fields of study. To do so, for each field m we calculate the shares of where students go fol-
lowing a shock to that field’s NPV. For example, if there were a 1% shock to the returns to
being in education, we see what fraction go to Medium Health, to Care, etc. In a standard
multinomial choice model without heterogeneity, it is well known that these substitution pat-

terns are independent of any parameters, and proportional to initial conditional probabilities:

dm,, /dlog Vi,

A-rm)/dleg Ve — ~Ttw /(1 — my). However, when agents are heterogeneous this need not be

the case. Instead,
drt,, /dlog Vi, _ Y. X1 it i TCim 01 Vi,
d(1—my)/dlogVy, Y Yo qi (1 = 7o) T V5,

where the i indexing refers to the variables at student i’s characteristics. Aside from heterogeneity

in test scores and choice sets, students all differ due to their latent preferences. Table 7 presents the
substitution matrix, with the shocked field in the columns, and the other fields in the rows (hence,
columns sum to 100%).

In line with the previous discussion, the substitution patterns reveal clear “clustering" of pref-
erences. Two striking examples are the Education column and the Engineering column. In educa-
tion, nearly all substitution is towards social work and health fields, with a small share of students
moving into other fields. This is in line with most students opting for education are Type 1 stu-
dents, who also have strong preferences for Care and Medium Health. However, these kinds of
patterns could not be matched without our model of preferences. Following a decline in the NPV
of engineering, 25% of students that switch out move into Physics, Math, or Life Sciences, even
though these are only 5.5% of total students. Thus, the substitution patterns are realistic in terms
of picking up certain clusters.?! In Appendix Table 12 we present the substitution matrix without
estimating any type heterogeneity, and using only students’ first priority to recover preferences.
However, we still allow for observable heterogeneity in test scores and in choice sets (arising from
different backgrounds). In this case, we find unrealistic substitution patterns. Most strikingly, in
all fields, nearly 10% of students that switch fields following a shock switch into Education. This
contrasts dramatically with Table 7 where for most fields, this number is less than 2%, often less
than 1%. This finding in particular highlights the importance of carefully modeling preference

heterogeneity, and shows the value in our method.

21Relatedly, notice that shocks to STEM fields (Physics, ICT, Engineering), do not lead to a large exodus to Care,
despite the fact that these were clustered together by preference type. This reflects the choice set differences between
those students who could opt into STEM fields in the first place.
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The substitution patterns we demonstrate above have important implications for our counterfactuals—
while students respond to income shocks, they still appear to largely cluster in a narrow set of
tields. Hence, even sizable shocks may lead to limited reallocation. This will depend on the ex-
act shocks under consideration and their correlation with students” preference patterns. In the
next and final section of the paper we use counterfactual simulations to shed light on our model’s

implications for reallocation and welfare in response to realistic shocks.

7 Counterfactuals

This section first outlines the remaining ingredients of the model, and then describes the two sets
of counterfactual experiments. The first counterfactual evaluates the impact of easing capacity
constraints of tertiary education. The second one evaluates the impact of simulated labor market

shocks under different policy scenarios.

7.1 Closing the Model

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

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 ULA
Y, = (Z‘ugYSt” ) ) (19)

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:

n—1 -1 n—1
Yo = ((Ys?)’v + (Yi)”v)” (20)

where Ysl? is local absorption of domestic (i.e., Danish) output and Ysli are imported varieties for
an aggregate foreign output, with P2 and PZ 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.
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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 = AF (p;z) - (21)

where Al 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 Qs by aggregating production
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:

3
T e iy |
a—1 p-1 w

0 — A, (A?)l (Lﬁ)T n <<A5>; (Lft>Pf’l + (Aéw); (Qé\f)v> , (22)

where LY is the aggregate output by non-production occupation services, Ll is the aggregate
output by non-production occupation services, Q is the aggregated imported material inputs,
Agt, Ag\’ , Af ,and AéVI are the sector-specific TFP, and productivities of non-production, production
services and imported inputs, respectively, & > 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 L 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}

1350
=11 (ﬂ) , (23)

where ) -5 Bso = 1, and Ly 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 = ) ; Lsot. Finally, consistent with the labor supply

model, workers spend their entire income in the period it is earned. The aggregate expenditure is
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therefore equivalent to the aggregate income:

Et = Z Lotwot-
)

To run the counterfactual analysis, we specify the full set of demand-side parameters by cali-
brating directly from aggregate labor shares or borrowing from literature. We provide more details

in Appendix F.

7.2 Capacity Constraints in General Equilibrium

In our first counterfactual we compare the effects of Danish capacity constraints and tracking on
worker allocations and GDP. Specifically, we consider two changes. First, we remove capacity
constraints but maintain high school tracking. That is to say, we only allow students to apply to
programs for which the highest scoring students in their high school track were eligible. Second,
we remove capacity constraints and tracking, by allowing students to freely enter into any field
of study. We refer to these as “Partial Flex" and “Full Flex," respectively. Both scenarios map to
different policy-relevant counterfactuals. For example, Denmark has expanded upper secondary
supplemental coursework to offer students more flexibility after secondary school (Gymnasiale
suppleringskurser).

At the outset, there are two caveats to keep in mind. First, we do not take into account the
costs of increasing capacity. Second, we assume that students who start programs are able to fin-
ish them. The second issue is partially tempered by the fact that students” outcomes can depend
on their high school performance. Thus, students may understand that they may be low-earners
in a particular field, and thus still go against. That said, our model may still overestimate stu-
dents’ abilities to graduate in certain majors. To this end, in Appendix (XX), we offer one further
scenario—we do maintain cutoffs and tracking specifically for medicine, a field that attracts many
students but our model may be ill-suited for.

Turning to the results, Figure 7 plots field reallocation under both scenarios. In both cases,
there is substantial reallocation of majors. In the partial flexibility case, 9% of individuals switch
their major across steady states, and this number is 21% in the full flexibility case. This suggests
that constraints on students are strong and binding given their preferences.

Appendix Table 13 shows the matrix of conditional switching shares—the share of switchers

entering row field m’ from column field m. The switching patterns are in line with the patterns
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Figure 7: Field Reallocation w/o Capacity Constraints
(a) Partial Flex (b) Full Flex
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in students” ranked lists, and reflect the preference heterogeneity estimated in the model. Hu-
manistic and social science reallocate among themselves other, often into higher paying fields like
law. Similarly, there is reallocation among STEM fields. These changes, which imply that students
tend to reallocate across relatively similar fields, rather than across very different fields, may ex-
plain the small change in national income. We return to this point when we discuss occupational
reallocation. First, we turn to the economic consequences of relaxing constraints.

In designing systems with capacity constraints, policy makers may face a trade-off between
respecting the preferences of students, and the allocation of students that maximize national ob-
jectives. We do not take a stand on the source of this trade-off, but there are a few potential issues.
First, it could be that even after providing students with substantial information, students are
still poorly informed about potential outcomes. Thus, strong preferences may still reflect a lack
of information, so there may be paternalistic motives. Second, policy makers may wish to maxi-
mize fiscal capacity in order to subsidize the education system. While we do not take a stand on
the particulars of the social welfare function, we can use our model to ask two questions: what
happens to national income, and what happens to income inequality, under different institutional
arrangements?

Table 8 displays the results from this exercise. The first row displays the percent change in
real income, and the second displays the percent change in the standard deviation of income. Per-
haps surprisingly, we do not find that capacity constraints and tracking increase national income.

In fact, we find that output would be 1.7% higher under the fully flexible system. Maintaining
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Table 8: GE Consequences of Lifting Capacity Constraints

Partial Flex Full Flex

%A GDP 0.03 1.16
%A s.d. log Income 0.90 0.43
Occupational Reallocation 3.47 7.50

tracking, but easing capacity constraints would still increase national income by .3%. While small,
neither number suggests that the rigidity of the education system generates higher income.

To understand why national income responds little to the reallocation in majors, we look at
amount of occupational reallocation in the economy. Our measure of occupational reallocation is

the mean of the absolute value of the change in shares across occupations:

Reallocation =100 X = Y |10g(so.cf) —10g(so,ss )],
‘0 o€

1
|
where s, ; is the share of college educated workers in occupation o under steady state (j = ss) and
the counterfactual (j = ¢f). Occupational reallocation is an order of magnitude smaller than field
reallocation.
In order to assess distributional consequences, we simulate and follow a large cohort of in-
dividuals. More precisely, we simulate the field choice and labor market outcomes of 120,000

individuals drawn from the underlying distribution of student observables. For each individual

we then compute a measure of long run earnings:
50
NPV; = (1—B) x Y Blwi.
t=0

There is a small increase in the standard deviation of incomes. For example, in the partial flex-
ibility case, the standard deviation increases by around 1 tenth of a percent. To make sense of
these forces, note that, holding earnings fixed, the effects of relaxing capacity constraints depends
on the correlation between capacity constraints and earnings. If capacity constraints tend to bind
on lower earning fields, then allowing marginal students to enter these fields could lead to more
inequality. This is especially true since students below the cutoffs have lower test scores, and
so the earnings losses in low paying fields may be exacerbated. On the other hand, if capac-
ity constraints allow lower scoring students into higher earnings fields, then this could raise their

earnings (and consequently put competitive pressure on higher scoring students, further lowering
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their earnings). The steady state correlation between the probability of being accepted to a pro-
gram and earnings is low—suggesting little to no systematic pattern, explaining the small change
in inequality. In addition to this logic, there are general equilibrium forces at play, where students

reallocating across fields, and subsequently occupation, change the earnings of those who do not

change their field.
Figure 8: Removing Capacity Constraints and Inequality
(a) Partial Flex (b) Full Flex
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The focus on standard deviation, while convenient, can potentially obscure more interesting
distributional consequences. To gain a more granular understanding of how the distribution of
income changes, in Figure 8 we show a bin scatter of the change in the long run income of a
simulated individual in each student against their long run income in the capacity constrained
steady state.

We see that in the center of the distribution—which is the majority of the weight—there is no
relationship, or a small positive relationship, between initial earnings and the change in earnings.
This is in line with the small change in standard deviation. However, we see that in the tails of the
distribution there is strong convergence—the lowest earning workers see their earnings rise the
most, and the highest earning workers see their earnings decline.

Our results suggest that relaxing the rigidity in the education system may improve welfare
and output, with negligible impacts on inequality. These results are tempered by the lack of in-
formation on the costs of relaxing these constraints, but they are indicative that offering students
more flexibility may not be particularly detrimental. This discussion focuses on steady state, and

less on how different students fare in response to shocks. In our second counterfactual, we turn to
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understanding the resilience of different fields of study.

7.3 Field Choice and Labor Market Shocks

In this section, we examine the effects of two labor market shocks on welfare, occupational and
tield-of-study reallocation, income dispersion, and intergenerational inequality under different
policy scenarios. First, we analyze a foreign price shock that lowers the cost of imported goods
and offshored inputs, shifting the relative demand for domestic labor across occupations. Second,
we consider a technology shock driven by Al, which changes skill prices in certain occupations,

altering employment patterns and the incentives for skill acquisition.

7.3.1 International Trade Shocks

n this exercise, the analysis begins from the steady-state equilibrium projected forward from 2018.
We calibrate an average 20% reduction in prices, roughly matching the observed decline in foreign
prices in Denmark over the past two decades. These shocks generate heterogeneous labor market
effects across occupations: reductions in the cost of imported goods affect all sectors, while de-
clines in offshoring costs disproportionately impact occupations that are more substitutable with
offshored inputs.

In our model, labor market adjustment to shocks occurs not only through wage changes and
occupational re-sorting but also through shifts in students” field-of-study choices, which shape
the long-term supply of skills. To assess the role of educational flexibility in this process, we
compare four policy scenarios that vary the extent to which students can adjust their field choices

in response to labor market shifts.

e No Field Reallocation: A counterfactual scenario in which students’ field choices remain

fixed, isolating the effects of occupational reallocation among incumbent workers.

¢ Current System: Reflecting existing institutional constraints, where students can adjust their

field choices but are limited by capacity restrictions.

¢ Partial Flex: A scenario in which capacity constraints are removed, but students remain sub-

ject to high school tracking, limiting entry to programs based on prior academic eligibility.

¢ Full Flex: A scenario in which both capacity constraints and tracking restrictions are lifted,

allowing students to freely select any field of study.
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To assess the impact of labor market flexibility on welfare and inequality, we compare out-
comes across the four policy scenarios. Our analysis evaluates both long-run and short-run effects,
focusing on key economic indicators such as welfare changes, income differences, field realloca-
tion, and intergenerational inequality. In the long run, we compare steady-state outcomes across
different policy environments, using the baseline steady state as the reference point. For the short
run, we examine the transition dynamics over the first 50 years following the labor market shock,
focusing on incumbent workers rather than new entrants. Intergenerational inequality is assessed
by comparing the lifetime income of incumbents in transition to that of individuals in the new

steady state under each counterfactual scenario.

Welfare and Income Effects

Table 9 presents the percentage change in welfare and lifetime income across the four policy sce-
narios. In the long run, welfare gains increase with greater field choice flexibility, rising from 0.58%
in the No Field Reallocation scenario to 3.71% under Full Flex.??> Similarly, lifetime income gains fol-
low a similar trend, with the Full Flex system yielding the highest increase (27.0%).2® These results
highlight the role of educational flexibility in enhancing long-term economic efficiency by allow-

ing students to better align their skill choices with evolving labor market demands.

Field and Occupational Reallocation

A key mechanism driving these welfare and income effects is the extent of field reallocation. By
construction, the No Field Reallocation scenario results in zero field mobility, while the Current
System allows for limited adjustments (2.57% of individuals switch fields). The Partial Flex and
Full Flex systems lead to significantly higher reallocation rates (18.3% and 26.5%, respectively),

reflecting the extent to which relaxing capacity constraints enables students to optimize their field

228pecifically, we compute the average percentage differences in welfare as follows:
1 N uCF _ uBuse
N Z : Basel ’ (24)
i=1 ui

where UZ-CF and UiB“SE denote individual welfare under the counterfactual and baseline scenarios, respectively.
23The percentage change in lifetime income is calculated as:
1 N NPViCF _ NPViBase
N = N PViBase

/ (25)

where N PViCF and N PVZ-B”SC denote the net present value of lifetime income for individual i under the counterfactual
and baseline scenarios, respectively.
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choices. These shifts in field allocation translate into larger lifetime income gains, demonstrating

how greater flexibility in education decisions improves long-run labor market outcomes.

Short-Run vs. Long-Run Adjustments

For the short run, we examine the transition dynamics over the first 50 years following the labor
market shock, focusing on incumbent workers rather than new entrants. Unlike the long-run re-
sults, welfare gains remain constant across all policy scenarios in the short run (0.46%), suggesting
that the initial adjustment primarily occurs through wage and occupational changes rather than
educational reallocation. Similarly, income differences across policies are relatively small in the
short run, with all scenarios yielding gains of approximately 9.86%-9.87%. These results empha-
size the gradual nature of field reallocation and its increasing importance over time as new cohorts

enter the labor market.

Intergenerational Inequality

We also evaluate intergenerational inequality, comparing the lifetime income of incumbents in
transition to that of individuals in the new steady state under each counterfactual scenario. The
results indicate that greater field flexibility slightly increases intergenerational inequality, rising
from 0.94 in the No Field Reallocation scenario to 0.99 under Full Flex. This suggests that while in-
creased educational mobility enhances overall welfare and income levels, it also amplifies differ-
ences across cohorts, as younger generations benefit more from adapting to evolving labor market
conditions.

Together, these findings highlight the critical role of field-of-study flexibility in shaping eco-
nomic outcomes. While short-run gains primarily occur through wage and occupational adjust-
ments, long-run effects are increasingly driven by educational reallocation, underscoring the im-

portance of policies that ease capacity constraints in tertiary education.
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Table 9: Results across Policy Scenarios

No Field Current Partially Flex Fully Flex

Reallocation ~ System System System
1) ) ©) 4
Long Run
%/\ Welfare 0.58 0.75 1.42 3.71
%A\ Income 19.3 20.4 24.4 27.0
%A s.d. log Income 0.16 0.16 0.17 0.17
Field Reallocation 0% 2.57% 18.3% 26.5%
Short Run
%/\ Welfare 0.46 0.46 0.46 0.46
%/ Income 9.86 9.86 9.87 9.86
%A s.d. log Income -0.34 -0.34 -0.34 -0.34
Long Run vs. Short Run
Inter-generational Inequality 0.94 0.94 0.98 0.99

7.3.2 Al Shock

to be completed...

8 Conclusion

In this paper, we model how students adjust their education decisions in response to globaliza-
tion. Understanding how responsive students are to shocks is a key input to policymakers who
wish to use education policy as a lever to address labor market shocks such as trade, immigra-
tion, or automation. Our model captures selection on unobservable comparative advantage and
preferences, while remaining tractable enough for estimation on standard administrative datasets.

We find that fields of study tend to be quite specialized, but there is substantial heterogene-
ity with some fields imparting quite general skills. This heterogeneity is not easily characterized
by coarse measures such as STEM and Humanities, militating for our disaggregated approach.
We also find that students are more sensitive to shocks to future income than many past stud-
ies, but that these preferences are very heterogeneous across students. Some students are almost
completely inelastic, while others are more willing to switch. We also show the power of our
method by showing that modeling latent heterogeneity, exploiting our data on students” ranked
preferences, captures realistic substitution patterns across fields. Ignoring this information yields

similar sensitivity to shocks, but very different substitution patterns.
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In counterfactuals, we find that modeling field of study leads to quantitatively different find-
ings than in models ignoring this channel: the gains from offshoring are up 12% larger, and there
is twice as much reallocation in the economy. Perhaps more interesting, our model shows that
policy makers can shape the labor market impacts of shocks through educational institutions.
Specifically, the “American System" leads to less occupational reallocation than the current Danish
system, but leads to 10% larger gains from offshoring, and less income inequality in the economy.

Our research leaves substantial room for future work. For example, in our model we treat
one’s high school background as fixed. It is plausible, indeed likely, that these decisions are also
endogenous. We have also abstracted from institution quality, and other factors that might matter
for students’ decisions, such as their parents” backgrounds. Finally, the largest determinant of
students’ choices are embedded in the time-invariant component of preferences—essentially a
residual. Opening up this black box—whether it reflects information frictions, secondary school
inputs, or “deeper" preferences—could shed further light on what kinds of policy interventions in

educational institutions will have impacts on labor market outcomes.
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A Additional Tables

Table 10: Field of Study Classification

Field Field Name ISCED-F Code Notes
1 Education 11
2 Arts 21
3 Humanities 22,23
4 Social Science 31
5 Communication 32
6 Business Admin 41
7 Law 42
8 Life Sciences 51, 52
9 Physics/Math 53, 54
10 ICT 61
11 Engineering 71,72 Combined only for highest level of education
12 Manufacturing 72
13 Architecture 73
14 Agriculture 80
15 Medium Health 91 Separated between university and professional bachelor’s
16 Care 92
17 Personal Services 101, 102
18 High Health 91 Separated between university and professional bachelor’s
19 Security 103
20 Transport 104
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Table 11: Occupation Classification

Occupation Occupation Name Disco-08 2 Digit Codes Notes
1 Management (Business + Admin) 10,11, 12
2 Management (Activity) 13,14
3 Engineering 21
4 Medicine 22
5 Education 23
6 Finance, Admin, and Sales 24
7 Software and ICT 25
8 Social and Cultural Work 26
9 Law 26 Split out of 3 digit code 261
10 Science Technicians 31
11 Healthcare Assistance 32
12 Admin 33,34
13 IT 35
14 Secretarial 41
15 Customer Services 42
16 Accounting 43
17 Other Admin 44
18 Services 51,94
19 Retail 52
20 Social Work 53
21 Security 54
22 Agriculture 60, 92
23 Machinery 72
24 Electrical 74
25 Craftsperson 71,73,75
26 Operators 81, 82
27 Transportation 83 Includes 9621
28 Other Manual Work 91, 96 Excludes 9621
29 Construction 93
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Substitute Field < > @) X & @ % 5 ~ N R N & < ool
Education 15.15 19.35 10.47 11.97 13.24 9.57 11.49 8.91 8.60 7.13 8.07 9.03 8.83 7.50
Medium Health 18.53 2478 15.69 13.98 15.37 11.65 15.44 11.71 10.71 9.11 11.79 10.89 11.37 9.49
Care 18.53 19.59 11.51 10.91 13.17 7.55 12.88 7.47 6.85 557 6.03 6.01 6.12 5.40
Arts 1.88 2.68 251 2.14 2.16 2.19 2.06 2.15 1.57 1.59 2.13 1.43 1.64 1.98
Humanities 9.73 9.52 9.50 8.93 10.71 10.23 7.31 8.33 7.13 7.57 3.47 5.24 4.85 8.90
Communication 9.96 9.21 9.33 8.65 11.30 9.24 8.99 8.35 5.28 5.23 3.04 4.09 3.74 6.57
Social Science 9.59 9.16 7.53 10.33 12.97 12.12 15.99 15.59 11.27 13.47 7.95 10.22 9.29 16.65
Business Admin 11.03 12.21 11.21 11.45 11.27 12.76 13.79 14.23 10.80 11.35 9.26 10.22 9.82 12.12
Law 3.53 3.82 3.17 5.06 451 4.37 6.28 6.13 441 4.38 5.17 5.27 498 5.64
Life Sciences 3.15 3.29 2.65 2.90 3.41 2.45 4.37 2.62 3.48 6.06 7.00 9.21 6.97 5.99
PhysiCS/Math 1.25 1.35 0.94 1.14 1.59 1.01 2.76 1.91 2.02 3.59 2.69 3.90 2.99 4.24
ICT 0.67 1.09 0.70 1.16 0.70 0.58 0.99 1.19 1.03 1.90 1.56 3.45 3.30 1.53
Engineering 3.56 4.35 222 3.13 3.65 2.02 5.42 4.21 4.43 12.50 10.87 16.22 16.59 9.46
Architecture 217 2.63 1.73 2.14 2.10 1.54 291 2.59 2.49 5.57 4.81 8.80 9.84 452
High Health 6.41 5.96 4.37 7.44 9.50 8.51 13.05 7.18 9.82 9.82 11.30 8.37 11.19 9.51
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Table 13: Reallocation Table
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Education 12.51 0.45 0.17 1.56 0.43
Medium Health 12.73 4.01 0.75 8.18 0.17 1.10
Care 2.06 0.09 0.68 0.30 0.35
Arts 11.24 0.50 3.48 5.12 4.11 4.50 3.94 10.49 3.18 3.08 4.31 3.64 4.29 11.11
Humanities 7.30 1.00 1.64 1.62 8.22 1.35 5.44 10.19 4.64 6.32 5.35 7.39 3.43
Communication 3.18 0.13 5.22 0.54 0.34 0.45 0.69 1.85 2.64 3.25 2.53 3.52 1.29
Social Science 26.03 10.90 3.69 3514 42.49 33.25 32.06 51.23 18.27 26.15 27.19 23.38 35.19
Business Admin 2.62 0.38 10.18 2.70 2.90 4.73 1.80 8.33 5.82 7.35 5.50 8.78 4.72 38.89
Law 14.79 2.26 649 5243 43.34 33.50 83.33 39.70 19.00 21.88 23.77 18.94 36.05 27.78
Life Sciences 2.25 3.63 4.96 0.54 0.51 1.00 0.45 1.04 4.01 5.30 4.75 6.52 3.00
Physics/Math 0.19 1.21 0.12 1.35 0.58 1.23 0.64 0.30 0.69
ICT 0.56 0.25 5.17 2.16 1.02 1.74 0.90 1.39 2.78 2.36 291 2.71 0.43
Engineering 1.31 1.16 0.54 0.34 0.50 0.90 0.93 1.64 291 1.19 5.56
Architecture 7.49 0.63 4.96 1.08 1.37 3.11 3.15 243 4.32 4.64 5.64 5.05 6.64 16.67

High Health 8.24 80.33 35.30 3.24 2.56 8.97 1.80 12.73 4.63 28.45 14.19 19.76 14.78 11.16




B Additional Figures

Figure 9: 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.

C Additional Counterfactuals

C.1 Maintaining Medicine Cutoffs
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Figure 10: RCA by Field
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Figure 11: Intuition for the EM Algorithm
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D Estimation Details

D.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 t.

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

market.
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2. Given a cohort of size N. and T periods, pre-allocate the following data matrices:
e 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;;)
e 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
e DL: N.T x 1 vector that contains vector of i’s unobserved ex ante type

e DR: N.T x R matrix that contains each N
3. For each i simulate a career path:

(a) Generate a test score s; for i

(b) Generate a type for i from the conditional CDF of the type distribution given s;:
=1+) 1(e> Qi(si)),
l

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

Co=t\m_, P (Omt + Oy + 0y Ly q(ks, m) Viys (k, m))
Lot 1\, P (Omt + B + 61 L q(k|s, m) Viys(k, m))

SF
Qﬁﬁn):
* Second generate a draw from this distribution:

my=1+ Y 1(e> Qh(m)),

meEmM_,

for a uniform random variable.

(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.

(e) Determine the agents type:

ki=1+ Z 1(e>Q~lK(m,s)),

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

variable.

(f) Assign an initial occupation beginning in t+5 based on the initial occupation policy

function, A{
10| 0
o =14 Y 1(e> Y A¢(o,my ky)),

o=1 o'=1

where e is a uniform random variable.
(g) Starting the agent at t 4 5, simulate a labor market history

i. Determine if the agent exits by testing a uniform random variable against 6. If

retire, continue to next i. Else...

ii. Draw next occupation and wage:

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

0"=1

Wit :wo,‘tt X H(Oit/ k/m)
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D.2 Labor Block Details
D.2.1 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 |0 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
qik =
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 thatis 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) = gOit/Z

— Finally, construct the design matrix for each type:

XTEMP (k) = [XOT, XOM, XKZ (k)]
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Note: In matlab this can be stored as a cell or multi-dimensional in array. In other lan-
guages, 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]+(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] 4 (K —1) x Z length vector.

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

i. Generate the weight matrix,
W = diag(qi)
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,
pMineer = (XtX) ' Xty

(e) Estimate residual variance

— For each k,
risk = logwiy — XTEMP (k) x pMincer

— Estimate variance:

. 1
# = 3 EEE s

t
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e Estimate transitions:

Zi:oit,lzoﬂoit:o’ﬁiEm qik

/
o'lo,t,m, k) =
Zi:oit,lzoﬂiem Jik

e Estimate initial conditions:

Yoy —oriem Gik1(p} = t)

Aolt, m, k) =
(olt, m, k) Yiiem qud(pl = 1)

7

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

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

Step 3. For iteration g, update the EM objective, J8. For each k calculate the log likelihood, LLy

N T
LLe =Y qi | Y (—7i/ (20%) —log(c?) /2 + log A(0it|0jr—1, m;, k)) + log(A° (0joto, m;, k)
i=1 t=1
And define,
LL=) LL
k
Finally add cdf term:

J =Y LLi+)Y qilog(qk),
x

where g, = & ¥, ik-

Step 4. Update weights,
exp (LLik)qx
Zk’ exp(LLik/) qx’

qik =

Begin M Step:
Step 5. Update unconditional weights,
1
N &
Step 6. Update Mincer Parameters

(@) Fork=1,..., K.
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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)
(b) Estimate the Mincer regression parameters,
prineer = (XtX) T Xty

(c) Update residual variance

e Foreachk,

rie = logwi; — XTEMP (k) x pMincer

e Estimate variance:
52— 1

NT ; Zl: Z Titk4ik

7
Step 7. Update transitions:
/A\( "o, t,m, k) = Loy 1=o0noy=o'niem ik
Zi?ﬂitﬂ:ﬂﬂiem Jik

Step 8. Update initial conditions:

Zzo” oﬁzemqlkl(pz = )
Zz:zem qlkl(pi - )

A(o|t, m, k) =

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 |0 x M

&y, Type-Task Productivity K x Z
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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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D.2.2 Stage 2 of Labor Supply

To derive (11),

/
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 (wo’tHo (k/ m) — WorH, (k, m)) + Coo'kmt+1

In principle, to ensure positivity of the costs we apply an exponential transform. Specifically

we estimate the following regression via unweighted NLLS:

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

ootmk 00’ t+1,mk

7

¥ (eftH (o', m, k) — et F(0,m,k))

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

D.2.3 Estimating Entry Costs

To derive (12),

A‘f(oIk,m)}

1
log [/ka) = ( okm T Wot Ho (k, m) — wyHy (k, m) + .B<Vt+1(k/ m,0) — Viiq(k, m,l))>
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A1 ()0’ k,m)
Aig1 (0o k,m)

Combining with log [ } and after some algebra, we obtain (12). In practice we take

the mean across all occupations.
D.3 Details on Field Choice
D.3.1 Deriving the Recursive Representation

First we derive the transformation for the entry costs regression by expressing the entry value

function in terms of future entry values and

—Ce otH (0, k, v, k,
V¢ (k,m) =vlog (Zexp( ok + WorH (0 Vm)JFﬁ r1(0 m)))

= — Cfy + worH (0, k,m) + BViy1(0, k,m) — viog Af(o|k, m)

okm
=—C,y + worH (0, k,m) + p{w,41H (0, k,m) + BViya(0,k,m)} — viogAf(o|k, m)—
BvlogAri1(olo, k, m)
=— (1= B)Copm + worH (o, k,m)~+

:B {_Cgkm + wo,t+1H(O/ krm) + IBVt—i-Z(Or krm) - VlOg A{;—H (Olk/m)} -

Aty1(olo, k,m)

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

/\H-l (0|O, k/ m)

= — (1= B)Coum + worH (0, k,m) 4 BV, 1 (k,m) — vlog Ai (0, k,m) — pvlog Agpq(olk,m)

Group observable or estimated terms—wages, costs, and transition probabilties—into V/ (k,m,s),

where dependence on m and s is suppressed for convenience. Thus we have,
Vi (k,m) =V (k,m, s) + BV, (k,m).
Averaging over k we have,

Ve (m,s) = | X re(klm, ) VF (k,m,s) | + BV (m, )
k
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Hence,

Ui(l,m,s) =0, + 0, VF(m,s)

=(1—B) 0y +0; | Y 7e(klm,s) V] (k,m,s) | + B [0 + 61V 1 (m,5)]
k

=1—-PB)%,+06 Zn(k|m,s)VtF(k, m,s)| + BUs1(I,m,s).
k

Iterating forward yields the expression for arbitrary t, and we fix U7 as the terminal value for all

periods.

D.3.2 Likelihood Conditional on /

The FOCs are given by,
JLL oo Nity €Xp (Ui (1))
= 1— T—6—t ; |:1 m, = m) — irm , 26
a0~ 2B L [ =) = e exp (U5 2
JoLL Lmec, XVir_o(m,si) x Np, exp(Upi (i)
— = . XvE. My, S;) — i ) irm , 27
a0, Zt:zi;q”l; 161 51) Ymec; Niy xp (Uit (si)) &7
oLL

. v ,
50 TEET T s - B R ) e
These first order conditions are intuitive.?* The first says that 9, ensures that the time-averaged
choice probabilities for each field by type I match the empirical shares. The second and third says
that the sensitivity of individuals with respect to labor market fundamentals and the number of
programs ensures that the model-implied average labor market outcome equals and log number
of programs equals their empirical means. The discounting also has an intuitive appeal from a
identification standpoint. The term (1 — BT~/7°) is larger the further away # is from the terminal
period. Hence, the likelihood places more weight on earlier periods, where there is a longer his-
tory of observed discounted wage differentials, than on later periods. On a final note, the residuals
in the U}, (s) choice utilities will reflect measurement error and the expectational error that arise

from using observed labor market outcomes in lieu of expectations.

21 the implementation, to keep parameters bounded from 0, we parameterize them as § = exp(¢) and search over
9. The first order conditions only change in that they are multiplied by the level of the current guess.
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D.3.3 Computational Algorithm Details
D.4 Parameter Adjustments for Levels 1 + 2

After estimating the model for levels 1 and 2, we have estimates of y,,—in principle skill prices—
for each group. Here we denote these by 11,5, Wwhere ¢ is for skill group. While it is the case that
the average level of wages for each worker should be correctly matched because we normalize
the population mean wages to 1, for each group we can only estimate a relative y. That is to say,
something must be normalized in the model. To see why, briefly, consider observing wages over
time for different occupations and workers of different types (and ignore other heterogeneity), but

condition on group. In this case, one has,

Wotgk = Hotg + ;Bokg- (29)

This is essentially the decomposition we perform. This system is rank deficient. To see why is
easy—one can add a constant to all the f and subtract this from all the # and solve the system. To
this end, we have imposed a normalization in estimation that sets 11, = 0Vg. In reality, however,
we do not want to do this because it is not the case that f111 = Bi113. We need to renormalize.
However, there is a further issue, which is that p,; are supposed to be [relative] skill prices, and
we want these to match. I.e., we would like for p,s1 = por for all groups.

We solve these issues with a simple renormalization:

wotgk :,uotg + ,Bokg

=Ho3 + [,Bokg + Hotg — ﬂotB] .

Bng

Another way to put this is that we want things measured in the same units. This normalization
ensures that.
Unfortunately, this leads to time-varying B’s. In order to avoid this, we only do the normaliza-

tion for the year that we initialize from for counterfactuals. And so in practice we set,

Xomg = Komg + Ho0g — Ho03

for all skill groups.
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D.5 Bootstrapping

We calculate standard errors using the Bayesian block bootstrap, drawing weights for different
stages. For the first stage of the labor block, the EM algorithm, by arguments in Arcidiacono and
Miller (2011), is V/N consistent, so long as conditional on year, individuals remaining errors are
independent. While Arcidiacono and Miller (2011) provide analytical covariance matrices, we use
a bootstrap procedure so that in the second stage, where we bootstrap instead over year, we can
capture first stage uncertainty. Specifically in the first stage we employ a Bayesian block bootstrap.
For each bootstrap iteration, we draw from a Dirichlet distribution of length N with a; = 1Vj. We
multiply this by N. This will be our vector of weights, w;. Notice that this samples uniformly
over individuals regardless of their total length in the sample, so that the total size of the sample
(which we often abusively write as NT can change). Given the weights, we re-estimate the first
stage where the likelihood is now weighted by w;.

In the first stage, we estimate 71, which are the true transition rates. However, these transitions
rates are based on expectations about the future. Thus, they encode information about E;V;;.
These expectations are not separately identified from other parameters, but as described in the
main text, we plug in future transition rates and exploit finite dependence to estimate structural
parameters in a linear regression. In this regression, that expectational errors may be correlated
across units—now the occupation—within a year. Ignoring this clustering and re-estimating this
stage using the bootstrapped values from the first stage would only capture uncertainty stemming
from sampling error, but miss the within-year correlation. To this end, in this stage we also cluster
by year. We now block bootstrap in the time dimension. Specifically, note that we may write the
regression as depending on three periods (t —1,t,t + 1). We draw weights from a T — 2 Dirichlet
for the parameters in this estimation.

We employ the same Bayesian bootstrapping procedure (with newly drawn weights) for the
Field Choice estimation. As a final caveat, we employ a minimum burn-in for the EM algorithm.
Because of this, mechanically, the procedure runs for longer for the bootstrap occasionally (when

the initial guess is, e.g., very good). Because of this, we recenter estimates at the parameter es-

timates. For a given parameter, £, we set gBGRecentered — spg _ $BS | 20 \where £0 is the initial

estimate. In practice this has very little impact.
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E Results Appendix

Approximating V°
Given the Gumbel shocks, we derive above the following expression:

VE (k) = — (1= B)Clyns & warFH (0, k m) + Ve, (K, mt) — viog AS(o, k, m) — P log 2100k ),
Afiq(olk,m)

where A are choice probabilities, and o is any choice of base occupation. Here we begin our ap-

proximation. Assuming that V¢ ~ V¢

£ 1 (i.e, that we are in a stationary environment),

—(1-=pB)C  +wyH(o,k,m)—vlogASf(o,k,m)— Bvlog M
okm Af 4 (olk,m)
1-p )

Vi (k,m) =

The issue with the approximation is that we cannot estimate C;, in levels, only in differences.
To this end, we need to take stand on this value. We assume that for retail, C{;, =~ .25, which
is one quarter of the average annual income in the economy (which has been normalized to 1).
Given this normalization, we can calculate the above for every value of 0 and every period t in the
economy, and take the average. And so, calling the right hand side, V¢, (k, m), where the V refers

to the approximated value evaluated at o, we defne,

VeRPPIO (k1) = |<9\1>< =YY Vi (k,m).
o t

We then have,

Ve,approx(m’ S) — Z n(k’m, S)Ve,aPProx(k, m)
k
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F Labor Demand Model

F1 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:

P

o p— —p
Hipy = Aut X 0 x AT x Qu (P2)" x (PF)" " x (W) ", woeoOn; (30)
0
N o -
HY, = Ay x 5vt % AN x Q4 x (P?) X (wfj) , Vo€ OV, (31)
0

and demand for imported goods is

a p— —p
QM = Ay x AM x Qy x (Ps?) x (Psf;) " x <P§}’I> ) 32)
where
=1 Pt 1=o (Pslt?)ii7
Qst = AL (P]) 4 usE; x <5> X = —; (33)
S(s> P (PR) "+ (PE)
Wi =TT wh, f={P.N} (34)
0cOf
1
1— 1-01 T
P = [Af (W) "+ av (py) p} " (35)
1

1—a 1—a | T—a

Pl — [Ay (W) "+ (P5) ] (36)
1

1- 11—y 1T

ﬂw:A;[Oﬁ) "+ (PE) q ” (37)
1
-
Pr= Y s (Pst)lgl (38)
S

Et - Zwot (Z Lsot) (39)

Finally, occupation wages, w,, adjust to clear the labor market, for k = {P, N}

Ho =Y HE, (40)
S
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F2 Demand Side Parameters Calibration

Table 14 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.

Table 14: Labor Demand Parameters and Variables

Parameters Meaning Value/Data Source

P BN Labor inputs coefficients IDA
PSI}{I Offshored input prices UHDI, Broda and Weinstein (2006)
P Imported good prices UHD]I, Broda and Weinstein (2006)
Wor Occupation wage IDA
0, EOS in production Doraszelski and Jaumandreu (2018)
o EOS in final good Atalay (2017)
n 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
first running a mincerian regression and then divide the residuals by the computed human capital

using (3).

G Hat Algebra

G.1 Trade shocks

Consider shocks {P.°} — {P/1}, {(PY0} — {P}''}. We use 0 superscripts to denote the initial

steady state, and 1 superscripts to denote the final steady state.

eXp(dkm +,Bks)

. P . 0 _
Start from the initial steady state: {w,}. We assume q; and 7t(k|m,s) = Srepl 1h9)

are

constant. Denote relative changes in variable x by £ = i—;
Step 1. Guess {w}}

Step 2. Compute changes in prices

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

25We follow the approach in Feenstra (1994) to correct for changes in product varieties across time.
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Step 3. Compute Bellman Equations by iterating on the following until convergence:

—-C em 1/H0/ k, P Vl k, , !
Vl(k,m,o):vlog<zexp< oo'km + W Hor 1111)/ + BVY( mo)))
0/

Step 4. Using V! (k,m, 0), solve for the inclusive value of being type (k, m):

—Ce

0,km

+w! Hy(k,m)/P+ BV (k,m,o
vel(k,m) = vlogZexp ( o Hor (k) BV )>
o/

v
Step 5. Compute the NPV for each field m

Viim|s) = ;V“'l (k, m)rt(k|m,s).

Step 6. Compute {L;, } by Monte Carlo simulation

(@) Outside the loop Simulate N students. For each student i draw a test score s;, gender

fi, high school background, x;, and type, I; from the joint distribution Q(, s, f, x).

(a) For each individual i, generate a test score s; for i

(b) Generate a type for i from the conditional CDF of the type distribution given s;:

Li=1+) 1(e> Qi(si)),
I
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where ¢ is a uniform random variable.
(c) Forr =1, ..., R calculate the ranked list of choices for individual i:
¢ Calculate the conditional CDF of choices for field:

Zﬁ’:l\m,r exp (ﬂmt + lglm + lel (m|5))

2, (m) = = 1
Zmlzl\nLy exp (ﬂmt + O + 0,V (m|s))

r

e Generate R draws from this distribution:

my, =1+ ), 1e> Qf(m)),

meEmM_,

for a uniform random variable.

(d) Assign the agent sequentially to a field in their choice set based on acceptance probabil-
ities (conditional on s). If the agent is not admitted to the first R — 1 choices, then they

are automatically allocated to the R-th choice.

(e) Determine the agents type:

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

meEmM_,

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

variable.

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

Step 7. Using V! (k,m,0) solve for Al and A%!(o|k, m)

eXp < 7C00’km+wo’tHo/ (k],/m)/P+‘BV1 (k,m,o/) )

ZOH eXp ( _Coo”km+wo”tHn”]Ek'm)+;BV1 (k,m,o”) )

AM(0'|o, k,m) =

eXp < _Co/knz'i'wotHo (klz’l) /P+ﬁvl (krmlo) )

Y exp (*Corkm* Wy Hy (ﬁfm)JrﬁVl(k,m,o’))

AL (olk,m) =

Step 8. Compute H, ¥ W
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(a) Consider the flow equation:
Lok = (1 —9) Z/\l(olo’,k,m)Lo/mk + A (olk, m)LE,,
0/
This implies,
-1
Loye=0 (INOCC — (1 =)Ao, k,m)/) X (Ae’l("k/m) ;k)

(b) Construct Hgmk
Homk = Lomk X H(Or m, k)

(c) Compute changes in human capital supply across occupations
Asurely — Z 1 /HO
Step 9. Calculate aggregate expenditure (and income)
E= ; SotHoW,
Step 10. Calculate changes in domestic output
Q. =5 (PP) "+ (1= sy)ERI TP (PP)

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

clearing. Choose W, such that
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Step 12. Update W, and iterate from Step 1 again.

After the algorithm completes, one can update shares and quantities:

)

Sa =AP(Wq)' =P/ (P)7F = so><<

pr
WN
Sg\{ =A (WN>1 “/(Pl _Ssox(p )
1-y
SL =1— A(PR)t1 /(PP (1—Sk) x (S)
Py
S 1-0 1-0 S pS e
Sa =usPyq 7/P7 =55 x i
L _ALRR)T o (PD)
’ Qslpg ’ Qs
S :wolHol _ ono
ol E] Eh
2. (A P BsoQa (P)* (P) " (Wi )=/ Won _ BosQs(B2)*(BE)P—(WE)~F /W,
osl — Hol Ha
v _(Ag\])lf’xﬁsonl(Pg)“(wsl\ll)w/wol _ ,BosQS(psD)a(WsI\])_a/WOHN
0sl — Hal - I:IO 0s0
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G.2 AI Shock
G.2.1 Defining the AI Shock

Suppose there is an external measure that predicts declines in relative labor demand. We do not
model aggregate reductions in labor demand. Specifically we assume that there is a measure z,

such that within each sector we assume that at original prices,

!/
WsoHg,
—— X Z.

wsH|

Let Z5, be a sector-occupation specific shock that ensures the wage share is left unchanged:

5 1
Zso = Zo X NLN PP
ZZ)SSLSS (ZOGN ,BSoZo) + 3551; (ZOEP ,Bsozo)

We want to solve for f and A that matches this shock. We do this in two stages, first we look at
non-production workers, then production workers. But the strategy is ultimately identical.

For non-production workers, the share of the wage bill is given by,

1—
WoLso = BN Ay (wﬁ’) tx_

So we need to solve the following:
N\ 1—# N 1—&
AN 7 w - N w
i (5) =i (5)
subject to the restriction that Y,y B = 1. Dividing out the price term and summing we have,
ASN = AsN ZZSO,B(I]\I‘
[

Hence,
AsN = 2250,3%-
0

We also have,
= paN
BN _ ZSOﬁso
so — ~ °
Yo Zso! ﬁ?é/

For production workers, there is a similar common price term that ultimately cancels out, so we
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have the same expressions:

ASP = Z Zsoﬁfo
0

‘BP — ZSOIBEO
so =
Zo’ Zso’ﬁfol

G.2.2 Modified Algorithm

Consider shocks {P/?} — {P1}, {PMO} — {PM1) as well as Bsoo — Bsor- We use 0 superscripts

to denote the initial steady state, and 1 superscripts to denote the final steady state.

. c L0 — _oPmthrs)
Start from the initial steady state: {w,}. We assume g; and 7(k|m,s) = 5 exp(r, 1hgs) A€

. . . A 1
constant. Denote relative changes in variable x by £ = 75.

Step 1. Guess {w}}

Step 2. Compute changes in prices

- ﬁsoO ’
I cof WoO

Step 3. Compute Bellman Equations by iterating on the following until convergence:

—C., Ly, 1 ,
Vi(k,m,o0) = vlog (Zexp< Coo'km + wy H, (k,Zi)/PJr,BV (k,m,o)>>
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Step 4. Using V!(k,m,0), solve for the inclusive value of being type (k, m):

—Ce

0,km

v

+ 1/H0’ k/ /P+ Vl k/ 7 !
Vel (k,m) = viog ) exp ( o Ho (k,m) pV_k,m,0 )>
0/

Step 5. Compute the NPV for each field m

Vi(m|s) = ;Ve'l (k, m)mt(k|m,s).

Step 6. Compute {L{, } by Monte Carlo simulation

(a) For each individual i, generate a test score s; for i

(b) Generate a type for i from the conditional CDF of the type distribution given s;:
L=1+) 1(e > Qi(si)),
]

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

Tty P (B + b + 0,V ()

<F B
(m) = M 1
Zmlzl\mir exp (ﬂmt + Oy + 6V (m’S»

ir

¢ Generate R draws from this distribution:

m, =1+ Y 1(e> Qh(m)),

MmEmM_,

for a uniform random variable.

(d) Assign the agent sequentially to a field in their choice set based on acceptance probabil-
ities (conditional on s). If the agent is not admitted to the first R — 1 choices, then they

are automatically allocated to the R-th choice.

(e) Determine the agents type:

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

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

variable.

(f) Calculate the share of individuals belong to type (k, 1), scale up to L.

Step 7. Using V! (k,m,0) solve for A{, and A%!(o|k, m)

exp ( —Coplkm+ Wy Hy (kl,/m)/P-l—,BVl(k,m,o/) )

M (0']o, k,m) =
( | Y ) 2 n €XPp (7Cao”km+wn”fH0”( )+ ﬁVI(kmoN))
0

1%

eXp ( 7Co,km+wotHa(kzz’l)/P+ﬁV1 (k/mlo) )

20/ exp <_C°'k”’+wv/fHu/ (]’j/m)'f‘ﬁvl(k,m,o’))

AL (o|k,m) =

Step 8. Compute H, ¥ ly

(a) Consider the flow equation:
Lok = (1 Z:/\1 0|0’, k, m) Lotk + 6A% (0]k, m) LS,
This implies,
Lo = 8 (Ivoce — (1= 9N (1o km)') ™ x (A% [k, m)Lsy.)

1
(b) Construct H,, ,
Hyuk = Lok % H(o,m, k)

(c) Compute changes in human capital supply across occupations
!
S“PP ¥y _ Z j” / Hf,)

Step 9. Calculate aggregate expenditure (and income)

E - Z SDtHOWO
0
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Step 10. Calculate changes in domestic output
A ~p\ " o AT —C ~p\ "
O, = 5% <PSD) +(1—8%)EPI7po-1 (PE)

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

clearing. Choose W, such that

T

H,

0

o

Hsot
sot

T

Y s
s ot
1

0

; Hot WO

Q. (PP)" (W) " B A,

forallo € ON; and

=
I

Il
1 S b
o
S
2
>
@3
v
VS
)
~
=
VS
52
N———
i
=
—~
p
@y
~—
<
e~
g
0N
wv
5

forallo € OF.

Step 12. Update W, and iterate from Step 1 again.

After the algorithm completes, one can update shares and quantities
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’T_b

S _AP(WP)l p/(PP 1- p_SP (

Sl =1— A(PRY=1/(PP)'=1 =1 — (1 —Sk) x (% )1]7

S
1-0
S =usPY /Py = Sg <1;j>

§>

’Tb

Sg\{ :AP(WS )1 ’X/(Pl - sO X <

L _ALPRY o (BP)
s1 — D — “s0 A
Qslpsl Qs
S . :wolHol _ ono
0 El Eh
P (Ap)li ,Bsonl( ) (Psli)p a( 5)1*"/1’%1 _ Bost(p@D)a(pf)p_a(Wp) p/W H
0osl — H - A 0s0
ol Ho
(A B0 Qa1 (P)“ (W) ~*/Wor _ Bost(PsD)“(WJV)*“/WoH
osl — H — N 0s0
ol Ho
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G.3 Transition Dynamics
Step 1. Calculate final steady state
Step 2. Guess a path of wages {wo }ot—17-1

Step 3. Solve for the path of prices using the hat algebra:

,Bsot
I—[o cof Wot .

; f=PN
HOE of W(?OSUO

W/, =

PR = Alst [SsoAstN (Wst )1_“ +(1-8%) <P£>1§] ;

Step 4. Solve the path of Bellman equations:

- ! ! / /
Vi(k,m,0) = vlog (Zexp < Coo'km + WotH, (k/”:/)/Pt + BVira(k,m,0 )))

Step 5. Solve for the path of inclusive values of being type (k, m):

—Ce

0,km

+ wy 1Hy (k, m) /Py + BViy1(k,m, 0’))

Ve (k,m) = vlog ) exp ( -
O/

Step 6. Compute the NPV for each field m

Vilmls)e = X Vsl me(kl, ).
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Notice that for t = T —4,..., T — 1, one will use the steady state value.

Step 7. Compute {Ly,,; } by Monte Carlo simulation

(a) For each individual i and period t, generate a test score s; for i. We do not index by ¢

because they will be copies each period.

(b) Generate a type for i from the conditional CDF of the type distribution given s;:
L=1+) 1(e > Qi(si)),
)

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

B 2%’:1\??1,, exp (ﬂmt + O + Gth(Wl’S))
L1\, ©XP (Bt + O + 6V (m]s))

Note: For cohorts t = 1,...,5 allocate students according to the steady state values of

Vi(m|s). For remaining students, allocate according to Vi(m|s).

e Generate R draws from this distribution:

my, =1+ Y 1(e> QL(m)),

MmEM_,

for a uniform random variable.

(d) Assign the agent sequentially to a field in their choice set based on acceptance probabil-
ities (conditional on s). If the agent is not admitted to the first R — 1 choices, then they

are automatically allocated to the R-th choice.

(e) Determine the agents type:

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

MEM_,

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

variable.

(f) Calculate the share of individuals belong to type (k, 1), scale up to L.
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Step 8. Using Vi(k, m,0) solve for Ay, and A§(olk, m)

exp( Cuo/km+w /tH/( V)/Pt+.BVt+1(km0)>

C

Ae(0'|o, k,m) =
t( | ) ZO// exp (— 0o km TW, //,H//( " m) /Pr+BVi (kmo//))

eXp ( _Ca,km+wutHu (krn’i/) /Pt+ﬁvt+1 (k/mlo) >

Zo/ eXp ( *Ca/karZUO/rH(,/ (k,n:/) /Pt+,5Vt+1 (k,m,o/) )

A (olk, m) =

Step 9. Compute H,” Pl

(a) Use the flow equation:
Lomkt = (1 —9) Z/\t(olo/,k,m)Lo/mkt—l + 6A; (olk, m) Ly
0/

(b) Construct Hy:
Homkt = Lomkt X H(Or m, k)

(c) Compute changes in human capital supply across occupations

ot

Hsupply Z Homkt /Hoo

k,m

Step 10. Calculate aggregate expenditure (and income)
Ei = ;Sooﬂotwot
Step 11. Calculate changes in domestic output
Qu = 8% (PR) "+ (1 —sy)ER " pr (B7)

Step 12. Calculate a new guess for wages, by enforcing labor market clearing and output market

clearing. Choose W, such that

Z
gowo



forallo € ON; and

—~

Hsoo 1 o 5D\ (PP (wP) * 2P A
= Lo i Qe (P2)(P2)7 (W) Bluder,

forallo € OP.

Step 13. Update W, and iterate from Step 2 again.
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