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Abstract

This thesis examines factors that influence economic and labour market outcomes throughout the life-

cycle, with a focus on the importance of place.

The first chapter examines the role of local labour market conditions on educational take-up and

human capital investment in England. I match administrative data on firms and students to document

the variation in the level and field of skills demanded and study whether local skill demand shapes local

students’ educational attainment. I document a positive cross-sectional correlation between the skills

demanded in local jobs and education choices. But, using a dynamic difference-in-difference strategy, I

find at most a very muted response to large increases in local demand for degrees or specific skills for

subsequent cohorts of students making educational investment decisions.

The second chapter turns to the question of geographic mobility, using PSID data to shed light on

the generational dynamics of (internal) migration. I find that children born in a different state than

at least one of their parents have approximately 20-25 percent higher short-term and medium-term

interstate migration rates, and 50 percent higher lifetime mobility rates. These differences are robust

to controlling for a wide set of observables, and are consistent across subgroups by education and

gender. These findings have significant implications for spatial sorting models and our understanding of

intergenerational transmission of economic opportunity.

In the third chapter, we assess the career earnings losses that individual Swedish workers suffered

when their occupations’ employment declined. Our estimates show that occupational decline reduced

mean cumulative earnings from 1986–2013 by no more than 2%–5%, with larger losses for those ini-

tially at the bottom of their occupations’ earnings distributions. This loss reflects a combination of

reduced earnings conditional on employment, reduced years of employment and increased time spent in

unemployment and retraining.
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1.1 Introduction

There are large and persistent differences in educational attainment and skills across locations within

countries. These spatial inequalities have recently drawn increased attention for their potential eco-

nomic and political impacts, as well as for the individual consequences for those in disadvantaged areas.

However, more insight is needed as to the ways in which various local characteristics are perpetuated.

One important decision facing young people is the choice of education - both in terms of the type and

level of education they pursue and the field in which they study.

Within England there are large, persistent, differences in educational attainment across areas, which

have garnered significant concern and media attention. The gaps between London and rural areas have

been documented at least as far back as the mid-nineteenth-century (White 2007) and have persisted

into the twenty-first century (Overman and Xu 2022). Despite England’s relatively small size, location

is sticky: 65% of university graduates and 85% of non-graduates live in the same Travel to Work Area

(TTWA) in which they grew up (Britton, Waltmann, Xu, et al. 2021). These characteristics lead to a

natural research question: How responsive are students’ educational investment decisions to local skill

demand in the labour market in which they grow up?

While I study this question in the context of England (for reasons discussed below), this setting

is not unusual in its spatial disparities. For example, in the US, the share of adults with university

degrees ranges from less than 27% in Louisiana and Mississippi to more than 42% in Massachusetts

and Vermont, and household income in the poorest states is 55% of that in the richest (U.S. Census

Bureau 2019). And despite overall higher (though declining) geographic mobility, 60% of Americans

live in the same state in which they were born Jia, Molloy, Smith, and Wozniak 2023.

Governments have aimed to address spatial inequalities in part through place-based industrial pol-

icy, using both government jobs and incentives for private investment. In the UK, these policies have

included the Places for Growth scheme, enacted, in part, to “[ensure] economic growth and job oppor-

tunities are more evenly distributed across the UK” by moving more than 20,000 Civil Service jobs

outside of London (Department for Business 2021). In the US, the Helping Infrastructure Restore the

Economy (HIRE) Act, proposed in 2019, would have required the relocation of several federal govern-

ment agencies away from Washington, D.C.. More recently, the Creating Helpful Incentives to Produce

Semiconductors (CHIPS) and Science Act of 2022 provided $39 billion of funding to support local hubs

and foster the growth of the semiconductor industry.

Understanding whether such policies can spur local skill accumulation is important. The most direct

route by which demand may affect locals’ skills is through cohorts of students who may change their

skill acquisition in response. In the case where the elasticity of education choices to the jobs available

is small, these policies may instead primarily change local skill composition through (costly) moves of

workers from other locations.

To better understand how students’ educational investment decisions respond to local skill demand

in the labour market in which they grow up, I turn to England. In addition to the spatial disparities

described above, England has many advantageous institutional features for this question. Firstly, school
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funding is determined nationally on a per-pupil basis, meaning an expansion in local employment or

an increase in house prices does not increase education funding. This stands in sharp contrast to other

contexts where local taxes provide the bulk of education funding, confounding estimates of student

response1. Furthermore, both academic and vocational qualifications fit into a standardized framework

from before the end of compulsory schooling, allowing me to compare more specific skills at an earlier

stage of education. The comparability of qualifications across time and space, as well as comprehensive

data on student results, allows me to examine the field of study, student achievement, and level of

education. Finally, administrative data on students and firms is available to study.

In this paper, I use rich administrative data on both establishments and students in England to eval-

uate the education response of students to changes in the composition of local skill demand. I examine

the role that existing differences in skill demand play in local students’ educational attainment: their

results; level of education; and fields of study. I then exploit large changes in local demand for skills

- either qualifications in a specific field or at the degree level - to measure the short- to medium-run

response of local students. These changes come from changing local industry composition; I show that,

following a large change, local demand for that skill remains at a significantly higher level than it was

in the preceding years.

To understand local skill demand, I use the Business Structure Database (BSD), an administrative

dataset covering an estimated 99% of economic activity in the UK. This establishment-level data pro-

vides information on the precise location, industry and employment of each establishment. I combine

this with survey data on the qualifications held by employees in each sector to measure the mix of skills

(by level and field), used in each labour market. The granular nature of the data allows me to consider

other geographic levels, as well as changes coming from specific events.

On the student side, I use English administrative data on the universe of students who attended state

(publicly funded) schools. This data, which is linked to university records, allows me to observe the full

educational path - including the subjects studied and results - of students from primary through tertiary

education.

My primary unit of analysis is the TTWA—these regions are defined by the ONS using census data

such that the bulk (at least 75%, or 66.7% in larger areas) of their resident population work within

the same area. These regions are mutually exhaustive and collectively exclusive, covering the whole

of the UK. Conceptually, they are similar to Commuting Zones and can be thought of as local labour

markets2. Thus, the type of employment present in the TTWA can be thought of as characterising the

labour market which students in an area will face. In some specifications, I also consider results at the

Postcode District (PD) level. This smaller unit is roughly equivalent to a zip code; it has an average area

of 25 square miles.

In the first part of the paper, I document the spatial differences in industries and their associated

1. Consider an influx of well-paid jobs requiring degrees; the resulting increase in local property tax base would mechani-
cally increase school funding, an important contributor to school quality, which is associated with higher levels of educational
attainment (Eckert and Kleineberg 2021).

2. While recent work (e.g. mp2017<empty citation>, Monte, Redding, and Rossi-Hansberg (2018)) emphasises the impor-
tance of local spatial linkages, this would be better incorporated using LEO data to empirically understand the expected labour
market for these cohorts
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skills and descriptively relate them to the spatial differences in education attainment. In this section, I

show that students’ education choices, in both level and field, are strongly correlated with the estimated

skill distribution of local employment. I then move to a staggered event study design exploiting large

changes in local skill demand to identify causal estimates of students’ response.

First, I look at how the estimated share of local jobs requiring a degree relates to student enrolment.

I find that, in the cross-sectional correlations, compared to areas in the 25th percentile of share of degree

jobs, those in the 75th have 10pp more students enrolling in A-levels (compared to a national average

of 45%) and 8pp more students enrolling in university (compared to a national average of 27%). I then

consider the choice of field of study in university; here, for every additional 10pp of local employment

in a field (compared to other TTWA), there is a 3pp difference in university enrolment in that field.

I then exploit large changes in local area skill composition to understand whether and when students

respond to changing local conditions. I consider 1-year increases of more than 1pp in local degree em-

ployment in the TTWA where a student began secondary school; these changes are persistent. Despite

the strong correlational relationships, I find no significant changes in enrollment in A-Levels or Univer-

sity following an increase in degree employment, nor change in field enrolment following an expansion

of local employment in that field. To bound the response, I turn to students’ immediate surroundings

and consider the same change at the postcode group level. Here I also find no evidence for an increase

in A-level enrolment, and can bound the response from above by a 2.5pp increase in enrolment for every

1pp increase in the share of jobs requiring a degree. The response for university enrolment is similarly

small with the upper bound at 1.8pp for the same increase; this translates to just 5 additional students

enrolled in university for every 100 new jobs requiring degrees.

In response to local increases in field share of more than 0.75% of local employment, I first show that

these expansions are persistent - the level of employment in that field in the subsequent years remains

significantly above its initial level. I then examine the student response. At the TTWA level, I find

no evidence of increased field enrolment. Again turning to the postcode group level, I can bound the

response from above at a 1pp increase in student enrolment for every 1.5pp increase in field employment.

Given the strong correlation between the skills used in local jobs and students’ education choices,

the small short-run response of students to changing circumstances warrants further consideration. It

could be the case that the period of adjustment is longer than I observe in my data; for example, if local

teachers know more about the pathways that previous cohorts of students took, or if students beliefs

about the labour market they will enter update slowly. It could also be the case that students do not view

local changes as relevant for their later job prospects.

The muted response of local students has important implications for policies targeting regional in-

equalities. The magnitude of responses I find are not economically meaningful: the response is not

enough to fill newly-created high-skill jobs with local students. If that is the goal of these policies, addi-

tional intervention may be needed to shape education choices. However, an important caveat is that my

results relate only to academic qualifications; it is also relevant to understand whether other skills, such

as those requiring vocational training, which are more likely to be used locally are likely to respond to

changes.
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This also has implications for the impact of these policies on local growth. If local students do not

fill the demand, the vacancies created by programs intended to move high-skill jobs will need to be filled

otherwise. People may move from areas with a high supply of in-demand skills; however, these moves

are costly, and empirically, internal migration rates are not large enough to fill the vacancies created

by large increases in specific industries. These jobs may instead be filled by locals with a different

(sub-optimal) skill mix, reducing productivity of the industry. An important avenue for future research

is understanding how these skill gaps are bridged.

This paper contributes to understanding in several areas of research. First, it provides an empirical

basis for the nascent literature endogenizing education choice in models of spatial inequality and mobil-

ity. Prior to Eckert and Kleineberg (2021), which to my knowledge is the first to include this adjustment

margin in their model, this literature took skill supply as a fixed local characteristic. In this paper, I

exploit local changes to establish a supply elasticity for skills in a context where the supply of education

does not vary in response to local income changes.

Secondly, this paper relates to an emerging literature understanding how students’ choices respond to

local labour market conditions. Most closely related is contemporaneous work examining the impact of

STEM jobs on high school and college course choice and major in the US (Mather and Smith 2024). In

contrast to this paper, I focus on isolating the student response in a setting where local conditions do not

directly impact secondary education provision. Other papers in this area (e.g. Conzelmann et al. (2023)

and Weinstein (2022)) focus on college major choice, using university location to determine the relevant

labour market. I consider instead students’ earlier location and include their decision whether to attend

university in my outcomes.

This work also expands on prior work examining the impact of specific local shocks on educational

attainment in various contexts. The existing literature finds that education is a substitute for labour in

response to single-sector shocks caused by natural resource booms (Emery, Ferrer, and Green (2012),

Maurer (2019), and Kovalenko (2023)) and trade policy (Atkin 2016). I differ from this literature by

considering the changes in local composition coming from all sectors, rather than a single industry

or policy, and by considering more nuanced educational choices in addition to continued enrolment.

My results are also consistent with prior work finding a (permanent) dip in the attainment of those who

graduate into a housing-induced local labour market boom (Betts and McFarland (1995), Charles, Hurst,

and Notowidigdo (2018)).

Also related is the literature on the elasticity of education choice to expected earnings. This literature

has focused primarily on college major choice in the US, finding a small but significant elasticity3.

However, this literature does not explicitly consider the cost of relocation or the spatial distribution of

jobs which is the focus of my work.

The findings here also relate to recent work on place-based policies, the hazard cost of which de-

pends on the spatial concentration and willingness to move of the intended transfer recipients (Gaubert,

Kline, and Yagan 2021). My research points to an additional margin —education choice— in which

people in a given location may be entrenched and provides evidence that industrial policy may not

3. Altonji, Arcidiacono, and Maurel (2016) provides a good review of the findings.
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change these outcomes for locals.

My results also bring results from agglomeration literature into a new light. Recent work has high-

lighted the importance of spillovers from significant local industrial investment on the local and total

cost of investment policies (Kline and Moretti 2014). This work finds the largest (positive) spillovers

from investment in areas which share worker flows with the industry being funded (i.e. already have a

pool of qualified workers) (Greenstone, Hornbeck, and Moretti 2010). The muted response I find from

local students sheds light on why having an existing local pool of qualified workers is important.

The rest of this paper is organised as follows. Section 1.2 describes the institutional context of

English education. Section 1.3 describes the datasets and measures used in the analysis, and presents

descriptive statistics. Section 1.4 describes the empirical strategy and assumptions required for the

identification strategy. Section 1.5 presents the findings for attainment and field choice. Section 1.6 de-

scribes additional specifications and extensions. Section 1.7 concludes and highlights potential avenues

for future research.

1.2 Institutional context

In the UK, education is specialised, and qualifications are standardized at a young age. Education is

regulated at the national level; that is, each of England, Scotland, Wales and Northern Ireland have their

own requirements. In this paper, I study students in England.

Figure 1.1 shows the typical progression of students through the English education system. The

first opportunity for subject choice comes in Key Stage 4, when students are ages 14-16. At this phase

of their education, students choose which subjects to study for their General Certificate of Secondary

Education (GCSE) examinations. These exams, typically taken at the end of Year 11 (ages 15-16), are

nationally standardised and offered in a variety of subjects. All students are required to take exams in

English, mathematics, and science, and schools are required to provide at least one offering in each of

arts, humanities, business, and language. Thus, these choices are comparable for all students in England.

Schooling in England is compulsory until age 16. Education is compulsory to age 18; this was in-

creased from 16 to 17 in 2013, and from 17 to 18 in 2015. Post-16 qualifications are standardised across

the UK and regulated through the Regulated Qualifications Framework which covers both academic and

vocational qualifications. In England, the relevant framework is the National Qualification Framework

(NQF). During this period, students have several alternatives for education: academic-track A-levels;

technical education; vocational training; on-the-job training; or a mix of volunteering and part-time

employment.

In this paper, I focus on whether students continue on the academic track. In contrast to vocational

programmes, such as apprenticeships, which require local employment in the field to be viable, the

supply of academic qualifications is less dependent on local demand. Academic disparities, including

A-level results and university share, have also been the focus of recent public and political attention.

Following the period of compulsory education, students can choose to continue their education either

academically through university courses (which generally require completion of A-levels) or through
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continuing vocational education. Like academic qualifications, vocational qualifications are regulated

and standardized, and thus comparable across time, level, and field.

Students can select up to 5 subjects to study in A-levels but typically take 3 exams, the number

required for most university courses. University departments post descriptions of the typical profile of

subjects and grades required for admission, which informs students’ choices about which subjects to

take and where to apply. In practice, this means that the pathways students can take can be restricted by

their choice of A-level subjects4.

In England, school funding is determined on a per-pupil basis according to the National Funding

Formula (NFF); this stands in sharp contrast to the US, where school funding comes primarily from the

local tax base. While this formula is adjusted for local economic conditions5, it is unrelated to local tax

revenue. The funding is distributed to the Local Authority, which then allocates it to schools according

to its own formula.

This policy results in school funding on a per-pupil basis being more equitable across schools and

less responsive to local conditions than in other contexts. In England, during this time, the 90/10 ratio

of per-pupil funding at the school level ranged from 1.3 to 1.6, with the most deprived local authorities

having the highest level of funding (Belfield and Sibieta 2016). This stands in sharp contrast to the US

where differences are much larger6 and positively correlated with local economic conditions, shutting

down an important channel of inter-generational human capital transmission. Conceptually, this allows

me to measure the change in student attainment holding the local education supply fixed.

1.3 Data and descriptive statistics

1.3.1 Student data

Student information comes from administrative data from the Department for Education (DfE). Data on

qualifications attained during compulsory education, as well as demographic and location information,

comes from the National Pupil Database (NPD) (Department For Education 2023). This is an admin-

istrative panel dataset on the census of students attending state-funded secondary schools in England

beginning in the 2001/02 school year. Data on university attainment comes from the Higher Education

(HE) dataset, which can be linked to records from the NPD. This student data is collected for all students

studying a qualification above level 3 (A-Levels or equivalent vocational qualification) at a reporting HE

provider.

I attribute to each student the local labour market conditions in the TTWA (PD) in which they lived

when they began their GCSE studies (age 14-15, the beginning of Key Stage 4). Throughout, I will refer

4. Although schools are not required to offer a specific selection of A-levels, students generally have access to a broad variety of
subjects. The subjects typically required for most university programmes are offered broadly throughout the country. Figures 1.A2
through 1.A8 show A-level subjects which commonly appear in university requirements. Each map shows the student-weighted
share of schools in each TTWA which offer the degree (TTWA with fewer than 3 A-level providers are omitted).

5. The funding level is adjusted for local (teacher) hiring costs, a measure of income deprivation in students, and the level of
remoteness from other services.

6. For comparison, the 90/10 ratio of per pupil funding in the US for elementary and secondary schools at the more aggregated
school district level was 2.4 in 2016 (U.S. Census Bureau 2021).
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to this as the TTWA (or PD) which the student is from7.

Figure 1.2a shows the average share of students from each TTWA who enrol in A-levels. The share

of students enrolling in A-levels ranges from less than 50% in some coastal areas to nearly 70% in parts

of the southeast. This pattern is mirrored in Figure 1.2b, showing university enrolment, with the share

enrolled varying from less than 25% to nearly 50% along the same geographic lines.

In addition to enrolment and attainment, these datasets provide specific information about each

subject taken (A-levels) and degree program (university). I map each of these to the fields coded in the

Labour Force Survey (LFS). The mapping process is described in more detail in section 1.C.1. Figure

1.3 shows the field of university enrolment that is most disproportionately popular in each TTWA; that

is, the field for which the share of college enrolment is most above the national average. This map shows

the geographic clustering of different fields, with Business degrees being overrepresented in London and

the surrounding areas and broadly-applicable Arts and Humanities degrees overrepresented throughout

the southeast.

1.3.2 Business data

Data on local establishments comes from the Business Structure Database (BSD) (Office for National

Statistics 2024), which is an administrative dataset covering all businesses liable for VAT and/or with

at least one member of staff registered for the PAYE tax collection system. This dataset contains ap-

proximately 2 million observations annually, covering an estimated 99% of UK economic activity. I

observe the location, industry, and employment count at each establishment, as well as the firm to which

it belongs.

Although this is an administrative dataset, there are still missing values for many entities. Because

of the identification strategy employed, these have the potential to create multiple false ’events’ in a

given location. To alleviate this problem, I linearly interpolate these values using the surrounding years.

This is described in more detail in the data appendix.

1.3.3 Other data

To link the employment from the BSD to the skills mix in the DfE data, I use the existing skill com-

position of young workers (ages 25-34) in each industry from the Labour Force Survey (LFS) (Office

For National Statistics 2023). The LFS is a nationally representative survey designed to provide infor-

mation on the UK labour market. In addition to employment information, including detailed industry,

it includes detailed information on qualifications held by individuals. I use information on the level

and field of the highest level of education. The sample of younger workers is used to more closely ap-

proximate the skills requirements for the current students, and for increased consistency in qualification

standards over time.

7. Student mobility during this phase of their schooling is generally low. In each cohort, more than 98% of students observed
in year 12 live in the same TTWA they did in year 10.
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1.3.4 Data linking

Because the BSD includes only headcount by employer, not information about employees, I must impute

the local qualification distribution using data from the LFS. I describe this process in more detail in

section 1.4.1. Linking the BSD to the LFS by industry allows me to translate the industry employment

information in the BSD into estimated employment by qualification.

I aggregate the student data by geography, calculating the total number of students who take each

type of qualification discussed above. I then match this geography x time panel to the business data to

create a novel dataset linking student outcomes and business demand.

1.4 Empirical strategy

To estimate the student response to changes in local labour market conditions, I consider students living

in location (local labour market) l at time t, measure changes skill s in location l, and observe the

students’ academic outcomes in later years.

1.4.1 Measuring local skill demand

The first step in measuring local skill demand is determining the qualifications used in each industry. I

compute this using the empirical distribution of held by workers ages 25-34 in industry j in the LFS.

Specifically, I sum the weighted person count by qualification type (field or level) for each industry and

divide by the total weighted person count in the industry. This creates a skill share vector, skills j, for

each industry j.

I also compute the local industry employment shares, emp j,l,t , using BSD data. This is simply the

total employment in industry j and location l at time t.

I then combine these elements to aggregate these industry skill vectors and calculate the skill demand

in location l at time t. This is calculated as the employment-weighted sum of skills vectors in the

industries in that location and time.

skillsl,t = ∑
j∈J

emp j,l,t ∗ skills j (1.1)

Here, skillsl,t is the vector of skills used in employment in location l at time t. emp j,l,t is the

employment in industry j in l at time t. skills j is industry skill vector discussed above. The assumption

embedded in this measurement is that the skill requirements for new jobs in the industry are the same as

those held by existing young workers.

The industry-specific skills vectors are derived from LFS data as described in Section 1.3.3. Thus,

the actual local skill composition is estimated using the national industry-average skill mix. While this

approach was a necessity due to data availability, it has the advantage that it abstracts one level from

skill supply decisions in firm moves. That is, the local area need not have an existing supply of workers

with a specific skill for that skill to be recognised as in-demand by the industry. This approach can be

thought of as analogous to a shift-share instrument, where there shares are the industry skill mix and
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the shifters are the local industry composition. This interpretation is discussed in more detail in section

1.5.2.

For tractability, I consider separately the level and field of skills demanded. For outcomes relating to

student enrolment decisions and attainment, I consider only the level of qualifications required. For these

specifications, the skills vector is [Degree,Non− degree]. For specifications relating to field choice, I

use the field composition of qualifications8 seen in Figure 1.4b.

Figure 1.4a shows the average expected share of employment in a TTWA requiring a degree. As

with the student data, rates of university attendance are much higher in the South East. Figure 1.4b

shows the field of study that is most disproportionately represented in the industry mix in each TTWA.

As with the student data, Business degrees are overrepresented in London. Areas with lower degree

employment also see a disproportionately high share of activities typically associated with rural areas,

as well as services (health and education) that are provided locally.

Average skill share

In my correlational results, I consider the average skill share in the three years prior to a decision. I take

this measure to smooth any transient changes in labour market shares and because the exact timing of

the relevant labour market characteristics is ambiguous.

Changes in the overall local skill composition

I utilize the change in local skill mix coming from changing local industrial composition. The change I

compute is the one-year difference in skill share. skillss,l,t is the component of the skills vector skillsl,t

in skill s, and skillsl,t is size of the workforce in location l at time t. Thus, ∆skillss,l,t is the one year

change in the percentage of workers with a given skill.

∆skillss,l,t =
skillss,l,t

||skillsl,t ||
−

skillss,l,t−1

||skillsl,t−1||

To better understand the dynamics of changes in skill composition, I construct an indicator based on

the change in skills in the local area. This allows me to compare cohorts who are yet to make a decision

with those already past the start of the qualification.

Ds,l,t ≡ 1(∆skillss,l,t > Θ)

Change threshold TTWA PD
Θ

Degree share 0.010 0.015
Field share 0.050 0.075

I chose a value of Θ to maximize the number of locations which experienced exactly one shock. The

results and interpretation are not sensitive to alternative threshold choices.

8. The LFS attributes field only to qualifications level 3 (A-Levels or equivalent vocational qualification) and above in the
NQF, thus, the field mix I use is that of qualifications at this level or higher.
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To test the validity and observe the skill share dynamics of this change, I consider the following

specification:

skillss,l,t =
6

∑
τ=−4

(
β

emp
τ Ds,l,t+τ

)
+ γs,t +αs,l + εs,l,t

Figure 1.5 shows the dynamics of degree share employment around a large increase in the degree

share. Figure 1.6 shows the same for fields of study. While, in both cases, the share in the years preced-

ing the increase is significantly above that in the year immediately prior, the years after the increase are

significantly higher than the earlier level. The overall change shows only a modest attenuation in the 5

subsequent years and remains well above the pre-increase levels. This indicates a sustained change in

the share of employment requiring the specified skill.

1.4.2 Student response

First, for the correlational estimates, I consider how students’ choices relate to the level of employment

in a skill in their TTWA in the 3 years preceding the decision point, skillss′,l,t+τ .

Shs,l,t = β

−1

∑
τ=−3

(
skillss′,l,t+τ

)
/3+ γs,t + εs,l,t (1.2)

Shs,l,t is the share of student cohort in location l at time t who choose to study for qualification s. τ is 0

when the student is in the first year of schooling after the decision is made. For example, for the decision

to attend university, τ = 0 in a student’s last year of A-levels. Take-up of a skill may change in response

to demand changes for s, or for related skills s′; for example, A-level enrolment (s) is a prerequisite for

degree enrolment, so an increase in jobs requiring degrees (s′) can be used on the right-hand side. In all

specifications, the data is at the Location x Skill x Year level. Observations are weighted by the total

number of students in the TTWA in the initial year (2002). Standard errors are clustered at the TTWA

level to account for the correlation of field shares within a location at a given time, and the correlation

across time within a location from the averaging of local employment shares.

For the causal estimates, I estimate the following Difference-in-Differences specification:

Shs,l,t =
4

∑
τ=−3

(
β

incr
τ Ds′,l,t+τ

)
+ γs,t +αs,l + εs,l,t (1.3)

Here, the right-hand side variables of interest are lags and leads of the dummy for large increases de-

scribed above. I also include Skill x Time and TTWA x Skill fixed effects. The unit of observation,

weighting, and standard errors are the same as in the correlational estimates; here it is necessary to

cluster across time within a location due to the local skill share fixed effect (αs,l).

1.5 Results

In this section, I first show the relationship between local skill demand and student education outcomes.

I then discuss the assumptions required for the causal estimates that follow and present students’ re-

sponses to changes in their local labour market.
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1.5.1 Correlational evidence

Attainment and local degree share

First, I consider the relationship between local degree employment and student attainment. Table 1.1

shows the correlations at the TTWA level in both levels and differences9. TTWAs with a higher share

of degree employment have a significantly higher share of students enroling in A-levels, more A-level

passes (per student from that area), and a higher share of students enroling in university. Compared

to TTWAs in the 25th percentile, those in the 75th have 10pp more students enrolling in A-levels and

8pp more students enroling in university. Looking at the 5-year change in local degree employment,

the sign of the coefficients remains positive, but the magnitude is much smaller and they are no longer

significant. Most of the differences come from variations between, rather than within, TTWAs.

Field choice and local field share

I next consider the relationship between local field employment and students’ field choice. Table 1.2

shows the correlations at the TTWA level in both levels and differences. TTWAs with a higher share

of field employment have a significantly higher share of students enroling in that field in university; the

relationship does not hold for A-levels, which are much broader subjects. For every 10pp higher the

field share of an area is compared to others, the share of students from that area studying in that field is

3pp higher. Looking at the 5-year change in local field employment, the sign of the coefficients reverses,

indicating that students may substitute education for employment within a field.

1.5.2 Inference and estimation challenges

To understand the dynamics of the changing labour demand, I use the estimators developed in De

Chaisemartin and D’haultfœuille (2023). For these estimates to be interpreted as causal, there must

be no anticipation effects, and the parallel trends assumption must hold.

In my specifications, t = 0 is the cohort that had just made a decision about the outcome variable,

and thus, in the absence of anticipation effects, is unaffected. I report coefficients for the three preceding

cohorts (who were already past the decision threshold at the time of treatment) as well and see estimates

indistinguishable from 0 in all cases. To the extent the immediately preceding cohort anticipates the

employment change (perhaps due to newspaper articles, etc.), the earlier cohorts would have to have the

same anticipation, which seems unlikely given the nature of the changes.

In my specifications, I allow for nonparametric differences in the evolution of different fields over

time. The parallel trends assumption is therefore within skill (e.g. the expected evolution of Natural

Science degrees is the same for treated and untreated groups; it need not be the same as the evolution

of Arts degrees). One potential cause for violation of the parallel trends assumption would occur if firm

activity driving the events was a response to changing local circumstances. For example, if firms saw

an increasing share of students studying for relevant skills, and expanded as a result; triggering an event

in areas that were different from untreated areas. However, this would require firms to have detailed

9. Table 1.A1, shows how these margins respond to local labour market conditions as a whole.
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knowledge of student choices at a local level, and an assumption that this increase would persist. I also

do not observe any evidence for this scenario in the pre-event periods.

The variation I exploit can also be interpreted as a shift-share instrument for local skill demand,

where the shares are the national skill vectors in each industry and the shifter is the change in local

industrial composition. This interpretation helps to alleviate concerns about the endogeneity of increases

in a specific skill, as the measured change is mediated by the industrial skill composition. However, by

using this approach, actual changes in local skill demand are not fully captured. If, for example, the

national (or regional) skills used in an industry are not representative of the skills required to be held by

workers, the variation I use would not be relevant to students preparing to enter the labour force.

The other plausible shift-share instrument for this work is to shift the local industry composition (and

thus skill composition) using the change in national industry composition (i.e. assuming any national

shifts are proportional across space). This would address endogeneity concerns about the growth of

industries in specific locations as opposed to others. However, it has the drawback (particularly for

contractions in local demand for a skill) that it entangles local and national demand.

1.5.3 Causal evidence

I find muted responses to local labour market conditions, and responses to hyper-local (postcode district)

conditions different than those at the local labour market (TTWA) level.

Attainment and local degree share

I first consider how enrolment and attainment respond to an increase in the share of local jobs requiring

degrees. A-levels are the most common path to university enrolment; therefore, if the choice to enrol in

A-levels was primarily driven by forward-looking skill concerns, enrolment would grow in response to

increased demand for jobs requiring degrees.

Figure 1.7 shows how enrolment in A-levels changes in response to an increase in local degree

employment, as specified in equation 1.3. I find no evidence that students’ choice to enrol in A-levels

responds to an increase local degree demand.

I then turn to the composition in students’ more immediate vicinity. Figure 1.8, shows the response

at the PD level. The positive point estimates increase a change of around 0.35pp in the first two years and

0.90pp in the following two. The confidence intervals rule out an increase of more than 2.5pp, equivalent

to one student per cohort for every 10 new jobs. With an average increase in local employment of 2.5pp

in the share of jobs requiring a degree, this rules out an increase even at replacement level for the new

skill composition.

The next margin of choice students face is whether to attend university. Figure 1.9 shows how the

share of students who enrol in a degree program changes in response to increase in local degree employ-

ment. Again, I find no evidence that enrolment changes following an increase in degree employment 10

.

10. Figure 1.A1, shows how these margins respond to local labour market conditions as a whole. I find no evidence that students
substitute away from university enrolment when the local economy expands.
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Field choice and local field share

Finally, I consider the field choice of university students. Figure 1.10 shows the share of students who

study that subject in university. Here, I also find no evidence that, in the short term, students respond to

changing local demand. The estimates also bound the change at no more than an 0.4pp increase for every

1pp increase in field share. At the PD level, there is a borderline-significant increase in field enrolment,

as seen in figure 1.11. However, the magnitude is small: it is bounded from above by a 0.25pp increase

in enrolment for every 1pp increase in field share in jobs. This amounts to 1 new student in a field for

every 200 new jobs.

All together, my results show that any short-run student response to changing local conditions is

muted, and that the change in sills from local students is insufficient to meet the new demand.

1.5.4 Heterogeneity

I now consider how these results differ for different types of students. First, I consider the type of

school where the students attended A-levels. In England, different types of schools have different levels

of autonomy. Here I consider separately students enrolled in community schools, which are funded and

fully administered by the local authority, and those enrolled in academies (including converters) which

are funded by the DfE but independent of the Local Authority. Figure 1.12 shows the response limiting

the sample to students who, in Year 12, were enrolled in an academy. Here, I find noisy estimates and

cannot rule out no response. However, the magnitude of the point estimates is much larger than for

the total sample, and warrants further study. Figure 1.13 shows the results for only students enrolled

in community schools. As in the full sample, the magnitude o the response is small enough to be

indistinguishable from 0 - I find no evidence that students in these schools respond to changes in local

demand.

I then consider whether these results differ by the type of university attended. This is an endogenous

choice for students, so the causal interpretation is less clear. I consider the subject choices of students

who attend Russell Group universities and those who attend former polytechnics. Those who attend

Russell Group universities are much more likely to live outside their home TTWA after university (Brit-

ton, Waltmann, Xu, et al. 2021), and therefore may be expected to respond less to local demand. Figure

1.14 shows the field choice response for students enrolled in Russell Group universities, and 1.15 shows

the same for those enrolled in former polytechnics. In both cases, there is no evidence for an increase in

field enrolment following an expansion of the local field share.

1.6 Additional specifications

1.6.1 Different skills

My current analysis focuses on academic qualifications — A-levels and university — but there is also

a unified qualification framework for vocational and technical skills. Students who do not attend uni-

versity are more likely to remain in the area where they grow up, so the local conditions may be more
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relevant for them. These skills are relevant for policies such as Reshore UK, intended to relocate man-

ufacturing jobs from abroad to the UK. The response to demand for these skills may be different due to

different training modes, and may also be more dependent on local training supply. The endogenity of

the availability of these programmes will require careful empirical analysis.

1.6.2 Student characteristics

In addition to using different variations in the skills demanded, it is also relevant to examine how differ-

ent types of students respond to changes in local demand.

Earlier performance

Graduates from the most selective group of universities11 are more mobile than graduates of other uni-

versities, with those from the least selective universities being the least likely to move (Britton, Walt-

mann, Xu, et al. 2021). Another fruitful extension could therefore be to investigate how these responses

vary with students’ earlier performance by splitting students into groups based on their results before

the decision to enter A-levels.

Geographic mobility

In the current analysis, I consider all students that are living in a place at a given time (before the local

economic changes). I can also restrict the analysis to students who remain in that area. Conversely, I

could identify the area effects on students who move with a measure of ‘exposure’ to different subjects

à la Chetty, Hendren, and Katz (2016).

Demographics

While the primary focus of this analysis is the drivers of inequality across space, the drivers of education

choice and responsiveness to local changes may also contribute to inequality within a location. Students

who are more responsive may differentially benefit from higher returns to in-demand local skills (Al-

tonji, Blom, and Meghir 2012 Early et al. 2020). Although I do not observe the parents’ industry, I

will use an indicator for whether the student was eligible for Free School Meals (FSM) as a measure of

familial background. This will allow me to identify whether the responsiveness is different by parental

background.

1.6.3 Broader changes

This analysis has focused on local changes, controlling for national circumstances, rather than on

broader demand. Particularly for university decisions, the overall prospects may have an important

impact. Another avenue for future research is using a shift-share instrument to how national shocks,

such as import competition, affect students’ choices.

11. The most selective universities are defined as the Russell Group, a self-selected group of twenty four research universities.
These universities receive the bulk of all research funding.
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1.7 Conclusion

In this paper, I study spatial differences in student attainment, achievement, and field choice. I find that

students’ choices are highly correlated with those used in jobs in their local area, but, in the short run, do

not significantly respond to changes in local demand. This has important consequences for the results

of policies implemented with the goal of bringing good jobs to left-behind communities.

Multiple mechanisms could be at play causing these differences: the local changes may not be

salient, the types of skills required may not be those that students had considered, or students may be

considering other factors in their choice of study. Regarding salience, I find that even the most local of

changes (on average within 5 miles of students’ location) do not significantly affect take-up. To further

address this concern, future research can instead consider large expansions or contractions of prominent

local firms, which may be more noticeable to local students.

While there is no mechanical relationship between one cohort and the next there, could also be iner-

tia at the local or school level hampering changes. For example, teachers may be more familiar with the

pathways that previous cohorts took. Furthermore, there are other local factors, such as parental compo-

sition, that may push students to follow the more traditional local path (Ventura 2023). Understanding

these factors leading to local persistence of education choices is a potentially fruitful area for further

research.

While the English setting is ideal for understanding student responses holding constant local educa-

tion provision, this needs to be considered when applying of this research to other contexts. Expectations

of the total student response to changing local circumstances would also need to consider local skill pro-

vision, as the response I measure is that of students when local provision does not change. This may

be complicated by latent demand for skills which were not previously offered, resulting in in higher

take-up of these avenues than I observe in England.

The muted response of local students to changing conditions leaves many questions open for future

policy research. If the goal of these policies is for the local population to gain valuable skills, it is

important to know whether coordinating job growth policies with targeted upskilling programs may

induce a response not seen with changing job skill composition alone. It is also relevant to understand

whether other skills, such as those requiring vocational training, which are more likely to be used locally

are likely to respond to changes.
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Figure 1.1: England education timeline

Figure 1.2: Local student enrolment

(a) A-level enrolment (b) University enrolment

Student information from the NPD. Cohorts that were in Year 10 from 2004-2013 are included. Student information for HE
enrolment comes from HESA. For university enrolment, cohorts that were in Year 10 from 2005-2012 are included. Students are
allocated to the first degree of the highest level in which they enrol within 9 years of Year 10.
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Figure 1.3: Local students’ most prominent university field choice

For each TTWA, the map shows the field of study that is most overrepresented compared to national levels. Student information
for HE enrolment comes from HESA. For university enrolment, cohorts that were in Year 10 from 2005-2012 are included.
Students are allocated to the first degree of the highest level in which they enrol within 9 years of Year 10.
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Figure 1.4: Local employment shares

(a) Degree employment (b) Field most above national average

Employment shares from the BSD, combined with the LFS. For each TTWA, the map in panel (b) shows the field of employees
in that location that is most overrepresented compared to national levels.

Figure 1.5: Degree employment shares increase following degree expansion

Data at the TTWA x Year level. Employment shares and changes from the BSD.
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Figure 1.6: Field employment shares increase following field expansion

Data at the TTWA x Year x Qualification level. Employment shares and changes from the BSD.

Figure 1.7: A-level enrolment following an expansion of local (TTWA) degree employment

Data at the TTWA x Year level. Employment shares and changes from the BSD. Student information from the NPD. Cohorts that
were in Year 10 from 2004-2013 are included. RHS variable used is an indicator for changes of more than 1.0pp in the share of
jobs in an area that employ a worker with a degree. Standard errors are two-way clustered by base year TTWA.
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Figure 1.8: A-level enrolment following an expansion of Postcode District degree employment

Data at the Postcode District x Year level. Employment shares and changes from the BSD, student shares from the NPD. Student
information from the NPD. Cohorts that were in Year 10 from 2004-2013 are included. RHS variable used is an indicator for
changes of more than 1.5pp in the share of jobs in an area that employ a worker with a degree. Standard errors are two-way
clustered by base year TTWA.

Figure 1.9: Degree enrolment following an expansion of local degree employment

Data at the TTWA x Year level. Employment shares and changes from the BSD. Student information for HE enrolment comes
from HESA. For university enrolment, cohorts that were in Year 10 from 2005-2012 are included. Students are allocated to the
first degree of the highest level in which they enrol within 9 years of Year 10. RHS variable used is an indicator for changes of
more than 1.0pp in the share of jobs in an area that employ a worker with a degree. Standard errors are two-way clustered by base
year TTWA.
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Figure 1.10: University field selection following an expansion of local field employment

Data at the TTWA x Year x Qualification level. Employment shares and changes from the BSD. Student information for HE
enrolment comes from HESA. For university enrolment, cohorts that were in Year 10 from 2005-2012 are included. Students are
allocated to the first degree of the highest level in which they enrol within 9 years of Year 10. RHS variable used is an indicator
for changes of more than 0.5pp in the share of jobs in an area that employ a worker with a qualification in the field. Standard
errors are two-way clustered by base year TTWA.

Figure 1.11: University field selection following an expansion of Postcode District field employment

Data at the Postcode District x Year x Qualification level. Employment shares and changes from the BSD, student shares from
the NPD. Student information for HE enrolment comes from HESA. For university enrolment, cohorts that were in Year 10 from
2005-2012 are included. Students are allocated to the first degree of the highest level in which they enrol within 9 years of Year
10. RHS variable used is an indicator for changes of more than 0.75pp in the share of jobs in an area that employ a worker with a
qualification in the field. Standard errors are two-way clustered by base year TTWA.
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Figure 1.12: University field selection for academy students following an expansion of local field employment

Data at the TTWA x Year x Qualification level. Employment shares and changes from the BSD. Student information for HE
enrolment comes from HESA. For university enrolment, cohorts that were in Year 10 from 2005-2012 are included. Students are
allocated to the first degree of the highest level in which they enrol within 9 years of Year 10. Only students who attended an
academy in Year 12 are included. RHS variable used is an indicator for changes of more than 0.5pp in the share of jobs in an area
that employ a worker with a qualification in the field. Standard errors are two-way clustered by base year TTWA.

Figure 1.13: University field selection for community school students following an expansion of local field employment

Data at the TTWA x Year x Qualification level. Employment shares and changes from the BSD. Student information for HE
enrolment comes from HESA. For university enrolment, cohorts that were in Year 10 from 2005-2012 are included. Students
are allocated to the first degree of the highest level in which they enrol within 9 years of Year 10. Only students who attended a
community school in Year 12 are included. RHS variable used is an indicator for changes of more than 0.5pp in the share of jobs
in an area that employ a worker with a qualification in the field. Standard errors are two-way clustered by base year TTWA.
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Figure 1.14: University field selection for Russell Group students following an expansion of local field employment

Data at the TTWA x Year x Qualification level. Employment shares and changes from the BSD. Student information for HE
enrolment comes from HESA. For university enrolment, cohorts that were in Year 10 from 2005-2012 are included. Students
are allocated to the first degree of the highest level in which they enrol within 9 years of Year 10. Only students who attended a
Russell Group are included. RHS variable used is an indicator for changes of more than 0.5pp in the share of jobs in an area that
employ a worker with a qualification in the field. Standard errors are two-way clustered by base year TTWA.
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Figure 1.15: University field selection for students at former polytechnic universities following an expansion of local field
employment

Data at the TTWA x Year x Qualification level. Employment shares and changes from the BSD. Student information for HE
enrolment comes from HESA. For university enrolment, cohorts that were in Year 10 from 2005-2012 are included. Students
are allocated to the first degree of the highest level in which they enrol within 9 years of Year 10. Only students who attended a
polytechnic university are included. RHS variable used is an indicator for changes of more than 0.5pp in the share of jobs in an
area that employ a worker with a qualification in the field. Standard errors are two-way clustered by base year TTWA.
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Appendix 1.A Results

Figure 1.A1: Degree enrolment, total economic conditions

Data at the TTWA x Year level. Employment shares and changes from the BSD. Student information for HE enrolment comes
from HESA. For university enrolment, cohorts that were in Year 10 from 2005-2012 are included. Students are allocated to the
first degree of the highest level in which they enrol within 9 years of Year 10. Standard errors are two-way clustered by base year
TTWA.
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Figure 1.A2: Student-weighted share of schools offering A-level biology

For each TTWA, the map shows the student-weighted share of schools which, in 2009 offered A-level biology.
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Figure 1.A3: Student-weighted share of schools offering A-level chemistry

For each TTWA, the map shows the student-weighted share of schools which, in 2009 offered A-level chemistry.
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Figure 1.A4: Student-weighted share of schools offering A-level english literature

For each TTWA, the map shows the student-weighted share of schools which, in 2009 offered A-level English literature.
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Figure 1.A5: Student-weighted share of schools offering A-level history

For each TTWA, the map shows the student-weighted share of schools which, in 2009 offered A-level history.
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Figure 1.A6: Student-weighted share of schools offering A-level mathematics

For each TTWA, the map shows the student-weighted share of schools which, in 2009 offered A-level mathematics.
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Figure 1.A7: Student-weighted share of schools offering A-level further mathematics

For each TTWA, the map shows the student-weighted share of schools which, in 2009 offered A-level further mathematics.
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Figure 1.A8: Student-weighted share of schools offering A-level physics

For each TTWA, the map shows the student-weighted share of schools which, in 2009 offered A-level physics.
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Appendix 1.B Data Sources

Subsection 1.B.1 Business Structure Database (BSD)

To observe local variation in skill demand, I use the ONS Business Structure Database (BSD), an annual snapshot of the Inter-

Departmental Business Register (IDBR), which is a live register of data collected by HM Revenue and Customs via VAT and Pay

as You Earn (PAYE) records. This covers all businesses liable for VAT (turnover exceeds the VAT threshold) and/or has at least

one member of staff registered for the PAYE tax collection system, then the business will appear on the IDBR (and hence in the

BSD). My primary unit in this data is the Local Unit (establishment), which is tied to a specific Enterprise (firm) in each year. I

use the location, industry, and employment for each establishment from 2002-2019 to compute the local industrial composition

and map that industrial composition to demand for skills using the LFS, as described below.

Subsection 1.B.2 Student Data

Data on students and education choices comes from several datasets provided by the Department for Education (DfE). The main

source of data, from which I use information on students’ geographic location in the specified base year, is the National Pupil

Database (NPD). This is a linked administrative dataset of all students in state-funded schools in England. I observe students’

location, demographic characteristics, school information, and exam results during the period of compulsory education. I also use

data from the Higher Education Statistics Agency (HESA) dataset, which covers students registered at a higher education provider

in a course that leads to a qualification at level 3 or higher.

Subsection 1.B.3 Labour Force Survey (LFS)

I use the UK Labour Force Survey (Office For National Statistics 2023) to map from industries to skills. To define the skill

composition, I harmonize the EHATFLD (field) and HIQUAL (level) variables over time, and populate them for earlier years

using the given information. The data used is for those ages 18 to 34, employed, in years 2004-2008, quarterly. The field of

education is assigned for those who completed a qualification at Level 3 or higher. While A-Levels are a level 3 qualification in

the qualifications framework, field is not assigned for students taking A-levels.

I consider all qualifications for which a field is assigned; specifically the field shares include those in both Level 3+ vocational

qualifications, which results in the skill mix being somewhat different than those typically taken in academic qualifications. I do

this as the fields studied in vocational qualifications are still indicative of the relevant academic qualifications.

The fields and level of qualifications I consider are listed below:

Code Label
0000 Generic programmes and qualifications
0100 Education
0200 Arts and humanities
0300 Social sciences, journalism and information
0400 Business, administration and law
0500 Natural sciences, mathematics and statistics
0600 Information and communication technologies
0700 Engineering, manufacturing and construction
0800 Agriculture, forestry, fisheries and veterinary
0900 Health and welfare
1000 Services

Table 1.B2: Qualification Fields
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Code Label

0 Other
1 Degree or equivalent (Level 6 or above)

Table 1.B3: Qualification Levels
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Appendix 1.C Data Processing

Subsection 1.C.1 Mapping Fields

After using the LFS to map the fields for workers, I standardize the DfE and HESA data to the same fields. A-Level qualifications

are assigned a field based on the sector / subject framework values assigned to the qualification in the Qualification Accreditation

framework. These values provide detailed description of the subject studied (e.g. Accounting and Finance; Transportation Op-

erations and Maintenance; Hospitality and Catering), which allows me to map them to the standardized fields used in the LFS.

For example, A-levels in economics are mapped to 0300 - Social sciences, journalism and information, and biology is mapped to

0500 - Natural sciences, mathematics and statistics.

University degrees are assigned a subject based on the Joint Academic Coding System (JACS) to match the assignments in

the LFS. The exact mapping used in the LFS is spelled out in the data dictionary, and I use the JACS3 codes provided in the HESA

data to map degrees (by title) accordingly.

Subsection 1.C.2 BSD Smoothing

Despite being an administrative database, the BSD has some gaps in reporting. To avoid erroneous interpretation of missing data

as a decrease and immediate increase in industry employment (and therefore the associated skills), I use the imputation procedure

described below. For firms with a gap in reporting between two years in which they are active, I assume their location and industry

stays the same as in the initial year. I linearly impute employment between the start and end year, as in the example below.

Year Employment Imputed year Imputed year
2002 210 2002 210

2003 220
2004 230

2005 240

Table 1.C4: Imputation example. The location and industry from the 2002 record would be used for the
2003 and 2004
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Chapter 2

Familial persistence of geographic mobility
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2.1 Introduction

Geographic mobility represents a critical mechanism for economic opportunity and labour market ad-

justment in the United States. However, migration rates have declined substantially in recent decades,

prompting concerns about diminished economic dynamism and individuals’ capacity to access better

opportunities across regions. While there has been extensive research on the individual-level determi-

nants of mobility—such as education, housing markets, and local economic conditions—less attention

has been paid to how mobility patterns might persist across generations within families.

In this paper, I consider how family history shapes individual geographic mobility decisions along

several dimensions. I develop a novel measure of familial mobility: whether an individual was born in

the same state as their parents. Using data from the Panel Study of Income Dynamics (PSID) (Survey

Research Center 2020), I document significant differences in short-term, medium-term, and lifetime

migration rates between adults who were born in the same state as both parents and those who were

not. These differences persist after controlling for education, demographics, and time-varying charac-

teristics like employment status and homeownership. And they are of similar magnitudes regardless of

gender or education. I further decompose moves into different types—moves away from home states,

return migration, and repeat migration— to better understand the patterns that may lead to aggregate

differences.

Familial persistence of geographic mobility has both aggregate and individual implications. First,

migration is an important labour market adjustment mechanism for both individuals and communities.

The main adjustment comes through a decrease in in-migration (Monras 2018). If, as I find, mobility

is persistent within families, selection on propensity to move would leave only those (families) with a

preference to stay behind in disadvantaged locations. Further, reduced in-migration would not refresh

the stock of mobile families in undesirable locations.

While the data used in this project does not allow for detailed location analysis, these patterns

have potentially significant implications for the spatial distribution of propensity to move or ‘prefer-

ence for place’ as commonly modelled. Consider the spatial sorting model of Diamond and Gaubert

(2022), which assumes location-taste preference shocks are identically distributed across space. The

results I find can be modelled as intergenerational transmission of preference for place. In a GE setting,

over time, the selection mechanism described above would lead these locations to have distribution of

location-taste preference shocks different from more desirable locations. This also has implications for

place-based redistribution.

This work also has implications for the political divides seen throughout the country and across

the world. These divides have recently been characterised as a rift between mobile individuals who

do not see location as a barrier from opportunity and those who derive their sense of place from a

specific location (Goodhart 2017). In this context, my results can be interpreted as the transmission this

characteristic.

This work contributes to several areas involving spatial sorting and geographic mobility. It ties

together different threads in the existing literature on family ties and geographic mobility: migration
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history and family location. Existing work on this topic typically focuses on one or the other, finding

that those who live near family are less likely to migrate (Ermisch and Mulder (2019), Mulder and

Malmberg (2014), Mulder and Gillespie (2024)). There is also literature documenting the impact of

caring responsibilities on migration decisions, which finds increased mobility for those with siblings,

compared to only children (Rainer and Siedler 2009). I find that moves of all types are more likely for

individuals whose parents moved before they were born.

The existing literature on the impact of early mobility has focused on moves during childhood.

Childhood moves have two effects: the child gains ‘experience’ moving and their existing extra-familial

ties are broken. Generally, moving during childhood results lower adult income particularly for stu-

dents who moved in adolescence (Tønnessen, Telle, and Syse 2016). This association is increasing in

the number of moves. In contrast, my research design focuses on individuals whose parents moved

before they were born, meaning they were born into a household with experience moving, but do not

necessarily have their ties severed or disruption during childhood. The impact of parental migration is

documented not only by economists, but also be demographers and sociologists, with studies finding

positive relationships between parental mobility and education (Wassink and Viera 2021).

In contrast, recent work on intergenerational mobility emphasises the importance of place in so-

cial mobility. Children who moved to lower-poverty areas before age 13 have much better long-run

outcomes, in terms of college attendance and lifetimes earnings, compared to those who do not move

(Chetty, Hendren, Kline, and Saez 2014). Families who are immobile therefore may not be able to

take advantage of opportunities in other areas. Furthermore, this effect can compound over time with

‘mobile’ families having both a better initial location endowment and higher propensity to move.

There is a large literature documenting on the individual and aggregate factors that contribute to

geographic mobility. Causal evidence indicates that education is one of the strongest predictors of in-

terstate mobility, as a result of less location-specific human capital and geographically broader labour

market opportunities (Malamud and Wozniak 2012). Individual aggregate housing conditions also play

an important role, with homeowners being tied to their current location (Winkler 2011). My research

sheds light on an underexplored dimension of heterogeneity in these findings. Controlling for the indi-

vidual characteristics known to contribute to geographic mobility, I find that parental mobility still plays

a significant role, and that the effect is present for all groups.

My findings also have implications for the literature on spatial sorting. The feedback loop created by

the segregation of high-skilled, high-productivity workers and firms would be exacerbated by familial

persistence in mobility as well as education (Diamond (2016), Gaubert (2018), Diamond and Gaubert

(2022)). With persistent migration preferences, mobile, educated, families will concentrate in “superstar

cities” with lower-opportunity areas continuing to amass individuals with low motility. This is further

compounded by constrained housing supply in high-productivity areas acting as a barrier to migration

for lower-skilled workers (Ganong and Shoag 2017).

Finally, this work fits into the broader literature on intergenerational persistence. This phenomenon

has been documented for education, earnings, and occupation (Black, Devereux, and Salvanes (2005),

Black and Devereux (2011), Ventura (2023)). Much of the recent literature has turned to mechanisms,
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where persistence has also been found in aspirations and risk preferences (Kimball, Sahm, and Shapiro

(2009), Blanden, Doepke, and Stuhler (2023)). Geographic mobility may be influenced by these eco-

nomically important factors, and also has implications for earnings and other economic outcomes.

The paper proceeds as follows: Section 2.2 describes the data and factors associated with parental

mobility. Section 2.3 describes the empirical approach and interpretation. Section 2.4 presents the

main results on the relationship between parental mobility and adult children’s migration patterns, and

heterogeneity by individual characteristics and move type.

2.2 Data and descriptive statistics

2.2.1 PSID Data

My main source of data is the PSID, obtained from for Social Research (2020). The data begins in 1968

with a nationally representative “core” sample of nearly 18,000 individuals from about 5,000 families.

In addition to the families included in 1968, a refresher batch of immigrants was added in 1997 to

maintain national representativeness.

The study follows these individuals and their descendants, with the most recent data from 2017 in-

cluding responses from 24,000 individuals form 10,000 family units. Interviews are conducted annually

through 1997 and biennially thereafter. Importantly, this dataset tracks families and relationships over

time, allowing me to observe not only an individual’s move history, but also that of their family.

In each survey year, I observe each respondent’s current state, which allows me to construct in-

dicators of whether the individual has moved in the last year, or longer. Additional geographic data,

including birth state for all respondents, as well as a rich selection of covariates is available relating to

individual observable characteristics as well as family characteristics.

2.2.2 Mobility measures

Much of the existing literature focusing on the US relies on population level cross-sectional data. In

these datasets, measures of longer-term mobility are often limited to an indicator of whether an individ-

ual lives in the same state where they were born or where their child was born, ignoring any intermediate

moves. This understates migration rates, and the panel data set allows me to set a bound on by what

extent.

In later years, the panel moves to only biennial sampling, thus some interpolation is necessary. This

understates the true migration rate in these years for two reasons. First, it does not account for return

migration during the two-year period. In years where annual sampling took place, a move away from a

state in one year and a move back in the following year would be observed and counted as a move in each

of these years; in years with biennial sampling, the move would not be observed at all. Second, repeat

moves in consecutive years are observed only once. This understatement affects both the measures of

migration common in the literature, and the more detailed ones I construct which consider intermediate

moves.
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In addition to migration rates for individuals during the panel, I use historical information to con-

struct mobility rates for parents. From 1970 onward, the birth and childhood states of the parents of

household heads is collected; beginning in 1997, this is also collected for wives of household heads. I

can thus tell whether heads and their wives, in addition to children in the household, were born in the

same state as their parents. For children born into the panel, I have parental demographic information;

however, detailed parental data (for example, year of birth) is not available for those whose parents are

not in the PSID sample. When considering whether a parent has moved, I do consider moves originating

outside of the United States.

My main specifications define parental mobility as an indicator of whether an individual was born

in a different state than at least one of their parents. I use this indicator, rather than childhood mobility,

to avoid the repeat migration channel, as those who have moved once in their lives are more likely

to continue moving (Borjas (2001), Constant and Zimmermann (2012), DaVanzo (1983)). In some

specifications, to better relate to the literature, I also include information on childhood moves. This is

derived from childhood state in the panel, when available, or from observed states for those who were

in the panel as children.

2.2.3 Sample selection and weighting

As the focus of the paper is interstate migration, I restrict my analysis to individuals who live within the

US. For each mobility measure, they must also live within the US at the beginning of the mobility period.

As I consider only moves within the US when calculating interstate migration rates, an immigrant will

not have an indicator of lifetime mobility but will for 1-year and 5-year mobility.

I also restrict my sample to working-age individuals (ages 18-65). This is done for two reasons.

First these are the individuals for whom mobility is most likely to influence immediate labour market

outcomes. Furthermore, as parental move history is my key variable of interest, including children who

live with their parents would include decisions whether to move that were instead made by the parents,

confusing interpretation.

2.2.4 Additional Data Sources

To account for heterogeneity in local factors influencing migration rates, I include state-level controls for

land area and unemployment. I use state land area from U.S. Census Bureau (2020)1. Unemployment

rates come from the BLS Local Area Unemployment Statistics, and are available from 1976 onward

(U.S. Bureau of Labor Statitics 2020). The rates used are the annual averages calculated by the BLS for

the civilian noninstitutional population. As with all other time-varying variables, the rate used is that in

the ’origin’ state and year (i.e. 1 or 5 years before).

1. The land area is as of 2010, but remains stable over time during the course of this study.
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2.2.5 Descriptive differences

Table 2.2 compares working-age individuals with at least one parent who moved before they were born

(children of movers) to those born in the same state as both of their parents (children of stayers). Chil-

dren of movers, shown in column 1, are different in many observable ways; these differences are nearly

all in the direction that is associated with higher geographic mobility. On average, they are more edu-

cated, which is positively correlated with geographic mobility (Malamud and Wozniak 2012). They are

also slightly younger (i.e. born later in the sample). On average they live in slightly larger states. They

are much more likely to have moved as children, consistent with repeat migration by their parents.

Moving to time-varying characteristics, those born to mobile parents are less likely to own a house,

be employed, or have children. As with the individual characteristics, the direction of these differences

is such that those born to mobile parents have characteristics associated with higher geographic mobility.

Looking at their recent mobility, they’ve spent fewer years in their current state, are less likely to have

lived there long-term (≥ 10 years), and are more likely to live in a state in which they’d not been

previously observed.

In some specifications, I add fixed effects for the individuals’ extended family; that is, the family

originating from the same 1968 interview. This restricts the sample to only families containing some in-

dividuals whose parent(s) moved and some whose did not. Table 2.1 compares individuals within those

families. Columns (1) through (4) compare the raw differences between those two groups, consistent

with table 2.2. Columns (5) and (6) show their results of a regression of each characteristic on parental

mobility and family fixed effects.

Columns (1) and (2) show that the sample means for this restricted sample are relatively similar

to those for the full sample shown in table 2.2. Comparing columns (3) and (4) with table 2.2, the

differences between those whose parents moved and those who didn’t for these families in terms of

demographic characteristics broadly follow the same patterns as the main sample. In some cases, the

differences are slightly smaller. However, there are key differences in the moving histories of these

families, with the number of years in the current state, rate of long term residency, and probability of

living in a new state being equal for those whose parents moved and those whose did not. In all cases,

these are between the rates in the full sample for those whose parent(s) moved and those whose did not,

and closer to the values for those whose parent(s) moved.

Turning to columns (5) and (6), and setting aside recent mobility, adding family fixed effects changes

the magnitude of the differences but does not substantively alter the dimensions along which the differ-

ences are significant (in either an economic or statistical sense). However, the recent mobility results

show a complete reversal from the full sample. Here, compared to other members of their extended

family, individuals whose parent(s) moved have lower recent mobility along all dimensions than those

whose parents did not.
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2.3 Empirical strategy

2.3.1 Regression setup

A key choice in the analysis of geographic mobility is the unit considered. In the context of the impact

of mobility on local labour markets, the ideal unit of analysis would be that of inter-labour-market

moves. However, even when labour markets can be defined, their evolution over time makes consistent

measurement difficult. Furthermore, the data necessary to identify in which labour market an individual

lives and has lived is often not accessible.

Due to the availability of variables in the PSID, I focus on interstate migration as my main variable

of interest. Compared to local labour markets, the consequences of using this measure are mixed. Much

of the existing literature on migration the United States has focused on migration between states and

counties. Measuring mobility based on counties overstates labour market mobility, as multiple counties

are often part of a single labour market. In contrast, interstate migration can understate geographic mo-

bility though there are factors in both directions. While some labour markets that cross state borders

(most prominently, those surrounding New York City and Washington, D.C.), resulting in an overstate-

ment, migration between labour markets within the same state (e.g. between San Francisco and Los

Angeles) is not captured by interstate migration measures.

My main specification is as follows:

yi,t = βMi +λXi,t ′ + γu′s,t +αrs +δt + εi, t (2.1)

yi,t is the outcome of interest: 1-year, 5-year, or lifetime migration. Mi is a mobility indicator, and the

variable of interest. In most specifications, this takes a value of 1 if an individual was born in a different

state than their parents. Xi,t ′ is a vector of individual demographic controls in the base (origin) year. It

includes highest education and race, which do not change over time, as well as time-varying controls for

housing and employment status and quartic in age. us,t ′ is origin state unemployment in the base year.

Following Rosenbloom and Sundstrom 2004, I include the square-root of origin-state area, rs (in some

specifications, I instead include a state fixed effect). δt is a time fixed effect to account for changes in

both the data and the migration rate over time.

In other specifications, I also include a family fixed effect. Each individual in the sample is tied to

an original (1968) interview family. I refer to individuals associated with the same 1968 interview as

being in the same (extended) family. In these specifications, I use variation within families; thus, the

sample is restricted to only (extended) families with variation in parental mobility. Differences within

families can come both across and between generations2.

2. To fix ideas, a few examples of within-family variation: cousins where some have a parent who moved and other don’t
(either by marriage or different mobility patterns from their parents who are siblings); siblings where one was born before their
parents moved (or returned) and one was born after; an adult born to immobile parents who moves then has a child.
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2.4 Results

First, I consider all moves, comparing those who were born in the same state as both their parents to

those who were not. Figure 2.1 shows the evolution of short- and long-term geographic mobility over

the last half-century, split by parental mobility. For every duration of move, the migration rates for those

born to mobile parents are higher than those born in the same state as their parent(s). The trends for both

groups over time are also the same, with increasing lifetime mobility but decreasing short-term mobility

over time. I discuss the types of moves and patterns there in the subsequent sections.

As seen in section 2.2, those whose parent(s) moved are different along many dimensions than those

whose parent(s) did not. I control for these factors in the regressions shown in table 2.3, which shows

the differences in 1-year, 5-year, and lifetime migration rates between those whose parent(s) moved and

those whose parent(s) did not. The first column shows the raw difference in migration rates, with those

born to mobile parent(s) about 30 percent more likely to move across all durations.

In the next column, I control for year fixed effects. In addition to differences in migration rates

over time, this also helps address concerns about changes in the nature of available data as the panel

progresses. Early in the study period, many individuals are missing parental information. Later gener-

ations included in the PSID have both a richer individual migration history and more family migration

information available. Despite these differences, adding these fixed effects does not meaningfully alter

the results.

I then add controls to address the differences seen in table 2.2. I first add controls for education and

demographics, shown in column 3. I then add time-varying characteristics: a quartic in age, employment

status, and homeownership, shown in column 4.

While controlling for these characteristics reduces the magnitude of the effect, the results remain

both statistically and economically significant. With controls, the short-run migration rates are 20-25

percent higher for those whose parent(s) moved, and the lifetime mobility is 50 percent higher. In

column 5, I include controls for the land area and unemployment rate in the origin state. These do not

meaningfully alter the results, and this is the preferred specification I refer to later. I also confirm in

column 6 that using a state fixed effect, rather than land area, does not meaningfully alter the results.

Finally, I add a fixed effect for the extended family3 to which the individual belongs. Thus, col-

umn 7 compares individuals within the same ‘family tree’, distinguishing those from mobile versus

immobile branches. Here, the magnitude of the effects for the short- and medium-moves shrinks to be

indistinguishable from 0. This implies that the differences in short- to medium-run migration rates seen

in column 6 come from differences between ‘mobile’ and ‘immobile’ families. This is consistent with

the offsetting demographic and move history differences seen in table 2.1. However, individuals whose

parent(s) moved are still significantly more likely to live in state different than the one in which they

were born. This could be due to a higher chance of migration during childhood (panels A and B consider

only working-age adults), or a decrease in repeat or return migration.

3. The initial interview family to which the individual is associated.
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2.4.1 Changes over time

Much of the recent literature on migration in the US focuses on the declining rates of geographic mo-

bility since the mid-20th century. In this section, I examine whether the effect I see changes over time.

Table 2.4 interacts the parental mobility indicator with an indicator for each decade of the PSID. For

short and medium-run mobility, the effect is indeed larger in the first decade of the PSID, but it remains

both economically and statistically significant in later years. The magnitude of the impact on 1-year

move rate declines somewhat in the later part of the study, while the impact on 5-year moves is rela-

tively stable for all decades after the 1970s. Thus, changes in familial persistence do not help to explain

the overall decline in mobility4.

2.4.2 Heterogeneity

I now consider how the results differ by group. I consider heterogeneity along two dimensions: sex and

education. In making these comparisons, I consider the preferred specification, with full controls, with

and without family fixed effects.

I first consider differences between those who have only a high school education or less and those

who continued their studies after high school. The evolution of 5-year move rates for these groups

over time is shown in figure 2.2. In all years, those who studied beyond high school are more mobile

than those who did not, with even the more-educated children of stayers moving more often than less-

educated children of movers. This points to the importance of other factors identified in the literature

in the moving decision. However, within-group there remain significant differences based on parental

mobility.

The first two columns of table 2.5 show the overall results (columns 5 and 6 of table 2.3 for refer-

ence). Columns 3 and 4 show the same regressions but with the sample restricted to those have only a

high-school education, and columns 5 and 6 show are those who studied beyond high school.

Comparing columns 3 and 5, those with college are much more likely to move across all durations.

Although the effect size for the lower education group, shown in column 3, is smaller, the relative

magnitude is similar. As in the aggregate, the 1-year migration rates increase by 20-25 percent for both

groups. Over 5 years the effect is 30 percent for those with high school compared to only 20 percent for

those with more education.

The results with family fixed effects, shown in columns 4 and 6, compared individuals to others in

their (extended) family with the same education level. In both cases, these show the same pattern as

the aggregate results: within families, those born to mobile parents are not significantly more likely to

move than those born in the same state as their parents.

Columns 7 and 9 show the results with the sample restricted to men and women, respectively. The

short-run mobility impact for women is slightly larger, both in terms of absolute and relative magnitude,

though the lifetime coefficient is somewhat smaller. This discrepancy can be explained by fewer repeat

moves, or higher rates of return migration. Turning to column 8, which compares men to the other men

4. The decade fixed effects, not shown in the table, are consistent with declining short and medium-run mobility.
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in their family, the results again show the same pattern as the full-sample results.

Column 10 compares women whose parent(s) moved to other women in their family whose parent(s)

did not. Unlike the other within-family results, the magnitude of the difference in short-run mobility

for this group is of the same order of magnitude as the results without family controls. For both 1-

year and 5-year moving rates, women whose parent(s) moved are 10-15 percent more likely to move

than those whose parent(s) did not. The differences here could be driven by the importance of caring

responsibilities (Compton and Pollak 2014).

2.4.3 Move types

I now examine different types of moves. Figure 2.3 decomposes 5-year moving rates into moves away

from home, moves back home, moves while away, and moves between home states. Here, home states

are the places where the individual was born or lived as a child.

Panel A shows this decomposition for adults who were born in the same state as their parents. The

rate of moving away from their home state declined from 1970s to the 1990s and has remained relatively

stable around 3-4 percent since then. Panel B shows the same composition for those born in a different

state than at least one of their parents. The rate of moving away is consistently higher than for those

born in the same state as their parents, but has also slowed, comparing the years before and after the

mid-nineties. For both groups, the repeat migration rate (moves when already away) has remained

stable over time, with those born to mobile parents moving about 50 percent more. In absolute terms,

return migration rates are also higher for those born to mobile parents, however a larger share of these

individuals live away from their home state(s), so the relative magnitudes are similar.

An important aspect of geographic mobility, when considering economic dynamism and long-run

differences in local characteristics, is the propensity of individuals to leave the conditions which they

have inherited. Table 2.6 restricts the sample to individuals who have never left their birth state. Over all

durations, the average mobility is about 40 percent lower for this group than the full sample. I chose to

restrict to this group, rather than to those who have never moved in their lifetime, to include those who

were moved by their parents as children. This allows the results to be interpreted as the impact of the

parental migration decisions (for their young family) on the individuals’ later choices (moves as adults).

As in the full sample, with full controls, the migration rates for those born in a different state than

their parent(s) are about 25 percent higher than the rate for those born in the same state as both parents.

The final column of the table compares individuals to others in their (extended) family who have not

moved as adults. As in the full sample, there is no significant difference.

2.4.4 Move history

There is a significant literature in the individual propensity to migrate, focusing on individual rather

than familial moving history. To better relate my findings to this literature, I consider and compare

the impact of childhood moves to family move history. Table 2.7 adds an indicator for whether the

individual moved before age 18, as well as an interaction term, to the main specification shown in table
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2.3.

Parental moves before a child was born remain important for their future mobility, and the effect

is additive with additional moves during childhood. The impact of parental moves pre-birth is roughly

half the impact of the impact of moving as a child. Furthermore, the magnitude of the effect is about

half of the magnitude without childhood move controls – it remains both economically and statistically

significant.

These specifications help to elucidate some of the possible mechanisms behind the increased geo-

graphic mobility. Children of parents who moved states before they were born but not during childhood

would likely have a stable social peer group5, but family ties in other locations.

2.5 Conclusion

Adults born in a different state than their parents were are much more likely to move throughout their

lifetime. While these individuals have different observable characteristics than those who were born in

the same state as their parents, the differences in migration rates are robust to controls for these factors.

Furthermore, these differences - about a 20 percent increase in migration rates, are consistent across

subgroups by education and gender. The effects also consistently present throughout the period I study.

Within (extended) families, there are not significant differences in migration rates between those

born in different states than their parents and their cousins and other family members born in the same

state as their parents. This points toward extended family ties as an important factor in migration de-

cisions. The exception to this is that women born in a different state than their parent(s) remain more

likely to move, even compared to their extended family.

When examining different types of moves, those born to mobile parents exhibit higher rates of

all move types: moves away from home states, return migration, and repeat migration. Even among

individuals who have never left their birth state as adults, those with mobile parents have approximately

25 percent higher migration rates, suggesting a persistent difference in propensity to relocate.

These results have implications for the distribution of location preference (or moving cost) in spatial

sorting models, as those with a lower preference for their initial location move away, and subsequent

generations’ preferences are related to those of the current generation. An interesting modification to

existing models would be an extension to include this property of preferences.

While this research establishes the importance of familial mobility history, several questions re-

main for future research. First, further exploration of the mechanisms driving this persistence, such as

family ties, risk preferences, information dissemination or other factors, is relevant to the implications.

In particular, the relationship between these factors may be important for diverging economies within

countries. Furthermore, additional work can be done to understand the implications of the difference

in geographic mobility for other outcomes. For example, how these children differ in their education

choices, or their response to economic shocks. While this work identifies a clear mobility pattern, there

is much more to be done to fully understand the patterns described here.

5. Here I consider only inter-state moves, but it is possible that the families are more mobile intra-state, lessening social ties.
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Figure 2.1: 5-year move rate decomposition by parental mobilty

The sample includes all working-age individuals with parental data and is weighted according to indi-
vidual weights.

Figure 2.2: 5-year move rates by education and parental mobilty

The sample includes all working-age individuals with parental data and is weighted according to indi-
vidual weights.
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Table 2.1: Balance of characteristics

Parent(s) Parent(s)
moved didn’t move
Mean Mean Difference p-value

Variables (1) (2) (3)=(1)-(2)
Individual characteristics
Highest education

Less than high school 0.062 0.097 -0.036*** (0.000)
High school only 0.256 0.301 -0.045*** (0.000)
Some college 0.301 0.268 0.033*** (0.000)
College or more 0.382 0.334 0.048*** (0.000)

Demographics
Female 0.498 0.526 -0.028** (0.002)
Birth Year 1970 1966 3.245*** (0.000)
White 0.799 0.781 0.018* (0.018)
Black 0.130 0.151 -0.021** (0.001)
Other race 0.071 0.068 0.003 (0.508)

Birth state
Birth state unemp. 0.066 0.067 -0.001* (0.018)
Birth state size 409.649 367.128 42.521*** (0.000)

Early mobility
Moved as Child 0.337 0.126 0.211*** (0.000)

Number of individuals 5,177 7,103
Time-varying characteristics
Housing status

Own 0.651 0.688 -0.037*** (0.000)
Employment status

Employed 0.647 0.664 -0.017*** (0.000)
Unemployed 0.045 0.045 0.001 (0.452)

Children
Has child(ren) 0.371 0.416 -0.045*** (0.000)
Num. children 0.835 0.917 -0.082*** (0.000)

Recent mobility
Num. years in state 24.670 27.185 -2.515*** (0.000)
Live ≥ 10 years in state 0.788 0.829 -0.042*** (0.000)
Live in new state 0.020 0.014 0.006*** (0.000)

Number of person-years 74,905 105,494

Notes: The sample includes all working-age individuals with parental data. Results are
weighted by the number of students in Year 10 in the TTWA in 2002. *** p < 0.01; ** p <
0.05; * p < 0.10
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Table 2.2: Balance of characteristics - Family sample

Parent(s) Parent(s)
moved didn’t move within fam within fam
Mean Mean Difference p-value Difference p-value

Variables (1) (2) (3)=(1)-(2) (4) (5) (6)
Individual characteristics
Highest education

Less than high school 0.069 0.099 -0.030*** (0.000) -0.026*** (0.000)
High school only 0.272 0.303 -0.031*** (0.001) 0.007 (0.455)
Some college 0.304 0.274 0.030** (0.001) 0.035*** (0.000)
College or more 0.355 0.323 0.031** (0.001) -0.017 (0.066)

Demographics
Female 0.503 0.522 -0.019 (0.059) -0.012 (0.303)
Birth Year 1971 1967 4.349*** (0.000) 5.596*** (0.000)
White 0.786 0.776 0.010 (0.240) -0.008 (0.056)
Black 0.140 0.163 -0.023** (0.002) -0.002 (0.383)
Other race 0.074 0.061 0.013* (0.013) 0.011* (0.011)

Birth state
Birth state unemp. 0.066 0.067 -0.001* (0.025) -0.001 (0.415)
Birth state size 411.959 363.340 48.619*** (0.000) 20.767*** (0.000)

Childhood mobility
Moved as Child 0.323 0.150 0.173*** (0.000) 0.114*** (0.000)

Number of individuals 4,275 5,451
Time-varying characteristics
Housing status

Own 0.644 0.680 -0.036*** (0.000) -0.028*** (0.000)
Employment status

Employed 0.641 0.661 -0.020*** (0.000) -0.020*** (0.000)
Unemployed 0.049 0.047 0.001 (0.238) 0.002 (0.170)

Children
Has child(ren) 0.394 0.432 -0.038*** (0.000) -0.045*** (0.000)
Num. children 0.913 0.971 -0.057*** (0.000) -0.072*** (0.000)

Recent mobility
Num. years in state 25.736 25.932 -0.196* (0.021) 2.389*** (0.000)
Long term res 0.814 0.814 0.000 (0.962) 0.039*** (0.000)
Live in new state 0.016 0.016 -0.000 (0.808) -0.005*** (0.000)

Number of person-years 58,704 80,056

Notes: The sample includes all working-age individuals with parental dataResults are weighted by the number of students in
Year 10 in the TTWA in 2002. *** p < 0.01; ** p < 0.05; * p < 0.10
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Chapter 3

Individual consequences of occupational decline

This chapter is jointly co-authored with Per-Anders Edin, Georg Graetz, Sofia Hernnäs, and Guy

Michaels.

3.1 Introduction

What are the career earnings losses that workers suffer when demand for their occupations declines?

This question is important for policy debates on responses to technologies that replace workers (Ace-

moglu and Restrepo 2019), and is relevant for broader discussions on labour market transformations

due to technological change (see for instance Brynjolfsson and McAfee 2014, Autor 2015, and Caselli

and Manning 2019). New labour-replacing technologies no longer threaten only machine operatives and

clerical workers. Self-driving vehicles may reduce the employment of drivers (Campbell 2018), and ar-

tificial intelligence software challenges professionals such as lawyers and financial investors (Susskind

and Susskind 2015) and even fashion designers (Scheiber 2018). This is causing considerable angst.

It is therefore important to understand how costly occupation-replacing technologies are for workers,

since this informs our thinking about individual welfare, inequality, and human capital investments. It

is also important for public policy decisions on taxation, redistribution, retirement, and education, and

may even have broader political consequences (Marx 1867; Caprettini and Voth 2017; Bo et al. 2022).

In this paper, we investigate the consequences for the career earnings and employment of individual

Swedish workers of large declines in demand for their occupations, which are driven by technological

change. We assemble high-quality population-level administrative data spanning several decades with

a highly detailed occupational classification and a rich set of control variables. Using these, we regress

workers’ career earnings on an indicator for (large) occupational declines, controlling for potential con-

founders as discussed below. We show that the coefficient on the occupational decline indicator can be

decomposed into the mean effect of occupational decline on workers whose occupation declines relative

to those whose occupation does not, plus a selection term.

This selection term represents the mean difference in outcomes between workers whose occupation

declines and other workers in absence of any occupational decline. To address this selection prob-

lem, we show that adding individual-level controls addresses individual-level selection on cognitive and
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non-cognitive skills and parental backgrounds. We also control for occupation-level characteristics, to

address the concern that declining occupations would have delivered different outcomes in absence of

occupational decline.

To learn more about the mean effect of occupational decline on workers in declining occupations,

we consider how the underlying processes affect workers whose occupations do not decline. Workers in

non-declining occupations are likely to gain, at least on average, through two channels: first directly, as

demand increases for occupations that drive technological change; and second indirectly, as rising in-

comes increase demand more broadly. Some workers in non-declining occupations may still lose from

technological change if their occupations experience small falls in demand, a possibility we address by

considering different cutoffs for declining and non-declining occupations. Overall, we expect techno-

logical change to benefit the average worker (Caselli and Manning 2019; Humlum 2021). During the

period of our study, Swedish workers’ incomes rose substantially (for example, Graetz 2020, reports

that the real growth of median wages in Sweden was around 1.8% per year). Moreover, mean wages

(and earnings) in Sweden increased over the period we study not only in the aggregate, but also for

all subgroups formed by age-by-gender-by-education cells. In sum, therefore, our regression estimates

likely provide an upper bound on the magnitude of the losses incurred by workers whose occupations

decline. Across a range of specifications and robustness checks, we find that this bound is around 2%-

5% of earnings from 1985-2013. This indicates that at least on average, Swedish workers in declining

occupations were able to avoid large income losses.

As our main measure of occupational decline, we use the US Occupational Outlook Handbooks (Bu-

reau of Labor Statistics 1986; 2018, henceforth OOH), which allows us to identify which occupations

declined in the US since the mid-1980s; to check whether occupational declines had likely technol-

ogy drivers; and to gauge expectations of employment growth at the time. For reasons that we discuss

below, our baseline definition of occupational decline requires that employment contracted by at least

25% since the mid-1980s, though we also explore many alternative definitions, including declines using

a range of thresholds as well as measure computed using only the Swedish data. We match the occupa-

tional information from the OOH to individual-level panel data on the entire Swedish population. Thus,

we utilise the best aspects of both countries’ data: the US data allow us to characterise occupational em-

ployment growth and control for anticipated changes in demand, while the Swedish data let us follow

individuals who differ in their exposure to occupational declines, but were otherwise very similar.

Focusing on cohorts that were in prime working age from the mid-1980s till the mid-2010s, we

study how cumulative long-run outcomes (such as earnings and employment) differ for those who in

1985 worked in occupations that subsequently declined. We control for the initial selection of workers

into declining occupations by gender, age, education, income, and location in 1985. We show that

conditional on these controls, those in occupations that subsequently declined had similar cognitive

and non-cognitive skills and parental education and earnings, and similar pre-1985 earnings, as other

workers. In some specifications we add other controls, including measures of occupation-varying life-

cycle profiles and predictors of occupational employment growth, as well as broad occupation and

industry dummies. We show using pre-period data that our rich set of controls plausibly addresses the
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occupation-level differences in outcomes in absence of occupational decline.

We confirm that both our OOH-based measure of occupational decline and the predicted changes

in US employment correlate strongly with the employment changes in Sweden. Specifically, Swedish

workers who started out in occupations that subsequently declined were exposed to employment growth

that was 20-40 log points lower than in non-declining occupations. We find that relative to workers

with similar characteristics in non-declining, those in declining occupations lost about 5% of mean

cumulative pre-tax earnings and 2% of mean cumulative employment. And compared to similar workers

in similar occupations and industries, the cumulative earnings losses were only around 2%, and the

cumulative employment losses were around 1%. The implied elasticity of relative employment losses

with respect to occupational employment growth ranges from 0.04-0.05, and that for earnings losses

ranges from 0.08-0.13.1,2

We also find that those in declining occupations were significantly less likely to still work in their

1985 occupation in 2013, and the implied elasticity of remaining with respect to employment growth

ranges from 0.71-0.95. If occupational demand curves slope downward, such a strong mobility response

likely mitigated the earnings losses for those who remained in declining occupations.

While mean relative earnings losses from occupational decline were around 2%-5%, those in the bot-

tom tercile of their occupation’s earnings distribution in 1985 suffered larger relative losses, amounting

to 8%-11%. Those at the bottom (and possibly also the top) of their occupation’s earnings distribution

were also less likely to remain in their starting occupation than the median worker.

We further find that occupational decline increased the cumulative time spent in unemployment

(accounting for roughly a third of lost employment) and retraining (accounting for just under ten percent

of lost employment). Moreover, occupational decline led to slightly earlier retirement among middle-

aged (in 1985) workers. While most of our analysis focuses on overall occupational decline, we also

investigate variation stemming from technological replacement using three distinct methods, none of

which is mechanically related to the other. We find that all three measures of technological replacement

are associated with employment and earnings losses for individual workers that are broadly similar to

those in our main estimates.

To frame our empirical analysis of the consequences of occupational decline, we construct a quali-

tative Roy (1951) model with occupational demand shocks. As discussed above, we find that the largest

earnings losses from occupational decline in Sweden are incurred by those who earned the least within

their initial occupations. This finding is inconsistent with the frictionless Roy model, but it is consistent

with a version where occupational switching costs decline in the workers’ ability in the destination oc-

cupation. Moreover, our empirical analysis sheds light on the nature of the occupational switching costs,

1. Our paper focuses on changes that result in large-scale occupational declines, rather than task-replacing technologies that
change the work done within occupations. Nevertheless, we note that workers performing similar tasks may be exposed to
similar demand changes. Indeed, we find that the difference in occupational employment growth between declining and non-
declining occupations decreases in magnitude when we control for broad occupational categories. This is reflected in the implied
elasticities. There may also be spillovers as workers move from declining occupations into other occupations requiring similar
tasks. In a robustness check, we find that spillovers matter to an extent, but do not overturn our main conclusions.

2. We estimate mean earnings and employment losses from occupational decline that are similar in magnitude or possibly even
smaller using micro data from the US (National Longitudinal Survey of Youth 1979); the NLSY estimates are, however, noisier
than those using Swedish data. Nevertheless, these findings suggest that our estimates of losses from occupational decline may
generalise to settings beyond Sweden. See the earlier working paper version for details (Edin et al. 2019).
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as almost half of the employment losses we estimate are accounted for by a combination of increased

retraining and especially unemployment.

Our model can account for additional empirical findings when we also allow for worker displace-

ment. In this case, those with lower initial within-occupation earnings rank suffer larger earnings losses

from occupational decline; switchers’ earnings losses may be larger than those of stayers; and switch-

ing probabilities are U-shaped in initial earnings, whereby low-earning workers switch occupations if

displaced, while high-earning workers switch regardless of displacement when faced with occupational

decline.

Taken together, our results suggest that most workers have coped well with occupational decline,

in part through successful occupational switching, which is an encouraging message for workers facing

the risk of technological displacement today. One exception to this generally positive finding is that

low-ranked workers suffer larger losses from occupational decline.

Occupational decline is a salient feature of the evolution of labour markets (Goldin 2000). But de-

spite its importance, past work provides relatively little evidence about its consequences for individuals’

careers. While there is a large literature on the costs of occupational mobility, we are not aware of

previous estimates of workers’ earnings losses from negative occupation-level demand changes.3

Our paper is distinct from panel studies of workers who differ in the routineness of their jobs.4 A

key difference is that we can compare similar workers, even doing similar work, with different exposure

to occupational decline.5

Our paper also differs conceptually from studies of mass layoffs. Occupational decline can some-

times be managed through retirement and reduced hiring, allowing workers to change jobs without

leaving employment; and occupational decline need not entail severe spillovers for local labour mar-

kets, unlike mass layoffs (Gathmann, Helm, and Schönberg 2018). While magnitude comparisons

across studies should be interpreted with caution, the mean loss that we find from occupational de-

cline is generally lower than the loss from mass layoffs.6 Finally, our paper also differs from studies of

trade shocks, which affect import-competing firms and industries, while the changes we study typically

affect individual workers within firms.

Our paper is also related to Dauth, Findeisen, Suedekum, and Woessner (2021), who explore how

workers fare who are exposed to industrial robots; and to Battisti, Dustmann, and Schönberg (2017),

who investigate how firm-level technological and organisational change affects workers’ careers. Our

paper differs by exploring the consequences of a broader set of changes in occupational employment.

Furthermore, our paper is related to the literature on possible future displacement due to technological

3. Cortes and Gallipoli (2017), Kambourov and Manovskii (2009), Pavan (2011), and Sullivan (2010) estimate the human
capital losses associated with switching occupations. An older literature, including Neal (1995) and Parent (2000) studies the
cost of moving across industries, while in other related work Gathmann and Schönberg (2010) and Poletaev and Robinson (2008)
focus on task-specific human capital. Changes in the task content of existing occupations (for instance Spitz-Oener 2006), while
also potentially relevant, are outside the scope of our study due to data limitations.

4. See for example Cortes (2016), Autor and Dorn (2009), and Bachmann, Cim, and Green (2019).
5. Also related is independent work by Schmillen (2018), who studies employment shocks faced by German apprentices,

although our paper differs in its research question, econometric inference, and outcomes.
6. Studies of mass layoffs in Sweden find losses of 4%-6% of annual earnings in the 5-10 years following displacement (Eliason

and Storrie 2006; OECD 2015). In the US losses from displacement are generally larger and range from 7%-14% of earnings
(Davis and Von Wachter 2011), or possibly even higher for workers who were highly attached to their firms (Jacobson, LaLonde,
and Sullivan 1993). Galaasen and Kostøl (2018) and Bana (2021) explore how mass layoffs’ effects differ for occupations facing
negative demand shocks, but their focus is still on mass layoffs
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changes. Forecasts of occupational displacement range from almost 50% (Frey and Osborne 2017) to

around 10% (Arntz, Gregory, and Zierahn 2017, who obtain a lower estimate by taking into account

within-occupation heterogeneity in tasks). At the same time, Bessen (2016) concludes that technology

has, at least so far, not been a net destroyer of jobs. Even if this benign aggregate trend continues,

however, some occupations may be replaced by technology, and our study offers a way to assess the

losses from occupational displacement.

We conclude the introduction with brief remarks on the setting we study. Sweden’s economy and

labour market institutions constitute the backdrop to most of our empirical analysis. During the period

of our study, the Swedish economy experienced a deep recession in the early 1990s and a milder one

in 2008 (Lindbeck 1997; Gottfries 2018), and we find that earnings losses in declining occupations

were worse during those recessions. Wage inequality in Sweden increased during the 1980s and 1990s

and remained relatively stable thereafter (Skans, Edin, and Holmlund 2009). Swedish labour market

institutions have been characterised by strong labour unions and substantial public spending on labour

market policies. Unions have generally embraced technological changes to promote productivity and

wage gains, while expecting that active labour market policy will help displaced workers find work

(Edin and Holmlund 1995). There is, indeed, some evidence that Sweden’s occupational retraining

programs raise earnings (Vikström and Berg 2017), so they may have contributed to the modest losses

from occupational decline that we find.7 At the same time, our finding of noisier but similarly modest

mean earnings and employment losses from occupational decline in the US (Edin et al. 2019), suggests

that workers find ways to mitigate losses from occupational decline even in other settings.

The remainder of our paper is organised as follows. Section 3.2 presents our model, Sections 3.3 and

3.4 discuss our data and empirical strategy, respectively, Section 3.5 presents our results, and Section

3.6 concludes.

3.2 Occupational decline in a Roy model

This section presents a simple model to help us frame our empirical investigation. We consider two

occupations, one of which is hit by a negative demand shock, and we qualitatively study the resulting

sorting of workers and the costs they incur. We investigate how workers’ likelihood of leaving the

affected occupation, and their earnings losses, depend on their initial earnings. Starting from a standard

frictionless Roy (1951) model, we successively introduce positive and potentially heterogeneous costs

of switching occupation; as well as the possibility that workers are displaced from their jobs and incur a

cost to find a new job even when remaining in their initial occupation. Finally, we consider how workers’

sorting differs when the negative demand shock is anticipated in advance. A complete, self-contained

exposition of the model is given in the online appendix. Here we only summarise the main elements.8

7. Another feature of Swedish labour market institutions are so-called employment security agreements reached between labour
unions and business associations, and administered by works councils. These agreements stipulate counselling of laid-off workers
to minimise the duration of their unemployment. We do not consider these agreements important in driving our results because,
first, private sector blue-collar workers were only covered from 2004 onwards, and second, a careful evaluation of these agree-
ments does not find strong support for positive treatment effects (Andersson 2017).

8. Gola (2021) provides a different but related theoretical analysis of technological change in a two-sector model.
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We consider a competitive economy with a continuum of individuals indexed by i who live for two

periods t ∈ {1,2} and each supplies a unit of labour inelastically each period. There are two occupations

indexed by k ∈ {A,B} for the workers to choose from. Workers’ per-period log earnings are given by

yikt = πkt +αik − cikt , where πkt is the time-varying and stochastic (log) price of a unit of output in

occupation k, αik is the time-invariant (log) amount of output that worker i produces in occupation k, and

cikt ≥ 0 is a time cost related to occupational switching, which we discuss below.9 There are no saving

opportunities and earnings are consumed immediately. We define the life-time expected utility function

as E[yik1 +βyik2], where β > 0 is a discount factor. In each period, workers choose the occupation that

maximises their expected utility. As a normalisation, we assume that workers always choose occupation

A if indifferent. Since we focus our analysis on relative wages, we define π̃t ≡ πBt −πAt and assume

for simplicity that π̃1 = 0. As we discuss in Section 3.4.1, our empirical analysis proceeds in two steps.

First, we characterise conditions for identifying the effect of occupational decline on those in declining

occupations relative to others. And second, we discuss the additional assumptions required to identify

a bound on the absolute losses of those in declining occupations. The model is focused on the first

part. Prices are determined in equilibrium by supply and demand. However, here we take them as

given, and analyse the consequences of a change to prices occurring in period 2 for occupational sorting

and earnings. Note that the second period may be interpreted as all periods following this change, so β

could be larger than one. For simplicity, we assume that αiA and αiB are independent and both uniformly

distributed between zero and some finite but possibly large number α . We explain in the online appendix

that our main results are robust to alternative assumptions about the joint skills distribution.

In period 2, there is a negative demand shock to occupation A such that πA2 −πA1 = −d and π̃2 =

d,d > 0. This may be due to labour-replacing technology becoming available, or cheaper, in occupation

A. We are interested in the consequences of the shock for the earnings of workers who start out in

occupation A, under various assumptions about switching costs and anticipation of the price change.

Formally, let li ≡ E[yi2|αiA,ki1 = A,DA = 0]−E[yi2|αiA,ki1 = A,DA = 1] be the expected earnings

loss in period 2 that results from the shock, conditional on worker i starting out in occupation A, and

conditional on her ability (and hence earnings rank) αiA, where the occurrence of the shock is indicated

by DA ∈ {0,1}. Similarly, lswitch
i and lstay

i denote the earnings losses further conditioned on leaving and

staying, respectively, and pi is the probability of switching.10 The overall loss is given by

li = lstay
i − pi

(
lstay
i − lswitch

i

)
. (3.1)

As long as there is no displacement then lstay
i = d and by revealed preference lswitch

i ≤ d, so that li ≤ d.

9. The time cost may reflect search or retraining (or both); we assume throughout that a worker’s wage equals the value of her
marginal product, eπkt+αik . We thus abstract from any job-level rents that may arise in the presence of search frictions.

10. Formally,

li ≡ li(αiA,d) ≡ E[yi2|αiA,ki1 = A,DA = 0]−E[yi2|αiA,ki1 = A,DA = 1],

lswitch
i ≡ lswitch

i (αiA,d) ≡ E[yi2|αiA,ki1 = A,DA = 0]−E[yi2|αiA,ki1 = A,ki2 = B,DA = 1],

lstay
i ≡ lstay

i (αiA,d) ≡ E[yi2|αiA,ki1 = A,DA = 0]−E[yi2|αiA,ki1 = A,ki2 = A,DA = 1],

pi ≡ pi(αiA,d) ≡ P(ki2 = B|ki1 = A,αiA,DA = 1).
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Thus, switching enables workers to mitigate the losses from occupational decline. In the online appendix

we show that in each version of our model, ∂ pi
∂d ≥ 0, ∂ li

∂d ≥ 0 (with strict inequalities for some i): the

larger the drop in demand, the more workers switch, and the higher are earnings losses. Furthermore,
∂ li

∂αiA
=− ∂ pi

∂αiA

(
lstay
i − lswitch

i

)
+ pi

∂ lswitch
i

∂αiA
. In other words, losses decrease with initial within-occupation

earnings rank if the switching probability is increasing and the loss of switchers decreasing in initial

earnings rank, ∂ pi
∂αiA

> 0 and ∂ lswitch
i

∂αiA
< 0.

We start with the simplest case, where occupational prices πkt are revealed at the start of each period

and there are no switching costs. Hence, occupational choice is a sequence of static decisions that can

be analysed in isolation. Panel (a) of Figure 3.1 illustrates occupational choices in the two periods as

a function of workers’ skills. The set of workers who start out in occupation A but then switch to B

is indicated by the blue area in the figure. Given uniformly distributed skills, the figure shows that
∂ pi

∂αiA
≤ 0. We show in the online appendix that also ∂ lswitch

i
∂αiA

≥ 0, and that ∂ li
∂αiA

> 0: mean losses from

occupational decline increase with initial earnings.

Figure 3.1 about here

To understand the intuition for these results, call occupation A “typist” and occupation B “cashier”,

where typists suffer a negative demand shock. The worst typists could only become the worst cashiers,

otherwise they would have chosen to be cashiers in period 1. But the best typists can at most become

the best cashiers, and in general they will not all be the best cashiers. Therefore, the best typists are

less able to mitigate their earnings losses by becoming cashiers, and they suffer larger losses than the

worst typists. This argument suggests that switching probabilities are decreasing and earnings losses are

increasing in ability under a large set of alternative assumptions on the skill distributions.

Next, we assume there is a constant switching cost c ∈ (0,d) for moving between occupations.

Occupational choice is no longer a period-by-period decision. Instead, workers choose in period 1 the

occupation with the highest expected present discounted value of log earnings, net of switching costs.

Let us assume that occupational log prices follow a random walk,E[π̃2] = π̃1 = 0, where the last equality

is due to our earlier simplifying assumption.11 Panel (b) of Figure 3.1 shows that occupational choices

are qualitatively similar to the baseline model, except that the blue region marking the workers who

switch is smaller than in panel (a). Again we have ∂ li
∂αiA

> 0.

Instead of a constant switching cost, let us now assume that the cost for moving from A to B equals

C−αiB, with C > α (symmetrically, the cost of moving from B to A equals C−αiA). This structure of

switching costs captures in a reduced form way the frictions that occupational moves may entail: for

example, job search may take time, and those more able in the new occupation may find a job more

quickly. We continue to assume that occupational log prices follow a random walk. Panel (c) of Figure

3.1 shows that low-ability workers do not leave occupation A, and among high-ability workers, ∂ pi
∂αiA

> 0.

We show in the online appendix that ∂ lswitch
i

∂αiA
< 0 (taking into account earnings losses due to the time cost

11. The random walk assumption is consistent with our scenario of occupation A experiencing an adverse shock in period 2.
Since occupations are completely symmetric ex-ante, this is without loss of generality. Instead of the random walk assumption
we could impose that demand changes are somehow otherwise perfectly unforeseen, for instance due to adaptive expectations.
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of switching), so that ∂ li
∂αiA

≤ 0: mean losses from occupational decline (weakly) decrease with initial

earnings.

In terms of the example above, in this case the worst typists do not switch, because their initial choice

of occupation A reveals not only low earnings potential in occupation B but also a large switching cost.

Among the best typists, however, many possess substantial earnings potential as cashiers, as well as low

switching costs. Therefore, the best typists are on average better able to mitigate their earnings losses

by becoming cashiers, and hence the earnings losses from the demand shock are smaller for the best

typists than for the worst typists.12

Building on the previous case, we now explore a version of the model that includes involuntary

job displacement. Suppose that workers experience job displacement with some probability that is

independent of skill, and incur a time cost C − αik to find a job in occupation k, be it the starting

occupation or a different one. Here we have in mind exogenous job losses, for instance due to plant

closure, which are a standard feature of search models (see for instance Pissarides 2000). There is a

fraction of high-ability workers who switch occupation regardless of displacement. In addition, now

a fraction of low-ability workers also switch, but only if they are displaced. This is illustrated by the

yellow area in panel (c’) of Figure 3.1. Moreover, the earnings losses experienced by these displaced

movers are larger than those of non-displaced, comparable stayers. This is by revealed preference: a

worker in the yellow region prefers to remain if not displaced, so her non-displaced counterpart (with

the same period-1 earnings) necessarily incurs a lower earnings loss. We show in the online appendix

that ∂ li
∂αiA

≤ 0, as before. Unlike in the case without displacement, however, pi is U-shaped in initial

earnings. This is because the probability of a displacement-induced switch is decreasing, and that of a

voluntary one is increasing in initial earnings. The earnings loss li is again decreasing in initial earnings,

as the costs of moving jobs—both within and across occupations—decrease with initial earnings.13

As a final variation on our model, we consider a case where period-2 prices are revealed to be

π̃2 = d at the start of period 1. In the presence of switching costs, some workers that would otherwise

have chosen occupation A in period 1 instead start out in occupation B. This means that the fraction of

workers switching after period 1 is smaller, and it could even be zero if switching costs are large. Since

there is less switching, earnings losses are larger than in the case of unanticipated shocks, for a given d.

We conclude this section by summarising the main results from our model. The baseline frictionless

model makes three predictions: the probability of leaving a declining occupation is decreasing in initial

earnings; earnings losses due to occupational decline are increasing in initial earnings; and earnings

losses of those who leave a declining occupation are less than the losses of those who remain. Antici-

pating that these predictions are inconsistent with our empirical findings, we consider how occupational

switching costs can reconcile our results. Introducing an occupational switching cost that is decreasing

12. While our model excludes occupation-specific human capital, it does allow us to think about some of its potential implica-
tions. For example, if all workers accumulate occupation-specific human capital additively (in logarithms) the effects are similar
to adding constant switching costs, since switching means foregoing this capital. And if the accumulation of occupation-specific
human capital is faster for those with higher ability in the occupations they initially select, they become less mobile, in contrast to
the case of heterogeneous switching costs discussed above. Either way, adding occupation-specific human capital does not help
to rationalise our empirical findings.

13. We have also analysed displacement under constant switching costs, that is, when workers incur a time cost ĉ > 0 to find a
new job in A, or a cost c to find a job in B. This case is illustrated by panel (b’) of Figure 3.1, and details are given in the online
appendix.
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in the worker’s earnings in the destination occupation, leads to a positive relationship between switch-

ing probabilities and initial earnings, and a negative relationship between earnings losses and initial

earnings. Allowing for displacement, together with a cost of switching jobs within an occupation, im-

plies that switchers’ earnings losses may be larger than those of stayers. Moreover, displacement can

cause switching probabilities to be U-shaped in initial earnings, whereby low-earning workers switch

involuntarily if displaced, while high-earning workers switch voluntarily regardless of displacement.14

3.3 Data

Our main empirical analysis uses individual-level longitudinal administrative data covering the entire

population of Sweden for several decades, and various editions of the Occupational Outlook Handbook

(OOH) published by the Bureau of Labor Statistics (BLS). Here we discuss key elements of the data we

use, and leave many of the details to the online appendix.

3.3.1 Data sources

Our primary sources for measuring occupational decline are the 1986-87 and the 2018-19 editions of

the Occupational Outlook Handbook (Bureau of Labor Statistics 1986, 2018). The OOH describes the

nature of work, the number of jobs, and the projected employment growth for hundreds of occupations.

For a subset of these occupations, more details are reported, including (among much else) data on

whether technology is expected to affect—or has already affected—the occupation in question, and if

so in what way. In the 1986-87 edition, 401 occupations are described, covering about 80% of US

employment. Detailed information is available for 196 of these occupations, covering about 60% of

employment.15

Our main outcomes of interest come from Swedish micro data. We obtain basic demographic (year

of birth, gender, education, and county of residence) and labour market (employment status, annual

earnings, and industry) variables from the Integrated Database for Labour Market Research (LISA), a

collection of administrative registers. For 1985-2013, LISA contains one observation per year for every

individual aged 16-64 living in Sweden. Key variables, such as employment status and industry (as well

as county of residence) are measured each November. We also use individual data from the Swedish

Public Employment Service (PES), which contain information on the number of days registered as un-

employed and number of days spent in retraining programs administered by the PES, for all individuals

ever registered with the PES from 1992-2013.

To assess balance between treatment and control groups in terms of pre-determined characteristics,

we use information on cognitive skills (an IQ-type measure) and non-cognitive skills (capturing psy-

14. An alternative model of occupational decline is the hierarchical Roy model of Cortes (2016). There are three occupations
that differ by skill intensity—there is only one dimension of skill—and the declining occupation is assumed to be the middle-
skilled one. Among middle-skilled workers, both the lowest and highest paid leave the occupation, while the medium paid workers
stay. As in any frictionless Roy model, stayers incur the largest earnings losses when an occupation declines. Therefore, the model
of Cortes (2016) cannot explain our finding that the lowest-paid within the occupation incur the largest losses. And naturally, that
model cannot speak to our findings about unemployment and retraining.

15. The number of distinct occupations in the OOH, as well as the number of occupations covered in detail, increased over time,
so our crosswalk from the 1986-87 to the 2018-19 OOH is mostly, though not always, one-to-many.
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chological traits such as the ability to cope with stress) from the military enlistment. These data are

described in detail by Lindqvist and Vestman (2011). We also use information on parents’ education

and income from the 1985 version of LISA.

Our data on workers’ occupations come from the population censuses, which were conducted every

five years from 1960-1990, and from the Wage Structure Statistics (WSS) for the years 1996-2013.16

The WSS contains the population of public sector workers and a sample of about 50% of private sector

workers. We apply sampling weights when working with the occupation variable from the WSS.

A useful feature of our data is that in the 1985 and 1990 censuses, workers’ occupation is coded

using a 5-digit classification, YRKE5, containing about 1,400 distinct occupations. This allows us to

accurately merge occupation-level information from the US, as we describe below. Unfortunately, such

detailed occupation codes are not available after 1990. From 1996-2013, a 3-digit classification contain-

ing 172 distinct codes, SSYK96, is available in the WSS. This classification is different from YRKE5,

and the cross-walk between YRKE5 and SSYK96 likely introduces measurement error in workers’ oc-

cupations after 1990. This limits our analysis of occupational employment shifts and individual workers’

occupational mobility during 1985-2013.

Finally, we use information from the 1960 census, which allows us to calculate prior occupational

employment changes at the 3-digit level using the YRKE3 classification, a coarser version of YRKE5

(there are 229 distinct codes that cover the period 1960-85).

3.3.2 Construction of key variables

To construct our measure of occupational decline we begin with the OOH data. Mapping occupations

across the 1986-87 and 2018-19 editions of the OOH, we calculate the percentage growth in employment

1984-2016.17 If, after a careful search, a 1986-87 occupation has no counterpart in the 2018-19 edition,

we classify it as having vanished, and assign a percentage growth of -100.18 While few occupations

actually disappeared, some occupations declined sharply, including both white-collar (typists, drafters,

and telephone operators), and blue-collar (precision assemblers, welders, and butchers) jobs.

We also record the projected employment growth of each occupation from the 1986-87 OOH.19 The

BLS constructs these predictions using a careful and lengthy procedure.20 In the 1986-87 OOH, fore-

casts were reported in categories: “declining”, “little or no change”, “increasing slower than average”,

“increasing about as fast as average”, and “increasing faster than average”. We create a cardinal pre-

dicted growth index assigning these categories the numbers 1-5 (where higher numbers correspond to

more positive predicted employment changes). We report results both from using this index and using

the categorical outlook variable.

In order to merge the OOH-based variables to the Swedish data, we map the 401 1986-87 OOH oc-

16. We also use individual-level earnings data for 1975 and 1980 from the population censuses.
17. The 1986-87 OOH reports employment for 1984, while the 2018-19 edition reports 2016 employment.
18. Between the 1986-87 and 2018-19 editions of the OOH, some occupations were split or merged, which we take into account

when computing the percentage growth. See the online appendix for details.
19. We use US rather than Swedish employment forecasts since the Swedish forecasts from the relevant time period are only at

the one-digit occupation level (Statistics Sweden 1990).
20. Veneri (1997) evaluates the ex-post accuracy of the projections used in the 1986-87 OOH, and concludes that it correctly

foresaw most occupational trends, although there were non-trivial cases of error.
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cupations to the 1,396 5-digit Swedish occupation codes available in the 1985 census. We successfully

map 379 US occupations to 1,094 Swedish occupations—we are able to find corresponding US occupa-

tions for 91% of Swedish workers in 1985. We map percentage changes in US employment 1984-2016,

as well as 1986-87 OOH predictions (categorical and index), to Swedish 5-digit occupations using our

crosswalk, applying weights (OOH 1984 employment shares) in the case of many-to-one matches.

We define a Swedish 5-digit occupation as declining if the weighted employment growth of its cor-

responding OOH occupations is negative and larger (in absolute magnitude) than 25%. We regard this

as a sensible threshold: smaller observed declines may result from measurement error from matching

OOH occupations over time. At the same time, we report robustness checks using a number of alterna-

tive thresholds. We also use information from the OOH to determine whether technology likely played

a role in the decline, as we further explain in the online appendix. In 1985, 13% of Swedish employees

worked in subsequently declining occupations, and 8% worked in subsequently declining occupations

where the decline is linked to technological change. Examples of sharply declining occupations in Swe-

den include both blue-collar (vehicle fitter, assembler of metal products, machine fitter, and clothing

seamstress) and white-collar occupations (office telephone operator, data reader, data machinist, and

typist).21

We also classify occupations as having been susceptible to replacement by specific technologies.

Unlike the declines linked to technological change, these occupations were categorised without relying

on actual employment changes in the US (nor Sweden). We identify relevant technologies using two

approaches: a ‘manual’ one and an ‘algorithmic’ one. For the manual approach, we consider whether

we know of a technology that replaced all or nearly all of tasks in the occupation. For the algorith-

mic approach, we use a pre-specified Google search query to identify mentions of technology replacing

workers in the occupation. An occupation is considered to have been replaced if the technology iden-

tified was commercially viable during the period we study. In both cases, technological replacement

is strongly positively correlated with occupational decline. In 1985, 5.4 (3.7)% of Swedish employees

worked in occupations that were replaced, as classified using the algorithmic (manual) approach.

We construct several left-hand side variables that characterise workers’ career outcomes spanning

the years 1986-2013, that is, starting with the first year after we measure treatment and ending with the

last year available in our data. We start by summing up years observed as employed and real annual

labour earnings, obtaining the variables cumulative years employed and cumulative earnings. Following

Autor, Dorn, Hanson, and Song (2014), we measure normalised cumulative earnings, which is the ratio

of cumulative earnings to predicted initial earnings.22 We consider further earnings measures—such as

rank, discounted cumulative earnings, and earnings growth—in robustness checks.

Our measure of long-run occupational mobility is a dummy variable that equals one if the individual

21. This list includes occupations with at least 5,000 workers in 1985; whose decline measure fell by 50% or more; and with
distinct names, as opposed to “Other within [a broader category]”.

22. The prediction comes from a regression of log earnings on a quartic in age and dummies for gender, county, and seven
education categories, run separately for each 3-digit SSYK96 occupation in 1985. We divide by predicted rather than actual
initial earnings to eliminate transitory earnings variation, which would introduce an important role for mean reversion into the
distribution of normalised cumulative earnings. Autor, Dorn, Hanson, and Song (2014) divide cumulative earnings by earnings
averaged across four pre-treatment years for the same reason. Since we do not have annual earnings information prior to 1985,
we normalise by predicted earnings instead.
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worked in the same 3-digit SSYK96 occupation in 2013 as 1985. It equals zero if the individual works

in a different occupation or is not employed.23 Using the PES data, we calculate cumulative days spent

unemployed and cumulative days spent in retraining during 1992-2013. We define dummy variables for

ever unemployed and ever having participated in retraining. Finally, we calculate the retirement age,

where we define retirement as a continuous spell of zero annual earnings up to and including age 64.24

3.3.3 Sample restrictions

Our starting sample contains all individuals born between 1921-1969 and hence aged 16-64 (at some

point) in 1985; who were employed in November 1985; whose annual earnings in 1985 were no less than

the “base amount” (Swedish: basbelopp) specified by the social security administration; and for whom

we have the relevant demographic and labour market information.25 There are 3,061,051 individuals

fulfilling the above criteria.26 Our baseline sample further restricts the sample to those aged 25-36 in

1985. We drop younger workers, who are less likely to have settled on an occupation. And we drop

middle-aged and older workers from our baseline sample because we want to focus on workers who did

not reach retirement age by 2013, the end of our period of study, in our main analysis. We analyse these

older workers separately.

3.4 Empirical strategy

3.4.1 The estimating equations and their interpretation

Our objective is to estimate the consequences of occupational decline for individual workers’ careers.

To fix ideas we consider occupational decline brought about by technological change, and later consider

other potential drivers of occupational decline.

Consider a regression of cumulative career outcomes—such as cumulative years employed, or cu-

mulative earnings—on an indicator for working in 1985 in occupations that subsequently declined,

conditional on a set of controls. The probability limit of the regression coefficient on the declining in-

dicator can be expressed as a difference in conditional means, which in turn can be decomposed into

the difference between a treatment effect on workers in declining occupations and a treatment effect on

23. Our measure of occupational mobility does not capture any temporary exits during the intervening years if workers returned
to their initial occupation. A limitation of our data is that they are not conducive to studying high-frequency occupational mobility:
During the years 1986-1989 and 1991-1995, we do not observe workers’ occupation. And during 1996-2004, the SSYK96 variable
contains substantially fewer distinct codes than from 2005 onwards.

24. The LISA database includes individuals older than 64 only during later years. Since we do not consistently observe individ-
uals beyond age 64, we assume for all years that individuals aged 65 or older have retired.

25. The base amount is used as an accounting unit when calculating benefits, and it is typically equal to about three months’
worth of full-time work at the median wage. As we do not observe hours worked or fulltime status, we use the base amount to
exclude individuals with little labour market attachment.

26. There were 5,281,382 individuals aged 16-64 in Sweden in 1985. Of those, 4,186,512 were employed in November 1985,
and among them, 3,648,034 earned no less than the base amount during 1985. The reduction to 3,061,051 is due to missing
education, industry, or occupation information, including cases where YRKE5 occupations do not have matches in the OOH.
Table 3.8 shows that dropping observations with missing education, occupation, and industry has very little effect on the sample
composition in terms of gender, age, and base earnings.
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workers in non-declining occupations, and selection bias:

E[yi2|ki1 ∈ A,DA = 1,DB = 0,xi1]−E[yi2|ki1 ∈ B,DA = 1,DB = 0,xi1]︸ ︷︷ ︸
Observed difference in means

=

E[yi2|ki1 ∈ A,DA = 1,DB = 0,xi1]−E[yi2|ki1 ∈ A,DA = 0,DB = 0,xi1]︸ ︷︷ ︸
Effect of occupational decline on A workers

−(E[yi2|ki1 ∈ B,DA = 1,DB = 0,xi1]−E[yi2|ki1 ∈ B,DA = 0,DB = 0,xi1])︸ ︷︷ ︸
Effect of occupational decline on B workers

+E[yi2|ki1 ∈ A,DA = 0,DB = 0,xi1]−E[yi2|ki1 ∈ B,DA = 0,DB = 0,xi1]︸ ︷︷ ︸
Selection bias

.

(3.2)

Here, yi2 is the outcome of interest, such as cumulative earnings of individual i (who is employed in

occupation ki1 in 1985) in period 2 (1986 through 2013). Our notation separates declining occupations

(A) from non-declining ones (B). D is an indicator for occupational decline, which allows us to consider

the hypothetical situation where occupational decline did not take place. We motivate our use of an

indicator for occupational decline in Section 3.4.2 below. xi1 is a set of (yet unspecified) controls, which

we also revisit below.

In our model, the selection term equals zero due to the symmetry assumptions we make, and there is

no need for controls. In practice, the identifying assumption for the regressions without controls is too

strong, because the selection term reflects both differences in individuals sorting across occupations as

well as differences between occupations A and B even in absence of occupation decline. Our empirical

strategy aims to mitigate both of these types of selection concerns.

Our first step towards addressing the sorting of individuals is to control for a rich vector of indi-

vidual characteristics in period 1, that is, in 1985: gender, age, educational attainment and county of

residence dummies, and earnings. To address potential concerns about sorting on other dimensions

of skill, we investigate whether individuals differ in terms of cognitive and non-cognitive skills from

the military enlistment, which are available for men of a subset of cohorts for whom military service

was compulsory. We also check whether workers in declining occupations differ in other background

characteristics, namely parental education and pre-1985 earnings.

But even if the controls resolve concerns about sorting on individuals’ characteristics, the selection

term may still be non-zero if earnings growth in occupations A and B would have been different in

the absence of occupational decline—that is, if a worker’s occupation affects her earnings growth even

without occupational decline. To mitigate this concern, we use data from 1985 to estimate expected

occupation-specific lifetime earnings profiles, which we add as controls to the regressions.

To further control for differences between declining and non-declining occupations, we use informa-

tion from the 1986-87 OOH. The BLS authors went to great lengths to accurately forecast occupational

employment changes. Once we condition on predicted occupational growth, we likely remove much of

the differences between declining and non-declining occupations that are related to workers’ sorting in
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anticipation of future demand. Since the occupational decline and the forecasts that we use rely on US

data, we also control for each occupation’s level of employment and pre-existing employment growth

trends in Sweden. Together, this set of controls removes predictable variation in the declining indica-

tor, and in this sense gets us closer to isolating unanticipated declines. In some specifications we use

two additional sets of controls: broad (1-digit) occupation dummies and (2-digit) industry dummies.

Adding these controls comes at the cost of reducing the variation in occupational decline, since it only

uses variation in occupational decline between very similar occupations.

Addressing the selection concerns allows us to identify the net effect of occupational decline on

workers who start out in occupations that subsequently decline, relative to the effect of occupational

decline on workers who start out in non-declining occupations (the difference of the two middle terms

in equation (3.2)). This difference is equivalent to −E[li] in the model and is interpretable as the effect

of occupational decline on inequality between occupations.

To view equation (3.2) as informing us about the effect on earnings of occupational decline on

workers who start out in declining occupations, we need to make further assumptions about its effect

on workers in non-declining occupations. There are reasons to think that this effect would be at least

weakly positive, even if not all non-declining occupations gain. Increased demand due to technological

change may raise demand for workers in non-declining occupations and may open new employment

opportunities (Autor 2015), and technological change should lead to higher average wages under gen-

eral conditions (Caselli and Manning 2019). On the other hand, there may be a secondary effect due an

inflow of workers from declining occupations to non-declining ones, but its magnitude is likely to be

modest (for calculations based on structural models that are consistent with this intuition, see Acemoglu

and Restrepo 2022 and Humlum 2021). Finally, we note that real earnings and wages in Sweden have in-

deed increased substantially during our sample period (Graetz 2020), and the most likely explanation for

such growth over long periods of time is a technology-driven increase in productivity. Moreover, mean

wages (and earnings) in Sweden increased over the period we study not only in the aggregate, but also

for all subgroups formed by age-by-gender-by-education cells.27 Under the assumption that workers in

non-declining workers do not, on average, lose from occupational decline, we get an inequality:

E[yi2|ki1 ∈ A,DA = 1,DB = 0,xi1]−E[yi2|ki1 ∈ B,DA = 1,DB = 0,xi1]︸ ︷︷ ︸
Observed difference in means

≤

E[yi2|ki1 ∈ A,DA = 1,DB = 0,xi1]−E[yi2|ki1 ∈ A,DA = 0,DB = 0,xi1]︸ ︷︷ ︸
Effect of occupational decline on A workers

.

(3.3)

In words, the observed difference in conditional earnings means is a lower bound for the effect of

occupational decline on workers in declining occupations. Since, as we discuss below, we find that the

observed difference is moderate in magnitude, the loss for those in declining occupations is even more

moderate.

27. Specifically, we break the population of workers into three age groups (25-36, 37-48, and 49-60, as we do elsewhere in this
paper), by five education groups, and by gender. For all the resulting 30 groups, real earnings and real wage rates increased by at
least 1.2$ and 1.4% per year, respectively, from 1985-2013.
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To implement the empirical methodology outlined above, our estimating equation takes the form

yi2 = βDki1 + γxi1 +δ x̃ki1 + εi, (3.4)

where Dki1 is an indicator for working in 1985 an occupation that subsequently declined; xi1 is a vec-

tor of individual characteristics, measured in 1985, as discussed above; x̃k is a vector of occupational

characteristics; and εi is the error term, which we conservatively cluster by three-digit Swedish occupa-

tions.28

We provide further evidence that our identification strategy plausibly addresses the selection issues

by considering two additional sets of outcomes. First, we examine the earnings of workers in the years

before the occupational decline that we study. Second, we study the cumulative earnings during the first

few years of our study, when the effect of occupational decline were likely limited.

A different question regarding our approach is whether occupational decline that is specifically

linked to labour-replacing technologies has distinct consequences from demand-driven occupational

decline in general. To provide evidence on the role of technology, we restrict some of the analysis to oc-

cupational declines that are explicitly linked to concrete new technologies, such as personal computers

and robots. We also examine measures of technological replacement that are solely based on an occupa-

tion’s exposure to labour-replacing technologies without incorporating any information on employment

changes.

Returning to the potential causes of occupational decline, we note that losses due to increased inter-

national trade or offshoring are likely to follow a similar logic to the one outlined above for technological

changes, although admittedly there is less evidence on this.

One final step in our empirical analysis is to consider how the costs of occupational decline may

fall differently on workers with different initial earnings rank within their occupations, in line with the

discussion in the model section.

3.4.2 Rationale for measuring occupational decline using US data

Prior literature has documented that shifts in occupational employment are strongly correlated across

countries, see for instance Goos, Manning, and Salomons (2014) documenting job polarisation across

European countries, and in particular Adermon and Gustavsson (2015) on job polarisation in Sweden.

Here we explain why using measures of occupational decline from the OOH is not only feasible, but

also desirable.

We begin by explaining why we prefer this measure of decline to an alternative measure using the

SSYK96 codes. First, there are 401 OOH codes compared to just 172 (three-digit) SSYK96 codes, and

having more codes affords us more variation from small and declining occupations. For example, it

lets us separate typists, whose employment fell sharply, from secretaries, whose employment grew. To

use the OOH codes we match them to YRKE5 codes, but since the YRKE5 are more numerous we do

not lose much variation. Second, since the SSYK96 codes were introduced from 1996 they reflect a

28. As discussed above, some specifications also control for industry fixed effects.
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judgement on an occupation’s importance made after the start of the occupational decline that we study.

Consequently, SSYK96 are more likely to pool occupations with low employment in 1996 (including

declining ones) with non-declining occupations. Because the 2018-19 OOH separately describes even

occupations with very low employment, this is less of a problem for our approach. Finally, using

occupational declines measured in Sweden as a regressor where the dependent variable is change in

earnings creates a problem of simultaneity. This problem is mitigated by using the OOH measure.

At this stage readers may also ask: why do we report reduced form results using the OOH de-

cline measure rather than use it as an instrument for occupational decline measured in Sweden using

SSYK96? Our rationale for the reduced form approach is that it preserves much more of the variation

that we are interested in, for several reasons. First, as noted above, if we use measures based on SSYK96

codes, we lose much of the variation in occupational decline because of the coarseness of the classifi-

cations and the lower likelihood of separating occupations in decline. Second, 2SLS would exacerbate

this problem, since it only uses part of the variation in the decline. Finally, as we show below, while

we still have power to detect changes in occupational decline in Sweden, once we control for predicted

changes we are left with a weak instrument.

Nonetheless, we sometimes report the implied elasticities of our outcome variables with respect to

occupational employment growth in Sweden as an additional way of assessing magnitudes. Given the

caveats just mentioned, these elasticities are likely upper bounds, as the measured Swedish employment

change is biased towards zero due to the absorption of declining occupations into broader categories in

the SSYK96 classification.

Still another question is why we focus only on occupational declines instead of using the full vari-

ation in OOH occupational change. Again there are several factors that influence our choice. First,

declines are interesting from the perspective of their social costs and policy implications. Second, large

declines in employment are likely driven by declines in labour demand, and we use several alternative

measures of technological replacement to corroborate our findings. Finally, as we explain below, we use

different cutoffs in the regressions as well as graphical evidence to show that the costs of occupational

change are concentrated among those who experience substantial occupational declines; increases or

moderate declines seem to matter little relative to each other. Nevertheless, for completeness we also

report estimates using the full variation in occupational changes.

To conclude, we note that in order to better assess the quantitative importance of the estimated

earnings losses, we relate them to the estimated impacts on occupational mobility, as well as to Swedish

occupational employment growth.

3.5 Empirical analysis

In this section we present the findings from our empirical analysis. First, we quantify occupational

decline in Sweden and discuss sorting into declining occupations. Second, we study how employment,

earnings, and occupational mobility differed for workers in declining occupations. Third, we investigate

how the consequences of occupational decline differed by workers’ initial within-occupation earnings
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rank. Fourth, we explore some of the mechanisms through which occupational decline operates, includ-

ing unemployment, retraining, and early retirement. Fifth, we examine whether occupational declines

with observed links to technology has distinct consequences. At the end of this section, we interpret our

findings through the lens of the theoretical model from Section 3.2.

3.5.1 Occupational decline and sorting across occupations

We begin by quantifying workers’ exposure to occupational decline. In Table 3.1 we report estimates

of equation (3.4), where the dependent variable is log employment change from 1985-2013 in each

worker’s three-digit occupation. Panel A shows estimates for workers aged 16-64 in 1985, and Panel

B focuses on our main sample of workers—those aged 25-36 in 1985. The results, which are similar

across panels, suggest that workers in declining occupations are exposed to a log employment change

that is about 50 log points lower than for workers in non-declining ones; about 40 log points lower when

we compare observationally similar workers; and lower by about 20-30 log points when we also include

occupation and industry controls. It is important to keep these results in mind when interpreting our

findings from putting individual-level career outcomes on the left-hand side of equation (3.4). While

adding more controls reduces the risk of omitted variables bias, the results in Table 3.1 show that this

also leaves less variation in exposure to occupational change. We also note, as discussed in Section

3.4.2, that these estimates likely understate the employment decline for 5-digit occupations, which we

are unable to measure.29 Table 3.9 reports similar estimates, aggregated by three-digit occupations and

weighted by 1985 Swedish employment shares, using our main sample of workers.

Table 3.1 about here

Having described the extent of occupational declines, we turn to the sorting of individuals in 1985

into subsequently declining occupations. Table 3.2 presents results from regressions of several indi-

vidual characteristics on an intercept and the declining indicator. The top panel considers the entire

working-age population with non-missing demographic and labour market information, and the bottom

panel focuses on our main sample. In both cases, the sorting patterns are similar: those in occupa-

tions that subsequently declined were of similar age, and more likely to be male, less educated, and

more likely to be employed in manufacturing. Coincidentally, the gender gap in earnings is offset by

the differences in schooling, and on net, the workers in subsequently declining occupations had similar

earnings to others in 1985.

Table 3.2 about here

29. The difference of 50 log points translates into an employment decline of about 18%. Let yi be the log employment change
assigned to each individual based on her 1985 5-digit occupation, and Di be the declining indicator. From the regression yi =
α +βDi + εi we obtain E[exp{yi}|Di = 1] = exp{α +β}E[exp{εi}|Di = 1], and plugging in our estimates, exp{0.06−0.49}×
1.26 = 0.82. As we argue in the text, this likely understates the actual average decline in the 5-digit occupations.
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We next investigate whether there is sorting into declining occupations based on cognitive skills,

non-cognitive skills, and parental attributes, and if so, whether any differences in these variables disap-

pear once we control for the individual characteristics described in the previous paragraph. Columns

(1) and (4) in panel A of Table 3.3 show that in 1985, the cognitive and non-cognitive skills of men in

subsequently declining occupations were lower than those of the other men by about 0.2-0.25 standard

deviations. But the table also shows that our set of demographic controls (columns (2) and (5)) and

additional controls largely solves the selection problem, as the estimates with controls are small and

not statistically significant. Panels B and C repeat the analysis for mothers’ and fathers’ schooling and

earnings in 1985, which have the advantage of being available for women as well as men. The pattern

is qualitatively very similar to that of the military skill measures: working in a subsequently declining

occupation is associated with lower parental schooling and earnings, but these differences disappear

once adding controls. In sum, Table 3.3 suggests that, although there is negative selection into occupa-

tions that later decline, most of this selection can be mitigated using suitable controls such as education

and 1985 earnings. To the extent that minor negative selection persists in the regressions with individual

controls, these regressions may slightly overstate the negative effect of occupational decline on workers,

but this is not a concern once we add all the controls.

Table 3.3 about here

As a final check for sorting into declining occupations, we investigate earnings in 1980 for the older

cohorts in our baseline sample (individuals aged 25-31 in 1980).30 Again we find that conditional on

individual-level characteristics, there are essentially no differences in prior earnings, as seen in Fig-

ure 3.4. Taken together, the results in this section suggest that concerns about sorting into declining

occupations are largely alleviated when we include suitable controls.

3.5.2 Main results on employment, earnings, and occupational mobility

Table 3.4 reports results from estimating equation (3.4) using our main sample of workers aged 25-36 in

1985. Panel A shows that workers in declining occupations spent about nine fewer months (0.73 fewer

years) in employment from 1986-2013 (column (1)). Once we add individual controls, this estimate

reduces to about six months, or about two percent of the sample mean of about 23 years (column (2)).

Next, we add more controls and compare those who experienced occupational declines to observation-

ally similar workers in similar occupations and industries. These specifications suggests that the losses

from occupational decline averaged about two months (0.2 years) of employment, or about one percent

of the sample mean (columns (3)-(6)).

Table 3.4 about here

30. Earnings data for the population of Swedish workers are not available at annual frequency prior to 1985. We obtain prior
earnings from the population censuses, which were carried out every five years until 1990.
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Panel B of Table 3.4 reports results from using cumulative earnings 1986-2013 as the outcome.

Column (1) shows that working in a declining occupation was associated with 350,000 Swedish Krona

(SEK) lower cumulative earnings, or about 5% of the sample mean.31 When including individual con-

trols, the estimated loss is similar, though the confidence interval is much tighter (column (2)). Further

adding occupational controls cuts the loss to less than two percent of the sample mean.

In panel C we examine earnings losses from occupational decline using an alternative earnings

measure: cumulative earnings divided by predicted initial earnings (see Section 3.3.2 for details on the

construction of this variable). Depending on the controls included, the estimated losses in cumulative

earnings range from around 100% to 220% of initial annual earnings, or from 2.5%-5.7% in terms of

the sample mean, quite similar to the results in panel B.32

In Figure 3.2, we present a dynamic counterpart to the results reported in panel B, columns (2) and

(6) of Table 3.4. Here we use as outcomes each year’s earnings and cumulative earnings from 1986 up to

the year indicated on the horizontal axis of each chart. The top right panel of Figure 3.2 is suggestive of

a smooth process of occupational decline, with earnings losses building up gradually. However, the top

left panel reveals that losses in annual earnings suffered by workers in declining occupations were larger

during the 1990s and late-2000s recessions.33 The picture is similar when we divide the coefficients by

the mean of cumulative earnings at each horizon (bottom panels). As before, the losses are smaller when

we include occupation and industry controls.

Figure 3.2 about here

Next, we investigate occupational mobility. Table 3.5 reports estimates of equation (3.4) with indi-

cators for working in 2013 in the same occupation as in 1985 (or in a similar ones) as outcomes. As we

do not want to condition the sample on being employed in 2013 (which is also an outcome), we have that

‘not remaining’ in the same occupation could reflect either occupational switching or non-employment,

a point to which we return below.

Table 3.5 about here

Column (1) in panel A of Table 3.5 shows that the probability of remaining in the same 3-digit occu-

pation was around 14 percentage points lower in declining occupations, compared to a mean of 29% in

our sample. In other words, by 2013 a little over 70% of all workers had left their 1985 occupations (or

left employment altogether), and the probability of staying in the same occupation was roughly halved

for those starting in declining occupations. When we compare observationally similar workers, occupa-

tional decline appears to reduce the probability of remaining in the 1985 occupation by 11 percentage

31. We inflate all SEK figures to 2014 levels. Average annual earnings of Swedish workers, conditional on being employed in
November and earning at least the base amount during the year, were SEK190,200 in 1985 and SEK330,800 in 2013, in terms of
2014SEK. We do not express these amounts in USD due to exchange rate fluctuations. For instance, SEK1,000 were worth about
USD150 in January 2014, but about USD130 in December 2014, and about USD110 in October 2018.

32. Below we discuss results using alternative functional forms for cumulative earnings.
33. These results are related to Jaimovich and Siu (2020), who find that recessions hit routine employment particularly hard.
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points, and when further restricting the comparison to similar occupations and industries, the estimate

falls to 4.5 percentage points. Panels (B) and (C) of Table 3.5 show similar, albeit somewhat smaller,

coefficients when we look at the probability of remaining in more broadly defined (2-digit or 1-digit)

occupations. It is noteworthy that even when we consider 1-digit occupations, only about 40% of the

sample remained in the same broadly defined occupation over the 28-year period that we study.34

Having presented our main results on career employment, career earnings, and occupational mo-

bility, we now return to the issues of interpretation alluded to in Section 3.4.1 and the question of

magnitudes discussed in Section 3.4.2. Our results from including individual, occupation, and industry

controls (column (6) in Tables 3.4 and 3.5) plausibly provide us with conservative estimates of the losses

from occupational decline—about 2% of mean cumulative earnings over 28 years—given the balance of

pre-determined characteristics conditional on these controls, as well as the fact that no earnings losses

appear in the first 5-10 years (Figure 3.2). As argued in Section 3.5.1, the specification only controlling

for individual characteristics (column (2) in Tables 3.4 and 3.5) may slightly overstate the losses from

occupational decline—5% of mean cumulative earnings—as it leaves minor differences in some of the

pre-determined characteristics. In addition, Figure 3.2 shows earnings losses based on this specification

already in the years immediately after 1985. On the other hand, we have also seen that the extent of

occupational decline is much reduced when including occupation and industry controls (columns (2)

and (6) in Table 3.1). This brings us to the discussion of magnitudes.

We calculate the elasticities of our outcome variables with respect to occupational employment

growth in Sweden by taking the reduced form estimates reported in Tables 3.4 and 3.5 (expressed in

percent of the outcome mean) and dividing them by the difference in occupational employment growth

between declining and non-declining occupations reported in Table 3.1. This yields elasticities of 0.04-

0.05 for cumulative employment, 0.08-0.13 for cumulative earnings, and 0.71-0.95 for remaining in

the initial occupation (the ranges again refer to columns (2) and (6) in the relevant tables). Recall

from the discussion in Section 3.4.2 that these numbers are likely upper bounds on the true elasticities.

Nonetheless, they support the interpretation that on average, occupational decline results in a modest

loss in career employment, a somewhat larger but still modest loss in career earnings, and in contrast,

a strong occupational mobility response. These estimates potentially mask substantial heterogeneity,

however, which we investigate in Section 3.5.3.

Robustness of main results

Our first set of robustness checks relates to the choice of functional form of occupational decline. The

declining indicator is based on a 25% cutoff, conservatively identifying occupations whose (US) em-

ployment fell substantially since the mid 1980s. We also explore a range of alternative cutoffs and

find that higher cutoffs (in the sense of isolating larger employment declines) usually result in larger

estimated losses and mobility responses. In addition, our results are very similar when we exclude oc-

cupations that grew rapidly from the control group (see Table 3.10 for both sets of results). While we

34. For related discussions of the importance of switching occupations in the presence of technological change, see Cortes
(2016) and Caselli and Manning (2019).
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focus on a binary definition of occupational decline as motivated in Section 3.4.2, we also explore the re-

lationships between our key outcomes of interest and the full variation in US and Swedish employment

growth. The (residualised) associations of cumulative earnings and occupational mobility with occupa-

tional employment growth are mostly flat apart from a drop in occupations that declined substantially

(see Figures 3.5 and 3.6, and corresponding regression results in Table 3.11).

A second set of robustness checks adds fixed effects for the firms that workers worked for in 1985.

This specification lets us compare two workers who started out in declining and non-declining occupa-

tions, respectively, but worked at the same firm. Thus, we address the concern that declining occupations

may be systematically different in terms of the quality of firms, which may differentially affect workers’

future careers. Reassuringly, as Table 3.12 shows, the findings in Tables 3.4 and 3.5 are generally robust

to adding fixed effects for workers’ starting firms. The effects on employment losses and occupational

stability are a little smaller in magnitude, while those on earnings are a little larger. This suggests that,

conditional on our other controls, differential sorting into firms does not drive our estimates.

Finally, our conclusions about earnings losses are robust to using different functional forms of earn-

ings, as we discuss further in the next sub-section.

3.5.3 Heterogeneity by within-occupation earnings rank

We now examine how employment and earnings losses from occupational decline varied by initial

within-occupation earnings rank. We estimate equation (3.4) allowing the coefficient on the declin-

ing indicator to vary by earnings rank, and report the results in Table 3.6. Panel A shows that lower

ranked workers suffered larger employment and earnings losses than average as a result of occupational

decline (columns (1)-(6)): the coefficients on the interaction of the declining indicator with earnings

rank are positive and precisely estimated. Moreover, these estimates barely change when we add occu-

pation and industry controls over individual-level controls, though the main coefficients on the declining

dummy—giving the employment and earnings loss for the median worker—are affected by the inclu-

sion of additional controls. The magnitudes implied by the interaction coefficients are meaningful and

imply, for instance, that compared to the 25th-percentile, the 75th-percentile worker suffered a 5% lower

employment loss and a 6.5% lower earnings loss (both in terms of the overall mean).

Table 3.6 about here

This pattern is robust to alternative specifications that replace the linear rank measures with dum-

mies for the bottom and top terciles. This specification also allows us to characterise losses for low-

ranked workers directly. Panel B of Table 3.6 shows that workers at the bottom tercile of their starting

occupations’ earnings distributions suffered employment losses of 1.2-1.4 years (5.5%-6.5% of mean

employment in the bottom tercile) and earnings losses of around 8%-11% of bottom-tercile mean earn-

ings. Indeed, the estimates of mean losses reported in the previous sub-section mask more substantial
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losses for low earners (within an occupation). Our findings about earnings losses are robust to a number

of alternative ways of measuring career earnings, as shown in Table 3.13.35

The pattern for the probability of remaining in the initial occupation appears to be non-monotonic:

among the workers in declining occupations, both bottom-tercile and top-tercile workers were less likely

to remain in their starting occupations (panel B, columns (7)-(8)). These interaction coefficients are

larger than ten percent of the overall mean (although in the case of the top tercile, not precisely esti-

mated). This hump-shaped pattern of staying probabilities (U-shaped in exiting probabilities) is intrigu-

ing from a theoretical point of view, as we discuss below.

One potential challenge in interpreting the results of Table 3.6 is that those with low earnings in their

occupation may have differed from others along some observable dimensions, such as gender, age, or

geography. To mitigate this concern, we re-estimate the regressions using workers’ within-occupation

rank in residualised earnings, where the residuals come from a regression of earnings on female, cohort,

and county-of-residence dummies. As Table 3.14 shows, in terms of employment and earnings losses

the results are qualitatively unchanged, and the magnitude of the interaction coefficients is only slightly

reduced. However, using the residual-based rank measure, there is less support for the conclusion

that bottom-ranked workers were less likely to remain in the initial occupation. Table 3.15 reports

interactions using overall earnings rank instead of within-occupation earnings rank. Large losses from

occupational decline for those in the lowest tercile again stand out as a consistently robust finding.36

We consider three further dimensions of heterogeneity. First, we examine earnings losses separately

for those who remained in their initial occupation and those who did not. This purely descriptive exercise

is motivated by the prediction of our baseline model in Section 3.2 that leavers should have lower losses

than stayers. We estimate equation (3.4) with cumulative earnings as the outcome variable, and add on

the right-hand side a dummy for having remained in the initial occupation, as well as its interaction with

the declining dummy. Panel A of Table 3.17 shows that among all workers, those who remained in their

initial occupation had higher cumulative earnings, though in panel B we restrict the sample to those who

were employed in 2013, and the finding reverses.37 Importantly, in neither case is there evidence that

those who remained in declining occupations did significantly worse than those who left a declining

occupation. The same result holds when we focus on the bottom third (in terms of within-occupation

earnings), see panel C. We discuss the interpretation of these results in light of the model in Section

3.5.6 below.

Second, while we argue that our approach delivers an upper bound on the magnitude of average

losses due to occupational decline, we also explore heterogeneity related to workers in non-declining

occupations. Workers who leave declining occupations may flock to similar non-declining occupations,

depressing the wage in these ‘control’ occupations. And even in the absence of such general equilibrium

35. We consider discounted cumulative earnings, applying a 5% discount rate; discounted cumulative earnings normalised by
initial earnings; the percentile rank in cumulative earnings; the log of cumulative earnings; and the percentage change in earnings
1985-2013. As expected, the estimated losses in terms of discounted cumulative earnings are somewhat smaller at 1.5%-4.5% of
the overall mean, depending on controls, as more weight is put on earlier years in the career.

36. Table 3.16 uses residualised overall earnings rank, again with similar results. Note that in the theoretical model, within-
occupation and overall earnings rank and their residualised counterparts are all identical.

37. Workers classified as having remained are employed in 2013 by construction, whereas those classified as not having re-
mained might not have been employed in 2013 and thus have zero earnings in that year, and possibly in preceding years also.
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effects, employing a rich set of controls may cause us to put more weight on groups of comparable

occupations where there are roughly as many declining as non-declining sub-occupations. In such cases,

workers may have many substitute occupations to choose from. To explore such issues, we run what

we refer to as ‘doughnut’ specifications, namely the same regressions as those we report in Tables 3.4

and 3.5 but excluding 3-digit (SSYK96) occupations in which some but not all 5-digit occupations are

declining. We indeed estimate slightly larger earnings losses than in our baseline specifications, ranging

from 3%-6% of mean earnings (see Tables 3.18 and 3.19).

Third and finally, we explore heterogeneity by gender. As Table 3.20 shows, occupational decline

results in larger losses of employment and occupational stability for women, while men suffer larger

earnings losses. Larger employment and earnings losses for those in the bottom tercile are concentrated

among men, although once we use residualised earnings rank (Table 3.21) the losses of women in the

bottom tercile are roughly as large as men’s.

3.5.4 Unemployment, retraining, early retirement, and geographic stability

A natural question at this stage is to what extent the loss in years of employment due to occupational

decline is accounted for by increased unemployment and retraining; as discussed above, data on these

last two outcomes are available for the final 22 years of our study. Table 3.7 reports estimates using the

main specifications from Tables 3.4 and 3.6 but this time using cumulative days of unemployment (panel

A) and state-sponsored retraining (panel B) as outcome variables. Columns (1)-(4) of Panel A show that

workers who started out in later declining occupations were only very slightly more likely to ever be

unemployed, and columns (5)-(8) suggest that these workers accumulated 20-50 more unemployment

days, though the estimates with more controls are imprecise. However, we again find substantial hetero-

geneity, with bottom-tercile workers in declining occupations spending 63 days more in unemployment,

a substantial 20% of the mean.

Table 3.7 about here

Columns (1)-(4) of panel B suggest that occupational decline increased the risk of ever enrolling in

state-sponsored retraining by 9%-27%. The estimates for cumulative days spent retraining are similarly

substantial, at least in relative terms (columns (5)-(8)). Our most conservative specification including

all controls suggest that the median worker spent six more days in retraining, which amounts to 21% of

the mean (ten days and 29% for the bottom-tercile worker).

Our estimates for unemployment and retraining can only explain part of the estimated employment

losses. For bottom-tercile workers, we conservatively estimate an employment loss of 1.16 years.38 Of

these, unemployment and retraining account for only 22%.39 The remaining employment loss may be

38. From panel B, column (2) in Table 3.6 we obtain −0.03 − 1.13 = −1.16. To complete the calculation, we divide the
unemployment and retraining coefficients by 365 to get years, multiply them by 28/22 to account for the fact that these variables
are only available during 1992-2013, sum them, and divide by 1.16.

39. Of the mean employment loss, unemployment and retraining explain about a third and a tenth of the time respectively.
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accounted for by job search that is not covered by unemployment benefits; private retraining; or time

spent outside the labour force. Unfortunately, we lack the data to investigate this further.

There is however a group of workers for whom we are able to investigate the relationship between

occupational decline and exit from the labour force, namely, older workers. Recall that workers in our

baseline sample reached a maximum age of 64 in 2013. We now examine employment, earnings, and

retirement for two groups of older workers, most of whom reached the usual retirement age of 65 well

before the end of our sample period.

Panel A of Table 3.22 considers workers who were aged 37-48 in 1985. The employment losses

among this group are a little larger than for our baseline sample: about 8 months (4 months) of a year

of employment in the specification with individual (all) controls, or just under 4% (2%) of the group

mean. About half of these employment losses are accounted for by a slightly younger age of retirement

for those in declining occupations. The estimated earnings losses from occupational decline—about

6% (1.5%) with individual (all) controls—are similar to those of the baseline group. Finally, for this

group we also find positive and significant interactions of the declining dummy with initial occupational

earnings rank, suggesting once more that those who earned least within their occupation to begin with

lost more years of employment from occupational decline.

Panel B of Table 3.22 suggests that for an even older group, those aged 49-60 in 1985, the occu-

pational decline that we measure had more modest costs compared to the baseline group. This likely

reflects the fact that we are measuring occupational decline over a longer period, and that these older

workers had little exposure to the decline.40

Finally, we study whether occupational decline results in geographic mobility across municipalities,

commuting zones, and counties. The results in Tables 3.23 and 3.24 suggest that occupational decline

does not, on average, reduce geographic stability. Workers in the bottom tercile, however, are a little

more likely to leave their location when their occupation declines.

3.5.5 Technology-related occupational decline

Consistent with much of the literature (Goos, Manning, and Salomons 2014) we expect technological

change to be a key driver of occupational decline, and especially occupational decline that is common

to the US and Sweden. Nevertheless, there could be other drivers, including changes on the supply side

(changes in demographics, trade shocks, or changes in government policy) and in consumer demand.

Bearing this in mind, we now focus on occupations that are likely to have declined due to the intro-

duction of labour-replacing technology, based on information from the OOH, as described in Section

3.3.2.41

We find that workers’ exposure to declines in Swedish occupational employment is of very similar

magnitude regardless of whether we consider all occupations classified as declining, or only the ones

40. We verify that for the groups of middle-aged and older workers, our declining indicator does not predict differences in prior
earnings (1975 and 1980) conditional on controls, see Figure 3.4.

41. Some of what we classify as technology-related decline may still be influenced by other factors, and we cannot rule out that
technology played a role in the remaining declining occupations.
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we linked to technology (Table 3.26, panel A, and Table 3.27).42 Moreover, technology-related occupa-

tional declines are not significantly different from other occupational declines in their implications for

years of employment, cumulative earnings, and the probability of remaining in the initial occupation.

One way to see this is by adding an indicator for technology-linked decline to equation (3.4). We find

that the coefficients on this indicator are statistically indistinguishable from zero (columns (1) and (2)

in panels B-D of Table 3.26). Alternatively, considering technology-related declines on their own, we

see very similar point estimates, both for the main effect and for the interaction with earnings rank, as

for the full set of declines (columns (3)-(5)).

Our second approach to investigating the consequences of technology-driven occupational decline

relies on the presence of relevant labour-replacing technologies, classified using our algorithmic or

manual approaches (as described in Section 3.3.2). Panel A of Table 3.28 shows that both measures

of technological replacement are correlated with occupational decline, although the estimates for the

algorithmic measure is a little larger and (once we include all controls) more precisely estimated.43 As

Panel B shows, both measures of technological replacement are also correlated with large employment

declines at the coarse 3-digit level, although only the algorithmic measure survives the inclusion of the

full set of controls. Panel C shows that at the individual level, both measures result in fairly moder-

ate employment losses, with point estimates that are all below half a year of employment—similar to

our main measure of occupational decline. Finally, Panel D shows that the cumulative earnings losses

from technological replacement are also quite similar to our main estimates: around 1%-3% (impre-

cisely estimated) for the algorithmic measure, and around 5%-7% (precisely estimated) for the manual

measure.

3.5.6 Interpreting our findings through the lens of the theoretical model

In our empirical analysis, we confirm that occupational decline was associated with earnings losses and

higher occupational exit rates. This is consistent with our model’s assumption that occupational decline

was largely driven by changes in demand.

The version of the model which best fits our empirical findings is the one with both differential

occupational switching costs and displacement. In this case, those with lower initial within-occupation

earnings rank suffer larger earnings losses as a result of occupational decline; switchers’ earnings losses

may be larger than those of stayers (as we find); and displacement may lead to switching probabilities

that are U-shaped in initial earnings, whereby low-earning workers switch if displaced, while high-

earning workers switch voluntarily.

Our empirical analysis also sheds light on the nature of the occupational switching costs in the

model. In practice we find that roughly a third of the employment years lost can be accounted for

by increased unemployment, and almost ten percent are due to retraining. The stronger responses to

occupational decline of unemployment and retraining among lower-ranked workers further supports our

42. Workers starting out in 1985 in subsequently declining occupations, where we were able to identify a link to technology,
were statistically indistinguishable from those in the remaining declining occupations, as seen in Table 3.25.

43. Both measures are (conditionally) balanced on the same set of characteristics that we report in Table 3.3—these estimates
are available on request.
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interpretation of heterogeneous switching costs.

Finally, our model suggests that the effects of an adverse occupational demand shock may differ

depending on whether the shock was anticipated. Controlling for projected employment growth—thus

isolating unanticipated declines—generally leads us to estimate smaller earnings losses and mobility

responses. The former is consistent with our model, but the latter is not. A possible explanation may be

that conditional on predicted occupational employment growth, our declining indicator isolates a lower

level of exposure to actual Swedish employment declines than in the unconditional regression, or the

one only conditioning on individual characteristics.44

3.6 Conclusion

In this paper, we study the long-run employment and earnings losses that workers suffer when demand

for their occupations declines. We begin by measuring anticipated and actual occupational declines in

the US, which we map into panel micro data on Swedish workers. We find that even after controlling

for key predictors of occupational decline, employment changes in declining Swedish occupations were

around 20-40 log points lower than in non-declining occupations.

Despite this large fall in employment, we find that over 28 years, those who in 1985 worked in

declining occupations experienced earnings (employment) losses that were around 2%-5%(1%-2%) of

mean cumulative earnings (employment), compared to those who initially worked in non-declining

occupations. We characterise conditions under which these figures are a plausible upper bound on the

magnitude of the losses due to occupational decline. The earnings losses are on the higher end of the

above-mentioned range when we control only for individual covariates, and lower when we also control

for anticipated occupational changes and industry and occupation characteristics. Around a third of the

cumulative employment losses are accounted for by increased unemployment, and a further tenth by

increased time spent in government retraining.

We find that workers in the bottom tercile of their occupations’ earnings distributions suffered the

largest losses (around 8%-11%). Workers in the bottom tercile also lost more years of employment

and spent more time in unemployment and retraining. We find that those in declining occupations were

significantly more likely to leave their starting occupations. The propensity to exit declining occupations

was U-shaped in initial occupational earnings rank, with those at the bottom (and to a lesser extent at

the top) more likely to leave their starting occupations.

We show that our findings are consistent with a Roy model with negative occupational demand

shocks, where workers may suffer displacement, and where finding reemployment takes time. In the

model, those at the bottom of a declining occupation also have low earnings capacity in other occupa-

tions, and therefore find it harder to find reemployment—whether in their own occupations or in other

occupations. Hence they lose most from occupational decline. The model also rationalises the U-shaped

exit pattern that we describe above: those at the bottom of their occupations’ earnings distributions are

more likely to leave their occupations when they are displaced, while those at the top are more likely to

44. However, exposure declines by less than the mobility response, in relative terms. See columns (2) and (4) in Tables 3.1 and
3.4.
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leave to avoid negative demand shocks.

Our findings suggest that the mean losses of occupational decline are lower than the losses suffered

by displaced workers that have been reported in prior literature. This is likely because occupational

decline is typically gradual, and can be partly managed through retirements, reduced entry into declining

occupations, and increased job-to-job exits to other occupations. Indeed, we document a response in

terms of occupational mobility which, in terms of elasticities, is much larger than our estimated earnings

losses. Gradual occupational decline may also impose fewer negative spillovers on local economies

compared to large, sudden shocks, such as plant closures.

At the same time, future occupational decline could still have substantial adverse consequences for

workers’ outcomes, for the following three reasons. First, our paper studies occupational decline that—

while unanticipated early in workers’ careers—was nevertheless fairly gradual. But if, for example,

machine learning improves rapidly, occupational replacement may happen faster, and may be accompa-

nied by an overall worsening of employment opportunities (Bostrom 2014). Second, the occupational

decline that we study largely spared the most skilled occupations, but this may change with new tech-

nologies. Many professionals made sizeable investments in skills that are particularly useful in their

occupations, and some may also benefit from economic rents. It is possible that for these workers the

earnings losses from future occupational decline may be higher than those we estimate. Finally, and

perhaps most importantly, our findings show that low-earning individuals are already suffering consid-

erable (pre-tax) earnings losses, even in Sweden, where institutions are geared towards mitigating those

losses and facilitating occupational transitions. Helping these workers stay productive when they face

occupational decline remains an important challenge for governments.
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αiA

α
iB

(c) Heterogenous switching cost C−αiB (c’) Displacement (heter. cost)

k i1
= A,k i2

= B
ki1 = ki2 = B

ki1 = ki2 = A

0 C−d
αiA

α
iB

k i1
= A,k i2

= B

k i1
=A,k

i2
=B if disp

lac
ed

;

otherw
ise

k i1
=k i2

=A

ki1 = ki2 = B

ki1 = ki2 = A

0 d/2 C−d
αiA

α
iB

Notes: kit denotes the occupation chosen by worker i in period t. αik denotes log productivity of worker i in
occupation k. d is the amount by which the relative occupational log price declines from period 1 to period 2.
The parameter values chosen are (α,d,c, ĉ,C) = (1,0.5,0.25,0.25,1).

Figure 3.1: Sorting in a two-period Roy model
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Table 3.3: Balance of pre-determined characteristics

(1) (2) (3) (4) (5) (6)

A. Military test scores
Cognitive skills Non-cognitive skills

Declining -0.24 -0.015 0.022 -0.20 -0.077 -0.022
(0.084) (0.035) (0.022) (0.062) (0.041) (0.021)

Individual controls ✓ ✓ ✓ ✓
Occupation & industry controls ✓ ✓
Mean of dep. var. 0.06 0.06
Observations 272,350

B. Mother’s characteristics
Mother finished high school Mother’s earnings (1985)

Declining -0.059 -0.012 0.0033 -6.73 -2.31 0.079
(0.020) (0.0100) (0.0058) (2.41) (1.29) (0.84)

Individual controls ✓ ✓ ✓ ✓
Occupation & industry controls ✓ ✓
Mean of dep. var. 0.35 97.4
Observations 609,075

C. Father’s characteristics
Father finished high school Father’s earnings (1985)

Declining -0.069 -0.0088 0.0075 -13.7 -1.38 2.26
(0.027) (0.012) (0.0067) (6.67) (2.85) (1.99)

Individual controls ✓ ✓ ✓ ✓
Occupation & industry controls ✓ ✓
Mean of dep. var. 0.43 174.2
Observations 451,301

Notes: Results from regressions of various pre-determined characteristics on a dummy for working in 1985 in a subsequently
declining occupation are shown. Test scores from the military enlistment are standardised to have mean zero and unit variance
within enlistment cohorts. The sample in panel A includes men born in Sweden from 1952-1959 with non-missing test scores
(more than 85 percent of men in each cohort), who were employed and earned at least the base amount in 1985, and whose
education, occupation, and industry are observed. The samples in panels B and C are the same as that in panel B of Table 3.2,
except that individuals with missing information on mother’s or father’s education and income were dropped. Individual-level
controls include female, cohort, county, and education dummies, as well as earnings in 1985. Occupation and industry con-
trols include predicted life-time income, predictors of occupational growth, occupation dummies, and industry dummies. Ro-
bust standard errors, clustered by 1985 3-digit occupation, in parentheses.
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Appendix

Appendix 3.A Theory appendix

Here we provide a self-contained exposition of the theoretical model discussed in Section 3.2 of the

paper, including all formal derivations. We consider two occupations, one of which is hit by a negative

demand shock. We investigate how workers’ likelihood of leaving the affected occupation, and their

earnings losses, depend on their initial earnings. Starting from a standard frictionless Roy (1951) model,

we successively introduce positive and potentially heterogeneous costs of switching occupation; as well

as the possibility that workers are displaced from their jobs and incur a cost to find a new job even

when remaining in their initial occupation. Finally, we consider how workers’ sorting differs when the

negative demand shock is anticipated.

Subsection 3.A.1 Setting

We consider a competitive economy with a continuum of individuals indexed by i who live for two

periods t ∈ {1,2} and each supplies a unit of labour inelastically each period. There are two occupations

indexed by k ∈ {A,B} for the workers to choose from. Workers’ per-period log earnings are given

by yikt = πkt +αik − cikt where πkt is the time-varying and stochastic (log) price of a unit of output in

occupation k, αik is the time-invariant (log) amount of output that worker i produces in occupation k, and

cikt ≥ 0 is a time cost related to occupational switching, which we discuss below.45 There are no saving

opportunities and earnings are consumed immediately. We define the life-time expected utility function

as E[yik1 +βyik2], where β > 0 is a discount factor. In each period, workers choose the occupation that

maximises their expected utility. As a normalisation, we assume that workers always choose occupation

A if indifferent. Since we focus our analysis on relative wages, we define π̃t ≡ πBt −πAt and assume

for simplicity that π̃1 = 0.46 Prices are determined in equilibrium by supply and demand. However,

here we take them as given, and analyse the consequences of a change to prices occurring in period 2

for occupational sorting and earnings. Note that the second period may be interpreted as all periods

following this change, so β could be larger than one. For simplicity, we assume that αiA and αiB are

independent and both uniformly distributed between zero and some finite but possibly large number

α . We explain in the following subsections that our main results are robust to alternative distributional

assumptions.

45. The time cost may reflect search or retraining (or both); we assume throughout that a worker’s wage equals the value of her
marginal product, eπkt+αik . We thus abstract from any job-level rents that may arise in the presence of search frictions.

46. We do not claim to identify any aggregate gains from technological change, and we do not model them here.
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In period 2, there is a negative demand shock to occupation A such that πA2 −πA1 = −d and π̃2 =

d,d > 0. This may be due to labour-replacing technology becoming available, or cheaper, in occupation

A. We are interested in the consequences of the shock for the earnings of workers who start out in

occupation A, under various assumptions about switching costs and anticipation of the price change.

Formally, let li ≡ E[yi2|αiA,ki1 = A,DA = 0]−E[yi2|αiA,ki1 = A,DA = 1] be the expected earnings

loss in period 2 that results from the shock, conditional on worker i starting out in occupation A, and

conditional on her ability (and hence earnings rank) αiA, where the occurrence of the shock is indicated

by DA ∈ {0,1}. Similarly, lswitch
i and lstay

i denote the earnings losses further conditioned on leaving and

staying, respectively, and pi is the probability of switching.47 The overall loss is given by

li = lstay
i − pi

(
lstay
i − lswitch

i

)
. (3.5)

As long as there is no displacement then lstay
i = d and by revealed preference lswitch

i ≤ d, so that li ≤ d.

Thus, switching enables workers to mitigate the losses from occupational decline. In the following sub-

sections we verify that, in each version of our model, ∂ pi
∂d ≥ 0, ∂ li

∂d ≥ 0 (with strict inequalities for some i):

the larger the drop in demand, the more workers switch, and the higher are earnings losses. Furthermore,
∂ li

∂αiA
=− ∂ pi

∂αiA

(
lstay
i − lswitch

i

)
+ pi

∂ lswitch
i

∂αiA
. In other words, losses decrease with initial within-occupation

earnings rank if the switching probability is increasing and the loss of switchers decreasing in initial

earnings rank, ∂ pi
∂αiA

> 0 and ∂ lswitch
i

∂αiA
< 0.

In what follows, we investigate how mean earnings losses vary with αiA, and hence with initial earn-

ings, under various assumptions about switching costs and anticipation of the price change. To char-

acterise switching behavior and earnings losses, we require a distributional assumption. For simplicity,

we henceforth assume that αiA and αiB are independent and both uniformly distributed between zero

and some finite but possibly large number α . We argue below that our results are robust to alternative

distributional assumptions.

Subsection 3.A.2 Baseline model

We start with the simplest case, where occupational prices πkt are revealed at the start of each period

and there are no switching costs. Hence, occupational choice is a sequence of static decisions that can

be analysed in isolation. The set of workers choosing occupation A in period 1 is characterised by the

inequality αiB ≤ αiA, and it lies on and below the main diagonal in panel (a) of Figure 3.3 (blue and

red areas). The workers who switch in the second period must satisfy the inequalities αiB ≤ αiA and

αiB > αiA −d, indicated by the blue area in panel (a) of Figure 3.3.

47. Formally,

li ≡ li(αiA,d) ≡ E[yi2|αiA,ki1 = A,DA = 0]−E[yi2|αiA,ki1 = A,DA = 1],

lswitch
i ≡ lswitch

i (αiA,d) ≡ E[yi2|αiA,ki1 = A,DA = 0]−E[yi2|αiA,ki1 = A,ki2 = B,DA = 1],

lstay
i ≡ lstay

i (αiA,d) ≡ E[yi2|αiA,ki1 = A,DA = 0]−E[yi2|αiA,ki1 = A,ki2 = A,DA = 1],

pi ≡ pi(αiA,d) ≡ P(ki2 = B|ki1 = A,αiA,DA = 1).
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Notes: kit denotes the occupation chosen by worker i in period t. αik denotes log productivity of worker i in occupation
k. d is the amount by which the relative occupational log price declines from period 1 to period 2. The parameter values
chosen are (α,d,c, ĉ,C) = (1,0.5,0.25,0.25,1).

Figure 3.3: Sorting in a two-period Roy model
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To characterise switching probabilities and earnings losses, we need to distinguish two cases. Among

workers in occupation A with αiA ≤ d, everyone switches and their period-2 log earnings, given unifor-

mity, are on average αiA/2, which is also the earnings loss they suffer. For those with αiA > d, the

probability of switching is d/αiA. The switchers’ log productivity in occupation B lies between αiA −d

and αiA, so given uniformity their period-2 log earnings are on average αiA −d/2, so that they suffer a

loss of d/2. Switching probabilities, and their derivatives with respect to initial skill, are thus

pi =


1 if αiA ≤ d

d
αiA

if αiA > d,

∂ pi
∂αiA

=


0 if αiA ≤ d

− d
α2

iA
< 0 if αiA > d,

and earnings losses are

li =


αiA
2 if αiA ≤ d

d
(

1− d
2αiA

)
if αiA > d,

∂ li
∂αiA

=


1
2 > 0 if αiA ≤ d

d2

2α2
iA

> 0 if αiA > d.

Given the above expressions, it is also straightforward to verify that ∂ pi/∂d ≥ 0 and ∂ li/∂d ≥ 0. We

summarise our analytical results for the baseline model as follows.

Result 1. The probability of switching among those initially working in A is weakly decreasing in initial

earnings. Moreover, switchers’ earnings losses are also weakly increasing in initial earnings; and taken

together, mean earnings losses for workers starting out in occupation A are strictly increasing in initial

earnings.

To understand the intuition for these results, call occupation A “typist” and occupation B “cashier”,

where typists suffer a negative demand shock. The worst typists could only become the worst cashiers,

otherwise they would have chosen to be cashiers in period 1. But the best typists can at most become

the best cashiers, and in general they will not all be the best cashiers. Therefore, the best typists are less

able to mitigate their earnings losses by becoming cashiers, and they suffer larger losses than the worst

typists.

This argument suggests that switching probabilities are decreasing and earnings losses are increasing

in ability under a large set of alternative assumptions on the skill distributions. A sufficient condition

for earnings losses to be higher for the most able than for the least able is that there is finite support with

positive probability mass for all (αiA,αiB) ∈ [0,α]× [0,α].

Subsection 3.A.3 Costs of switching between occupations

We continue to assume that the period-2 price change is unanticipated, but now we assume that there are

costs of switching occupations. We think of these costs as the time lost searching for a new job or spent

in retraining, and model them as additive in log terms. We start with the simple case where the time

cost is constant across workers (and thus proportional to earnings), and then consider a case where it is
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decreasing in workers’ ability in the destination occupation. In both cases, we assume that the switching

cost is symmetric between occupations.

Occupational choice is no longer a period-by-period decision. Instead, workers choose in period

1 the occupation with the highest expected present discounted value of log earnings, net of switching

costs. Let us assume that occupational log prices follow a random walk, E[π̃2] = π̃1 = 0, where the

last equality is due to our earlier simplifying assumption.48 This means that expected payoffs are equal

across occupations apart from a worker’s skills. Therefore, in both cases considered in this section we

have that worker i chooses occupation A in period 1 if and only if αiA ≥ αiB.

Constant switching costs

Take first the case where the cost for moving occupations is a constant c ∈ (0,d); the case c ≥ d is

uninteresting since nobody would switch in response to the adverse shock, so we only consider the case

c < d.

Decisions at the beginning of the terminal period 2 are easily characterised, as before. After the price

change, worker i switches if and only if αiB − c > αiA − d. Given period-1 choices, the workers who

switch to occupation B after the price change satisfy the inequalities αiB ≤ αiA and αiB > αiA − (d− c).

Panel (b) of Figure 3.3 shows a situation that is qualitatively similar to the baseline model, except that

the blue region marking the workers who switch is smaller than in panel (a). Deriving expressions for

the switching probability and earnings loss as a function of initial earnings follows along very similar

lines as in the proof of Result 1.

To characterise switching probabilities and earnings losses, we again to distinguish two cases.

Among workers in occupation A with αiA ≤ d − c, everyone switches and their period-2 log earnings,

given uniformity, are on average αiA/2− c, which gives an average loss of αiA/2+ c. For those with

αiA > d − c, the probability of switching is (d − c)/αiA. The switchers’ log productivity in occupation

B lies between αiA − (d − c) and αiA, so given uniformity their period-2 log earnings are on average

αiA − (d − c)/2, so that they suffer a loss of (d + c)/2. Switching probabilities, and their derivatives

with respect to initial skill, are thus

pi =


1 if αiA ≤ d − c

d−c
αiA

if αiA > d − c,

∂ pi
∂αiA

=


0 if αiA ≤ d − c

− d−c
α2

iA
< 0 if αiA > d − c,

and earnings losses are

li =


αiA
2 + c if αiA ≤ d − c

d − (d − c)2

2αiA
if αiA > d − c,

∂ li
∂αiA

=


1
2 > 0 if αiA ≤ d − c

(d − c)2

2α2
iA

> 0 if αiA > d − c.

48. Instead of the random walk assumption we could impose that demand changes are somehow otherwise perfectly unforeseen,
for instance due to adaptive expectations (in Section 3.A.5 we consider the case where demand changes are anticipated).
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Given the above expressions, as in the baseline model, ∂ pi/∂d ≥ 0 and ∂ li/∂d ≥ 0. We summarise our

analytical results for the constant switching cost model as follows.

Result 2. Under a constant switching cost, we obtain the same qualitative conclusions as in Result

1: The probability of switching among those initially working in A is weakly decreasing, switchers’

earnings losses are weakly increasing, and mean earnings losses for workers starting out in occupation

A are strictly increasing, in initial earnings.

The same intuition as in the baseline model of Section 3.A.2 applies: the best workers in the declin-

ing occupation are less likely to be able to mitigate their earnings losses by switching occupation.

Heterogenous switching costs

Suppose instead that workers who wish to switch from A to B must pay a switching cost equal to C−αiB

and that workers who switch from B to A incur a cost C−αiA, with C > α (the condition C > α ensures

that all workers face a strictly positive switching cost). This structure of switching costs captures in a

reduced form way the frictions that occupational moves may entail: for example, job search may take

time, and those more able in the new occupation may find a job more quickly.

After the price change in period 2, worker i switches if and only if αiB − (C−αiB)> αiA −d. Thus,

the workers who switch to occupation B after the shock must now satisfy the inequalities αiB ≤ αiA

and αiB > αiA/2+(C−d)/2, shown as the blue area in panel (c) of Figure 3.3. The figure shows that

workers with αiA below C−d do not switch, and that above C−d, the fraction switching is increasing

in αiA due to uniformity. Thus,

pi =


0 if αiA <C−d

1
2 −

C−d
2αiA

if αiA ≥C−d,

∂ pi
∂αiA

=


0 if αiA <C−d

C−d
2α2

iA
> 0 if αiA ≥C−d,

and

lswitch
i = d

2 +
C−αiA

2 ,
∂ lswitch

i
∂αiA

=− 1
2 < 0

where we used the fact that mean earnings of switchers equal 3αiA/2− (C + d)/2. Thus, if αiA >

C−d, we have by (3.5) that ∂ li/∂αiA < 0 (and zero otherwise). It is also straightforward to verify that

∂ pi/∂d ≥ 0,∂ li/∂d > 0. To summarise:

Result 3. If the cost of switching occupations is decreasing in initial earnings, then the probability of

switching among those initially working in A is weakly increasing in initial earnings, and mean losses

conditional are (weakly) decreasing in initial earnings.

In terms of the example above, in this case the worst typists do not switch, because their initial choice

of occupation A reveals not only low earnings potential in occupation B but also a large switching cost.

Among the best typists, however, many possess substantial earnings potential as cashiers, as well as low

switching costs. Therefore, the best typists are on average better able to mitigate their earnings losses
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by becoming cashiers, and hence the earnings losses from the demand shock are smaller for the best

typists than for the worst typists.49

Subsection 3.A.4 Job displacement

So far, we have been concerned with earnings losses as a function of initial earnings in the context of

a Roy model where any moves between occupations are voluntary. By revealed preference, losses of

movers must be less than those of stayers. Here we show that introducing job displacement and a cost

of finding a new job in the initial occupation may overturn this result.50

Suppose that workers in either occupation experience job displacement with probability λ at the end

of period 1. Occupations are still symmetric in expectation, so that period-1 choices are as before.

Displacement under constant switching costs

Displacement affects choices only in the presence of switching costs. First we assume that displaced

workers incur a cost ĉ > 0 to find a job in their starting occupation, and a cost c to find a job in the

other occupation (the latter of course also applies to non-displaced workers). Here we have in mind

exogenous job losses, for instance due to plant closure, which are a standard feature of search models

(see for instance Pissarides 2000). To ensure that displaced workers in occupation B do not wish to

switch to occupation A we assume that ĉ < c+d.

The workers who are displaced switch occupation if and only if αiB >αiA−(d−(c− ĉ)), and among

them are individuals who would remain if not displaced, αiB ≤ αiA − (d − c). Workers not suffering

displacement switch voluntarily if and only if αiB > αiA − (d − c). Thus, there is a set of workers who

switch occupation only if suffering displacement, as illustrated by the yellow area in panel (b’) of Figure

3.1. Given uniformity, we have switching probabilities

pi =



1 if αiA ≤ d − c

λ +(1−λ ) d−c
αiA

if d − c < αiA < d − (c− ĉ)

d−c
αiA

+λ
ĉ

αiA
if αiA ≥ d − (c− ĉ),

∂ pi
∂αiA

=



0 if αiA ≤ d − c

−(1−λ ) d−c
α2

iA
< 0 if d − c < αiA < d − (c− ĉ)

− d−c
α2

iA
−λ

ĉ
α2

iA
< 0 if αiA ≥ d − (c− ĉ).

The earnings loss in the first region is the same as in the case without displacement in Section 3.A.3.

The calculations are more involved in the second and third regions. Let ρblue
i denote the probability

that a worker’s skill αiB lies in the blue region in panel (b’) of Figure 3.3 (conditional on starting out

in occupation A and on αiA), let lblue
i be her expected loss, and analogously define ρ

yellow
i ,ρ red

i and

49. While our model excludes occupation-specific human capital, it does allow us to think about some of its potential implica-
tions. For example, if all workers accumulate occupation-specific human capital additively (in logarithms) the effects are similar
to adding constant switching costs, since switching means foregoing this capital. And if the accumulation of occupation-specific
human capital is faster for those with higher ability in the occupations they initially select, they become less mobile, in contrast to
the case of heterogeneous switching costs discussed above. Either way, adding occupation-specific human capital does not help
to rationalise our empirical findings.

50. Recall that a large literature has documented substantial earnings losses due to job displacement (see for instance Jacobson,
LaLonde, and Sullivan 1993) and even larger losses if such displacement coincides with switching occupation (Kambourov and
Manovskii 2009).
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lyellow
i , lred

i . When d − c < αiA < d − (c− ĉ), we have

(
ρ

yellow
i ,ρblue

i

)
=

(
1− d − c

αiA
,

d − c
αiA

)
,

(
lyellow
i , lblue

i

)
=

(
λ

(
αiA

2
+

d + c
2

)
+(1−λ )d,

d + c
2

)

and

li = lblue
i +ρ

yellow
i

(
lyellow
i − lblue

i

)
,

where we note that lyellow
i − lblue

i = λ
αiA
2 +(1−λ ) d−c

2 > 0.

When αiA ≥ d− (c− ĉ), we additionally define ρ red
i and lred

i in the same sense as above, so we have

(
ρ

red
i ,ρ

yellow
i ,ρblue

i

)
=

(
1− d − (c− ĉ)

αiA
,

ĉ
αiA

,
d − c
αiA

)
,

(
lred
i , lyellow

i , lblue
i

)
=

(
λ (d + ĉ)+(1−λ )d,d +

ĉ
2
,

d + c
2

)

and

li = lblue
i +ρ

red
i

(
lred
i − lblue

i

)
+ρ

yellow
i

(
lyellow
i − lblue

i

)
,

where lred
i − lblue

i = d−c
2 +λ ĉ > 0 and lyellow

i − lblue
i = d−c

2 + ĉ
2 > 0. Thus,

li =



αiA
2 + c if αiA ≤ d − c

d+c
2 +

(
1− d−c

αiA

)(
λ

αiA
2 +(1−λ ) d−c

2

)
if d − c < αiA < d − (c− ĉ)

d +λ ĉ− (d−(c−ĉ))(d−c+2λ ĉ)
2αiA

if αiA ≥ d − (c− ĉ),

and

∂ li
∂αiA

=



1
2 > 0 if αiA ≤ d − c

d−c
α2

iA

(
lyellow
i − lblue

i

)
+ρ

yellow
i

λ

2 > 0 if d − c < αiA < d − (c− ĉ)

(d−(c−ĉ))(d−c+2λ ĉ)
2α2

iA
> 0 if αiA ≥ d − (c− ĉ).

It is also straightforward to verify that ∂ pi/∂d ≥ 0 and ∂ li/∂d ≥ 0. To summarise:

Result 4. If the cost of switching occupations is constant, if workers may be displaced from their jobs,

and if the cost of finding a new job in the starting occupation is also constant, then the probability of

switching among those initially working in A is (weakly) decreasing in initial earnings, and mean losses

are strictly increasing in initial earnings.

Displacement does not affect the qualitative results that we obtained before when assuming constant

switching costs (Section 3.A.3). It is still the case that the most skilled among the workers starting

out in A are less likely to be in a position where they can mitigate their earnings losses by switching

occupation.

124



Displacement under heterogenous switching costs

In the case of a heterogeneous cost of switching occupations, we introduce in symmetric fashion a cost

for finding a job in the starting occupation, if displaced. A worker starting out in occupation A incurs a

cost C−αiB for moving to occupation B, and if displaced incurs a cost C−αiA for finding another job

in occupation A. For a worker starting in B, the costs are C−αiA and C−αiB, respectively.

Period-1 occupational choices are as before due to symmetry. Recall that workers not affected

by displacement switch voluntarily at the start of period 2 if and only if αiB > αiA/2 + (C − d)/2.

Workers that do suffer displacement switch occupation if and only if αiB > αiA −d/2, as illustrated by

the yellow area in (c’) of Figure 3.1. The figures suggests that, going from low to high values of αiA, the

switching probability first equals λ as all displaced workers switch and then falls below λ and becomes

a decreasing function of αiA, and possibly, eventually an increasing function of αiA, since the incidence

of voluntary switching increases in αiA for large values of αiA.

Indeed, switching probabilities are characterised as

pi =



λ if αiA ≤ d
2

λd
2αiA

if d
2 < αiA <C−d

1−λ

2 − (1−λ )C−d
2αiA

if αiA ≥C−d,

∂ pi
∂αiA

=



0 if αiA ≤ d
2

− λd
2α2

iA
< 0 if d

2 < αiA <C−d

(1−λ )C−d
2α2

iA
⪌ 0 ⇔ (1−λ )C ⪌ d if αiA ≥C−d.

The expression for the switching probability for αiA ≥C−d follows from the fact that when αiA ≥

C − d, the probability of a worker being in the blue region in panel (c’) of Figure 3.3 equals 1/2−

(C− d)/(2αiA), and the probability of being in the yellow region is C/(2αiA)− 1/2. We see that for

αiA > C− d the switching probability is strictly increasing in αiA provided the shock is not too large,

d/C < 1−λ .

The losses from occupational decline in this version of the model are

li =



λC+(1−λ )d if αiA ≤ d
2

λ

[
C−αiA +d − d2

4αiA

]
+(1−λ )d if d

2 < αiA <C−d

ℓi if αiA ≥C−d,

where ℓi is to be characterised below. For αiA < d/2, workers move if and only if they are displaced,

and the expected loss of movers is constant at C, while the expected loss of stayers is constant at d.

Hence, the overall expected loss in this region equals λC+(1−λ )d and thus does not depend on αiA.

For αiA ∈ (d/2,C− d), the expected loss for those who are displaced and stay is C−αiA + d and for

those who are displaced and move it is C−αiA + d/2 (all non-displaced workers stay). Together with

the switching probability, the result follows.

Finally, we consider the case αiA ≥ C− d. Let ρ red
i denote the probability that a worker’s skill αiB

lies in the red region in panel (c’) of Figure 3.3 (conditional on starting out in occupation A and on αiA),
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let lred
i be her expected loss, and analogously define ρ

yellow
i ,ρblue

i and lyellow
i , lblue

i . We have

ℓi = lblue
i +ρ

red
i

(
lred
i − lblue

i

)
+ρ

yellow
i

(
lyellow
i − lblue

i

)
,

where

(
ρ

red
i ,ρ

yellow
i

)
=

(
1− d

2αiA
,
C−αiA

2αiA

)
,

(
lred
i , lyellow

i , lblue
i

)
=

(
d +λ (C−αiA),d +λ

C−αiA

2
,

d
2
+

C−αiA

2

)
,

and so

ℓi = d +λ (C−αiA)+
1

2αiA

(
−d2

2
+(1−λ )(C−αiA)

(
d − C−αiA

2

))
and

∂ℓi

∂αiA
=

d2 +C(C−2d)(1−λ )−α2
iA(3λ +1)

4αiA
.

Thus,51

∂ li
∂αiA

=



0 if αiA ≤ d
2

λ

[
d2

4α2
iA
−1

]
< 0 if d

2 < αiA <C−d

∂ℓi/∂αiA < 0 ⇐ d
C < 2

3 if αiA ≥C−d.

Let us assume that d/C < min{2/3,1−λ}. This is a sensible assumptions, as it implies that the shock

is not huge—it does not come close to making the declining occupation vanish (recall that C > α). This

also is the case that gives rise to the richest patterns of switching behavior, as for instance the yellow

region of panel (c’) of Figure 3.3 would not coexist with the blue region if d/2 > C − d. As before,

∂ pi/∂d ≥ 0 and ∂ li/∂d ≥ 0. To summarise:

Result 5. If the cost of switching occupations is decreasing in initial earnings, if workers may be

displaced from their jobs, and if the cost of finding a new job in the starting occupation is also decreasing

in initial earnings, then the probability of switching among those initially working in A is U-shaped in

initial earnings, and mean losses are (weakly) decreasing in initial earnings.

Intuitively, the earnings loss is decreasing in initial earnings, as in the case with heterogenous switch-

ing costs without displacement (Section 3.A.3), because the costs of moving jobs—both within and

across occupations—decrease with initial earnings.

Subsection 3.A.5 Revelation of period-2 prices at the start of period 1

As a final variation on our model, we consider a case where period-2 prices are revealed to be π̃2 = d at

the start of period 1. Without switching costs, decisions are again static and occupational choices follow

51. The sign of ∂ℓi
∂αiA

is the same as the sign of its numerator. Since αiA >C−d when li = ℓi, the numerator is strictly less than

d2 +C(C−2d)(1−λ )− (C−d)2(3λ +1) = λ
(
d2 −4(C−d)2)

which is negative if d/C < 2/3. The expression is also negative if d/C > 2, but cases with d > C are uninteresting since they
imply that everyone leaves the declining occupation.
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the same conditions as in the baseline model of Section 3.A.2. Suppose however that there is a constant

(across individuals) switching cost c ∈ (0,d) for moving between occupations, as in the first scenario

considered in Section 3.A.3. Workers choose an occupational path by comparing the deterministic life-

time utilities associated with the choices (A,A), (A,B), and (B,B). The life-time utilities are given by

ViAA = αiA + β (αiA − d), ViAB = αiA + β (αiB − c), and ViBB = αiB + βαiB. First, let us assume that

switching cots are not too large, (1+β )c < d. Then we have:

• If αiB ≤ αiA − (d − c), the worker chooses (A,A).

• If αiB > αiA − (d − c) and αiB ≤ αiA −βc, the worker chooses (A,B).

• If αiB > αiA −βc, the worker chooses (B,B).

All workers with αiB > αiA − βc choose occupation B in period 1 and remain there. Thus, some

workers who otherwise would have started out in occupation A instead start in B to avoid the switching

cost, and the fraction of workers switching in the period when the shock hits is smaller than without

anticipation of the shock.

If switching costs are large instead, (1+β )c≥ d, then workers with αiB ≤αiA−βc choose (A,A) and

workers with αiB > αiA −βc choose (B,B), so that no switching occurs after period 1. To summarise:

Result 6. If period-2 prices are revealed already at the start of period 1, and under a constant oc-

cupational switching cost, the fraction of workers starting out in occupation A, and the fraction of

workers leaving occupation A after the first period, are both smaller than in the case without anticipa-

tion discussed in Section 3.A.3. The fraction switching occupation after period 1 may even be zero if the

switching cost is large.

More generally, the model suggests that the set of workers who are in declining occupations may

differ for anticipated and unanticipated shocks. Different combinations of anticipation, general equilib-

rium responses, heterogeneity of occupational switching costs, and displacement, may lead to a range

of different outcomes.

Subsection 3.A.6 Summary of theoretical results

We have modelled occupational decline using a Roy model, where employment in an occupation de-

clines as a result of a fall in occupational price caused by a technology shock. The model illustrates how

earnings losses due to occupational decline are mitigated by occupational switching.

Furthermore, our frictionless baseline model makes three predictions: the probability of leaving a

declining occupation is decreasing in initial earnings; earnings losses due to occupational decline are

increasing in initial earnings; and earnings losses of those who leave a declining occupation are less

than the losses of those who remain.

Anticipating that these predictions are inconsistent with our empirical findings, we have considered

several modifications to the model. Introducing an occupational switching cost that is decreasing in
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the worker’s earnings in the destination occupation leads to a positive relationship between switching

probabilities and initial earnings, and a negative relationship between earnings losses and initial earn-

ings. Allowing for displacement, together with a cost of switching jobs within an occupation, implies

that switchers’ earnings losses may be larger than those of stayers. Moreover, displacement can cause

switching probabilities to be U-shaped in initial earnings, whereby low-earning workers switch invol-

untarily if displaced, while high-earning workers switch voluntarily regardless of displacement.

The importance of switching costs in our theoretical analysis motivates our empirical approach of

focusing not only on losses in career earnings incurred by workers starting out in declining occupations,

but also on losses in years employed, as well as on the incidence of unemployment and retraining. While

our model does not include a non-work sector, it could be shown that a negative demand shock would

trigger moves from the affected occupation into non-participation.

Finally, we have used our model to show that much of re-sorting in response to a technology shock

may occur before the shock hits if it is anticipated in advance, motivating our investigation of both

anticipated and unanticipated occupational decline.
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Appendix 3.B Data appendix

Subsection 3.B.1 Data sources

Our main analysis is based on individual-level longitudinal administrative data covering the entire pop-

ulation of Sweden 1985-2013, and on various editions of the Occupational Outlook Handbook (OOH)

published by the Bureau of Labour Statistics (BLS) in the US.

Occupation data

Our primary source for measuring occupational decline are the 1986-87 and the 2018-19 editions of the

Occupational Outlook Handbook (Bureau of Labor Statistics 1986, 2018). The OOH contains a descrip-

tion of the nature of work, the current number of jobs, and projected employment growth for hundreds

of occupations. For a subset of these occupations, more detailed information is reported, including re-

quired qualifications, pay, and the role of technology: whether technology is expected to affect—or has

already affected—the occupation in question, and if so, what the impact on employment will be or has

been. In the 1986-87 edition, 401 occupations are described, covering about 80% of US employment.

Detailed information is available for 196 occupations, covering about 60% of employment.52

Swedish microdata

The main outcomes we study come from Swedish microdata. We obtain basic demographic (year of

birth, gender, education, and place of residence) and labour market (employment status, annual earnings,

industry, firm identifier) variables from the Integrated Database for Labour Market Research (LISA),

a collection of administrative registers that is—like all our other Swedish data sources—provided by

Statistics Sweden. During the period 1985-2013, LISA contains one observation per year on every

individual aged 16-64 living in Sweden. Employment status and industry (as well as county of residence)

are measured in November each year.

We also use individual-level data from the Swedish Public Employment Service (PES), which con-

tain information on the total number of days registered with the PES, number of days registered as

unemployed, and number of days spent in retraining programs administered by the PES, for all individ-

uals ever registered with the PES during the years 1992-2013.

Our data on workers’ occupations come from the population censuses, which were conducted every

five years from 1960-1990, and from the Wage Structure Statistics (WSS) for the years 1996-2013.53

The WSS contains the population of public sector workers and a sample of about 50% of private sector

workers. Sampling is at the level of firms, and large firms are over-sampled. We apply sampling weights

when working with the occupation variable from the WSS.

52. The number of distinct occupations in the OOH, as well as the number of occupations covered in detail, tends to increase
over time. This means that our crosswalk from the 1986-87 to the 2018-19 edition is mostly, though not always, one-to-many.

53. We also obtain individual-level earnings data for 1975 and 1980 from the population censuses, which we use for falsification
checks.
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A useful feature of our data is that, in the 1985 and 1990 censuses, workers’ occupation is coded

using a 5-digit classification, YRKE5, containing about 1,400 distinct occupations. This allows us to

accurately merge occupation-level information from the US (see below). Unfortunately, such detailed

occupation codes are not available after 1990. From 1996-2013, a 3-digit classification containing 172

distinct codes, SSYK96, is available in the WSS. This classification is of a different nature than YRKE5,

and the cross-walk between YRKE5 and SSYK96 likely introduces measurement error in workers’

occupations after 1990.54 This is an important caveat to our analysis of occupational employment shifts

and individual workers’ occupational mobility during 1985-2013.

Finally, adding the 1960 census allows us to calculate prior occupational employment changes at the

3-digit level using the YRKE3 classification, a coarser version of YRKE5 (there are 229 distinct codes

that cover the period 1960-85).55

Subsection 3.B.2 Construction of variables

Occupation variables (OOH)

Using the reported employment numbers from our two editions of the OOH, we calculate the percentage

growth in employment 1984-2016.56 We manually map occupations across the two editions. If, after a

careful search, a 1986-87 occupation has no counterpart in the 2018-19 edition, we classify it as having

vanished, and assigned a percentage growth of -100.57 While few occupations actually disappeared,

examples of occupations that declined sharply include both white-collar occupations (typists, drafters,

and telephone operators) and blue-collar ones (precision assemblers, welders, and butchers).

We also record for each US occupation its projected employment growth from the 1986-87 OOH.

The BLS bases these predictions on (forecasts of) the size and demographic composition of the labour

force, aggregate economic growth, commodity final demand, industry-level output and employment,

the input-output matrix, and occupational employment and vacancies. The forecasts are not reported in

percentage terms but grouped into the categories “declining”, “little or no change”, “increasing slower

than average”, “increasing about as fast as average”, and “increasing faster than average”. We create

a cardinal predicted growth index assigning these categories the numbers 1-5 (where higher numbers

correspond to more positive predicted employment changes). We report results both from using this

index and using the categorical outlook variable.58

Merging of OOH variables to Swedish microdata, and defining occupational decline

In order to merge the OOH-based variables to Swedish data, we map the 401 1986-87 OOH occupations

to the 1,396 5-digit Swedish occupation codes available in the 1985 census. We successfully map 379

54. Within broad types of jobs, SSYK96 also distinguishes occupations by the skill level of the workers.
55. The Swedish word yrke means occupation. SSYK stands for (the Swedish translation of) Swedish Standard Classification

of Occupations.
56. The 1986-87 OOH reports employment numbers for 1984, while the 2018-19 edition reports 2016 employment figures.
57. Between the 1986-87 and 2018-19 editions of the OOH, some occupations were split or merged, which we take into account

when computing the percentage growth. The details of this calculation are discussed later in this section.
58. Veneri (1997) uses US employment data to evaluate the ex-post accuracy of the projections used in the 1986-87 OOH, and

concludes that they correctly foresaw most occupational trends, although there were also non-trivial sources of error.
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US occupations to 1,094 Swedish occupations—we are able to find corresponding US occupations for

91% of Swedish workers in 1985. We map percentage changes in US employment 1984-2016, as well as

1986-87 OOH predictions (categorical and index), to Swedish 5-digit occupations using our crosswalk,

applying weights (OOH 1984 employment shares) in the case of many-to-one matches.

We define a Swedish 5-digit occupation as declining if the weighted employment growth of its

corresponding OOH occupations is negative and larger (in absolute magnitude) than 25%. We regard

this as a sensible threshold: smaller declines may be the result of measurement error, as we had to

exercise judgment in matching OOH occupations over time. At the same time, we report robustness

checks using a number of alternative thresholds. We also use information from the OOH to determine

whether technology likely played a role in the decline.59 In 1985, 13% of Swedish employees worked in

subsequently declining occupations, and 8% worked in subsequently declining occupations where the

decline is likely linked to technology. We now provide more details on the process.

Assigning US OOH employment growth to Swedish occupations given a hypothetically unchang-

ing OOH classification For clarity, we first describe what the calculation of employment growth

would be if the OOH classification had not changed between the 1986-87 and 2018-19 editions. We

then describe the adjustments we make given that the OOH classification did change.

The percentage change that we assign to each Swedish occupation s in the hypothetical case of an

unchanging OOH classification is given by

gs ≡
Ns,2016 −Ns,1984

Ns,1984
, (3.6)

where Ns,t ≡ ∑k∈Ks Nk,t is the sum of all year-t employment in the k ∈ Ks OOH occupations to which

the Swedish YRKE5 occupation is matched. This percentage change can alternatively be expressed as

gs ≡ αs
1×K

× g
K×1

, (3.7)

where the vector αs is a vector of weights of length K, where K is the total number of OOH occupations

in the 1986-87 OOH. Each element αs,k represents the share of OOH occupation k in the mapping to

Swedish occupation s, and it is based on the employment figures in the initial period 1984.60 Thus,

59. To determine whether technology played a role in the decline, we proceeded as follows. We first applied the 25-percent
cutoff to the OOH data to identify the declining occupations in the US. For the declining occupations we searched their detailed
descriptions in the 1986-87 OOH for discussions of potential replacement of human labour by specific technologies, such as
computers or robots. For the occupations lacking detailed descriptions in the 1986-87 OOH, we further searched one and two
decades ahead, using the 1996-97 and 2006-07 editions (Bureau of Labor Statistics 1996, 2006), since in some cases occupations
were re-grouped and so received detailed descriptions in those editions. Note that, while the OOH contains little backward-
looking information on technology’s role, it provides rich information on imminent technological changes expected to affect
occupations. Conditional on an OOH occupation being classified as declining, we regard this information as reliable with respect
to technology’s role in the decline.

For those OOH occupations that we identified to have undergone technology-related declines, we map employment growth
to Swedish 5-digit occupations creating a separate variable, technology-related employment growth. We define a Swedish 5-
digit occupation as declining and linked to technology if the technology-related employment growth in the corresponding OOH
occupations is below negative 25%. All technology-related declining occupations are declining occupations by construction, but
some declining occupations may not be classified as having a technology link.

60. Note that the 1986-87 OOH uses data from 1984. Thus, the initial period is 1984 as far as US employment figures are
concerned, but the data are extracted from a 1986 publication.
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αs,k ∈ [0,1], the vector αs differs between Swedish YRKE5 occupations and its elements always sum to

one. The vector g is filled with the 1984-2016 growth rates of all K OOH occupations. Formally,

αs,k ≡
1k∈Ks ×Nk,1984

∑k∈Ks Nk,1984
, gk ≡

Nk,2016 −Nk,1984

Nk,1984
.

The equivalence of (3.6) and (3.7) is easily shown:

gs ≡
Ns,2016 −Ns,1984

Ns,1984

≡ ∑k∈Ks Nk,2016 −∑k∈Ks Nk,1984

∑k∈Ks Nk,1984

≡ ∑k∈Ks Nk,1984 ×gk

∑k∈Ks Nk,1984

≡ ∑
k

1k∈Ks ×Nk,1984 ×gk

∑k∈Ks Nk,1984

≡ ∑
k

αs,k ×gk

≡ αs ×g.

Assigning US OOH employment growth to Swedish occupations given the changing OOH classifi-

cation The computation of the total changes in equation (3.6), or the weights and changes in equation

(3.7) would be straightforward if the OOH occupation classification remained constant between the

1986-87 and 2018-19 editions. Alas, it did not, and so we need to adjust the calculation for any splits

and merges that took place.

To see this, consider the following example: the OOH occupation “343 Metal pourers and casters,

basic shapes” had employment 12,000 in 1984. By 2016, it had been merged with sixteen other occu-

pations to “Metal and Plastic Machine Workers”, with employment 1,039,600. It is obviously wrong to

calculate the change in occupation “343 Metal pourers and casters, basic shapes” as a more than 85-fold

increase:

g343 =
1,039,600−12,000

12,000
= 85.63

Instead, it is reasonable to sum the employment of all the seventeen merged occupations in 1984, with

a total employment of 1,457,000, and calculate the change as

ĝ343 =
1,039,600−1,457,000

1,457,000
=−0.286

obtaining a 28.6% decline.

However, what happens to the weights in αs? If we were to weight the “343 Metal pourers and

casters, basic shapes” by their adjusted employment figure for 1984 (1,457,000), this occupation would

seem 121 larger than it actually was (12,000). This creates problems when “343 Metal pourers and
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casters, basic shapes” is matched to a Swedish YRKE5 occupation that is also matched to other OOH

occupations.

Consider, for instance, the Swedish YRKE5 occupation “732.50 Precision founder” to which “343

Metal pourers and casters, basic shapes” is matched, together with another OOH occupation “344 Mold-

ers and casters, hand”.

Swedish YRKE5 occupation OOH occupation Employment in

1984

ĝk

732.50 Precision founder 343 Metal pourers and casters, ba-

sic shapes

12,000 -0.286

344 Molders and casters, hand 17,000 -1.000

“344 Molders and casters, hand” was larger than “343 Metal pourers and casters, basic shapes” in

1984, and disappeared completely between 1984 and 2016. It seems like we should assign the Swedish

YRKE5 occupation “732.50 Precision founders” a decline somewhere in between -28.6% and -100%,

but closer to -100% since the disappearing occupation dominates. However, if we were to use adjusted

employment figures when calculating the weights, “343 Metal pourers and casters, basic shapes” would

be weighted as follows:

α̂s,343 =
1,457,000

1,457,000+17,000
= 0.988

That is, “343 Metal pourers and casters, basic shapes” would seem to account for almost all employment

in the Swedish YRKE5 occupation, instead of less than half. This means that the weighted change will

be mistakenly computed as

α̂s,343 × ĝ343 +αs,344 × ĝ344

= 0.988× (−0.286)+0.012× (−1.00) =−0.295

Instead, we ought to use the original employment figures when calculating the weights. Then,

αs,343 =
12,000

12,000+17,000
= 0.414

i.e. the OOH occupation “343 Metal pourers and casters, basic shapes” makes up 41.4% of employment

in the Swedish YRKE5 occupation. Thus,

αs,343 × ĝ343 +αs,344 × ĝ344

= 0.414× (−0.286)+0.586× (−1.00) =−0.704

That is, the employment growth assigned to “732.50 Precision founders” should be -70.5%. We will thus

treat weights and growth rates separately: The weights αs are computed using the original employment
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figures, and the growth rates gk are computed using the adjusted employment figures,

ĝs = αs × ĝ. (3.8)

The formal definition of our declining indicator is thus

Declinings ≡ 1{αs × ĝ <−0.25}.

It remains to specify how exactly the growth rates should be adjusted for splits and merges.61

• One-to-one: OOH occupations that were neither split or merged between the 1986-87 and 2018-

19 editions of the OOH. No adjustment is needed, and the growth rate is defined as above,

ĝk = gk ≡
Nk,2016 −Nk,1984

Nk,1984
.

• Many-to-one merge: Many 1984 occupations k ∈K (where K is a set of 1984 occupations) were

merged into one 2016 occupation k̃. 1984 employment figures of all merged occupations are

summed and compared to the 2016 figures.

ĝk∈K =
Nk̃,2016 −∑k∈K Nk,1984

∑k∈K Nk,1984

• One-to-many split: One 1984 occupation k was split into many 2016 occupations k̃ ∈ K̃ (where K̃

is a set of 2016 occupations). The 2016 employment figures of all resulting splits are added and

compared to the 1984 figures.

ĝk =
∑k̃∈K̃ Nk̃,2016 −Nk,1984

Nk,1984

• Many-to-many: Many 1984 occupations k ∈ K (where K is a set of 1984 occupations) were

distributed into many 2016 occupations k̃ ∈ K̃ (where K̃ is a set of 2016 occupations). The 1984

and 2016 employment figures are added and compared.

ĝk∈K =
∑k̃∈K̃ Nk̃,2016 −∑k∈K Nk,1984

∑k∈K Nk,1984

Identifying technology-related declines Having calculated the adjusted employment growth ĝk for

all occupations present in the 1986-87 OOH, we concentrate on those that declined sharply, ĝk <−0.25,

and check whether there is a probable technological driver behind the decline. For this we first consult

the 1986-87 OOH, and if we find nothing there, we check in the 1996 OOH (BLS 1996), and if we

61. We have excluded four OOH occupations that were merged with or split into an unknown number of occupations: “71
Electroencephalographic technologists and technicians”, “203 Public administration — chief executives, legislators, and general
administrators”, “226 Customer service representatives, utilities” and “293 Electric meter installers and repairers”.
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still find nothing, we check the 2006 version (BLS 2006).62 Each OOH occupation thus is assigned an

indicator variable for technological-related decline, which equals zero whenever ĝk ≥ −0.25, and may

equal zero or one when ĝk <−0.25.

We can then decompose the employment growth assigned to each Swedish YRKE5 occupation as

follows:

ĝs ≡ αs
1×K

×1{technology}
K×K

× ĝ
K×1

+ αs
1×K

×
(
I −1{technology}

)
K×K

× ĝ
K×1

, (3.9)

where 1{technology} is a diagonal matrix with the indicator for technologically-related decline on the

diagonal, and I is the identity matrix. We define a Swedish YRKE5 as having undergone technology-

related decline if it is classified as declining and if the first component of the decomposition (3.9) is less

than −0.25, formally

[Declining (technology)]s ≡ 1{αs × ĝ <−0.25 and αs ×1{technology}× ĝ <−0.25}.

Classification of replaceable occupations To identify which Swedish 5-digit occupations were sub-

ject to replacement by specific technologies we separately use a manual approach and an algorithmic

approach. In the manual procedure, we asked ourselves whether we could think of a technology that

replaces nearly all tasks for each occupation. If yes, the value is one and we write down the technology

responsible. If no, the value is zero.

In the algorithmic procedure, we use a pre-defined search procedure on Google. For each occupa-

tion, we translate the occupation’s title from Swedish to English. Within each YRKE3 category, there

is an YRKE5 occupation that encompasses workers within the 3-digit occupation that are not covered

by any of the YRKE5 occupations (e.g. “Other within 103”).63 These occupations were also excluded

from this procedure, and we return to them below.

For each of the 847 remaining 5-digit occupations, we conduct a Google search to identify articles

that pinpointed a specific technology. The search query comprised of three parts and excluded results

from replacedbyrobot.info, which considers only anticipated future changes. The query parts were:

(i) the exact phrase of the job title, with any necessary modifications as detailed below; (ii) the exact

62. There were four heavily declining (ĝk <−0.25) OOH occupations where we found no information in the OOH editions of
1986, 1996, or 2006, but we still suspected technologically-related decline. Therefore, we searched in other editions of the OOH
and other sources, and found potential technological drivers of occupational decline:

213 Radio operators “Laboursaving [sic] technical advances such as computer-controlled program-
ming and remotely controlled transmitters” (regarding Broadcast and sound en-
gineering technicians and radio operators, BLS 2004:260)

254 Telegraph and teletype operators Automatic routing of calls, voice message systems (regarding Telephone opera-
tors, BLS 1994:291)

346 Motion picture projectionists Digital projection (Hess 2014)

391 Service station attendants Self-service pumps at petrol stations (Emek Basker and Klimek 2015)

63. For some YRKE3 classifications, these workers were split into two “other” categories, in this case the later procedures is
implemented for each sub-category separately. Furthermore, some YRKE3 classifications are themselves workers “not otherwise
classified” within an YRKE2 occupation; here we use the employment-weighted average of all YRKE5 occupations within the
same YRKE2.
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phrase “replaced by”; (iii) and the word “jobs”. The first page of Google search results (10 results) as

of December 2019 were consulted to whether an occupation had been replaced; future looking articles,

job postings, and forum posts were not considered.

While in most cases, the first part of the query was the exact translated job title, some modifications

were necessary. For job titles which included parentheticals (for example “Cleaner (public spaces,

offices etc.)”), the parentheticals were excluded from the search terms (i.e. only “Cleaner” was included

in the query). Others included an ‘or’ (for example “Mail sorting clerk or postman”), which were used to

separate the job title into two queries (i.e. “Mail sorting clerk” and “postman” were searched separately).

This procedure results in an indicator for replacement for each 5-digit occupations that we searched.

For an occupation to be considered as replaced by technology, the following criteria must be met:

a specific technology must be identified as materially affecting all of a worker’s job duties, and the

technology must be in commercial use during the period we study.

Finally, we return to the 206 above-mentioned 5-digit occupations representing miscellaneous work-

ers within each YRKE3 occupation (which together account for 16% of total employment in 1985). For

each of these 5-digit occupations we calculate the replacement index as the weighted mean level of re-

placement in the 3-digit Swedish occupation that contains them, as calculated above, where the weights

are the employment-weighted shares of 5-digit occupations that we have classified above within each

3-digit occupations. We implement this procedure for both the algorithmic and manual versions of

replacement.

Swedish micro-level variables

In addition to the occupational data, we construct several variables that characterise workers’ career

outcomes spanning the years 1986-2013; that is, starting with the first year after we measure treatment

and ending with the last year available in our data. We start by simply summing up years observed

as employed and real annual labour earnings, obtaining the variables cumulative years employed and

cumulative earnings.64 Following Autor, Dorn, Hanson, and Song (2014), we also create a normalised

measure of cumulative earnings, whereby we divide cumulative earnings by predicted initial earnings.

Cumulative earnings normalised in this way thus give the multiple of (predicted) initial earnings that a

worker receives during 1986-2013.65 We consider further earnings measures—such as rank, discounted

cumulative earnings, and earnings growth—in robustness checks.

We construct predicted cumulative earnings based on occupation-specific life-cycle profiles as fol-

lows. Separately for each 3-digit occupation, we regress log income on a quartic in age and dummies

for sex, county, and education. We generate predicted log income growth in each year by summing

64. We define a worker as employed in a given year if they are identified as working in November (when employment status is
measured for the purposes of LISA) of that year and if annual earnings during that year are no lower than the base amount. When
we do not observe an individual in a given year—due to emigration or death—we set employment and earnings to zero.

65. The prediction comes from a regression of log earnings on a quartic in age and dummies for gender, county, and seven
education categories, run separately for each 3-digit SSYK96 occupation in 1985. We divide by predicted rather than actual
initial earnings to eliminate transitory earnings variation, which would introduce an important role for mean reversion into the
distribution of normalised cumulative earnings. Autor, Dorn, Hanson, and Song (2014) divide cumulative earnings by earnings
averaged across four pre-treatment years for the same reason. Since we do not have annual earnings information prior to 1985,
we normalise by predicted earnings instead.
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mean real wage growth and the expected growth based on aging, calculated by applying the occupation-

specific coefficients on the quartic in age from the previous step. We calculate predicted income in each

year by adding predicted log income growth to the predicted log base year income and exponentiating.

Cumulative predicted income is the sum of predicted income from 1986–2013. This is the variable we

add to the regression when we say we control for life-cycle profiles.

Our measure of long-run occupational mobility is a dummy variable equaling one if the individual

worked in the same 3-digit SSYK96 occupation in 2013 as 1985. It equals zero if the individual works

in a different occupation or is not employed.66 Using the PES data, we calculate cumulative days spent

unemployed and cumulative days spent in retraining during 1992-2013. We define dummy variables for

ever unemployed and ever having participated in retraining. As the PES data are not available for 1986-

1991, we cannot capture any unemployment or retraining in these early years of our sample period.

Finally, we calculate the retirement age, where we define retirement as a continuous spell of zero annual

earnings up to and including age 64.67

Subsection 3.B.3 Sample Restrictions

Our starting sample contains all individuals born between 1921-1969—hence aged 16-64 (at some point)

in 1985—who were employed in November 1985, whose annual earnings in 1985 were no less than

the “base amount” (Swedish: basbelopp) specified by the social security administration, and about

whom we have complete demographic (including education) and labour market information (including

industry and occupation). The base amount is used as an accounting unit when calculating benefits, and

it is typically equal to about three months’ worth of full-time work at the median wage. As we do not

observe hours worked or fulltime status, we use the base amount to exclude individuals with little labour

market attachment. There are 3,061,051 individuals fulfilling the above criteria.68 Our baseline sample

further restricts birth year to 1949-1960, or ages 25-36 in 1985. We drop younger workers as these are

less likely to be attached to the labour market and may not yet have settled on an occupation. And we

drop middle-aged and older workers from our baseline sample because we want to focus on workers

who did not reach retirement age by 2013, the end of our period of study, in our main analysis. We will

analyse workers born before 1949 separately.

66. Our measure of occupational mobility does not capture any temporary exits during the intervening years if workers returned
to their initial occupation. A limitation of our data is that they are not conducive to studying high-frequency occupational mobility:
During the years 1986-1989 and 1991-1995, we do not observe workers’ occupation. And during 1996-2004, the SSYK96 variable
contains substantially fewer distinct codes than from 2005 onwards.

67. The LISA database includes individuals older than 64 only during later years. As we do not consistently observe individuals
beyond age 64, we assume for all years that individuals aged 65 or older have retired.

68. There were 5,281,382 individuals aged 16-64 in Sweden in 1985. Of those, 4,186,512 were employed in November 1985,
and among them, 3,648,034 earned no less than the base amount during 1985. The reduction to 3,061,051 is due to missing
education, industry, or occupation information, including cases where YRKE5 occupations do not have matches in the OOH.
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Subsection 3.C.1 Figures
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Declining

-.1 -.05 0 .05

Young (born 1949-1955)

Declining

-.1 -.05 0 .05

Middle (born 1937-1948)

Declining

-.1 -.05 0 .05

Old (born 1925-1936)

Pre, individual controls Pre, all controls
Post, individual controls Post, all controls

Notes: Coefficients on the declining indicator along with their 95-percent confidence intervals (robust to
clustering by 1985 3-digit occupation) are displayed, where the regressions vary the sample, controls, and
outcome variables. Coefficients are scaled by the mean of the outcome variable in each estimation sample.
‘Post’ refers to cumulative earnings 1986-2013. ‘Pre’ refers to the sum of earnings 1975 & 1980 for the
middle and old, and earnings in 1980 for the young. We dropped the 1956-1960 birth cohorts as they did
not reach age 25 by 1980, and for a similar reason we did not use 1975 earnings data for the young. ‘Indi-
vidual controls’ are those used in column (2) of Table 3.4, and ‘all controls’ are the ones from column (6)
in that table.

Figure 3.4: Earnings prior to occupational decline
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Notes: Each bubble represents one of 1,052 5-digit Swedish occupations. Bubbles are scaled according to 1985 Swedish employment. The percent
change in employment is assigned based on the changes 1984-2016 in the corresponding US occupations(s). Declining occupations are those that de-
clined by more than 25 percent. Prior to aggregation, outcome variables were residualized based on the regression models in columns (2) and (6) in
Tables 3.4 and 3.5, but with ‘Declining’ times its coefficient added (the mean difference between declining and non-declining occupations in the plots
is thus exactly equal to the coefficients reported in the tables). The pairs of graphs on the right are truncated versions of those on the left.

Figure 3.5: Main outcomes and percent change in employment (US)
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Figure 3.6: Main outcomes and change in log employment (Sweden)
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Table 3.12: Controlling for starting firm fixed effects

(1) (2) (3) (4)

A. Exposure to occupational employment growth (mean: 0.03)

Declining -0.40 -0.25 -0.22 -0.19
(0.11) (0.11) (0.10) (0.11)

B. Cumulative employment (mean: 23.4)

Declining -0.49 -0.37 -0.19 -0.28
(0.20) (0.14) (0.14) (0.11)

C. Cumulative earnings (mean: 6,926)

Declining -347 -476 -126 -169
(120) (104) (58) (43)

D. Cumulative earnings, normalized (mean: 38.7)

Declining -2.10 -2.18 -1.11 -1.45
(0.53) (0.40) (0.36) (0.34)

E. Remain in starting occupation (mean: 0.29)

Declining -0.11 -0.039 -0.045 -0.031
(0.041) (0.018) (0.020) (0.016)

Individual controls ✓ ✓ ✓ ✓
Occupation-industry controls ✓ ✓
Firm fixed effects ✓ ✓

Notes: Results from regressions of the indicated outcomes on the indicator for occupational decline are shown. The samples are the same as those used in
Tables 3.4 and 3.5. Individual-level controls include female, cohort, county, and education dummies, as well as earnings in 1985. Occupation and industry
controls include predicted life-time income, predictors of occupational growth, occupation dummies, and industry dummies. Columns (2) and (4) additionally
control for starting (1985) firm fixed effects.Robust standard errors, clustered by 1985 3-digit occupation, in parentheses.
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Table 3.17: Cumulative earnings of leavers and stayers in declining and non-declining occupations

(1) (2) (3) (4)

A. All workers (553,170 observations)

Remain 335 303 305 284
(122) (91) (133) (101)

Declining -271 -126
(122) (90)

Declining × remain 177 189
(239) (184)

B. Employed in 2013 (404,046 observations)

Remain -398 -498 -439 -531
(115) (66) (124) (72)

Declining -356 -187
(123) (94)

Declining × remain 238 311
(231) (158)

C. Employed in 2013, bottom third (140,893 observations)

Remain -109 -286 -133 -307
(139) (85) (143) (81)

Declining -417 -237
(145) (173)

Declining × remain -33 233
(596) (425)

Individual controls ✓ ✓ ✓ ✓
Occupation & industry controls ✓ ✓

Notes: The dependent variable is cumulative earnings 1986-2013 in thousands of 2014 SEK. ‘Remain’ is an indicator for working in the same 3-digit occupa-
tion in 2013 as in 1985. Individual-level controls include female, cohort, county, and education dummies, as well as earnings in 1985. Occupation and industry
controls include predicted life-time income, predictors of occupational growth, occupation dummies, and industry dummies. The sample is the same as that in
Table 3.5, except for the restrictions indicated. Sampling weights are applied. Robust standard errors, clustered by 1985 3-digit occupation, in parentheses.
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Table 3.18: Occupational decline and individual-level cumulative employment and earnings 1986-
2013—‘doughnut’ specifications

(1) (2) (3) (4) (5) (6)

A. Cumulative years employed 1986-2013 (mean: 23.5)

Declining -1.46 -0.97 -0.97 -0.82 -0.35 -0.41
(0.53) (0.42) (0.42) (0.46) (0.28) (0.29)

B. Cumulative real earnings (’000 2014 SEK) 1986-2013 (mean: 6,612)

Declining -484 -403 -333 -140 -81 -217
(608) (196) (177) (181) (158) (167)

C. Cumulative real earnings divided by predicted initial earnings (mean: 39.2)

Declining -5.40 -2.49 -2.56 -1.81 -1.18 -1.69
(1.33) (1.09) (0.98) (1.07) (0.82) (1.05)

Demographics & earnings ✓ ✓ ✓ ✓ ✓
Life-cycle profiles ✓ ✓ ✓ ✓
Predictors of growth ✓ ✓ ✓
Occupation dummies ✓ ✓
Industry dummies ✓

Notes: Results from regressions of the indicated outcomes on a dummy for working in 1985 in a subsequently declining occupation are shown. The sample
is the same as in Table 3.4, but excludes 3-digit occupations in which some but not all 5-digit occupations are coded as declining. Thus, within each 3-digit
occupation, either all 5-digit sub-occupations decline, or none, leaving out intermediate cases (‘doughnut’). The number of observations is 488,484. Robust
standard errors, clustered by 1985 3-digit occupation, in parentheses.

Table 3.19: Occupational decline and individual occupational stability—‘doughnut’ specifications

(1) (2) (3) (4) (5) (6)

A. Probability of working in same 3-digit occupation in 2013 as in 1985 (mean: 0.35)

Declining -0.25 -0.21 -0.21 -0.12 -0.17 -0.10
(0.046) (0.051) (0.052) (0.044) (0.046) (0.046)

B. Probability of working in same 2-digit occupation in 2013 as in 1985 (mean: 0.40)

Declining -0.21 -0.16 -0.16 -0.090 -0.12 -0.059
(0.038) (0.045) (0.046) (0.043) (0.045) (0.042)

C. Probability of working in same 1-digit occupation in 2013 as in 1985 (mean: 0.44)

Declining -0.19 -0.14 -0.14 -0.077 -0.11 -0.045
(0.036) (0.042) (0.043) (0.042) (0.043) (0.033)

Demographics & earnings ✓ ✓ ✓ ✓ ✓
Life-cycle profiles ✓ ✓ ✓ ✓
Predictors of growth ✓ ✓ ✓
Occupation dummies ✓ ✓
Industry dummies ✓

Notes: Results from regressions of the indicated outcomes on a dummy for working in 1985 in a subsequently declining occupation are shown. The sample is
the same as in Table 3.5, but with the ‘doughnut’ restrictions from Table 3.18 applied. The number of observations is 333,357. Robust standard errors, clustered
by 1985 3-digit occupation, in parentheses.
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Table 3.26: Occupational decline and individual-level cumulative employment and earnings 1986-
2013—technology-related decline

(1) (2) (3) (4)

A. Change in log employment 1985-2013 in 3-digit occupation

Declining -0.43 -0.25
(0.16) (0.09)

Declining (technology) 0.06 0.05 -0.38 -0.21
(0.17) (0.13) (0.12) (0.14)

B. Cumulative years employed 1986-2013 (mean: 23.4)

Declining -0.93 -0.45
(0.44) (0.24)

Declining (technology) 0.72 0.42 -0.21 0.01 -0.16
(0.45) (0.23) (0.16) (0.14) (0.12)

Declining (tech) × rank 1.31
(0.36)

C. Cumulative real earnings (’000 2014 SEK) 1986-2013 (mean: 6,926)

Declining -426 -181
(232) (93)

Declining (technology) 128 87 -303 -107 -122
(262) (102) (131) (65) (61)

Declining (tech) × rank 491
(155)

D. Probability of working in same 3-digit occupation in 2013 as in 1985 (mean: 0.29)

Declining -0.077 -0.029
(0.051) (0.022)

Declining (technology) -0.058 -0.025 -0.135 -0.053 -0.056
(0.044) (0.029) (0.043) (0.026) (0.026)

Declining (tech) × rank 0.019
(0.016)

Individual controls ✓ ✓ ✓ ✓ ✓
Occupation & industry controls ✓ ✓ ✓
Observations (population—sample) 877,324—553,787 836,057—532,422

Notes: Results from regressions of the indicated outcomes on indicators for working in 1985 in a subsequently declining occupation are shown (see the notes
to Table 3.27 for a description of these indicators). Columns (1)-(2) are based on the same samples as the results in Tables 3.4 and 3.5. Columns (3)-(5) ex-
clude workers in occupations that are classified as declining without a technology link. Individual-level controls include female, cohort, county, and education
dummies, as well as earnings in 1985. Occupation and industry controls include predicted life-time income, predictors of occupational growth, occupation
dummies, and industry dummies. Sampling weights are used in the regression reported in panel C. Robust standard errors, clustered by 1985 3-digit occupa-
tion, in parentheses.
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Table 3.28: Technological replacement, exposure to decline, and career outcomes

(1) (2) (3) (4)

A. Decline indicator

Replaced (algorithmic coding) 0.27 0.25
(0.16) (0.11)

Replaced (manual coding) 0.17 0.11
(0.15) (0.15)

B. Occupation-level employment growth

Replaced (algorithmic coding) -0.55 -0.28
(0.20) (0.14)

Replaced (manual coding) -0.31 0.04
(0.10) (0.14)

C. Cumulative employment

Replaced (algorithmic coding) -0.39 -0.16
(0.68) (0.31)

Replaced (manual coding) -0.32 -0.49
(0.31) (0.13)

D. Cumulative earnings

Replaced (algorithmic coding) -172 -96
(228) (113)

Replaced (manual coding) -479 -328
(132) (129)

Individual controls ✓ ✓ ✓ ✓
Occupation-industry controls ✓ ✓

Notes: Results from regressions of the indicated outcomes on indicators for occupation-level technological replacement are shown. The
sample is the same as that used in Table 3.4. Individual-level controls include female, cohort, county, and education dummies, as well as
earnings in 1985. Occupation and industry controls include predicted life-time income, predictors of occupational growth, occupation dum-
mies, and industry dummies. Robust standard errors, clustered by 1985 3-digit occupation, in parentheses.
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