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Abstract

We study how college students’ field of study choices shape the economy’s skill distribution and

its resilience to labor market disruptions. Our framework models forward-looking students whose

field choice determines their comparative advantage across occupations, influencing their ability

to adjust to labor market shocks. Using Danish administrative data, we account for unobserved

heterogeneity in both student preferences and worker skills to address selection concerns in

field and occupation choices. We find substantial variation in specificity, with graduates from

generalized fields responding to negative income shocks nearly six times more than those from

specialized fields. While students cluster into broad STEM and non-STEM groups, within-cluster

elasticities are higher than previously estimated. Counterfactual analysis suggests that easing

capacity constraints in university programs leads to substantial reallocation of students, with

minimal effects on national output. Additionally, simulated shocks highlight field-switching as a

critical mechanism for adjusting to labor market disruptions, substantially enhancing economic

outcomes. Importantly, unobserved differences among students significantly drive these responses,

with the most adaptable individuals experiencing the largest gains.
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1 Introduction

Labor markets are undergoing profound transformations driven by globalization, immigration, and

technological advancements, reshaping occupational structures and skill requirements. Economies’

resilience to these disruptions critically depends on the adaptability of workers and their ability to

respond effectively (Heckman et al., 1998; Adao et al., 2024). Extensive research has examined how

incumbent workers adjust to economic shocks (Grigsby, 2021) and how new entrants decide on skill

acquisition along the vertical dimension—i.e., whether to pursue higher education (Charles et al.,

2018; Adda and Dustmann, 2023). However, economists have only recently begun to investigate

the horizontal dimension: how students choose specific fields of study, and how these specialization

decisions shape labor market outcomes and the overall distribution of skills (Deming and Noray,

2020; Arcidiacono et al., 2025).

This horizontal dimension of educational choices is critical for policymaking and for fully

understanding labor market dynamics, as the choice of field significantly influences graduates’

employment trajectories, career adaptability, and ultimately, their resilience to economic shocks.

Indeed, Figure 1 highlights substantial earnings variation across different fields, often exceeding

the overall college wage premium.1 Different fields equip workers with distinct skill sets, shaping

their labor market outcomes (Altonji et al., 2012a), and the degree of specialization within these

fields critically determines graduates’ flexibility to adjust to disruptions (Kinsler and Pavan, 2015).

Nevertheless, there remains little work that models the joint determination of field and career

decisions.

To address this gap, we develop a comprehensive framework that jointly models educational

decisions of new entrants and occupational reallocation of incumbent workers. Our model captures

how individual preferences and abilities shape field-specific career paths and comparative advantages,

highlighting two distinct margins of adjustment to shocks: the reallocation of incumbent workers

across occupations and the adaptation of new entrants through changes in field selection. We use

detailed Danish administrative data that links higher education application records with long-panel

career histories of the entire Danish workforce from 1996 to 2019. Denmark’s centralized admission

process—which assigns students to programs via a deferred acceptance algorithm based on ranked

priority lists—provides a unique measure of unobserved student preferences. This rich dataset

enables us to quantify the responsiveness of different fields of study to labor market shocks, account
1Stark differences in earnings across fields have also been found in the United States (Bleemer and Mehta, 2022a)

and Chile (Hastings et al., 2013).

1



for heterogeneity in student and worker characteristics, and perform counterfactual analyses on how

policy changes and labor demand shocks affect overall human capital supply and long-term labor

market outcomes.

Figure 1
College Premia and Field Premia
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Notes: Black bars are field premia for individuals with college education, calculated as the raw, unadjusted, average earnings
across all employed individuals whose college’s field of study is f relative to those employed with base field, education, Earnf

EarnEduc
.

Skill premium is calculated as the average earnings of all workers with a college degree relative to workers without. In all
regressions, workers are tracked in their first job after completing the degree of their highest level of education. All earnings
are conditional on positive earnings.

Building on this dataset, we first document several facts that motivate our model. We begin by

showing that workers from different fields of study cluster into specialized sets of occupations. We

then apply the fixed effects decomposition method of Porzio et al. (2022) to assess how much of this

occupational heterogeneity arises from new cohorts entering the labor market versus incumbents

switching jobs—both channels matter, though their relative contributions differ across occupations.

Finally, a Kitagawa-Blinder-Oaxaca decomposition shows that a substantial fraction of occupational

reallocation among new cohorts is driven by changes in field of study, rather than by differences in

occupational entry within the same field. These findings indicate that students’ field choices evolve

over time, potentially in response to shifting labor demand, highlighting the need for a framework

that jointly models education decisions and labor market dynamics.

Motivated by these facts, we develop a dynamic model of educational choices and labor supply

that comprises two blocks: (i) education decisions of new entrants, and (ii) career decisions of

incumbent workers. In the education block, students decide which field of study to pursue by
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weighing expected labor market returns (i.e., income) against nonpecuniary benefits. Our framework

allows for heterogeneity along three dimensions: non-pecuniary preferences for fields, the relative

preference between income and non-pecuniary factors, and the value of a field of study as a function

of observable characteristics, such as test scores and high school tracks. Importantly, field choices

determine the distribution of future comparative advantages across occupations, thereby establishing

the foundation for students’ future productivity and outcomes on the labor market.

In the career block, once students graduate and enter the labor market, each new entrant draws a

vector of productivities across occupations from a distribution determined by their field of study and

other observable characteristics, thereby defining their comparative advantage profile.2 Incumbent

workers then choose occupations each period à la Artuç et al. (2010), facing partially stochastic

switching costs that, together with their initial comparative advantage profiles, drive the observed

occupational reallocation in response to labor market shocks.

To quantify the interaction between educational choices and labor market outcomes, we estimate

the career choice and the field choice blocks of the model. For the career choice block, we adopt a

two-stage procedure following Traiberman (2019), building on Arcidiacono and Miller (2011). In the

first stage, we apply the Expectation-Maximization (EM) algorithm to recover key parameters such

as the conditional distribution of workers’ comparative advantages and their occupational transition

rates. In the second stage, we regress these transition rates on wage differentials—following Artuç

et al. (2010)—to identify the remaining parameters. In the field choice block, we exploit Denmark’s

centralized admission process—which provides complete ranked preference data—to recover latent

heterogeneity in students’ field choices using a novel estimation strategy, which built on (Agarwal

and Somaini, 2018; Luflade, 2019; Fack et al., 2019). Finally, we leverage time variation in the

model-implied returns to fields of study to estimate how responsive students are to changes in

expected future income.

We next discuss the estimation results for each block. To examine how different fields translate

into career opportunities, we construct a measure of each field’s comparative advantages across

occupations. We find that some fields are highly specialized, mapping narrowly to a small set of

occupations, while others are much more general. To quantify the economic implications of this

specificity, we estimate the increase in the occupational exit rate following a 1% decline in earnings.

On average, a 1% decline in the net present value (NPV) of an occupation increases the exit rate by
2Abilities may vary both within and across educational backgrounds; for instance, social science programs may

provide better quantitative skills but weaker communication skills compared to humanities programs on average, but
this is not true of all graduates in these programs.
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11%. This average obscures substantial heterogeneity across fields: workers in the most generalized

fields are nearly six times more responsive to shocks than those in the most specialized fields.

Turning to students’ field choice decisions, we identify three key findings. First, students are

responsive to changes in future income—a 1% increase in the NPV of a field raises entry into that

field by 0.14 percentage points, corresponding to an elasticity of 0.92. Second, heterogeneity in

preferences plays a central role in shaping field choices. Some students exhibit strong preferences

for particular fields, making them highly elastic within related disciplines yet unlikely to switch

more broadly. For example, students with a strong preference for education are more likely to

substitute into care or health-related fields, whereas STEM-oriented students primarily switch

within STEM or into business. Finally, explicitly modeling this heterogeneity is crucial for capturing

realistic substitution patterns. We show that the implied substitution matrix—which describes

how students reallocate when a given field experiences a shock—closely resembles observed ranking

preferences. By contrast, a model without this heterogeneity, akin to a simple logit model that

assumes independence of irrelevant alternatives, produces implausible substitution patterns that fail

to match observed choices.

We close the model by incorporating the labor demand side to assess the general equilibrium

(GE) effects of counterfactual policies and labor market shocks. Specifically, we extend a standard

multi-sector framework in which each sector employs different mixes of occupations, allowing for

heterogeneous substitution patterns in response to external shocks such as foreign price changes

and AI-driven technological advances. Using the GE model, we first examine the impact of capacity

constraints in higher education by simulating a policy that reduces restrictions on students’ field

choices. We consider two scenarios: partial flexibility, in which we remove capacity constraints

but maintain high school tracking—thereby limiting each student to fields accessible under their

track—and full flexibility, where students may enter any program.3 Our results indicate that relaxing

these constraints decreases GDP by 0.3% under partial flexibility and raises it by 1.7% under full

flexibility. Though field switching is substantial—9% of students reallocate their field of study under

partial flexibility and 21% under full flexibility—the net effect on occupational reallocation remains

modest, explaining the more limited aggregate income gains.

Second, we evaluate the economic impacts of two labor market disruptions—international trade

shocks and AI-driven technological shifts—under varying degrees of educational flexibility. Our
3In Denmark, upper secondary education is organized into distinct tracks, each granting access to a set of higher

education programs. Though the system has become more flexible over time, we maintain these track-based constraints
under partial flexibility. We provide more details in Section 2.3 and Appendix E.1.

4



results reveal substantial long-run increases in welfare and income under both shocks, with gains

significantly larger when students can freely adjust their field choices. Allowing major-switching

flexibility leads to extensive reallocation across fields, enhancing overall economic adaptability.

Importantly, these gains vary considerably across individuals with different preference types. Students

with greater elasticity of field choice experience larger income improvements, highlighting that

intrinsic responsiveness to labor market changes significantly influences the economy’s ability to

adjust effectively to disruptions.

Our paper is related to several strands of literature. First, we build on the literature that employs

GE models to study the dynamic response of workers to labor market shocks. The labor market

side of the model draws from studies that examine how workers with heterogeneous abilities and/or

horizontally differentiated skills make career decisions in the presence of mobility frictions. These

models have been widely used to study trade-induced reallocation (Artuç et al., 2010; Dix-Carneiro,

2014; Traiberman, 2019), labor market responses to immigration (Llull, 2018; Burstein et al., 2020;

Monras, 2020; Khanna and Morales, 2017), technological advances (Dvorkin and Monge-Naranjo,

2019; Humlum, 2021; Adao et al., 2024), and labor market sorting and search patterns (Lise

and Postel-Vinay, 2020). Our key contribution is to extend this literature by endogenizing skill

acquisition through forward-looking educational choices. This allows us to analyze not only how

incumbent workers reallocate in response to shocks but also how the skill distribution evolves as new

entrants select fields of study in anticipation of future labor market conditions. Embedding these

choices within a GE framework enables us to examine both short-run labor market adjustments and

long-term shifts in workforce composition, offering new insights into the propagation of shocks and

the role of policy in shaping skill supply.

We also contribute to the large literature on the the joint determination of human capital and

labor market returns. While much of the prior literature focuses on vertical education decisions,

e.g., no college, vocational school, or college (Blanchard and Olney, 2017; Heckman et al., 2018;

Adda and Dustmann, 2023), a growing body of work examines variation in returns across fields of

study (Gemici and Wiswall, 2014; Kirkeboen et al., 2016; Bleemer and Mehta, 2022b; Andrews et

al., 2022) and the role of major specificity in shaping career trajectories (Kinsler and Pavan, 2015;

Leighton and Speer, 2020).4 Our paper is most closely related to studies that estimate models of

human capital accumulation alongside labor market processes (Heckman et al., 1998; Arcidiacono,
4Altonji et al. (2012b) and Altonji et al. (2016) provide extensive surveys, including discussions of structural

modeling issues.
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2004; Beffy et al., 2012) and builds on the seminal work by Keane and Wolpin (1997), which

integrates labor demand into college decisions.5 We extend this literature by linking field choice to

a dynamic labor market model with multiple occupations and sectors, allowing us to study how

occupational heterogeneity shapes labor market responses to shocks. Specifically, we show that

both incumbent worker transitions and new cohort decisions are key margins of adjustment, which

interact as incumbent reallocation affects expected earnings for new entrants, while new entrants

influence future labor supply. Furthermore, many shocks—such as trade, technological change,

and immigration—primarily impact a subset of occupations directly, with broader effects emerging

through equilibrium reallocation. For instance, STEM-intensive fields like R&D may be highly

exposed to trade or artificial intelligence, while fields such as medicine may be less affected. Our

framework unifies field choice and dynamic occupational transitions, providing a tool to analyze the

long-term effects of targeted labor market disruptions and policy responses.

Finally, our paper contributes to the expanding literature on the demand for fields of study

(Robles and Krishna, 2012; Wiswall and Zafar, 2015; Agarwal and Somaini, 2018), by nesting field

choice within a broader labor supply framework. 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). Unlike much of the existing

literature, which primarily examines educational decisions in isolation, our approach links them to

occupational reallocation, allowing us to assess how shocks influence both individual choices and

aggregate labor market dynamics.

The paper proceeds as follows. Section 2 describes the data and institutional background. Section

3 presents key stylized facts motivating our model. Sections 4–6 outline the model, estimation

strategy, and results, focusing on labor supply. Labor demand is discussed in Section 7, where we

close the model and conduct counterfactual analyses. Section 8 concludes with directions for future

research.

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’
5While our paper focuses on higher education, a substantial literature highlights the importance of early human

capital accumulation (e.g., Caucutt and Lochner, 2020).
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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, gender 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 includes a mapping from all education programs to

the International Standard Classification of Education (ISCED) which allows us to classify education

programs into fields of study. We supplement the education register with information regarding

student applications to higher education programs 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, their high-school

GPA and track. We hand-link the education programs in KOT to UDDA and calculate admission

cutoffs based on all applications data.6

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

customs data on all international transactions. They contain data on value of imports and exports

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

2.2 Defining Fields and Occupations

We define the level of education based on the ISCED system, and divide students into three levels:

high school graduates, short-cycle education, and college and above. The last group encompasses
6We 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). Appendix E.2.1 contains a complete description of how we concorded KOT to
UDDA and calculated admission cutoffs.
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both Professional Bachelor’s and University degrees and is the primary focus of our analysis.7 Our

definition of fields is based on the Danish variant of the ISCED-F classification of fields. The

ISCED-F classification breaks fields into 27 broad categories. We aggregate several 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 11 contains our list of

educational fields and their ISCED-F equivalent codes.

Occupations in Denmark are recorded according to the International Standard Classification of

Occupation (ISCO), developed by the ILO. There is a break in 2009 when codes were updated. 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 or pooling small occupations,

we are left with 22 occupations. When the data breaks, there are several quality issues in the

data. Appendix E.3 contains a complete description of how we concord and aggregate occupations

over time and how we deal with variation in the quality of occupational codes (e.g., imputations).

Appendix Table 12 contains our list of occupations and their ISCO-08 equivalent codes. Finally, in

appendix E.3.1 discuss how we use the ONET Database to construct occupational tasks.

2.3 The Danish Education System

The Higher Education System in Denmark

Our analysis focuses on higher education which includes two main types of programs: Professional

Bachelor’s degrees and University Bachelor’s degrees. Both of these programs are classified as

Level 6 according to the ISCED, and are commonly pooled in studying skilled workers in Denmark

(Hummels et al., 2014). Professional Bachelor’s degrees, also 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 employability. 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.8 These programs are oriented toward theoretical knowledge and research, preparing

students for further academic pursuits or careers requiring in-depth expertise in their chosen fields.
7While we focus on this group in estimation, in all of counterfactuals we take account of all workers, treating the

level of educational background as exogenous and fixed.
8While the Bachelor’s is awarded after three years, well over 90% of students pursue a Master’s program. In our

analysis, we treat this as one continuous 5 year program.

8



An increasingly large share of Danish students pursue a degree from a Professional Bachelor’s or

University (henceforth “college"). Appendix figure 9 plots the share of 30 year olds at each level of

education. At the start of our sample, in 1995, around 18% of the sample has some form of college,

and this more than doubles to 41% by the end of the sample.9

In Denmark, as in much of Europe, the higher education system emphasizes early specialization,

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 that offers general education requirements and flexibility in course selection, 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 further education. Danish

upper secondary education consists of several tracks, each influencing the types of programs students

can pursue beyond high school (see Appendix E.1 for more information on higher education and high

school tracks in Denmark). 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, including specialization when available, to construct students’ choice sets for

higher 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 (each application

being a combination of field and institution). Each program has its own GPA threshold for entry,

determined by student demand and program supply, and regulated by the Danish Ministry of

Higher Education and Science. Some programs also have specific prerequisites, such as sufficient

mathematics preparation. Students in Denmark are provided with significant resources to help

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

paths.10 The UddannelsesGuiden (Education Guide) website provides detailed information on

program-specific prerequisites, historical GPA cutoffs, admissions numbers, labor market outcomes,
9We condition on our sample, and our use of 30 year olds will include students who dropped out of college, and

students who are still studying. Nevertheless, the estimates line up reasonably well with the reported national statistics
from Denmark, available at https://www.statbank.dk/HFUDD11.

10This is line with the fact that information plays a crucial role in educational choices, and that students often face
significant information gaps when making education decisions (Wiswall and Zafar, 2015; Kapor et al., 2020).
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demand trends across fields of study, and subject matter expectations.11 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 fields 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 student

is ineligible for their first choice, it does not affect their chances of being considered for subsequent

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 students apply

within a “realistic” set of alternatives, consistent with the “score bounds” approach of Kapor et al.

(2024). While the majority of admissions to higher 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. Given these conditions, most students apply to

multiple programs and many are admitted to or attend their second (or first) priority.

Figure 2 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. STEM fields, when including

High Health, account for roughly one quarter of students, while Arts and Humanities account for

around one tenth. The most notable changes in preferences involve ICT and Education. ICT, which

begins on a very small base, has seen explosive growth, as have Business and Arts to a lesser extent.

Table 1 provides insight into students’ preferences by examining the relationship between first-

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.12 Second, preferences vary significantly by
11See https://www.ug.dk/
12In our subsequent analysis, we do not distinguish between students choosing a similar program within the same

institution (e.g., Physics versus Mathematics 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.

10



Figure 2
Summary Statistics on First Priority
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(b) Growth Over Time
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Note: Panel (a) plots the share of high school graduates who apply to college education through the KOT system–regardless of
final admission status–who apply to each field of education. The sample is pooled across years, and only fields with at least 100
applications over the course of the entire sample period are considered. Panel (b) plots the change in shares over time relative
to the base year, 1995. Time series plots are plotted using a 3 year MA smoother.

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.

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 higher 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: Fields of study are associated with specialization in different occupations.

We first demonstrate that students from different fields of study tend to work in a narrow band of

occupations, though the extent of this specialization varies. To measure how specialized a field is,
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we calculate the Herfindahl-Hirschman Index (HHI) across occupations for each field:

HHIm =
∑
o∈O

s2
o|m,

where so|m is the share of workers from education field m working in occupation o. We calculate

shares pooling across the whole economy. Figure 3 plots the HHI for each field of study, as well as

the HHI calculated by pooling all fields (in grey).

Figure 3
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 workers
from all fields.

We highlight two takeaways from this graph. First, fields of study are generally highly specialized.

The pooled HHI—unconditional on field of study—is about .2, while the average HHI conditional

on field is nearly twice as high. Second, specialization varies significantly across fields. For example,

Social Science has an HHI slightly below the pooled average, while health and education fields

exhibit near-complete specialization. This variation in specialization suggests that workers from

different fields may experience differing levels of vulnerability to economic shocks, with those from

highly specialized fields potentially facing greater challenges in adapting to shifting labor market

conditions.
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Fact 2: Occupational reallocation involves both new entrants and incumbents.

We now examine the role of new entrants in occupational reallocation. We show that reallocation

occurs through two channels: incumbent workers switching occupations (or exiting the labor force)

and new cohorts entering a different mix of occupations.

Figure 4
Reallocation Decomposition

(a) Cohort Fixed Effects
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(b) Year Fixed Effects
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Notes: The figure plots the estimated cohort and year fixed effects from a projection of these variables onto log occupation
shares (see (1)). Plots are all MA3 smoothed series. The null hypothesis of perfect labor market fluidity is a horizontal line at
0 for all cohort plots.

To quantify these channels, we adopt the approach of Porzio et al. (2022). Let so|c,t be the share

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

fixed effects for each occupation:

logso|c,t = ϕoc + ψot + εoct. (1)

If workers are fully mobile across occupations (or equally mobile across generations), the cohort

effects would be irrelevant, as reallocation would primarily reflect common demand or supply

shocks that are absorbed by the year fixed effects. Conversely, if workers are completely immobile,

reallocation would occur entirely through new cohorts entering different occupations, making cohort

effects the primary driver of changes in occupational shares.

Figure 4 plots the cohort and year fixed effects, where null effects—indicating minimal reallocation

through that channel—would appear as flat lines bunched around zero. Instead, both cohort and

year effects are important, though their relevance varies across occupations. In some cases, cohort
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effects are minimal, while in others, time effects are less important. This heterogeneity highlights

the need for a model that incorporates both channels of occupational adjustment.

To further assess their relative importance, Figure 5 reports the ratio of the variance in fixed

effects to the variance of the fitted log shares: σ2
ϕoj/σ

2
̂log so|c,t

, j ∈ {c, t}. The distribution of these

ratios suggests that cohort effects generally explain a larger share of the variation, underscoring

again the role of new cohort entry in occupational reallocation.13

Figure 5
Variance Explained by Cohort and Year Effects
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across occupations that is attributable to cohort and year fixed effects. Specifically, for each fixed effect f , it plots
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log so|ct
across occupations o.

Fact 3: New cohorts reallocate through field of study choices.

Our final fact documents the extent to which occupational reallocation across cohorts occurs through

changes in the composition of fields of study. To quantify this, we perform a Kitagawa-Oaxaca-

Blinder decomposition of changes in initial occupation shares for new cohorts into within- and

across-field components. Specifically, we use the follwoing decomposition:

∆sot =
∑
m

∆so|m × sm,t−1︸ ︷︷ ︸
Within

+
∑
m

∆sm × so|m,t−1︸ ︷︷ ︸
Across

+
∑
m

∆sm ×∆so|m︸ ︷︷ ︸
Growth Covariance

. (2)

13This ratio can technically be larger than one due to the covariance of cohort and year fixed effects, though this
term is generally negligible.
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Figure 6 plots this decomposition for occupations with at least a 5% change in share.14 The

light gray bars capture the across-field component, representing changes in occupational shares

driven by shifts in field choice. For most occupations, this channel explains a substantial portion of

the observed changes. Some exceptions arise, such as management and administration, where field

choice appears less important, likely reflecting a weaker link between field choice and occupation.

Figure 6
Decomposing the New Cohort Entry Margin
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Notes: Plots the decomposition of occupational reallocation into across- and within- major components according to the
Kitagawa-Oaxaca-Blinder decomposition described in (2). Occupations are sorted based on total growth over 1998 to 2018.
Only occupations with at least 1% change plotted. Appendix 10 contains all occupations and second order terms.

Summary: Together, these facts provide a clear view of how the occupational structure of the

economy changes: incumbents and new cohorts both play a large role in shaping occupation

reallocation. Moreover, new cohorts adjust not only their initial occupation choices but also shift

their field of study over time. This pattern underscores the importance of modeling both labor

supply decisions and field choice to capture the full range of occupational adjustment mechanisms.

With this in mind, we now turn to our model of labor supply and field choice.
14The covariance term is generally small and is omitted here. The full decomposition for all occupations is provided

in Appendix Figure 10.
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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 heterogeneity

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

L̄ of workers, differentiated by their field of study m ∈M and their labor market type k ∈ {1, ...,K}.

The index k serves as a flexible, non-parametric way to capture unobserved heterogeneity across

individuals. It is known to the worker but unobserved by the econometrician, and can influence

both worker productivity and the costs associated with switching occupations, as detailed later.

Each worker supplies one unit of labor inelasticially to an occupation o ∈ O. Workers exit the labor

force at an exogenous rate δ and are replaced by a new cohort. New cohorts are characterized by

their latent preference type l, their test scores s, and other covariates X.

The model unfolds in two stages. Upon completing high school, individuals enter the field choice

block, where they select a field of study based on anticipated returns and preferences, both of which

may depend on their initial characteristics. After graduation, they enter the career choice block,

where they hold a set of comparative advantages across occupations and make a forward-looking

decision on their initial occupation. In each subsequent period, incumbent workers may switch

occupations, subject to switching costs.

We next describe the model in reverse order: starting with the occupational decisions of

incumbent workers, followed by the entry decisions of new cohorts, and finally the field of study

choices.

4.2 Labor Markets

4.2.1 Incumbent Workers

At the beginning of period t, incumbent workers who spent the previous period in occupation o

choose an occupation o′. Workers are characterized by (k,m) and supply human capital Ho(k,m)

to occupation o. Switching occupations entails a moving cost Coo′km, which depends on the
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worker’s type and field, and the origin-destination pair. Workers also receive a stochastic occupation

preference shock εot in each period.

To parameterize human capital, we project each occupation onto Z tasks. Each occupation is

represented by a vector ζo = (ζ1,o, · · · , ζZ,o) ∈ RZ++, the positive orthant of RZ , where ζz,o denotes

the loading on task z in occupation o. A higher value of ζz,o indicates that task z is more important

for output in that occupation. Each worker type has task-specific abilities αk,z, and their log output

in an occupation is the dot product of alpha and ζ. We additionally include a field effect, αom,

which scales the human capital supply of workers in each occupation based on their field of study,

and a type effect αk, which captures the absolute advantage of type-k workers.15 Combining, we

have:

logHo(k,m) = αom + αk +
Z∑
z=1

αk,zζz,o. (3)

A few comments are in order. First, workers’ comparative advantage across occupations arises

from differences in their labor market type k.16 Second, the αom terms allow workers in different

fields of study to have distinct comparative advantages, even conditional on their type k. For

example, workers with an education background in STEM may have large αom values in technical

occupations, such as engineering. Finally, the conditional distribution of types k depends on the

chosen field of study m, a relationship we discuss in detail later.

Returns to an occupation are determined by both workers’ human capital and competitively

determined skill prices wot. The worker’s Bellman equation in period t is given by,

v(k,m, o, ε) = max
o′

wo′tHo′(k,m)− Coo′km + εo′t + βEtV (k,m, o′), (4)

where V ≡
∫
v(·, ε)dG(ε) is the value function v integrated over shocks, and the effective discount

factor is β, which is the product of the time discount rate, β̃ and the probability of exit, δ.

We assume preference shocks, εo, are conditionally independent of other variables and follow a

Gumbel distribution with mean zero and scale parameter ν. Under these assumptions, the value
15Technically we use one index for all productivity differences across workers—absolute and comparative advantage.

This is without loss of generality. For example, one could have workers with the same comparative advantage but
different levels at each task simply by having two types with parameters shifted up by a constant for one type.

16As an example, consider a simple economy with two occupations, two tasks, and two types. Suppose the task
vector for the first occupation is ζ1 = (1, 0) and for the second occupation ζ2 = (0, 1). Similarly, let worker abilities
be α1 = (1, 0) and α2 = (0, 1). In this case, type 1 workers would produce output only in occupation 1, while type
2 workers would only produce output in occupation 2. Despite this horizontal differentiation, neither type has an
absolute advantage.
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function V simplifies to:

Vt(k,m, o) = ν log
(∑

o′

exp
(−Coo′km + wo′tHo′(k,m) + βEtVt+1(k,m, o′)

ν

))
. (5)

Moreover, the corresponding policy function, which determines the transition probabilities across

occupations, is:

λt(o′|o, k,m) =
exp

(
−Coo′km+wo′tHo′ (k,m)+βEtVt+1(k,m,o′)

ν

)
∑
o′′ exp

(
−Coo′′km+wo′′tHo′′ (k,m)+βEtVt+1(k,m,o′′)

ν

) . (6)

(6) can be used to interpret ν as governing the elasticity of occupational switching with respect to

fundamentals. At the extremes, as ν → 0, the transition probabilities collapses to a deterministic

outcome where all workers choose the occupation with the highest expected payoff. Conversely,

as ν → ∞, workers allocate themselves uniformly across occupations, becoming indifferent to

differences in deterministic payoffs.

4.2.2 New Entrants

Like incumbents, new entrants are characterized by a (k,m) pair. Upon entering the labor market,

they chose an initial occupation, according to the utility function,

vet (k,m) = max
o
−Ceo,km + εo + wotHo(k,m) + βEtVt+1(k,m, o), (7)

where Ceo,km denotes entry costs specific to occupation o for type (k,m) and εo is a stochastic

preference shock at the initial entry, assumed to follow the same Gumbel distribution as for

incumbents. The resulting choice probabilities for new entrants are given by:

λet (o|k,m) =
exp

(
−Ceo,km+wotHo(k,m)+βEtVt+1(k,m,o)

ν

)
∑
o′ exp

(
−Ce

o′,km+wo′tHo′ (k,m)+βEtVt+1(k,m,o′)
ν

) . (8)

The expected value of entering the labor market with type (k,m) is given by:

V e
t (k,m) = ν log

∑
o′

exp
(
−Ceo,km + wo′tHo′(k,m) + βEtVt+1(k,m, o′)

ν

)
.

4.3 Field Choice

We begin by describing the returns to a field and then outline how students construct their ranked

choice lists. Students enter the field choice block with a test score, s, and a latent preference type,

19



l ∈ 1, ..., L. They may also have additional covariates, such as their high school background or

gender, which we collect in the vector X. For simplicitiy, we omit these covariates in the following

discussion, though all outcomes are implicitly conditioned on them on these characteristics.

Returns to Field

In deciding on a field of study, students consider the expected labor market returns associated

with each option, denoted Vt(m|s). These returns depend on two key factors. First, there is the

common productivity effect, αom in (3). This term reflects the average productivity associated with

each field in different occupations. For example, degrees in Physics/Math may offer relatively high

returns in technical occupations than the return in those occupations to communications degree

holders. Second, each field of study induces a conditional distribution over labor market types

k ∈ K, denoted π(k|m, s).17 This stochastic term allows for heterogeneity in outcomes among

students within the same field, as students may possess varying talents that influence their career

trajectories. Given this conditional distribution, the expected labor market return for a student

with test score s choosing field m is:

Vt(m|s) =
∑
k

V e
t+5(k,m)π(k|m, s),

where V e
t+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 expected labor market returns, students’ field choices reflect non-pecuniary factors.

Each type-l student has a time-invariant utility for a field denoted by ϑlm, which captures intrinsic

preferences unrelated to earnings. The relative importance that students assign to future earnings

varies across types too and is governed by the parameter θl. Students may also prefer fields that

offer a larger number of programs. This is captured by a love-of variety effect, denoted by υ log(Nm),

where Nm is the number of programs available in fieldm. For example, the “Math/Physics” field may

encompass multiple mathematics and physics programs across institutions, which some students may

view as desirable.18 Finally, students receive a conditionally independent Gumbel(0,1) preference

shock over fields, εmm, which introduces idiosyncratic variation in their choices.
17An alternative interpretation is that the college education production function is given by π(k|m, s), where field

choice m and score s, along with other observable characteristics, serve as inputs. The output is a distribution of labor
market types k, which, as described in Section 4.2, is linked to worker productivities and occupational switching costs.

18As the focus of our paper is not on institutional quality, nor on within-field variation, we treat programs within a
field of study as symmetric, though the average quality or popularity at the field level is partially captured by the
cut-offs in the admission process, which we describe below.
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Combining these components, the utility for students of preference type l with test score s

assigns to field m is:

Ũmsl = ϑlm + θlVt(m|s) + υ log(Nm) + εmm. (9)

Henceforth, we use Ũ for the payoff including the shock, ε, and use U to denote the payout without

the shock:

Umsl = ϑlm + θlVt(m|s) + υ log(Nm).

Ranked List Determination

Upon receiving their preference shocks εmm, students construct a ranked list of fields of length R.

Field assignments are determined using the deferred acceptance algorithm, and we assume that

students truthfully reveal their preferences over their choice sets.19 Students’ choice sets, C ⊂ F ,

may depend on their test scores and high school background. For example, students with low scores

may avoid applying to highly selective programs, while those without prior math coursework may

exclude math-intensive fields.

For ease of notation, let mr denote the field ranked in position r, with m1 being the top-

ranked field, and so on. Under the Gumbel assumption, the probability of observing a ranked list

(m1,m2, ..., ) is given by,

P (m1,m2, ...,mR; s, C) =
R∏
r=1

exp(Ulmrt(s))∑
m∈C\m−r exp(Ulmt(s))

.

This expression is a concatenated probability of the usual logit choice probabilities, with the choice

set adjusted at each step.

Our demand system is tractable and encompasses many models as special cases. First, in the

absence of unobservable heterogeneity or occupational choice component in the labor market, the

model reduces to one where workers assess the net present value of earnings based on cross-sectional

average earnings in each field. Second, when β = 0, the model simplifies to one where workers focus

solely on their initial earnings in the job market.
19Since the ranked list is truncated, students may have an incentive to include a “safety” choice. However, given

our level of aggregation, few students are actually constrained by the list length, so we abstract from this issue.
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5 Estimation

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

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

5.1 Labor Market Parameters

5.1.1 Labor Supply of Incumbent Workers

Our estimation of labor supply parameters for incumbent workers follows Traiberman (2019), which

was built on Arcidiacono and Miller (2011) and Artuç et al. (2010), and is extended to incorporate

field differences. We adopt a two-stage estimator: first, we use the EM algorithm to estimate the

parameters governing human capital supply, the distribution of latent labor market types, and the

occupation transition probabilities; second, we estimate the remaining structural parameters—the

switching cost parameters (C) and ν, scale of the Gumbel distribution that governs the elasticity of

occupation switching.

Turning to the first stage, we assume that individual i’s observed log wages at time t are the

model’s wages plus a Gaussian noise term.20 Let f(wit|k, o,m, t;α) be the Gaussian PDF of log

wages conditional on type, field, occupation, and year, with human capital parameters α. Let qk be

the probability of being type k. The likelihood contribution of individual i is given by,

L̃i =
K∑
k=1

qk × λe(o1,m|k)f(wi1|k, o,m, 1;α)×
[
T∏
t=2

f(wit|k, o,m, t;α)× λt(ot|ot−1,m, k)
]
,

where λe(o1,m|k) is the probability that a type-(m, k) individual starts in occupation o at t = 1,

while λt(ot|ot−1,m, k) is the probability that a type-(m, k) individual transitions to occupation ot
at time t, given they were in occupation ot−1 at t− 1.

The full likelihood, given that qk is unobserved, is the product over L̃i. Directly optimizing this

function poses two key challenges: (1) the likelihood is not log-linear; and (2) λ’s are outcomes of

the solution of the structural model, which requires computing future continuation values and their

expectations.

To address the first challenge, we employ the Expectation-Maximization (EM) algorithm. This

requires defining an auxiliary function—the mean of the likelihood conditional on the distribution of

k, as if it were known. The second challenge is more specific to our setting. As shown by Arcidiacono
20In 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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and Miller (2011), we can bypass this issue by treating λ as a parameter to be estimated directly,

then mapping it back to the structural parameters in the second stage. Specifically, Arcidiacono

and Miller (2011) demonstrate that the distribution of heterogeneity and the parameters governing

state payoffs can be consistently estimated by maximizing the following function (which we continue

to call the log likelihood in a slight abuse of terminology):

L̂ =
N∑
i=1

K∑
k=1

[
T∑
t=1

log f(wit|k, oit,mi, t;α) + log λ̂t(oit|oi,t−1,mi, k)
]
qik, (10)

where qik is the probability that individual i is type k, and the hats atop the λ terms indicate

that these are estimated directly from the data rather than derived from the model. Appendix F.1

contains details of implementation. Briefly, the EM algorithm proceeds by iterating on a guess

of weights qik, which are updated according to Bayes’ Rule, and a guess of parameters, which are

updated by maximizing (10) treating qik as given. We also discuss several smaller details including

an implementation of Wooldridge (2005)’s method for dealing with initial conditions, computational

details for constructing λ̂, and how we implement bootstrapping for the calculation of standard

errors.

In the second stage of the estimation procedure, we apply the Hotz-Miller inversion (Hotz and

Miller, 1993) to recover the switching cost parameters and the scale of the Gumbel distribution.

After estimating the first stage, wotHo(k,m) is observed for each (o, k,m), as are the switching

probabilities, λt(o′|o, k,m).21 As shown in Appendix F.1.2, equation (6) can be used to derive the

following regression equation:

log
[
λt(o′|o, k,m)
λt(o|o, k,m)

]
+ β log

[
λt+1(o′|o′, k,m)
λt+1(o′|o, k,m)

]
=− Coo′km(1− β)

ν
+

1
ν

(wo′tHo(k,m)− wotHo(k,m)) + ξoo′kmt+1

, (11)

where ξoo′kmt+1 is a time t+ 1 expectational error. Compared to (6), this formulation differences out

the current and next period’s continuation values, addressing the remaining selection issue. Under

rational expectations, the error is uncorrelated with time t variables, allowing (11) to be estimated

via ordinary least squares.
21Even 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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5.1.2 Labor Supply of New Cohorts

The only remaining parameter to estimate for new cohorts is the entry cost, Ce. We can apply a

similar strategy as above to recover these parameters. Without loss of generality, we normalize the

entry cost into occupation 1 (“Management”) to zero. In Appendix F.1.2, this leads to the following

estimating equation:

Ce
o,km =

(
wotH(o, k,m)− w1tH(1, k,m)

)
+ βC1,o,km − ν

{
log λ

e
t (o|k,m)
λe

t (1|k,m) + β log λt+1(o|o, k,m)
λt+1(o|1, k,m)

}
(12)

We estimate Ce by taking the time average of this expression.

5.2 Field Choice

To estimate the field choice parameters, our approach involves two key steps. First, we derive a

likelihood function under the assumption that each student’s latent preference type l is known, or

at least known with probability qil. Second, we outline the procedure for estimating these types.

To carry out the first step, we begin by deriving a recursive representation of payoffs, which

enables us to effectively leverage the panel structure of our application data. An output of labor

market estimation is qik, the probability that individual i is type k. This can be projected onto

observables in order to recover the education production function, π(k|m, s). With this in hand, the

payoff to a field m at time t for type l individuals is,

Utlm(s) = ϑlm + θl

[∑
k

π(k|m, s)V e
t+5(k,m)

]
+ υ log(Nmt), (13)

It is useful to define:

Ūtlm(s) ≡ Utlm(s)− υ log(Nmt) = ϑlm + θl

[∑
k

π(k|m, s)V e
t+5(k,m)

]
. (14)

The right hand side of (14) is not directly observable, because V e is never directly estimated in

the labor market estimation—recall the strategy for estimating labor supply parameters relied on

differencing out these continuation values.22 To resolve this issue, we treat the utility in the last

period, i.e., ŪT lm(s) as another parameter to be estimated directly, where T refers to the last period

for which we observe field choices. In Appendix F.1.2, we show that for any t = T − τ , (14) can be
22The key challenge of estimating V e directly is that we do not observe the final continuation value of V . Even

differences across majors, V e(k,m)−V e(k,m′) cannot be directly observed either, as there is no simple representation
of the difference that does not require knowledge of some terminal value.
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iterated forward and rewritten using the following representation:

ŪT−τ,lm(s) =ϑlm(1− βT−τ ) + θl

[
T−1∑
τ ′=τ

βτ
′−τV F

T−τ ′+5(m, s)
]

︸ ︷︷ ︸
XV Fτ,T (m,s)

+βT−τ ŪT lm(s)
, (15)

where V F is an entry value term that only depends on observable data.23 For ease of no-

tation, we collect these observable terms into a single term and denote it as XV F
τ,T (m, s) ≡∑T−1

τ ′=τ β
τ ′−τV F

T−τ ′+5(m, s). Notice that if τ = T , this collapses to the final period utility. Other-

wise, this is a discounted sum of observed payoffs, using the discounted final period utility, i.e.,

βT−τ ŪT lm(s), as a control for the continuation value.

With (15) in hand, we proceed to derive the likelihood function. To construct the likelihood

conditional on latent preference type l, we define the relevant elements: let i index individuals,

let Ci denote their choice set (determined by calendar time, GPA, and high school track), and let

(m1,m2, . . . ,mR) represent their ranked choice list. To develop intuition for the likelihood function,

we begin with an illustrative example of an individual i observed in the final period of available

data, T − 6. For this individual’s top ranked choice, conditional on their type latent li and score

being in decile si, the corresponding likelihood contribution is given by:

Li,T−6,1,l =
Nυ
mri

exp (UmrliT−6(si))∑
m′∈Ci N

υ
m′ exp

(
Ūm′liT−5(si)

) .
Once a choice has been made, the number of available options must be adjusted accordingly. To

simplify the notation, let Ni,t,r,m denote the number of options individual i has at time t, in position

r within field m, given their prior choices. For instance, suppose there were initially 40 nursing

programs available. If the individual selected a nursing program as their first priority, then 39

nursing programs remain available for their second priority. Using this notation, the likelihood

contribution for the full ranked list is expressed as follows:

Li,T−6(m1,m2, ...,mR, si) =
R∏
r=1

Nυ
i,T−5,r,mri

exp
(
ŪmrliT−5(si)

)
∑
m′∈Ci N

υ
i,T−5,,r,m′ exp

(
Ūm′liT−6(si)

) .
Finally, by taking the logarithm of the likelihood expression and summing across all types and

23Specifically,

V Ft+5(m, s) =
∑
k

π(k|m, s)
{
−(1− β)Ceokm + wo,t+5H(1, k,m)− ν log λet+5(o|k,m)− βν log

(
λt+6(o|o, k,m)
λet+6(o|k,m)

)}
.
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individuals, we obtain the log-likelihood contribution for the final observation period:

LLT−6 =
∑
l

∑
i

∑
r

qil

υ logNi,r,mri
+ ŪmrliT−6(si)− log

 ∑
m′∈Ci

Nυ
i,r,m′ exp

(
Ūm′liT−6(si)

) .
A similar argument applies to earlier periods. Summing across all periods leads to the following

log-likelihood conditional on the distribution of latent types:

LL =
∑
t

∑
l

∑
i

∑
r

qil

(
υ logNirmri

+ ϑlm(1− βT−6−t) + θlXV
F
t,T−6(m, s) + βT−6−tUT−6,lm(s)−

log
( ∑
m′∈Ci

Nυ
irm′ exp

(
ϑlm(1− βT−6−t) + θlXV

F
t,T−6(m, s) + βT−6−tUT−6,lm(s)

) )) .

(16)

The objective can be maximized by iterating on the first order condition, as in Berry et al. (1995).

Details, including the exact expression from the FOCs, and their connection to various data moments,

can be found in Appendix F.1.2.

In order to recover the distribution of latent preference types l, we once again rely on the EM

algorithm. To update the probability that individual i of type l, conditional on a guess of parameters,

we use Bayes’ rule:

q
(g+1)
itl = exp(LL(g)

itl )q(g)
l∑

l′ exp(LL(g)
itl′)q

(g)
l′

.

We iterate on updated values of qil and the model parameters until the likelihood ceases to grow

within some tolerance.

5.3 Identification

We discuss the intuition for identification by following the same sequence as the estimation procedure.

First, the identification of wage parameters comes from the panel structure of the wage data,

resembling a fixed-effects identification strategy in a panel dataset. If there were no occupations,

the EM algorithm that groups workers into different labor market types would be tantamount to

clustering workers by their long-run average quantile in the wage distribution.24 When occupations

are introduced, identification leverages wage patterns among occupational switchers and group

them based on their revealed comparative advantages. Specifically, if a worker switches occupations
24More precisely, given our functional forms, we would be fitting a Gaussian mixture model to the data, and

assuming that the Normal from which each worker draws is fixed at the beginning of their working life. This 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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yet maintains a stable position in the income distribution, this suggests they possess an absolute

advantage in both occupations. Conversely, if their wage rank declines (relative to peers in the new

occupation) following the switch, this indicates they have a comparative advantage in their initial

occupation. These scenarios are illustrated in Appendix Figure 12 for the case of two types.25

Second, the identification of switching cost parameters follows straightforwardly from the

regression specification and relies on the relationship between occupational switching and changes in

wage differentials. In particular, the response of net flows to changes in wage differentials identifies ν.

For example, if flows from occupation o to o′ remain unchanged when the wage gap wo′ − wo varies,

this implies a small ν. On the other hand, the overall level of flows—gross flows—pins down the

average level of switching costs, Coo′km. Finally, conditional on the observed volume of switching,

differences in C across occupation pairs are identified by variation in switching patterns relative to

wage differentials. For example, if most switching occurs between o and o′ rather than o and o′′,

despite similar wage gaps, this suggests that Coo′ is smaller than Coo′′ .

Lastly, while all parameters of the field choice parameters are jointly identified via likelihood

maximization, useful intuition one can be drawn from the separate steps of the EM algorithm. First,

given a distribution of types, the identification of θl relies on changes in field choices in response to

shifts in returns to the observed component of that field, XV F . Similarly, the fixed effects, ϑlm,

capture long-term sorting patterns of students and how students of the same latent type make

decisions when faced with different choice sets.

Next, the distribution of latent types is identified using information from the ranked list of

choices. Conditional on a set of parameters, students with similar lists are grouped together. This

becomes clearer with an illustrative example: Suppose there were no clustering and only one type of

student. In this case, since preference shocks are conditionally independent, an individual’s second

choice would be independent of their first choice, i.e., P (mr2 |mr1) = P (mr2). If, instead, there is

dependence between first and second choices, students must be clustered in a way that ensures

conditional independence given their type.26 The ranked lists are hence crucial for identification.

Without them, observing only a single choice per individual would make it impossible to separately

identify the distribution of types, l, from the preference shock.
25This intuition is incomplete, however, as we also account for occupational histories to ensure that workers with

similar career paths are also grouped together.
26See Greene and Hensher (2010) or Conlon et al. (2024) for more on the identification of unobservable preference

parameters from ordered choice data.

27



6 Estimation Results

6.1 Labor Supply

In this section we focus on measuring the specificity of different fields in the labor market, while

Appendix C contains all parameter estimates, as well as standard errors. We separate the discussion

of the labor market block of the model into two sets of parameters: those governing human capital

and those governing switching costs. Recall that human capital, as defined in (3), depends on

both an individual’s field of study and their labor market type k. In our estimation, we classify

individuals into four types, i.e., K = 4.

To examine how human capital influences the specificity of a field, we construct, using αom, a

measure that captures the extent to which some fields are concentrated in a narrow set of occupations,

while others distribute workers across many occupations. Maximizing (10) identifies αom only up to

differences, not in absolute levels. This is intuitive—identifying comparative advantage inherently

requires defining both a base occupation and a base field as reference points. To capture the degree

of field specificity, we borrow from the field of international trade and construct a measure of

specificity based on the Revealed Comparative Advantage (RCA) measure of Balassa (1965). First

we construct RCA:

RCAom = exp (αom/ν) /∑o′ exp (αo′m/ν)
1

M−1
∑
m′ [exp (αom′/ν) /∑o′ exp (αo′m′/ν)]

− 1. (17)

This measure represents the probability that a worker with field m enters occupation o, assuming

only αom determines occupational returns, relative to the average probability of entering that

occupation across all other fields. For ease of interpretation, we subtract 1. A negative value

indicates that workers from field m are less likely than average to enter occupation o, while a positive

value suggests they are more likely. The magnitude further reflects the strength of this sorting

relative to other fields.

Table 2 presents three summary statistics of RCA for each field.27 The first column reports the

maximum RCA value, which we consider our preferred measure of specificity. The second and third

columns provide additional perspectives: the skewness of RCAom and the slope of RCAom on its

rank within each field. These measures convey consistent insights. Fields such as Health, Education,

and Care exhibit high specificity, indicating they are closely tied to a narrow set of occupations.
27Appendix Figure 11 plots the RCA values across occupations for each field.
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Table 2
Specificity of Different Fields

Max Skew β

High Health 0.78 1.96 2.30
Architecture 0.49 1.59 1.75
Education 0.45 0.96 1.60
Care 0.43 -0.11 1.73
Law 0.38 -0.00 1.79
Communication 0.34 0.84 1.23
Business Admin 0.31 -0.02 1.62
Physics/Math 0.29 -0.21 1.32
Life Sciences 0.28 0.34 1.24
ICT 0.27 0.32 1.34
Engineering 0.27 0.17 1.48
Medium Health 0.24 -0.34 1.60
Humanities 0.24 0.28 1.17
Arts 0.23 0.35 1.44
Social Science 0.21 -0.39 1.52

Notes: Displays various statistics (calculated across occupations) for each field’s Revealed
Comparative Advantage, as calculated in (17). Max is the maximum RCA difference across
occupations; Skew is the skewness; β is the slope coefficient from a regression of RCA on its
rank, RCAom = β0 + β × ranko(RCAom).

STEM fields fall in the middle, while Humanistic and Social Science fields appear far more general,

spreading their graduates across a wider range of occupations. Notably, for a few fields, the RCA

skewness 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/ν we obtain, scaled so that average wages are equal to

1. The second row is the value of C/w averaged across observed switches.28 The first column is

estimated by ignoring worker heterogeneity, as in Artuç et al. (2010), while the second is our model

specification. Controlling for human capital dramatically raises the measured responsiveness of

switching to wage differentials, and consequently leads to much smaller estimates of switching costs.

To give economic meaning to ν, we focus on the semi-elasticity of exiting occupation in response

to a temporary shock to wages in that occupation:

d(1− πoo)
d logwo

= −wo
ν
πoo(1− πoo). (18)

This semi-elasticity is the percentage point increase in exit from occupation o given a temporary
28For each individual, we take the qik weighted average across types.
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Table 3
Labor Supply Parameters

Parameter (1) (2)
w̄/ν 0.249 1.67

(.100) (.160)
C/w 21.32 2.60

Notes: The first row presents the estimates for 1/ν in (5), scaled by the mean wage. The second
row presents the estimates for C/ν in (5). The first column reports the estimates using Artuç et
al. (2010), while the second reports the main specification. In the first column, standard errors
are clustered by year, ignoring first stage error in estimating average returns. In the second
column, standard errors are calculated using a bootstrapping procedure that adjusts for both
first stage errors and clusters by year (see Appendix F.4).

shock to wages. As workers of different fields differ in their exit rates, earnings, and sorting into

occupations, we can calculate the semi-elasticity in (18) for different fields of study. More precisely,

for each worker, we calculate the semi-elasticity given their current earnings, current occupation,

and the probability they are type k. We define the mean semi-elasticity, Em, as the mean over all

workers and years in a given field.29

Table 4 shows the value of Em for each field of study. While correlated with our previous measure

of specificity, there are clear differences. For example, Business Administration is highly elastic, but

in the middle of the pack using our specificity measure. The differences arise as Em depends not

just on m but also on the correlation between m and labor market type, k, and other parameters of

the model. A striking feature of Table 4 is the substantial heterogeneity in semi-elasticities 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 0.13, meaning that a 1% temporary decline in earnings

raises the exit rate by 0.13 percentage points. While this figure may seem small, it reflects the small

magnitude of a 1% temporary shock. To provide further context, consider a permanent wage shock,

which can be approximated by wo/(1−β).30 In this case, a 1% permanent decline in earnings would
29Formally, let

Eimt = 1
ν

∑
k

qikŵimkt × λ̂o(i)o(i)mkt × (1− λ̂o(i)o(i)mkt).

Then we can define the mean semi-elasticity as,

Em = 1
NT

∑
i∈m

∑
t

Eimt.

30Technically, the value function changes both directly through the wage decline and indirectly through ripple effects
on switching probabilities. For simplicity, we focus only on the direct effect.

30



Table 4
Elasticity values by Education Field

Field of Study Em
Business Admin 0.281
Social Science 0.254
Engineering 0.237
ICT 0.224
Physics/Math 0.200
Law 0.192
Life Sciences 0.187
Architecture/Construction 0.177
Arts 0.140
Humanities 0.137
Communications 0.136
High Health 0.084
Care 0.063
Education 0.052
Med Health 0.048

Notes: This table calculates the partial elasticity of occupational switching for each field of
study. The partial elasticity of occupational switching is defined as the percentage point change
in the exit rate from the most popular occupation in a given field in a response to a one percent
decline in the earnings in that occupation.

raise the exit rate by approximately 1.7 percentage points, illustrating the more substantial impact

of persistent wage changes.

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.31 For our estimation, we set L = 4,

which strikes a balance between computational efficiency and capturing meaningful heterogeneity in

preferences and decision patterns.

Turning to the first set of results, Table 5 presents our estimates of θ for all types, along with

their distribution. Additionally, we compute the mean semi-elasticity of students’ first-choice field

with respect to a shock. Specifically, for each student i, we calculate:

Efil ≡
dπm(i)l
d log V e

= πim(i)l(1− πim(i)l),

where m(i) and s(i) are the field choice and score (GPA) of student i, respectively. Since V e is

measured in differences rather than levels, we adopt a simple normalization to approximate its
31The complete set of parameter estimates is provided in Appendix C.
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Table 5
Field Choice Parameters

Parameter Type 1 Type 2 Type 3 Type 4
θ 0.030 0.144 0.052 0.031

(0.001) (0.022) (0.004) (0.001)
Ql 0.183 0.197 0.301 0.320
Em 0.071 0.352 0.115 0.074

Notes: The table reports the results of field choice estimation by latent preference type l. The
first row reports the estimates of θl in (13), with bootstrapped standard errors in parentheses
below. The second row reports the share of each type in the population. The third row reports
the mean semi-elasticity of students’ first choice field with respect to a shock, as calculated in
(19).

level: we assume the entry cost into Retail equals one-quarter of a year’s earnings, reflecting the

average time required to find a retail job.32 Our measure of sensitivity is the weighted average of

this semi-elasticity across students, where the weights reflect each student’s probability of belonging

to a given type:

Efl = 1∑
i qil

∑
i

qil × Efil . (19)

This measure represents the percentage point decrease in the share of students choosing a particular

field in response to a 1% decline in that field’s NPV.

Table 5 highlights two key findings. First, students appear relatively responsive to shocks. The

type-weighted average of the final row— approximately 0.41—implies that a 10% decrease in the

net present value of a field leads to a 4 percentage point decline in the probability of choosing that

field. While this effect may seem modest, it is substantially larger than many estimates in the

existing 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. Similarly, 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. Several factors may explain

these differences. The Danish education system may provide students with better information about

field-specific returns, enabling them to respond more effectively to economic incentives. Additionally,

our analysis considers a larger set of fields, and as we will discuss below, much of the observed
32Our results are not particularly sensitive to this normalization. For example, we have also approximated V e using

the net present value of labor market returns—
∑

o
πom

wo+ν log(πoo)
1−β —and find similar results. This robustness arises

because occupations with high entry costs are precisely those that students rarely enter (e.g., management). We have
also used wo/(1− β) to assess the impact of an income shock while holding occupational choices fixed, and the results
remain qualitatively unchanged. Appendix G provides details on our approximation of V e, including how we take
averages over time.
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reallocation occurs within broad categories such as STEM.33

Our second key finding is the substantial heterogeneity in students’ sensitivity to shocks. For

instance, the most responsive students—identified as Type 2—are 18 times more sensitive to shocks

than the least responsive group, identified as Type 3. This variation in sensitivity has important

implications for counterfactual analyses: shocks that disproportionately affect more flexible types

will have markedly different economic consequences, both in magnitude and in nature, compared to

those that primarily impact less flexible types.

Beyond differences in sensitivity, we also find notable variation in preferences across types.

Table 6 presents the distribution of first-priority choices by student type, with the final column

showing the unconditional distribution in the population. The four types align well with common

intuition and the priority matrix discussed in Section 2.3. Type 1 exhibits a strong preference for

Education, Nursing, and Care fields. Type 2 corresponds to a “health care” profile, displaying a

clear preference for High Health professions (e.g., doctors, dentistry) and Medium Health roles (e.g.,

nursing, technicians). Type 3 is a STEM-oriented profile. Interestingly, despite this STEM focus, a

significant share of students in this group still select Business or Care as their first priority.34 Lastly,

Type 4 corresponds to a humanities/social science profile, with a clear preference for those fields.

Finally, before turning to counterfactuals, we first examine aggregate substitution patterns

between fields of study. To do this, we calculate, for each field m, the distribution of students’

choices following a shock to that field’s NPV. For example, if the returns to Education increase by

1%, we observe the fraction of students who then choose Medium Health, Care, and other fields. In

a standard multinomial choice model without heterogeneity, it is well known that these substitution

patterns are independent of any parameters, and are instead proportional to initial conditional

probabilities:
dπm′/d log Vm

d(1− πm)/d log Vm
= −πm′/(1− πm).

33Interestingly, 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
probabilities, our estimates are close to 0.

34There are two key reasons for this pattern. First, STEM is not a particularly popular choice overall, as reflected
in the last column of Table 6. Consequently, even among students classified as Type 3, many still select fields like
Business. Second, students within the same type do not necessarily face identical choice sets, either due to differences
in their test scores or their high school background. As we will see below, examining substitution patterns between
fields reveals a slightly different picture of student preferences.
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Table 6
Distribution of First Priority by Student Type

Type Population
1 2 3 4

Education 50.7 0.8 1.4 1.8 10.4
Medium Health 7.7 57.7 0.9 0.6 13.2
Care 31.2 1.8 15.7 0.9 11.1
Arts 0.6 0.2 0.7 5.9 2.2
Humanities 2.0 0.4 1.0 21.0 7.4
Communication 1.8 0.7 9.9 13.7 7.8
Social Science 2.0 1.2 2.7 27.5 10.2
Business Admin 0.5 0.5 25.9 10.5 11.4
Law 0.4 0.6 4.7 7.5 4.0
Life Sciences 0.4 6.0 6.5 1.1 3.6
Physics/Math 0.2 0.6 4.7 1.1 1.9
ICT 0.0 0.0 3.4 1.5 1.5
Engineering 0.3 0.5 14.1 2.2 5.1
Architecture 0.4 0.2 6.0 3.2 2.9
High Health 1.9 28.7 2.5 1.5 7.2

Notes: Columns (1)-(4) report the share of individuals of each type (weighted by the probability
of being that type, qil) choosing each field as their first choice. The final column reports the
population shares of each top priority.

However, with agent heterogeneity, this relationship may no longer hold. Instead, the substitution

patterns are given by:

dπm′/d log Vm
d(1− πm)/d log Vm

= −
∑
i

∑
l qilπim′πimθlV

e
im∑

i

∑
l qil(1− πim)πimθlV e

im

,

where the subscript i indexes individual student characteristics. Aside from heterogeneity in test

scores and choice sets, students all differ due to their latent preference types. Table 7 presents the

resulting substitution matrix, with the shocked field displayed in the columns and the alternative

fields in the rows (hence, each column sums to 100%).

In line with the previous discussion, the substitution patterns reveal clear “clustering” of

preferences. Two striking examples are the Education and Engineering columns. In the case of

Education, nearly all substitution occurs toward Social Work and Health fields, with only a small

share of students shifting to other fields. This is in line with the fact that most students opting

for Education are Type 1 students, who also have strong preferences for Care and Medium Health.

Importantly, these patterns could not be captured without our model of heterogeneous preferences.

Similarly, following a decline in the NPV of Engineering, 25% of students who switch out move

into Physics, Math, or Life Sciences—despite these fields accounting for only 5.5% of total students.
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This suggests that the model effectively captures realistic clustering patterns.35 Appendix Table 13

presents the substitution matrix without estimating any type heterogeneity, and using only students’

first priority to recover preferences. 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, across all fields, nearly 10% of students who 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.

The substitution patterns demonstrated above have important implications for our counterfactual

analysis. While students respond to income shocks, their choices tend to remain concentrated within

a narrow set of fields. Hence, even sizable shocks may lead to limited reallocation. In the next

and final section, we use counterfactual simulations to explore our model’s implications for both

reallocation and welfare in response to realistic economic shocks.

7 Counterfactual Analysis

This section first outlines the remaining component of the model, which closes the model by

specifying the labor demand side, and then describes the two counterfactual experiments. The first

experiment assesses the effects of relaxing capacity constraints in higher education, examining how

expended access influences labor market outcomes. The second 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. Additional technical details are provided in

Appendix H. In what follows, let s ∈ S index industries, and denote Denmark and Foreign by D

and F , respectively.

The economy features a final non-traded good that agents consume. This final good is constructed

as a CES aggregate of industrial outputs, combining both domestic and foreign varieties. At the
35Relatedly, 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 differences in the choice set
between those students who could opt into STEM fields in the first place.
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top level of this nested CES structure, the final good aggregator, Yt, is defined as:

Yt =
(∑

s

µ
1
σ
s Y

σ−1
σ

st

) σ
σ−1

, (20)

where Yst represents industrial outputs, and µs is an exogenous demand shifter for industry s.

Industrial outputs are further disaggregated into non-traded combinations of domestic and foreign

varieties:

Yst =
(

(Y D
st )

η−1
η + (Y F

st )
η−1
η

) η
η−1

(21)

where Y D
st and Y F

st are domestic and foreign varieties, respectively, with corresponding price indices

PDst and PFst . The elasticity parameters σ and η satisfy the standard condition η > σ > 0.

In addition to domestic demand, there is external demand for Danish exports, captured by the

following demand curve:

Xst = AFs

(
PDst

)−η
, (22)

where AFs is an exogenous demand shifter for exports.

Domestic Production

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

production units. Each unit produces domestic output Qst by combining production and non-

production services. We classify occupations into two groups: production and non-production,

denoted by OP and ON , respectively. The production process follows the CES function:

Qst = Ast

(ANs ) 1
α
(
LNst

)α−1
α +

((
APs

) 1
ρ
(
LPst

) ρ−1
ρ +

(
AMs

) 1
ρ
(
QMst

) ρ−1
ρ

) ρ
ρ−1

α−1
α


α
α−1

, (23)

where LNst denotes the total output of non-production occupation services, LPst represents the total

output of production occupation services, and QMst is the aggregated imported material inputs. The

variables Ast, ANs , APs , and AMs denote the sector-specific total factor productivity (TFP) and the

productivities of non-production services, production services, and imported inputs, respectively.

The parameter α > 0 represents the elasticity of substitution between LNst and the production

aggregate, while ρ > 0 denotes the elasticity of substitution between LPst and QMst .

Both production and non-production inputs are modeled as Cobb-Douglas aggregates over
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occupations. For f = {N,P}, we have:

Lfst =
∏
o∈Of

(
Lfsot
βso

)βso
, (24)

where∑o∈Of βso = 1, and Lsot represents the efficiency units of human capital within each occupation

and industry. Since workers are indifferent across sectors within an occupation, the total human

capital in an occupation is given by: Lot = ∑
s Lsot. Finally, consistent with the labor supply model,

workers allocate their entire income within the period it is earned. Thus, aggregate expenditure

equals aggregate income:

Et =
∑
o

LotWot.

To conduct our counterfactual analysis, we calibrate the full set of demand-side parameters

directly from aggregate labor shares or rely on values derived from existing literature. Further

details on this calibration process are provided in Appendix H.

7.2 Capacity Constraints in General Equilibrium

In our first counterfactual, we examine how Danish capacity constraints and high school tracking

affect worker allocation and GDP. We explore two scenarios. First, we remove capacity constraints

but maintain high school tracking, allowing students to apply only to programs where the highest

scoring peers in their track qualified (“Partial Flex”). Second, we remove both capacity constraints

and tracking entirely (“Full Flex”). Both scenarios align with relevant policy changes—for instance,

Denmark’s expanded supplemental coursework (Gymnasiale suppleringskurser) to increase student

flexibility.

Two caveats apply. First, we ignore the costs of increasing capacity. Second, we assume all

students successfully complete their chosen programs, which may overstate graduation potential in

certain majors—albeit this concern is partially alleviated by controlling for high school performance.

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.

Figure 7 shows significant reallocation across majors in both cases. Under Partial Flex, 9% switch

fields, compared to 21% in Full Flex. Appendix Table 14 reports conditional switching shares—the

proportion of switchers who reallocate from column field m to row field m′. Switching aligns closely

with student preference rankings and our estimated preference heterogeneity. Typically, reallocation
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Figure 7
Field Reallocation Without Capacity Constraints
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occurs within similar fields: students in humanities and social sciences shift towards higher-paying

fields (e.g., law), and STEM fields experience internal movement as well.

Policy makers designing educational systems face a potential tension between respecting student

preferences and meeting national objectives. We are agnostic on the the source of these objectives,

but there are a few possibilities. Strong student preferences may reflect incomplete information,

possibly justifying a paternalistic approach. Alternatively, fiscal considerations may require policies

that maximize national productivity to sustain education subsidies. Without endorsing a particular

welfare function, we use our model to evaluate the economic and distributional consequences of

removing constraints.

Table 8
GE Consequences of Lifting Capacity Constraints

Partial Flex Full Flex
%∆ GDP -0.25 1.67
%∆ s.d. log Income 0.57 - 2.56
Field Reallocation 25.89 75.84
Occupational Reallocation 0.99 6.13

Notes: Table reports the changes for row variables between steady state after a policy simula-
tion and the initial steady state. Occupational and field reallocation is measured as the average
change in the absolute value of the growth rate of each occupation or field. I.e., for a discrete
variable indexed by j, Reallocation = 1

J

∑
j
| log sSS1

j − log sSS0
j |, where s are shares.

Table 8 summarizes our findings. Removing capacity constraints alone (Partial Flex) slightly

reduces GDP by 0.25%, whereas removing tracking and constraints (Full Flex) boosts GDP by 1.67%.
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Neither change is dramatic, highlighting that current constraints have limited overall productivity

impacts.

This muted GDP response is explained partly by limited occupational reallocation. To see this,

we measure the average absolute percentage changes in occupation shares:

Reallocation = 100× 1
|O|

∑
o∈O
| log(so,cf )− log(so,ss)|,

where so,j is the share of college educated workers in occupation o under steady state (j = ss) and

the counterfactual (j = cf). Occupational reallocation, shown in the third row of Table 8, is small

relative to field reallocation. To examine distributional outcomes, we simulate the long-run incomes

of a large cohort of 120,000 individuals.36

The Partial Flex scenario results in a slight increase in income inequality, whereas Full Flex

significantly reduces inequality. To make sense of these results in partial equilibrium, note that,

the net effect of relaxing capacity constraints depends largely on the correlation between existing

capacity constraints and students’ potential earnings. If constraints primarily restrict entry into

lower-paying fields, relaxing them could increase inequality by permitting lower-scoring students into

these less lucrative careers. This is especially true since students below the cutoffs have lower test

scores, potentially exacerbating earnings disparities. On the other hand, if constraints limit access

to higher-paying fields, easing these constraints could raise earnings for marginal students, thereby

compressing the income distribution. We find no systematic correlation between the probability

of being accepted to a program and earnings in steady state. This discussion abstracts from the

general equilibrium forces at play, such as wage adjustments caused by reallocation that affect all

workers.

Focusing on standard deviation may obscure richer distributional consequences. Figure 8 provides

greater detail by plotting simulated individuals’ changes in long-run income against their initial

steady-state income under capacity constraints. The majority of individuals, clustered around

the middle of the distribution, experience modest income growth positively correlated with initial

earnings, consistent with the small inequality increase under Partial Flex. However, both tails

show substantial convergence: earnings significantly increase for the lowest earners and decrease
36We simulate individuals’ field choices and earnings, computing each individual’s discounted lifetime earnings:

NPVi = (1− β)×
50∑
t=0

βtwit.
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somewhat for top earners. This convergence effect is especially pronounced in the Full Flex scenario,

dominating overall distributional outcomes.

Figure 8
Removing Capacity Constraints and Inequality

(a) Partial Flex
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Notes: For a simulation of N = 100, 000 individuals, plots the change in steady state lifetime earnings, (1 −
β) 1

50
∑T

t=1 β
twit, across steady states, against the steady state lifetime earnings in the original steady state.

In sum, relaxing capacity constraints improves students’ welfare with limited consequences for

aggregate output. Our analysis also uncovers an important interaction between high school tracking

and tertiary education constraints: simultaneously removing both types of constraints boosts GDP,

while only removing the latter does little. Nevertheless, caution is warranted; if tracking reflects

inherent student abilities, our full flexibility scenario would be too blithe. Achieving this flexibility

in practice may incur considerable costs.

7.3 Labor Market Shocks

This section examines two labor market shocks: an international trade shock that reduces the cost

of imported goods and offshored inputs, and an AI-driven shock that alters demand for certain

skills. We analyze their impacts on welfare, income, occupation and field-of-study reallocation, and

intergenerational inequality across policy scenarios. The short run reflects effects on incumbent

workers during the transition, while the long run represents steady-state outcomes.

International Trade Shocks

The international trade shock lowers imported input costs, reducing demand for domestic labor

in occupations substitutable with offshored inputs. Starting from the projected 2018 steady state,

we model a 20% price reduction, reflecting Denmark’s observed decline in foreign prices over two
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decades. This shock affects all sectors but disproportionately impacts occupations tied to offshored

inputs.

As shown in Panel A of Table 9, in the short run, gains from trade for incumbent workers are

substantial, with welfare increasing by 2.98% and income by 9.04% when there is no field reallocation.

Allowing reallocation of new entrants in the transition raises these slightly to 3.01% in welfare

and 9.47% in income.37 The differences become more pronounced in the long-run steady state. A

standard model with only occupational reallocation yields gains from trade of 3.47% in welfare

and 13.28% in income. Allowing some field adjustments, as in the Current System, raises these to

3.94% and 23.12%. Even larger gains emerge under full flexibility, where gains from trade rise by

21% in welfare (to 4.20%) and 75% in income (to 23.23%). On inter-generational inequality, results

reveal that increased flexibility leads to higher inter-generational inequality. Intuitively, incumbents,

unable to change their earlier field choices, are disadvantaged relative to new entrants who can

adapt to evolving opportunities. Specifically, under no field reallocation, inequality is 3.89%, but

this rises to 12.5% under the Current System and 12.6% with full flexibility.

AI Shock

The AI shock is designed to capture shifts in relative labor demand across occupations. We use

an external measure predicting declines in occupational demand and adjust sector-occupation

productivity parameters to ensure wage shares remain unchanged. The model incorporates these

changes through a two-stage process, first for non-production workers and then for production

workers. For details on the full algorithm and calibration, see Appendix I.2.

As shown in Panel B of Table 9, short-run gains for incumbent workers are modest. Without

field reallocation, welfare rises by 3.53% and income by 12.19%. Allowing some reallocation increases

these slightly to 3.59% in welfare and 12.34% in income. In the long run, the gains are larger,

especially with greater flexibility. With only occupational reallocation, welfare rises by 3.83% and

income by 15.56%. Introducing some field reallocation, as in the Current System, raises these

to 4.51% and 28.29%. Under full flexibility, gains reach 4.77% in welfare and 28.18% in income.

On inter-generational inequality, the pattern mirrors the trade shock. Without field reallocation,

inequality is 3.31%, rising to 14.4% under both the Current System and full flexibility, again

reflecting the disadvantage faced by incumbents who are unable to adjust their earlier field choices.
37Since incumbents cannot switch fields, these gains are driven entirely by general equilibrium effects, such as wage

adjustments and occupation switching.
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Table 9
Results across Policy Scenarios: International Trade Shock vs. AI Shock

Panel A: International Trade Shock Panel B: AI Shock
No Field Current Fully Flex No Field Current Fully Flex

Reallocation System System Reallocation System System
(1) (2) (3) (1) (2) (3)

Short Run
%4 Welfare 2.98 3.01 3.01 3.53 3.59 3.59
%4 Income 9.04 9.47 9.47 12.19 12.34 12.33
Long Run
%4 Welfare 3.47 3.94 4.20 3.83 4.51 4.77
%4 Income 13.28 23.12 23.23 15.56 28.29 28.18
Occupation Reallocation 5.26% 18.16% 21.6% 8.50% 22.99% 25.7%
Field Reallocation 0% 19.1% 24.1% 0% 21.8% 26.0%
Long Run vs. Short Run
Inter-generational Inequality 3.89% 12.5% 12.6% 3.31% 14.4% 14.4%

Notes: Average percentage differences in welfare is defined as: 1
N

∑N

i=1
UCF

i −UBase
i

UBase
i

, where UCFi and UBasei denote
individual welfare under the counterfactual and baseline scenarios, respectively. The percentage change in lifetime in-
come is calculated as: 1

N

∑N

i=1
NPV CF

i −NPVBase
i

NPVBase
i

, where NPV CFi and NPV Basei denote the NPV of lifetime in-
come for individual i under the counterfactual and baseline scenarios, respectively. Inter-generational inequality is de-

fined as 1
N

∑N

i=1
NPV

SteadyState
i

−NPV Incumbent
i

NPV Incumbent
i

, where NPV Incumbenti is the NPV of incumbents in the transition and

NPV SteadyStatei is the NPV of a new entrant in the new steady state.

Type-Specific Impacts

The results above underscore that the education choice margin plays a significant role in shaping

the labor market’s response to economic shocks. In particular, greater flexibility in educational

pathways can amplify the gains from trade and AI-driven changes by improving the alignment

between workforce skills and labor market demands.

When assessing the impact of labor market shocks, existing literature has generally focused on

the heterogeneity created by the differential exposure of different fields to economic shocks. However,

our findings also point to another important source of inequality: differences in students’ inherent

latent preference types, i.e., ν. These preferences govern individuals’ willingness to switch fields

in response to anticipated labor market changes, influencing how they are affected by economic

shocks. In Table 10, we show that Type 2 individuals experience the largest improvement in lifetime

income following both trade and AI shocks. This group is primarily composed of students in “Health

care” fields, which are less exposed to trade and AI-driven disruptions. More importantly, they also

possess the highest elasticity of field choice, ν, meaning they are particularly responsive to changes

in expected labor market outcomes. This flexibility allows them to mitigate potential losses, driving

their stronger income growth.
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In contrast, Types 1, 3, and 4 exhibit smaller improvements in income. These groups share

similarly low levels of elasticity, limiting their capacity to adjust in response to changing economic

conditions. However, there are meaningful differences in their outcomes that reflect the nature of

the shocks and the characteristics of their chosen fields. Type 1 individuals, who are concentrated

in Education, remain relatively insulated from both trade and AI-related disruptions, contributing

to their modest income gains. Meanwhile, Type 4 individuals, who are concentrated in Business and

Management, experience slightly better outcomes than Type 3 individuals. Despite their similarly

low elasticity, this advantage likely stems from the relatively stable nature of occupations that tend

to be taken up by students with Business degrees, which are less exposed to disruption than the

Social Science fields that characterize Type 3.

Table 10
Impact of International Trade and AI Shocks on Labor Types

Latent Preference Type Type 1 Type 2 Type 3 Type 4

International Trade Shock 25.25 30.51 21.87 18.61
AI Shock 32.87 38.41 26.01 21.80

Note: The values are average percentage changes in lifetime income for each latent preference type l. See Table 5 and Section
6.2 for discussions on the differences of the types.

These results highlight that both the nature of economic shocks and the responsiveness of

workers are crucial in understanding the distributional consequences of trade and technological

changes. Moreover, removing institutional barriers that limit field switching also potentially plays a

vital role in ensuring some groups are better positioned to thrive amid labor market disruptions.

8 Conclusion

In this paper, we model how students adjust their education decisions in response to globalization.

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 disruptions such as trade, immigration, 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 heterogeneity

with some fields imparting quite general skills. Students cluster strongly on fields. However, within

their clusters we find that students are more sensitive to shocks to future income than many past

studies. We show that our estimation strategy captures observed rankings by students well, while
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models that ignore latent heterogeneity do quite poorly.

We use our model to perform several counterfactual exercises. First, we find that relaxing

capacity constraints on fields would lead to a huge amount of reallocation of students across fields.

However, because much of this reallocation is within clusters, the induced occupational reallocation

is small. As such, effects on output are small. When we look at shocks, we find that accounting

for field choice leads to much larger gains from trade and technology shocks, but it also increases

dispersion in outcomes, especially between incumbents and new entrants.

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 11
Field of Study Classification

Field Field Name ISCED-F Code College Notes

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

Notes: This table presents the authors’ classification of fields of study, aggregated from the International Standard
Classification of Education Fields of Education and Training (ISCED-F) codes. The ISCED-F is a framework developed
by UNESCO to classify educational programs and related qualifications by fields of study, facilitating international
comparability of education statistics and policies. Not all fields are part of the College (ISCED 6+) system, some are
exclusively present in the short-cycle training (ISCED 5). Checkmarks denote the fields we call College.
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Table 12
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

Notes: This table presents the authors’ classification of occupations, aggregated from the Danish version of the
International Standard Classification of Occupations (DISCO-08). DISCO-08 is Denmark’s national implementation
of ISCO-08, a system developed by the International Labour Organization (ILO) to classify and compare occupations
across countries based on the type of work performed and required skill levels. The classification enables standardized
occupational data analysis in labor market research.
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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 . 24.78 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 5.57 6.03 6.01 6.12 5.40
Arts 1.88 2.68 2.51 . 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 4.51 4.37 6.28 6.13 . 4.41 4.38 5.17 5.27 4.98 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 2.22 3.13 3.65 2.02 5.42 4.21 4.43 12.50 10.87 16.22 . 16.59 9.46
Architecture 2.17 2.63 1.73 2.14 2.10 1.54 2.91 2.59 2.49 5.57 4.81 8.80 9.84 . 4.52
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 .

Table 13
Substitution Matrix

(
dπm′/d log Vm

d(1−πm)/d log Vm

)
Notes: Displays the estimated substitution patterns of students in each field who face a 1% shock to the NPV of that field.
These are calculated assuming one type of student. Columns are initial field, rows are substitute field. Each cell is the fraction
of switchers moving from the initial field to a new field.
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Table 14
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 35.14 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 6.49 52.43 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 2.91 2.71 0.43
Engineering 1.31 1.16 0.54 0.34 0.50 0.90 0.93 1.64 2.91 1.19 5.56
Architecture 7.49 0.63 4.96 1.08 1.37 3.11 3.15 2.43 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
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B Additional Figures

Figure 9
Education Level of New Cohorts at Labor Market Entry
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Notes: Plots the times series of the shares of highest attained level of education across workers in their first year on the labor
market. Year of labor market entry is defined as the first year of employment after the worker achieves their highest level of
education (i.e., work during schooling is not counted).

Figure 10
Decomposition for All Occupations
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Figure 11
RCA by Field
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Notes: Plots RCA for each occupation as calculated in (17) against the rank of RCA across occupations. The slope of these
lines is reported as β.

Figure 12
Intuition for the EM Algorithm

(a) Negative Correlation (b) Positive Correlation

Notes: Panels (a) and (b) plot theoretical initial wages (x-axis) against next period wages (y-axis) for workers switching
occupations.
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C Complete Parameter Estimates

Table 15
αk

Task Type

1 2 3 4

0 0.000 -0.773 -0.251 0.132

(0.000) (0.020) (0.014) (0.010)

1 0.000 -0.040 -0.030 -0.037

(0.000) (0.002) (0.001) (0.001)

2 0.000 -0.026 -0.008 -0.006

(0.000) (0.002) (0.000) (0.000)

3 0.000 0.081 0.044 0.031

(0.000) (0.002) (0.001) (0.001)

4 0.000 0.023 -0.035 -0.017

(0.000) (0.002) (0.001) (0.001)
Notes: Displays the absolute advantage (task 0) and comparative advantage parameters (tasks

1-4) of differerent types. The first type is normalized in all parameters to 0.
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Table 16
αom

Occupation Field

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

1 0.000 -0.130 0.004 0.226 0.018 0.268 0.145 0.138 0.211 0.070 0.257 0.115 -0.013 -0.182 0.243

(0.000) (0.021) (0.014) (0.010) (0.011) (0.008) (0.011) (0.009) (0.014) (0.016) (0.007) (0.011) (0.013) (0.011) (0.013)

2 0.000 -0.303 -0.113 0.124 -0.114 0.131 0.106 -0.008 0.076 -0.023 0.130 -0.002 -0.284 -0.207 0.141

(0.000) (0.020) (0.011) (0.010) (0.012) (0.007) (0.011) (0.014) (0.015) (0.024) (0.005) (0.008) (0.012) (0.004) (0.009)

3 0.000 -0.067 -0.000 0.192 0.051 0.248 0.147 0.155 0.241 0.125 0.280 0.157 0.044 -0.011 0.201

(0.000) (0.017) (0.017) (0.018) (0.019) (0.016) (0.026) (0.016) (0.017) (0.018) (0.016) (0.015) (0.021) (0.032) (0.022)

4 0.000 0.082 0.061 0.258 0.112 0.260 0.159 0.332 0.364 0.209 0.434 0.216 0.102 -0.265 0.458

(0.000) (0.049) (0.029) (0.030) (0.031) (0.030) (0.039) (0.023) (0.024) (0.064) (0.024) (0.028) (0.022) (0.035) (0.021)

5 0.000 -0.364 -0.108 -0.058 -0.118 -0.030 -0.057 -0.039 -0.020 -0.080 -0.010 -0.060 -0.223 -0.235 -0.036

(0.000) (0.006) (0.004) (0.005) (0.004) (0.005) (0.011) (0.004) (0.004) (0.012) (0.006) (0.007) (0.007) (0.002) (0.005)

6 0.000 -0.162 -0.084 0.106 -0.073 0.154 0.113 0.044 0.094 -0.075 0.126 0.015 -0.026 -0.174 0.163

(0.000) (0.012) (0.011) (0.007) (0.009) (0.006) (0.009) (0.010) (0.011) (0.024) (0.009) (0.012) (0.011) (0.014) (0.017)

7 0.000 -0.099 0.040 0.156 0.018 0.214 0.147 0.078 0.120 0.087 0.223 0.103 -0.008 -0.124 0.098

(0.000) (0.021) (0.014) (0.014) (0.013) (0.013) (0.018) (0.014) (0.016) (0.013) (0.012) (0.015) (0.017) (0.027) (0.023)

8 0.000 -0.137 0.019 0.215 0.096 0.202 0.234 0.151 0.185 0.004 0.201 0.152 0.052 -0.081 0.091

(0.000) (0.014) (0.014) (0.011) (0.012) (0.014) (0.014) (0.015) (0.015) (0.024) (0.019) (0.022) (0.022) (0.012) (0.019)

9 0.000 0.012 -0.017 0.190 0.029 0.175 0.236 0.022 0.120 -0.039 0.149 0.007 0.038 -0.023 0.072

(0.000) (0.058) (0.032) (0.028) (0.028) (0.030) (0.029) (0.031) (0.031) (0.036) (0.031) (0.029) (0.051) (0.037) (0.035)

10 0.000 0.003 -0.029 0.177 0.026 0.221 0.192 0.145 0.187 0.145 0.261 0.140 -0.142 -0.065 0.136

(0.000) (0.020) (0.025) (0.032) (0.020) (0.017) (0.040) (0.019) (0.022) (0.026) (0.017) (0.018) (0.017) (0.027) (0.047)

11 0.000 -0.069 0.112 0.224 0.155 0.236 0.262 0.231 0.236 0.279 0.343 0.225 -0.039 -0.053 0.261

(0.000) (0.061) (0.049) (0.047) (0.054) (0.042) (0.046) (0.043) (0.050) (0.071) (0.044) (0.050) (0.043) (0.062) (0.052)

12 0.000 -0.074 0.044 0.258 0.067 0.279 0.245 0.124 0.221 0.102 0.280 0.157 0.069 -0.108 0.131

(0.000) (0.013) (0.009) (0.010) (0.009) (0.009) (0.012) (0.013) (0.017) (0.016) (0.010) (0.010) (0.010) (0.009) (0.023)

13 0.000 -0.091 0.049 0.201 0.058 0.250 0.148 0.086 0.130 0.100 0.238 0.151 0.045 -0.028 0.097

(0.000) (0.020) (0.024) (0.021) (0.018) (0.018) (0.048) (0.025) (0.027) (0.026) (0.018) (0.025) (0.027) (0.032) (0.039)

14 0.000 -0.025 0.070 0.212 0.162 0.316 0.274 0.144 0.177 0.162 0.289 0.193 0.073 -0.099 0.138

(0.000) (0.022) (0.013) (0.016) (0.012) (0.012) (0.018) (0.018) (0.022) (0.024) (0.015) (0.017) (0.014) (0.014) (0.027)

15 0.000 -0.006 0.075 0.114 0.091 0.291 0.195 0.070 0.024 0.086 0.225 0.211 0.063 -0.055 0.066

(0.000) (0.042) (0.027) (0.034) (0.026) (0.025) (0.046) (0.035) (0.077) (0.068) (0.032) (0.043) (0.028) (0.036) (0.053)

16 0.000 -0.006 0.101 0.193 0.066 0.267 0.283 0.126 0.167 0.132 0.231 0.101 0.107 -0.120 0.003

(0.000) (0.035) (0.035) (0.028) (0.020) (0.022) (0.026) (0.032) (0.033) (0.055) (0.023) (0.030) (0.023) (0.032) (0.062)

17 0.000 -0.078 -0.018 0.134 0.105 0.233 0.179 0.057 0.065 0.089 0.265 0.167 -0.020 -0.042 0.049

(0.000) (0.026) (0.025) (0.024) (0.019) (0.018) (0.030) (0.033) (0.041) (0.043) (0.019) (0.022) (0.021) (0.022) (0.043)

18 0.000 0.030 -0.011 0.132 0.119 0.263 0.166 0.069 0.110 0.157 0.227 0.345 0.165 -0.027 0.139

(0.000) (0.032) (0.039) (0.047) (0.024) (0.022) (0.039) (0.070) (0.064) (0.055) (0.030) (0.026) (0.024) (0.022) (0.047)

19 0.000 -0.052 -0.003 0.228 0.161 0.388 0.192 0.217 0.241 0.264 0.393 0.241 0.177 -0.216 0.237

(0.000) (0.027) (0.028) (0.031) (0.023) (0.020) (0.047) (0.027) (0.036) (0.038) (0.024) (0.027) (0.021) (0.026) (0.046)

20 0.000 -0.036 -0.079 -0.040 0.008 0.021 -0.036 -0.056 0.022 -0.078 0.022 0.058 0.061 0.007 0.060

(0.000) (0.016) (0.019) (0.021) (0.022) (0.017) (0.043) (0.033) (0.045) (0.062) (0.030) (0.028) (0.015) (0.013) (0.029)

21 0.000 -0.257 -0.167 0.012 -0.014 0.113 0.078 0.056 0.067 0.054 0.036 0.153 0.051 -0.050 -0.007

(0.000) (0.046) (0.053) (0.053) (0.042) (0.033) (0.060) (0.047) (0.065) (0.101) (0.047) (0.043) (0.040) (0.036) (0.049)

22 0.000 -0.049 0.217 0.278 0.017 0.170 0.267 0.282 0.264 0.167 0.304 0.308 -0.022 -0.010 0.350

(0.000) (0.063) (0.055) (0.052) (0.043) (0.051) (0.119) (0.041) (0.065) (0.123) (0.038) (0.038) (0.040) (0.042) (0.049)

23 0.000 0.095 0.115 0.109 0.110 0.178 0.192 0.226 0.290 0.288 0.386 0.259 0.180 0.031 0.494

(0.000) (0.109) (0.108) (0.102) (0.097) (0.067) (0.236) (0.111) (0.097) (0.117) (0.058) (0.064) (0.095) (0.073) (0.108)

24 0.000 0.059 0.149 0.147 0.244 0.114 0.338 0.015 0.025 0.177 0.178 0.089 0.144 -0.005 0.222

(0.000) (0.094) (0.095) (0.094) (0.090) (0.090) (0.080) (0.095) (0.188) (0.108) (0.079) (0.098) (0.106) (0.088) (0.093)

25 0.000 0.083 0.120 0.062 0.111 0.179 0.160 0.216 0.224 0.042 0.347 0.167 0.139 -0.123 0.236

(0.000) (0.024) (0.037) (0.043) (0.034) (0.027) (0.051) (0.029) (0.037) (0.051) (0.020) (0.020) (0.025) (0.027) (0.073)

26 0.000 0.111 0.148 0.129 0.172 0.162 0.124 0.086 0.193 0.022 0.362 0.213 0.113 0.024 0.173

(0.000) (0.038) (0.044) (0.050) (0.032) (0.026) (0.056) (0.044) (0.045) (0.090) (0.023) (0.030) (0.032) (0.032) (0.065)

27 0.000 0.012 0.023 0.070 0.058 0.193 0.101 0.152 0.072 0.181 0.243 0.170 0.156 -0.026 0.096

(0.000) (0.042) (0.041) (0.039) (0.035) (0.027) (0.053) (0.045) (0.066) (0.071) (0.027) (0.028) (0.040) (0.030) (0.076)

28 0.000 0.091 0.166 0.154 0.185 0.367 0.297 0.287 0.330 0.222 0.379 0.427 0.209 -0.054 0.232

(0.000) (0.032) (0.032) (0.042) (0.028) (0.028) (0.056) (0.042) (0.053) (0.073) (0.028) (0.026) (0.032) (0.025) (0.072)

29 0.000 0.073 0.091 0.238 0.207 0.203 -0.070 0.108 0.135 0.096 0.289 0.374 0.068 -0.035 0.113

(0.000) (0.062) (0.045) (0.078) (0.034) (0.042) (0.105) (0.072) (0.085) (0.127) (0.037) (0.033) (0.038) (0.041) (0.081)
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Table 17
ϑlm

Field Type

1 2 3 4

1 -0.500 0.073 0.908 -1.522

(0.029) (0.054) (0.030) (0.023)

2 -2.773 -2.463 1.340 0.988

(0.020) (0.009) (0.018) (0.036)

3 -4.536 -1.298 -0.243 0.904

(0.034) (0.034) (0.019) (0.026)

4 -3.564 0.116 0.263 1.531

(0.037) (0.040) (0.025) (0.026)

5 -5.163 -1.493 1.892 -0.717

(0.028) (0.040) (0.035) (0.030)

6 -6.318 -2.335 2.448 -0.087

(0.020) (0.017) (0.040) (0.023)

7 -4.190 0.591 4.852 3.421

(0.020) (0.057) (0.043) (0.042)

8 -4.086 1.984 4.779 0.734

(0.017) (0.109) (0.061) (0.033)

9 -4.440 -0.814 3.761 0.737

(0.031) (0.132) (0.081) (0.039)

10 -6.987 -3.427 4.167 0.936

(0.004) (0.005) (0.031) (0.035)

11 -4.596 -1.994 3.603 -0.105

(0.010) (0.027) (0.036) (0.026)

12 -4.162 -1.804 3.148 0.391

(0.026) (0.014) (0.040) (0.025)

13 -5.225 3.488 -0.894 -3.810

(0.053) (0.112) (0.016) (0.023)

14 -1.171 0.491 5.091 -3.424

(0.034) (0.079) (0.021) (0.029)

15 -4.827 3.711 3.178 -0.942

(0.037) (0.100) (0.042) (0.027)

Notes: Displays the type-field preference fixed ef-

fect.

Table 18
Additional Parameters

Parameter Estimate

υ 1.363

(0.008)
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D Additional Counterfactuals

D.1 Maintaining Medicine Cutoffs
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E Data Appendix

E.1 More on Denmark’s Higher Education System and High School Tracks

Denmark’s higher education system is structured to accommodate a diverse range of academic

and professional aspirations. It includes two distinct pathways: Professional Bachelor’s degrees

and University Bachelor’s degrees. While Professional Bachelor’s programs focus on technical and

marketable skills that cater to immediate employment, University Bachelor’s programs are more

academically rigorous and provide a foundation for further studies or research-based careers. This

dual structure allows students to choose a path that best aligns with their goals, whether practical

or theoretical.

Professional Bachelor’s degrees typically last three years and include fields such as business,

education, and engineering, alongside vocational training. These programs are characterized by

their integration of hands-on learning and workplace training, often through internships, to ensure

graduates are well-prepared for the labor market. University Bachelor’s degrees, in contrast, follow

a three-year curriculum rooted in theoretical frameworks and disciplinary knowledge, designed to

prepare students for advanced academic pursuits or specialized professions.

The pathway to higher education begins with upper secondary schooling, which plays a critical

role in determining students’ higher education options. Danish upper secondary education consists

of several tracks, including Stx (general academic), Hf (general and flexible), Hhx (business and

economics), and Htx (technical and scientific). Each track prepares students for specific fields of

higher education. For instance, Hhx emphasizes business-related disciplines, while Htx focuses on

engineering and technology.

In 2008, reforms introduced greater flexibility to the upper secondary system, including supple-

mental summer courses (Gymnasiale suppleringskurser) to allow students to qualify for programs

outside their original track. Despite these changes, the system retains a degree of rigidity, as

the upper secondary specialization continues to influence the range of higher education programs

accessible to students.

For those who complete University Bachelor’s degrees, advancing to a Master’s degree is a highly

common choice, with the majority of cohorts pursuing this additional qualification. This continuation

reflects the structured and sequential nature of Denmark’s education system, which emphasizes both

specialization and depth of knowledge. The typical trajectory for these students involves completing
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a five-year combined program before entering the labor market in their mid-20s38.

E.2 Classifying Field of Study

In this section we discuss the classification of fields of study and how we constructed our concordance.

Stats DK provides a link between UDD codes and FAGOMRAADE codes, which can themselves be

mapped to ISCED-15 and ISCED-F-27 subject codes. These concordances are publicly available

and provided by Statistics Denmark. Below are the concordances:

• ISCED-F 2011: http://egracons.eu/sites/default/files/Isced%202013%20fields%20of%

20education%20code%20list.pdf

• FAGOMRAADE-MELLEM: https://www.dst.dk/da/Statistik/dokumentation/nomenklaturer/

disced15-udd#

– Look at Subject Area variant.

UDD also provides a link to HOVEDOMRAADE, which can be mapped to ISCED codes level

codes. We base our classification on how Denmark classifies its education programs in EURYDICE—

the education research arm of the European Community.39 This classification is below:

• HOVEDOMRAADE < 30 is level 1

• HOVEDOMRAADE = 30, 40 is level 2 (vocational + short-cycle) — ISCED 5

• HOVEDOMRAADE = 50+ is level 3 (bachelor’s) — ISCED 6

Finally, due to data size constraints, we combine several ISCED-F components into aggregates.

We also sub-divide ISCED-F components for health into those that are university based to those

in the professional bachelor’s system. This is because the former tend to be medicine/dentistry

programs, and the latter nursing programs. Finally, we pool all defense/services sectors into

vocational programs, even if offered at Professional Bachelor’s universities. This affects a very small

number of codes, and very few individuals. The exact changes we made are detailed below:

• Combine codes 51/52 (Biology + Environment)
38See https://eng.uvm.dk/upper-secondary-education/national-upper-secondary-education-programmes or

https://www.uvm.dk/gymnasiale-uddannelser/uddannelser/gymnasial%20supplering/om-gymnasial-supplering for
more background

39See https://eurydice.eacea.ec.europa.eu/national-education-systems/denmark/first-cycle-
programmes.
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• Combine codes 53/54 (Chem/Physics + Math/Stats)

• Split health into medium and high (based on 2d HOVEDOMRAADE)

• ** Combine all education and health into level 2

• Combine FAGOMRAADE 70/75/80 into level 2

E.2.1 Concording KOT to UDDA

KOT codes are codes that map to a particular program-institution-year combination. There is no

direct concordance from KOT codes to fields of study. As such, we construct our own concordance.

Our goal is to map KOT to UDDA and then to IDA, thus we construct a mapping that is based

on the connection between the students who receive admission to a particular KOT code, and the

UDD code that these students start according to UDDA. The UDD codes can be mapped to fields.

We have supplemented this concordance with one that we did by hand using the names of the KOT

codes, as a check against our procedure. There are a few things to note.

First, KOT codes within a span of time tend to be consistent. That is to say, the KOT code

for “Psychology in Copenhagen University" will be consistent in each year. However, programs can

change. If a program exits, KOT codes can be recycled. We generate synthetic KOT codes by

hand based on the strings of the KOTs. These line-up with changes in region attached a KOT’s

institution, but can be more stringent. The reason we would like KOT codes to be consistent over

time is because the field associated to a program can change if an administrator records a program.

This can lead to spurious changes in the composition of fields. Thankfully this is a rare occurrence,

affecting on the order of 10% of codes. Henceforth, a KOT code refers to a synthetic KOT code

which we consider to be a unique and time-consistent program (field x institution).

Second, the same KOT code can map to different field codes over time. In this case we assign a

time-consistent field to avoid spurious changes in the composition of field. When there is no time

consistency in the field codes, we use the following set of rules to determine the case (where, below,

code means an ISCED-F 4 digit field code):

1. There is a one time switch in the code, the first year of the program is before 2000, and there

are at least 3 years where the initial program is observed

• In this case we use the initial field. This is because we want to ensure backwards

compatibility with people who have completed the program before 1996. It is rare that
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the same program disappears for longer than 4 years, so that we assume if a program

first appears in 2000 or later, it is a new program.

2. There is a one time switch in the code, the first year is before 2000, the ISCED-F 2 Digit code

does not change, and there is less than 3 years that the initial program is observed

• Assign the modal code.

3. There is a gap where a code switches and switches back

• Assign the initial/final code

4. There is no change in the ISCED-F 2 Digit code and multiple switches

• Assign modal code.

5. The initial year is 2000 or later (new program), there is a change in the program code that

leads to a change in field, and it does not switch back

• Assign modal code. Note that even if fields change, time consistency can be preferred

because we update everyone who begins the program.

6. Remaining cases (of which there are less than 20 KOT codes out of ∼1400)

• Decide case-by-case, and provide a note explaining the choice

After completing this concordance we have a unique synthetic KOT code that can be merged using

true KOT-year combinations to a unique field of study. There are two remaining issues. First is

that there are a small number of KOT codes that do not match to UDDA or a field directly. We

assign these programs by hand based off of the text. Second, occasionally, there is a very poor

match between the UDD and KOT. This occurs when students who gained admission to a KOT

program end up assigned many different UDD codes. This can occur, for example, in cases where

students do mixed-field-programs (e.g., “Chemistry and Physics"). For each KOT-year, we calculate

the share of students in the modal UDD code for that KOT-year. If that is below 50%, we flag this

and compare directly to the string in the text. We override the KOT-UDD match very rarely and

note when and why.

There are two final issues.

First, throughout, language programs are often reclassified. This occurs, for example, when

universities move language programs from business departments to communications departments.
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It also happens within time-consistent KOT codes. Due to the tremendous variation in language

code assignments, we hand-collected all language programs and assigned them to the most general

super-set that many langugages were classified, which was Communications. Thus, we create a

synthetic field code that essentially combines language programs with communications, and moves

a handful of language programs that are not directly learning a foreign language (e.g., linguistics),

and combine this with humanities.

Second, some KOT codes could not be matched to UDD. Obviously these codes will be for small

programs, as it is implied that a very small number of people (<=5) matched to the modal UDD

code in that KOT. For these KOT codes we use the text and impute the code by hand. On the

codes that we did by hand, the match rate for ISCED-F 2 digit fields between the hand-code and

the modal UDD match was 96% for non-language based fields. Thus, we think the hand-coding

is not particularly subject to error. The final concordance contains a KOT code, year, synthetic

KOT code, original UDD-based field, share of students in the KOT who have the UDD-based field,

assigned-field, notes.

Merging Back to UDDA

With the concorded KOT codes, we can also map this back to UDDA. We find students who earned

access to a particular KOT code. If their field of study begins with the dominant UDD code, or

a UDD code that maps to a field in the same ISCED-F 1 digit grouping, we reassign them to

the time-consistent, KOT-defined, field. Not including language codes, at the 4 digit level, this

results in (possible) changes for 3.1% of code-years, while at the ISCED-F level, 2.0% of code-years

are affected. In total, 1.36% of students—or about 13500 histories—need to be reassigned. Most

individuals are not in KOT. This affects .11% of all person-years, and .65% of all person-years

conditional on being college or more. We outline the procedure for updating below.

First, we define a variable for whether a student can be presumed to have started the field of

study under their KOT. We do this based on three rules, all based on their first year of study in

higher ed after the KOT admission year:

1. they are in a UDD code that has at least 5 people in it, and at least 10% of people start this

UDD code

2. their UDD code is at least 50% of the total share of people

3. their UDD code is in the same 1-digit ISCED-F field as the field they will be reassigned to
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After this, 92.5% of students are considered to have started their KOT code. We then use the

following two rules to update their code to the concordance-assigned code:

1. The 1 digit ISCED field assigned by their UDD does not change over time. (using the 2 digit

code is almost identical)

(a) For example, if they start a program that is "natural science, n.e.s." according to UDD,

and they are recorded as being in any natural science program according to UDD, we

assume that their actual program has not changed and assign them the UDD based code.

2. If the UDD-based ISCED code switched to the KOT-Concordance based ISCED code at any

point, we started using this UDD code going forward and reassign them to this code if it

does not change. For example, if a certain program had been assigned as chemistry, and is

reassigned to chemical engineering. Then we reassign people who are listed a chemistry to

chemical engineering for as long as they are listed as having studied chemistry (and end their

their history thereafter).

Ultimately, 69% of people have codes updated (recall that this is about a 1.36% subset of the full

sample). Hence, a total of 63% of histories are updated. These people are considered to have started

the program they applied for, finished it, and gone onto work using this field of study. What has

changed is how we record the field of study relative to UDD. The remaining 37% are considered

legitimate switches. That is to say, these are people who did not finish the degree they applied

for. While this is much larger than the baseline reoptimization rate, it is worth pointing out that

the overwhelming number of programs where there is a discrepancy are small programs—often

interdisciplinary—where students are more likely to have been reshuffled. For individuals with an

updated code, and no switch later, we consider them to have graduated with the updated KOT

program. We merge them to the final UDDA file.

E.3 Defining Occupations

In order to define occupations we need to deal with three issues:

1. Between 2009 and 2010 there is a change in codes, as the ILO ISCO codes are changed to

their 2010 version.

2. Many occupations are missing at various levels of digits (or have a “low quality" flag)
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For example, there are codes that are 3000, even though there is no “30" 2-digit heading.

Instead, this implies that only the first digit could be ascertained with confidence.

3. Defining a level of aggregation

In order to deal with the change in occupations, we rely on the concordance of Humlum (2021). This

concords DISCO 6 digit codes across time. The difference between the ISCO’s 4 digit occupations

and the DISCO codes are in the last two digits, which are allowed to be more specific. Humlum’s

concordance is one-to-one. The match is imperfect, as not all occupations have the full 6-digit code.

To create our occupations over time, we proceed in the following three major steps:

1. We use Humlum (2021)’s concordance. As there are multiple concordances and the number of

digits in a code changes across years, we do so in the following:

• First priority for a merge is given to exact 6-digit matches. We call these A merges.

However, we do not allow switching to take place (or not take place) across ISCO-08 2

Digit groupings if there is not a concurrent ISCO-88 2 Digit grouping switch (or non-

switch). That is to say, if there is a 2 digit change in the 88 codes, but not in the 08 codes,

we do not accept the merge, if there is not a 2 digit change in the 88 codes, but there in the

08 codes, we do not accept the merge. We call this the switching-consistency-condition.

• Second priority for a merge is given by matching the modal 6-digit string in a spell

(connected set of plant-years). We call these C merges. Potential A and C matches agree

98% of the time at the 4 digit level. We again impose the switching-consistency-condition.

• Final priority for a merge is given by matching 4 digit codes using Humlum (2021)’s 4

digit concordance. We call these B merges. Potential A and B merges agree at the 4

digit level 88% of the time, and at the 2 digit level 95% of the time. We again impose

the switching-consistency-condition.

• After the main merge is done, we allow for overriding of the switching-consistency-

condition whenever there is a consistent 2-digit 08 code within a spell. There are

not many violations of the condition in the first place, and this is a very conservative

imputation that affects .4% of the observations.

After this merge is done, there is a consistent set of occupation codes over time. However, casual

analysis of the data suggests significant spurious codes, especially around the break point 2009/2010.
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To demonstrate this, we define a “Mass Event" as a 15% change in the absolute value of the share

of an occupation in the economy year-on-year (using only high quality codes, as we do not use

imputed codes later in the analysis). We also look at 10% changes in large occupations. The median

change is on the order of 5% in a given year. Thus, such events ought to be rare and indeed they

are, affecting some 5% of the sample.

Nevertheless, the events are unevenly distributed over time, affecting some 25% of the sample in

2009/2010 and 20% of the sample in each of 1997 and 2003, and 10% of the sample in 1999, while

affecting less than 2% (and often less than .5%) of the sample in most other years. The reason for

these breaks is two-fold: there is a change in the source of occupational codes over time. Some

of this is dealt with by only retaining high quality occupation codes, and ignoring imputations.

Because of this, a great many of the jumps—especially those before 2009/2010—are driven primarily

by workers who had low quality codes or missing codes (e.g., only one digit code, like 500, or a 999)

code, having their code attached. In 2009/2010, there are jumps for different several reasons:

• Occasionally it is obvious that several 08 codes were mistakenly given their 88 classification

and the correction only occurred later. As an example, there is a spike in workers in nursing

homes (code 513 in the 88 ISCO system) becoming bartenders (513 in the 08 ISCO system)

and then returning (532 in the 08 ISCO system). There is documentation from Statistics

Denmark suggesting that in cases where it was not clear which nomenclature was being used,

as long as the 08 code existed, it was assigned as the occupation code. 40

• Occasionally there is a true reclassification, likely stemming from gaps in the concordance (on

account of trailing digits). These often “make sense" at first glance. For example, there is

large reclassification of bank tellers into financial NES workers.

The issues are also concentrated in more occupational codes than others. In particular, ISCO codes

that cover traditional “production" occupations (plant operation, machine work, etc.) suffer less

from the problem because the occupation codes between 88 and 08 are almost the same for these

occupations, making concording easier. The majority of issues are in occupation for higher skilled

professions, as there were many changes in the coding for these occupations. For example, the

creation of many IT and ICT occupations.
40Specifically see the document DISCO_koder_for_2010 available at https://www.dst.dk/da/TilSalg/

Forskningsservice/Dokumentation/hoejkvalitetsvariable/personers-tilknytning-til-arbejdsmarkedet-
set-over-hele-aaret--akm-/disco08-alle-indk.aspx.
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Unfortunately, detecting these changes is hard. We documented all cases in the spread sheet

XXX. We hand concord these cases. Since we are interested in occupational switching we take the

following conservative stand: after visual inspection we back- or forward- fill occupation codes so

that there is no switching occupation within a spell. This is similar to the assumption of Moscarini

and Thomsson (2007).

Finally, after this is all done, we need to deal with low quality imputations, missing codes, or

codes with only 1 leading digit. We impose the following rules:

1. asd

For codes that are not high quality, or affected by the above imputation scheme, we set the occupation

codes to missing. In the estimation, we ignore missing data rather than integrate over it. This is not

problematic (but perhaps inefficient) if missing data is random. In all of our choices we have aimed

to be conservative, and assume less switching than actually occurs. Our final yearly switching rate

at the 2 digit level is around 12%, reduced from 14%, which is in line with vom Lehn et al. The

small change is small because, as previously discussed, only a handful of years are ever affected.

To this end, the affect across years is more varied. After the procedure, the switching rate is more

uniform across years—including 1997, 1999, and 2003. However, switching rates remain elevated

between 2009 and 2010 . We do robustness by excluding this from the estimation of switching

elasticities.

E.3.1 Tasks Construction

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.

(Add more here)

E.4 Constructing Education Histories

From UDG we can assign students a final exam score, as well as in which program they received the

score. In our analysis we only consider students in the main 4 types of secondary program:

• Stx (split by speciality before 2008, mention grouping IB + Studentkursus here)

68



• Hhx

• Htx

• Hf

This covers XX% of KOT. XX% of applicants to KOT have a score that does not come from one

of these programs. XX% are missing from the data. XX% are a small share covered primarily by

the following programs: the Eux program (explain here—vocational thing) or prof. bachelors in

teaching or nursing applying for another level of education.

In the KOT database, we know which type of exam is required by a program (kot_eksvo <–

double check name). This exam highly correlates with the high school type assigned to students.

We do not have information on conversion factors for students who apply from programs that do not

match to the exam, so we treat their score as any other for the purposes of determining acceptance

thresholds (described below).

E.5 Constructing Choice Sets

E.5.1 Determining Cutoffs

Students who apply to programs in Denmark can apply via Quota 1. This requires being allocated

via one’s exam score. In this case, we need to determine the set of schools that student’s could

ex-post have reasonably determined themselves eligible. As the published test score cutoffs have not

been digitized (to the best of our knowledge), it is hard to determine the thresholds for admission.

Moreover, even with this information, students can enter programs through alternative routes—for

example through quota 2, standby, or other means. Thus we need a more consistent notion of cutoff

rooted in the full set of pathways for admission to a program. We employ the following way to

allocate a cutoff rule. We use this cutoff rule to then determine the number of programs in each

field that each student could have entered. Specifically, we allow a 12/13 point (120/130 point scale)

buffer.

1. Calculate the minimum score of a student admitted to a program with a quota 1 admission rule

(otherwise assign a cutoff of 0) for each program, year, and grade scale (sometimes students

overlap between the older and newer scales).

2. Calculate the median cutoff across years. If the a given year’s cutoff is more than 20 points

below the median, we assign the first percentile of admitted scores.
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3. We update the median and recalculate. We then repeat replacing the first percentile with the

2.5th and the fifth.

4. If after this, there is a gap away from the median, we use the largest score of students who

were applied on quota 1 and were rejected from the program (i.e., they recieved admission on

a lower priority than the program in question). If the max is larger than the current cutoff,

we use the 95th percentile.

5. For gaps far above the median cutoff, we use the score of the largest rejected applicant.

In general, there is a very high correlation between the minimum admit score and the largest

reject score. The correlation between the minimum and the maximum is .62. This is high, but still

reflects that there is a great deal of noise. This is especially the case in small programs, where one

individual admitted via an alternative route (or perhaps misrecorded) can dramatically shift the

cutoff. However, the correlation between the 5th percentile of admitted scores and 95th percentile

of rejected scores has a correlation coefficient of .89, suggesting that this procedure is meaningfully

capturing the difficulty of being admitted to some programs.

There is one additional issue: for a few years around 2008, there are students applying both

under the old and new grading schema. Unfortunately, since we do not have the raw scores (only

averages across classes), we cannot update the scales, and we do not know the conversion formula.

However, for years when there is overlap, we take the cutoff for programs where people on both

scales apply and regress one on the other. For example, we run,

logGPA7
pt = βt + β logGPA13

pt ,

where GPA7
pt is the cutoff under the 7 point system in year t for program p. These regressions in

either direction produce R2s over .7, suggesting a tight relationship between these cutoffs. We then

impute the thresholds using this regression in years and programs where we do not observe people

from one grade scale or the other applying. When this procedure is finished, we have a score cutoff

for each GPA scale, for each program, in each year. There are also free programs, which have no

threshold.

E.5.2 Determining Available Options

Students may not be able to apply to all programs despite a high score. This can occur because they

lacked the requisite preparation. Before 2008, there was considerable tracking at the highschool
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level in Denmark, with upper secondary programs being divided into a mathematics and linguistics

track. Tracking remains in place afterward but was mildly loosened to encourage more flexibility.

Nevertheless, programs often have minimum requirements. For example, to apply for Economics at

the University of Copenhagen one needs to have taken A level mathematics. After 2008, the system

was made to be more flexible. For example, summer programs have been expanded to allow students

more flexibility. Nevertheless, rigidity remains. To determine which programs students can have

entered we use their high school background. Before 2008 this is 5 different backgrounds—Hhx, Htx,

Hf, Stx-Math, Stx-Linguistics—and after 2008 it is 4, as they combined the Stx programs. For each

program, we look at all times this program was listed a priority for students from each background.

We treat a program as eligible if it is allocated as a priority at least 5 times by students.

We know which exam students need to have taken to apply to a program, and this is highly

correlated with educational background, so we believe that conditioning on high school background

is an excellent proxy for programs which students can take. Of course, it is likely an overestimate

given that we do not observe precise classes.

Once we have allocated the programs to which students with a background can apply for, we

construct a choice set for each student based on a 12 (or 13, depending on scale), buffer around the

calculated cutoff. Thus, for every year-high school-gpa-scale, we have a unique choice set that lists

the programs available to each student within a field (including possibly 0). Our model implicitly

assumes programs within a field are picked at random.
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F Estimation Details

F.1 Labor Block Details

F.1.1 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 × 1

tDex Key for calendar year for each i and t in panel NT × 1

ptDex Worker’s observation within panel for each i and t NT × 1

field Each worker’s field N × 1

occupation Each worker’s occupation at time t NT × 1

logW Each worker’s log wage at time t NT × 1

zeta Occupational characteristics |O| × 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,

qik =


0.95 if clustered into k

0.05 if 6clustered into k

• Construct the following sparse matrices once:

– XOT: NT × |O| matrix of occ-year dummies

– XOM: NT × (M |O| −M) matrix of occ-field dummies

– For each k construct a matrix XKZ that is NT × (K − 1) × Z with all zeros for

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

XKZ(k)(:, Z ∗ (k − 2) + Z) = ζoit,z

– Finally, construct the design matrix for each type:

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

72



Note: In matlab this can be stored as a cell or multi-dimensional in array. In other

languages, a multidimensional array. The notation here is Matlab’s cell. This matrix

does not change with iterations—only the weight matrix is updated.

• Estimate initial parameters for wages.

(a) Preallocate the covariance matrix, XtX, to a |O|× T + (M − 1)× |O|+ (K − 1)×Z

square matrix of zeros.

(b) Preallocate the covaraince matrix between Y and X, XtY, to a |O| × T + (M −

1)× |O|+ (K − 1)× Z length vector.

(c) For k = 1, ...,K...

i. Generate the weight matrix,

W = diag(qik)

ii. Update the RHS covariance matrix:

XtX = XtX + XTEMP(k)′WXTEMP(k)/(NT )

iii. Update the LHS covariance matrix

XtY = XtY + XTEMP(k)′W [logw]/(NT )

(d) Estimate the Mincer regression parameters,

βMincer = (XtX)−1XtY

(e) Estimate residual variance

– For each k,

ritk = logwit −XTEMP (k)it × βMincer

– Estimate variance:

σ̂2 = 1
NT

∑
k

∑
i

∑
t

r2
itkqik

• Estimate transitions:

λ̂(o′|o, t,m, k) =
∑
i:oit−1=o∩oit=o′∩i∈m qik∑

i:oit−1=o∩i∈m qik
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• Estimate initial conditions:

λ̂0(o|t,m, k) =
∑
i:oit=o∩i∈m qik1(p1

i = t)∑
i:i∈m qik1(p1

i = t) ,

where p1
i is the first year the worker appears in the data.

Step 2. Initial value of EM objective, J (0) = 0.

Begin E Step:

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

LLk =
N∑
i=1

qik

[
T∑
t=1

(
−r2

itk/(2σ2)− log(σ2)/2 + log λ̂(oit|oit−1,mi, k)
)

+ log(λ̂0(oio|t0,mi, k)
]

And define,

LL =
∑
k

LLk

Finally add cdf term:

J =
∑
k

LLk +
∑

qk log(qk),

where qk = 1
N

∑
i qik.

Step 4. Update weights,

qik = exp(LLik)qk∑
k′ exp(LLik′)qk′

Begin M Step:

Step 5. Update unconditional weights,

qk = 1
N

∑
i

qik

Step 6. Update Mincer Parameters

(a) For k = 1, ...,K...

i. Generate the weight matrix,

W = diag(qik)

ii. Update the RHS covariance matrix:

XtX = XtX + XTEMP(k)′WXTEMP(k)/(NT )
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iii. Update the LHS covariance matrix

XtY = XtY + XTEMP(k)′W [logw]/(NT )

(b) Estimate the Mincer regression parameters,

βMincer = (XtX)−1XtY

(c) Update residual variance

• For each k,

ritk = logwit −XTEMP (k)it × βMincer

• Estimate variance:

σ̂2 = 1
NT

∑
k

∑
i

∑
t

r2
itkqik

Step 7. Update transitions:

λ̂(o′|o, t,m, k) =
∑
i:oit−1=o∩oit=o′∩i∈m qik∑

i:oit−1=o∩i∈m qik

Step 8. Update initial conditions:

λ̂0(o|t,m, k) =
∑
i:oit=o∩i∈m qik1(p1

i = t)∑
i:i∈m qik1(p1

i = t) ,

Step 9. Step 8: If |Jg − Jg−1| < tol, where g is iteration, stop. Else, go to Step 2.

Outputs to be recovered from βMincer:

File Name Description Size

µ̂ot Skill Prices |O| × T

α̂om Occ-Field FE |O| ×M

α̂kz Type-Task Productivity K × Z

Additional outputs to save:

File Name Description Size

λ̂oo Transition matrix estimate |O| × |O| × T ×M ×K

Q̂K Matrix of type weights NT ×K
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F.1.2 Stage 2 of Labor Supply

To derive (11),

log
[
λt(o′|o, k,m)
λt(o|o, k,m)

]
= −1

ν

(
−Coo′km+wo′tHo′(k,m)−wotHo(k,m)+β

(
Vt+1(k,m, o′)−Vt+1(k,m, o)

))
,

and

log
[
λt+1(o′|o′, k,m)
λt+1(o′|o, k,m)

]
=− 1

ν

(
Coo′km + wo′t+1Ho′(k,m)− wo′t+1Ho′(k,m)

+ β
(
Vt+2(k,m, o′)− Vt+2(k,m, o′)

)
+
(
Vt+1(k,m, o′)− Vt+1(k,m, o)

))

=−
Coo′km +

(
Vt+1(k,m, o)− Vt+1(k,m, o′)

)
ν

Combining, we get,

log
[
λt(o′|o, k,m)
λt(o|o, k,m)

]
+ β log

[
λt+1(o′|o′t, k,m)
λt+1(o′|o, k,m)

]
=− Coo′km(1− β)

ν
+

1
ν

(wo′tHo(k,m)− wotHo(k,m)) + ξoo′kmt+1

,

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

estimate the following regression via unweighted NLLS:

log
(
λ̂oo′tmk

λ̂ootmk

)
+ β log

(
λ̂o′o′t+1,mk

λ̂oo′t+1,mk

)
= exp

(
γkm +

∑
z

γz|ζo′z − ζoz|
)
× (1− β)ν̃−

ν̃
(
eµ̂o′tĤ(o′,m, k)− eµ̂otĤ(o,m, k)

) ,

where ν̃ = ν−1 and Ĥ(o,m, k) = exp(αom +∑
z αkzζzo).

F.1.3 Estimating Entry Costs

To derive (12),

log
[
λet (o|k,m)
λet (1|k,m)

]
= −1

ν

(
Ceokm + wotHo(k,m)− w1tH1(k,m) + β

(
Vt+1(k,m, o)− Vt+1(k,m, 1)

))

Combining with log
[
λt+1(o′|o′,k,m)
λt+1(o′|o,k,m)

]
and after some algebra, we obtain (12). In practice we take

the mean across all occupations.
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F.2 Details on Field Choice

F.2.1 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

V e
t (k,m) =ν log

(∑
o

exp
(−Ceokm + wotH(o, k,m) + βVt+1(o, k,m)

ν

))

=− Ceokm + wotH(o, k,m) + βVt+1(o, k,m)− ν log λet (o|k,m)

=− Ceokm + wotH(o, k,m) + β {wo,t+1H(o, k,m) + βVt+2(o, k,m)} − ν log λet (o|k,m)−

βν log λt+1(o|o, k,m)

=− (1− β)Ceokm + wotH(o, k,m)+

β
{
−Ceokm + wo,t+1H(o, k,m) + βVt+2(o, k,m)− ν log λet+1(o|k,m)

}
−

ν log λet (o|k,m)− βν log λt+1(o|o, k,m)
λet+1(o|k,m)

=− (1− β)Ceokm + wotH(o, k,m) + βV e
t+1(k,m)− ν log λet (o, k,m)− βν log λt+1(o|o, k,m)

λet+1(o|k,m) .

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

where dependence on m and s is suppressed for convenience. Thus we have,

V e
t (k,m) = V F

t (k,m, s) + βV e
t+1(k,m).

Averaging over k we have,

V e
t (m, s) =

[∑
k

π(k|m, s)V F
t (k,m, s)

]
+ βV e

t (m, s)

Hence,

Ūt(l,m, s) =ϑlm + θlV
e
t (m, s)

=(1− β)ϑlm + θl

[∑
k

π(k|m, s)V F
t (k,m, s)

]
+ β

[
ϑlm + θlV

e
t+1(m, s)

]
=(1− β)ϑlm + θl

[∑
k

π(k|m, s)V F
t (k,m, s)

]
+ βŪt+1(l,m, s).

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

periods.

77



F.2.2 Likelihood Conditional on l

The FOCs are given by,

∂LL

∂ϑlm
=
∑
t

(1− βT−6−t)
∑
i

qitl
∑
r

[
1(mri = m)− Nυ

irm exp(Uml,t(si))∑
m′∈Ci N

υ
irm′ exp(Um′l,t(si))

]
(25)

∂LL

∂θl
=
∑
t

∑
i

qitl
∑
r

[
XV F

t,T−6(mri , si)−
∑
m∈Ci XV

F
t,T−6(m, si)×Nυ

irm exp(Uml,t(si))∑
m∈Ci N

υ
irm′ exp(Uml,t(si))

]
(26)

∂LL

∂υ
=
∑
t

∑
l

∑
i

qitl
∑
r

[
logNirm −

∑
m∈Ci logNirm ×Nυ

irm exp(Uml,t(si))∑
m∈Ci N

υ
irm′ exp(Uml,t(si))

]
. (27)

These first order conditions are intuitive.41 The first says that ϑlm ensures that the time-averaged

choice probabilities for each field by type l 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− βT−t−6) is larger the further away t is from the terminal

period. Hence, the likelihood places more weight on earlier periods, where there is a longer history

of observed discounted wage differentials, than on later periods. On a final note, the residuals in the

Ulmt(s) choice utilities will reflect measurement error and the expectational error that arise from

using observed labor market outcomes in lieu of expectations.

F.2.3 EM Algorithm Implementation Details

Step 1. Initialize ϑ, θ, υ, qil, UT .

• qil initialized according to k-means clustering on test score and a matrix of priorities (0

for never chosen, 4 for first, 3 for second, etc.)

• UT initialized by solving inner loop once with υ = .65 (arbitrary intialization)

• Remaining parameters are estimated from type-specific multinomial regression on top

priority.

Step 2. Initialize state payoffs:

U(m, l, s, t) = ϑlm(1− βT−t) + θlXV Ft(m, s) + βT−tUT (m, l, s)
41In the implementation, to keep parameters bounded from 0, we parameterize them as θ = exp(ϑ) and search over

ϑ. The first order conditions only change in that they are multiplied by the level of the current guess.
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E Step:

Step 3. Calculate the current value of the complete data log likelihood:

LL =
∑
t

∑
i

∑
l

qil

log ql(s, f) +
∑
r

υ logNmri,r,i + U(mri, l, si, t)− log
∑
m′∈Ci

Nυ
m′,r,i exp

(
U(m′, l, si, t)

) ,
where Nm,r,i is the number of programs in field m available to i at priority r.

Step 4. Update qil:

qil = LLil
LLi

M Step:

Step 5. Update the probability of being type l given scores, s, and gender, f , using sample mean:

q(l|s, f) = 1
Nsf

∑
i∈{sf}

qil

Step 6. Inner Loop: Given the current value of Ut update model parameters.

1. Update UT according to,

U ′T (m, l, s) = UT (l, s)+

 T∑
t=1

∑
i∈{s,t}

qilβ
T−t

R∑
r=1

Ni,r,m1(mi,r = m)− log
∑

m′∈C〉,∇

Nυ
i,r,m′ exp

(
Ut(m′, l, s, t

) /∑
i∈s

qil.

2. Update remaining parameters using FOCs:

ϑ′lm =ϑlm +

[∑
t

(1− βT−6−t)
∑
i

qitl
∑
r

[
1(mri = m)− Nυ

irm exp(Uml,t(si))∑
m′∈Ci

Nυ
irm′ exp(Um′l,t(si))

]]
/
∑
i

qil

θ′l =θl +

[∑
t

∑
i

qitl
∑
r

[
XV Ft,T−6(mri , si)−

∑
m∈Ci

XV Ft,T−6(m, si)×Nυ
irm exp(Uml,t(si))∑

m∈Ci
Nυ
irm′ exp(Uml,t(si))

]]
/
∑
i

qil

υ′ =υ +

[∑
t

∑
l

∑
i

qitl
∑
r

[
logNirm −

∑
m∈Ci

logNirm ×Nυ
irm exp(Uml,t(si))∑

m∈Ci
Nυ
irm′ exp(Uml,t(si))

]]
/N.

3. Calculate the error as

error = ||(υ′;ϑ′; θ′;U ′T )− (υ;ϑ; θ;UT )||∞

4. Terminate when the error is at tolerance, otherwise continue the loop.
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Step 7. Terminate when LL(g+1)−LL(g) < tol. Note: no absolute value is required as the EM algorithm

should always increase. Failure to increase at an iteration suggests numerical error.

F.3 Parameter Adjustments for Levels 1 + 2

After estimating the model for levels 1 and 2, we have estimates of µot—in principle skill prices—for

each group. Here we denote these by µotg, where g 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 µ. 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 = µotg + βokg. (28)

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 β and subtract this from all the µ and solve the system. To

this end, we have imposed a normalization in estimation that sets β11g = 0∀g. In reality, however,

we do not want to do this because it is not the case that β111 = β113. We need to renormalize.

However, there is a further issue, which is that µot are supposed to be [relative] skill prices, and we

want these to match. I.e., we would like for µot1 = µot2 for all groups.

We solve these issues with a simple renormalization:

wotgk =µotg + βokg

=µot3 + [βokg + µotg − µot3]︸ ︷︷ ︸
β̃okg

.

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 β’s. In order to avoid this, we only do the normalization

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

α̃omg = αomg + µo0g − µo03

for all skill groups.
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F.4 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
√
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 αj = 1∀j. We

multiply this by N . This will be our vector of weights, wi. 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 wi.

In the first stage, we estimate π̂, which are the true transition rates. However, these transitions

rates are based on expectations about the future. Thus, they encode information about EtVt+1.

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. We also

employ slightly looser tolerances on interior optimizations for speed reasons. This leads to mild

differences in where the bootstrap tends to settle. Nevertheless, the center is near the parameter

estimates.
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G Results Appendix

Approximating V e

Given the Gumbel shocks, we derive above the following expression:

V e
t (k,m) =− (1− β)Ceokm + wotH(o, k,m) + βV e

t+1(k,m)− ν log λet (o, k,m)− βν log λt+1(o|o, k,m)
λet+1(o|k,m) ,

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

approximation. Assuming that V e
t ≈ V e

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

V e
t (k,m) ≈

−(1− β)Ceokm + wotH(o, k,m)− ν log λet (o, k,m)− βν log λt+1(o|o,k,m)
λet+1(o|k,m)

1− β .

The issue with the approximation is that we cannot estimate Ceokm in levels, only in differences. To

this end, we need to take stand on this value. We assume that for retail, Ceokm ≈ .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 o and every period t in the economy,

and take the average. And so, calling the right hand side, Ṽ e
ot(k,m), where the Ṽ refers to the

approximated value evaluated at o, we defne,

V e,approx(k,m) = 1
|O| × T

∑
o

∑
t

Ṽ e
ot(k,m).

We then have,

V e,approx(m, s) =
∑
k

π(k|m, s)V e,approx(k,m).

82



H Labor Demand Model

H.1 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:

HP
sot = Ast ×

βPso
Wot
×APs ×Qst ×

(
PDst

)α
×
(
PPst

)ρ−α
×
(
WP
st

)−ρ
, ∀o ∈ OP ; (29)

HN
sot = Ast ×

βNso
Wot
×ANs ×Qst ×

(
PDst

)α
×
(
WN
st

)−α
, ∀o ∈ ON ; (30)

and demand for imported goods is

QMst = Ast ×AMs ×Qst ×
(
PDst

)α
×
(
PPst

)ρ−α
×
(
PMst

)−ρ
, (31)

where

Qst = AFs

(
PDst

)−η
+ µsEt ×

(
Pst
Pt

)1−σ
×

(
PDst

)−η
(
PDst

)1−η +
(
PFst
)1−η ; (32)

W f
st =

∏
o∈Of

wβsoot , f = {P,N}; (33)

PPst =
[
APs

(
WP
st

)1−ρ
+AMs

(
PMst

)1−ρ
] 1

1−ρ
; (34)

PDst =
[
ANs

(
WN
st

)1−α
+
(
PPst

)1−α
] 1

1−α
(35)

Pst = A−1
st

[(
PDst

)1−η
+
(
PFst

)1−η
] 1

1−η
(36)

Pt =
[∑
s

µs (Pst)1−σ
] 1

1−σ

(37)

Et =
∑
o

wot

(∑
s

Lsot

)
(38)

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

Hot =
∑
s

Hk
sot (39)

H.2 Demand Side Parameters Calibration

Table 19 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.
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Table 19
Labor Demand Parameters and Variables

Parameters Meaning Value/Data Source
βPso, βNso Labor inputs coefficients IDA
PMst Offshored input prices UHDI, Broda and Weinstein (2006)
PFst Imported good prices UHDI, Broda and Weinstein (2006)
wot Occupation wage IDA
ρ, α EOS in production Doraszelski and Jaumandreu (2018)
σ EOS in final good Atalay (2017)
η EOS btwn domestic and foreign Simonovska and Waugh (2014)

Total wage bills in occupation-industry pairs identify the labor input coefficients. Danish customs

data provides revenue 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.42 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).

I Hat Algebra

I.1 Trade shocks

Consider shocks {PF,0st } → {P
F,1
st }, {P

M,0
st } → {P

M,1
st }. We use 0 superscripts to denote the initial

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

Start from the initial steady state: {w0
o}. We assume ql and π(k|m, s) = exp(δkm+βks)∑

k′ exp(δk′m+βk′s)
are

constant. Denote relative changes in variable x by x̂ = x1

x0 .

Step 1. Guess {w1
o}

Step 2. Compute changes in prices

Ŵ f
s =

∏
o∈Of

Ŵ βso
o ; f = P,N

P̂Ps =
(
SPst

(
ŴP
s

)1−ρ
+ (1− SPst)

(
P̂Ms

)1−ρ
) 1

1−ρ

P̂Ds = 1
Âs

[
SNst

(
ŴN
s

)1−α
+ (1− SNst )

(
P̂Ps

) 1−α
1−ρ
] 1

1−α

42We follow the approach in Feenstra (1994) to correct for changes in product varieties across time.
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P̂s =
[
(1− SIst)

(
P̂Ds

)1−η
+ SIst

(
P̂Fs

)1−η
] 1

1−η

P̂ =
(∑

s

Sst
(
P̂s
)1−σ

) 1
1−σ

P = P̂P0

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

V 1(k,m, o) = ν log
(∑

o′

exp
(
−Coo′km + w1

o′Ho′(k,m)/P + βV 1(k,m, o′)
ν

))

Step 4. Using V 1(k,m, o), solve for the inclusive value of being type (k,m):

V e,1(k,m) = ν log
∑
o′

exp
(
−Ceo,km + w1

o′Ho′(k,m)/P + βV 1(k,m, o′)
ν

)

Step 5. Compute the NPV for each field m

V 1(m|s) =
∑
k

V e,1(k,m)π(k|m, s).

Step 6. Compute {L1
km} by Monte Carlo simulation

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

fi, high school background, xi, and type, li from the joint distribution Q(l, s, f, x).

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

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

li = 1 +
∑
l

1(e > Ql(si)),

where e is a uniform random variable.

(c) For r = 1, ..., R calculate the ranked list of choices for individual i:

• Calculate the conditional CDF of choices for field:

Q̃Fir(m) =
∑m
m′=1\m−r exp

(
ϑmt + ϑlm + θlV

1(m|s)
)∑M

m′=1\m−r exp (ϑmt + ϑlm + θlV 1(m|s))
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• Generate R draws from this distribution:

mri = 1 +
∑

m∈m−r
1(e > Q̃Fir(m)),

for a uniform random variable.

(d) Assign the agent sequentially to a field in their choice set based on acceptance probabilities

(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 +
∑

m∈m−r
1(e > Q̃Ki (m, s)),

where Qk 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 L̄.

Step 7. Using V 1(k,m, o) solve for λ1
km and λe,1(o|k,m)

λ1(o′|o, k,m) =
exp

(
−Coo′km+wo′tHo′ (k,m)/P+βV 1(k,m,o′)

ν

)
∑
o′′ exp

(
−Coo′′km+wo′′tHo′′ (k,m)+βV 1(k,m,o′′)

ν

)

λe,1(o|k,m) =
exp

(−Co,km+wotHo(k,m)/P+βV 1(k,m,o)
ν

)
∑
o′ exp

(−Co,km+wo′tHo′ (k,m)+βV 1(k,m,o′)
ν

)
Step 8. Compute Ĥsupply

o

(a) Consider the flow equation:

Lomk = (1− δ)
∑
o′

λ1(o|o′, k,m)Lo′mk + δλe,1(o|k,m)Lemk

This implies,

L·,mk = δ
(
INOCC − (1− δ)λ1(·|o′, k,m)′

)−1
×
(
λe,1(·|k,m)Lemk

)
(b) Construct H1

omk:

Homk = Lomk ×H(o,m, k)
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(c) Compute changes in human capital supply across occupations

Ĥsupply
o =

∑
k,m

H1
omk/H

0
o

Step 9. Calculate aggregate expenditure (and income)

Ê =
∑
o

SotĤoŴo

Step 10. Calculate changes in domestic output

Q̂s = Sxst

(
P̂Ds

)−η
+ (1− Sxst)ÊP̂ η−σs P̂ σ−1

(
P̂Ds

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

Choose Ŵo such that

Ĥo =
∑
s

Hsot

Hot
Ĥso

=
∑
s

Hsot

Hot

1
Ŵo

Q̂s
(
P̂Ds

)α (
ŴN
s

)−α
,

for all o ∈ ON ; and

Ĥo =
∑
s

Hsot

Hot
Ĥso

=
∑
s

Hsot

Hot

1
Ŵo

Q̂s
(
P̂Ds

)α (
P̂Ps

)ρ−α (
ŴP
s

)−ρ
,

for all o ∈ OP .

Step 12. Update Ŵo and iterate from Step 1 again.

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

SPs1 =AP (WP
s1)1−ρ/(PP1 )1−ρ = SPs0 ×

(
ŴP
s

P̂P

)1−ρ

SNs1 =AP (WN
s1 )1−α/(PD1 )1−α = SNs0 ×

(
ŴN
s

P̂D

)1−α

SIs1 =1−A(PDs1)1−η/(PD1 )1−η = 1− (1− SIs0)×
(
P̂Ds
P̂s

)1−η

SSs1 =µsP 1−σ
s1 /P 1−σ

0 = SSs0 ×
(
P̂s

P̂

)1−σ
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Sxs1 =AFs (PDs1)1−η

Qs1PDs1
= Sxs0 ×

(P̂Ds )−η

Q̂s

So1 =wo1Ho1
E1

= ŵoĤo

Êh

ΠP
os1 =(APs )1−ρβsoQs1(PDs1)α(PPs1)ρ−α(WP

s1)1−ρ/Wo1
Ho1

= β̂osQ̂s(P̂Ds )α(P̂Ps )ρ−α(ŴP
s )−ρ/Ŵo

Ĥo

ΠP
os0

ΠN
os1 =(ANs )1−αβsoQs1(PDs1)α(WN

s1 )−α/Wo1
Ho1

= β̂osQ̂s(P̂Ds )α(ŴN
s )−α/Ŵo

Ĥo

ΠN
os0

I.2 AI Shock

I.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 zo
such that within each sector we assume that at original prices,

wsoH
′
so

wsH ′s
∝ zo.

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

z̃so = zo ×
1

wNs L
N
s

wSLS
(∑o∈N βsozo) + wPs L

P
s

wSLS
(∑o∈P βsozo)

We want to solve for β̃ and Ã 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,

woLso
wsLs

= βNsoAsN

(
wNs
PDs

)1−α

.

So we need to solve the following:

β̃NsoÃsN

(
wNs
PDs

)1−α

= z̃soβ
N
soAsN

(
wNs
PDs

)1−α

,

subject to the restriction that ∑o∈N β̃
N
so = 1. Dividing out the price term and summing we have,

ÃsN = AsN
∑
o

z̃soβ
N
o .

Hence,

ÂsN =
∑
o

z̃soβ
N
so.
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We also have,

β̃Nso = z̃soβ
N
so∑

o′ z̃so′β
N
so′
.

For production workers, there is a similar common price term that ultimately cancels out, so we

have the same expressions:

ÂsP =
∑
o

z̃soβ
P
so

β̃Pso = z̃soβ
P
so∑

o′ z̃so′β
P
so′

I.2.2 Modified Algorithm

Consider shocks {PF,0st } → {P
F,1
st }, {P

M,0
st } → {P

M,1
st } as well as βso0 → βso1. We use 0 superscripts

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

Start from the initial steady state: {w0
o}. We assume ql and π(k|m, s) = exp(δkm+βks)∑

k′ exp(δk′m+βk′s)
are

constant. Denote relative changes in variable x by x̂ = x1

x0 .

Step 1. Guess {w1
o}

Step 2. Compute changes in prices

Ŵ f
s =

∏
o∈Of W

βso1
o1∏

o∈Of W
βso0
o0

; f = P,N

P̂Ps =
(
SPstÂsP

(
ŴP
s

)1−ρ
+ (1− SPst)

(
P̂Ms

)1−ρ
) 1

1−ρ

P̂Ds = 1
Âs

[
SNst ÂsN

(
ŴN
s

)1−α
+ (1− SNst )

(
P̂Ps

) 1−α
1−ρ
] 1

1−α

P̂s =
[
(1− SIst)

(
P̂Ds

)1−η
+ SIst

(
P̂Fs

)1−η
] 1

1−η

P̂ =
(∑

s

Sst
(
P̂s
)1−σ

) 1
1−σ

P = P̂P0

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

V 1(k,m, o) = ν log
(∑

o′

exp
(
−Coo′km + w1

o′Ho′(k,m)/P + βV 1(k,m, o′)
ν

))
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Step 4. Using V 1(k,m, o), solve for the inclusive value of being type (k,m):

V e,1(k,m) = ν log
∑
o′

exp
(
−Ceo,km + w1

o′Ho′(k,m)/P + βV 1(k,m, o′)
ν

)

Step 5. Compute the NPV for each field m

V 1(m|s) =
∑
k

V e,1(k,m)π(k|m, s).

Step 6. Compute {L1
km} by Monte Carlo simulation

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

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

li = 1 +
∑
l

1(e > Ql(si)),

where e is a uniform random variable.

(c) For r = 1, ..., R calculate the ranked list of choices for individual i:

• Calculate the conditional CDF of choices for field:

Q̃Fir(m) =
∑m
m′=1\m−r exp

(
ϑmt + ϑlm + θlV

1(m|s)
)∑M

m′=1\m−r exp (ϑmt + ϑlm + θlV 1(m|s))

• Generate R draws from this distribution:

mri = 1 +
∑

m∈m−r
1(e > Q̃Fir(m)),

for a uniform random variable.

(d) Assign the agent sequentially to a field in their choice set based on acceptance probabilities

(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 +
∑

m∈m−r
1(e > Q̃Ki (m, s)),

where Qk 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 L̄.
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Step 7. Using V 1(k,m, o) solve for λ1
km and λe,1(o|k,m)

λ1(o′|o, k,m) =
exp

(
−Coo′km+wo′tHo′ (k,m)/P+βV 1(k,m,o′)

ν

)
∑
o′′ exp

(
−Coo′′km+wo′′tHo′′ (k,m)+βV 1(k,m,o′′)

ν

)

λe,1(o|k,m) =
exp

(−Co,km+wotHo(k,m)/P+βV 1(k,m,o)
ν

)
∑
o′ exp

(−Co,km+wo′tHo′ (k,m)+βV 1(k,m,o′)
ν

)
Step 8. Compute Ĥsupply

o

(a) Consider the flow equation:

Lomk = (1− δ)
∑
o′

λ1(o|o′, k,m)Lo′mk + δλe,1(o|k,m)Lemk

This implies,

L·,mk = δ
(
INOCC − (1− δ)λ1(·|o′, k,m)′

)−1
×
(
λe,1(·|k,m)Lemk

)
(b) Construct H1

omk:

Homk = Lomk ×H(o,m, k)

(c) Compute changes in human capital supply across occupations

Ĥsupply
o =

∑
k,m

H1
omk/H

0
o

Step 9. Calculate aggregate expenditure (and income)

Ê =
∑
o

SotĤoŴo

Step 10. Calculate changes in domestic output

Q̂s = Sxst

(
P̂Ds

)−η
+ (1− Sxst)ÊP̂ η−σs P̂ σ−1

(
P̂Ds

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

Choose Ŵo such that

Ĥo =
∑
s

Hsot

Hot
Ĥso

=
∑
s

Hsot

Hot

1
Ŵo

Q̂s
(
P̂Ds

)α (
ŴN
s

)−α
β̂NsoÂsN ,
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for all o ∈ ON ; and

Ĥo =
∑
s

Hsot

Hot
Ĥso

=
∑
s

Hsot

Hot

1
Ŵo

Q̂s
(
P̂Ds

)α (
P̂Ps

)ρ−α (
ŴP
s

)−ρ
β̂PsoÂsP ,

for all o ∈ OP .

Step 12. Update Ŵo and iterate from Step 1 again.

After the algorithm completes, one can update shares and quantities

SPs1 =AP (WP
s1)1−ρ/(PP1 )1−ρ = SPs0 ×

(
ŴP
s

P̂P

)1−ρ

SNs1 =AP (WN
s1 )1−α/(PD1 )1−α = SNs0 ×

(
ŴN
s

P̂D

)1−α

SIs1 =1−A(PDs1)1−η/(PD1 )1−η = 1− (1− SIs0)×
(
P̂Ds
P̂s

)1−η

SSs1 =µsP 1−σ
s1 /P 1−σ

0 = SSs0 ×
(
P̂s

P̂

)1−σ

Sxs1 =AFs (PDs1)1−η

Qs1PDs1
= Sxs0 ×

(P̂Ds )−η

Q̂s

So1 =wo1Ho1
E1

= ŵoĤo

Êh

ΠP
os1 =(APs )1−ρβsoQs1(PDs1)α(PPs1)ρ−α(WP

s1)1−ρ/Wo1
Ho1

= β̂osQ̂s(P̂Ds )α(P̂Ps )ρ−α(ŴP
s )−ρ/Ŵo

Ĥo

ΠP
os0

ΠN
os1 =(ANs )1−αβsoQs1(PDs1)α(WN

s1 )−α/Wo1
Ho1

= β̂osQ̂s(P̂Ds )α(ŴN
s )−α/Ŵo

Ĥo

ΠN
os0
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I.3 Transition Dynamics

Step 1. Calculate final steady state

Step 2. Guess a path of wages {wot}o,t=1,T−1

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

Ŵ f
st =

∏
o∈Of W

βsot
ot∏

o∈Of W
βso0
o0

; f = P,N

P̂Pst =
(
SPs0ÂstP

(
ŴP
st

)1−ρ
+ (1− SPs0)

(
P̂Mst

)1−ρ
) 1

1−ρ

P̂Dst = 1
Âst

[
SNs0ÂstN

(
ŴN
st

)1−α
+ (1− SNs0)

(
P̂Pst

) 1−α
1−ρ
] 1

1−α

P̂st =
[
(1− SIs0)

(
P̂Dst

)1−η
+ SIs0

(
P̂Fst

)1−η
] 1

1−η

P̂t =
(∑

s

Ss0
(
P̂st
)1−σ

) 1
1−σ

Pt = P̂tP0

Step 4. Solve the path of Bellman equations:

Vt(k,m, o) = ν log
(∑

o′

exp
(−Coo′km + wo′tHo′(k,m)/Pt + βVt+1(k,m, o′)

ν

))

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

V e
t (k,m) = ν log

∑
o′

exp
(
−Ceo,km + wo′t1Ho′(k,m)/Pt + βVt+1(k,m, o′)

ν

)

Step 6. Compute the NPV for each field m

Vt(m|s)t =
∑
k

V e
t+5(k,m)π(k|m, s).

Notice that for t = T − 4, ..., T − 1, one will use the steady state value.

Step 7. Compute {Lkmt} by Monte Carlo simulation
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(a) For each individual i and period t, generate a test score si for i. We do not index by t

because they will be copies each period.

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

li = 1 +
∑
l

1(e > Ql(si)),

where e is a uniform random variable.

(c) For r = 1, ..., R calculate the ranked list of choices for individual i:

• Calculate the conditional CDF of choices for field:

Q̃Fir(m) = exp (ϑlm + θlVt(m|s))∑M
m′=1\m−r exp (ϑlm′ + θlVt(m′|s))

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

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

• Generate R draws from this distribution:

mri = 1 +
∑

m∈m−r
1(e > Q̃Fir(m)),

for a uniform random variable.

(d) Assign the agent sequentially to a field in their choice set based on acceptance probabilities

(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 +
∑

m∈m−r
1(e > Q̃Ki (m, s)),

where Qk 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 L̄.

Step 8. Using Vt(k,m, o) solve for λkmt and λet (o|k,m)

λt(o′|o, k,m) =
exp

(
−Coo′km+wo′tHo′ (k,m)/Pt+βVt+1(k,m,o′)

ν

)
∑
o′′ exp

(
−Coo′′km+wo′′tHo′′ (k,m)/Pt+βVt+1(k,m,o′′)

ν

)
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λet (o|k,m) =
exp

(−Co,km+wotHo(k,m)/Pt+βVt+1(k,m,o)
ν

)
∑
o′ exp

(−Co,km+wo′tHo′ (k,m)/Pt+βVt+1(k,m,o′)
ν

)
Step 9. Compute Ĥsupply

o

(a) Use the flow equation:

Lomkt = (1− δ)
∑
o′

λt(o|o′, k,m)Lo′mkt−1 + δλet (o|k,m)Lemkt

(b) Construct Homkt:

Homkt = Lomkt ×H(o,m, k)

(c) Compute changes in human capital supply across occupations

Ĥsupply
ot =

∑
k,m

Homkt/Ho0

Step 10. Calculate aggregate expenditure (and income)

Êt =
∑
o

So0ĤotŴot

Step 11. Calculate changes in domestic output

Q̂st = Sxs0

(
P̂Dst

)−η
+ (1− Sxs0)ÊP̂ η−σst P̂ σ−1

t

(
P̂Dst

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

Choose Ŵo such that

Ĥot =
∑
s

Hso0
Ho0

Ĥso

=
∑
s

Hso0
Ho0

1
Ŵot

Q̂st
(
P̂Dst

)α (
ŴN
st

)−α
β̂NsoÂsN ,

for all o ∈ ON ; and

Ĥot =
∑
s

Hso0
Ho0

Ĥsot

=
∑
s

Hso0
Ho0

1
Ŵot

Q̂st
(
P̂Dst

)α (
P̂Pst

)ρ−α (
ŴP
st

)−ρ
β̂PsotÂsP ,

for all o ∈ OP .

Step 13. Update Ŵot and iterate from Step 2 again.
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