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Abstract

Intergenerational mobility is usually measured in income, yet workers value job ameni-

ties as well as pay. We measure intergenerational mobility in the value of a job, which

reflects both amenities and pay. Using a revealed preference approach, we infer the value

of each job from voluntary moves in the labor market, including job-to-job transitions and

quits into nonemployment. We embed this approach in a job ladder model in which work-

ers differ in preferences and job opportunities. Weekly benefit records let us distinguish

quits, which reveal preferences, from layoffs, which do not. Using Danish administrative

data, we document that there is 37% less intergenerational persistence in job value than

in earnings: the rank-rank slope is 0.11 in job value and 0.18 in earnings. A key reason

behind this gap is that the children of high-earning parents tend to hold jobs that pay

more but have worse amenities. Evidence from surveys suggests that these jobs are more

demanding: they involve greater competition, longer hours, and greater time pressure.
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1 Introduction

“[T]he wages of labour vary with the ease or hardship, the cleanliness or dirtiness, the hon-

ourableness or dishonourableness of the employment. A . . . blacksmith . . . seldom earns so

much . . . as a [coal miner] . . . . His work is not quite so dirty, is less dangerous, and is

carried on in daylight, and above ground. . . .”

— The Wealth of Nations (Book I, Chapter X, Part I), Adam Smith (1776)

To the extent that the career outcomes of children are strongly associated with the career

outcomes of their parents, this may suggest that the opportunities available to children are

unequally distributed, dependent on a lottery of birth. For this reason, a large literature in

the social sciences measures how labor market outcomes in one generation are associated with

parental outcomes, quantifying the degree of intergenerational persistence.1 The standard ap-

proach in economics has been to measure intergenerational mobility in income or earnings. Yet,

large differences in non-wage aspects of jobs, often described as amenities — such as workplace

demands, autonomy and the intrinsic meaning of work — are also a central source of com-

pensation. Furthermore, amenities may influence pay directly, generating pay differentials that

compensate workers for their exposure to unpleasant conditions, resulting in workers receiving

higher pay in unpleasant jobs and lower pay in pleasant jobs (Rosen, 1986).

Consequently, measures of intergenerational mobility in earnings may overstate or understate

intergenerational mobility in the value of a job, which captures compensation in both pay and

amenities. For instance, children from higher-earning families may move down the earnings

distribution by working in jobs that pay less but offer better amenities, while children from

lower-earning families move up by working in jobs that pay more but offer worse amenities.

In this case, earnings-based mobility measures will overstate the degree of intergenerational

mobility in the value of a job. Conversely, children from higher-earning families may be paid

more in part because their jobs offer worse amenities, and children from lower-earning families

may be paid less in part because their jobs offer better amenities. In this case, intergenerational

mobility in earnings will understate intergenerational mobility in the value of a job. While

existing work has extensively examined how earnings persist across generations, much less is

known about intergenerational mobility in amenities or in the value of a job.

In this paper, we measure intergenerational mobility in the value of a job in Denmark, which

reflects both pay and amenities. This measure speaks to a broader question about intergener-

ational mobility in the labor market: to what extent do parents with good jobs have children

with good jobs? To measure intergenerational mobility in the value of a job, we regress the

1Some canonical papers in this literature include Becker and Tomes (1979), Black and Devereux (2011), and
Chetty et al. (2014a).
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rank of children’s average job value on the rank of their parents’ average job value, assessing

the degree to which parents with good jobs (high pay, good amenities, or both) have children

with good jobs. As a natural complement to earnings-based mobility measures, the rank-rank

slope in job value provides a more encompassing view of what a job offers workers.

The key challenge is that the value of a job is unobserved. While precise measures of pay

are readily available, the non-pay attributes of jobs are typically unobserved by researchers.

Furthermore, workers’ valuations of the entire bundle of these attributes are almost never

observed. Labor economics has only recently made progress on this challenge with a revealed

preference approach (Sorkin, 2018; Taber and Vejlin, 2020; Arcidiacono et al., 2025). Its logic is

simple: the volume and direction of worker flows between jobs reveal relative desirability. When

a worker chooses between two jobs, the probability that she chooses one of them rises with the

value of that job relative to the other. A job-to-job transition is a choice: the worker accepts an

offer over the job that she holds. The flows of workers between two jobs are therefore informative

about which of the two jobs workers value more, whether for its pay, for its amenities, or for

both. Similarly, when workers decide to quit their jobs into nonemployment, they reveal how

they value those jobs relative to nonemployment. Worker flows, however, reflect more than

how workers value jobs. They also reflect recruiting intensity and layoff risk, which must be

modeled.

To infer job values from these flows, we develop a search model: a partial-equilibrium Burdett–

Mortensen model with taste shocks (Burdett, 1978; Burdett and Mortensen, 1998). The model

accounts for three layers that lie between the moves we observe and the choices workers make.

Each layer motivates one ingredient of our model. First, search frictions determine which jobs

are available and how often offers arrive. A worker can move only to a job that makes her an

offer, and a job may attract many workers simply because it makes many offers. To account

for differences in opportunity sets, we allow both offer-arrival rates and job-offer distributions

to vary across worker types. Second, not every separation into nonemployment is a choice. To

account for involuntary moves, we distinguish exogenous job destruction from voluntary quits

and job-to-job transitions, allowing the risk of job destruction to vary across jobs and worker

types. Third, and most critically in the intergenerational mobility context, workers may not

share a common ranking of jobs. To address this, we incorporate preference heterogeneity : we

model workers as belonging to discrete types, defined by gender and education, allowing workers

of different types to differ in how much they value utility from wages and in the amenity value

they assign to the same job, so each type climbs its own job ladder. Our model is largely off the

shelf, closely related to the frameworks of Sorkin (2018) and Arcidiacono et al. (2025).2 What

2The model also captures the intergenerational transmission of worker types in the background: to the extent
that children share their parents’ type, for instance through education, they share how that type values wage
utility, its risk of job destruction, and its offer arrival rates.
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is new is how we bring the model to the data.

The key to the revealed preference approach is that we must know why workers move. In our

model, an employment-to-nonemployment (EN) transition occurs either because the worker is

hit by a job-destruction shock or because she chooses nonemployment over remaining in her

job. We refer to the first event as a layoff and to the second as a quit. Only a quit provides

information about her preferences. A novelty of our approach is that we combine population-

wide weekly benefit records and stated reasons for separation from the Danish Labour Force

Survey (AKU) to distinguish layoffs from quits. The weekly benefit records provide the baseline

classification for the full population in both generations. We classify each separation by the

first benefit that the worker receives after the job ends: a separation followed by unemployment

insurance or another unemployment-related benefit is a layoff, whereas a separation followed by

a life-cycle benefit, such as parental leave, education support, or retirement, or by no benefit

within six months, is a quit. We compare these labels with workers’ stated reasons: around

70% of the separations that we classify as quits or layoffs match the reason stated in the AKU.

We provide a constructive proof that all parameters of the model are identified. We first

separate observed worker flows into exogenous job destruction and endogenous moves, including

job-to-job transitions and quits into nonemployment. We then use the endogenous moves to

identify a PageRank score for each job–wage pair. Adjusting for how intensively each job

recruits, we recover the value of each job at each wage. Importantly, to identify the weight that

workers place on wage utility, we leverage the within-job quit-wage elasticity. The intuition is

straightforward: workers of the same type in the same job may earn different wages, but they

enjoy the same amenity. Within the same job, a higher wage raises the value of remaining

employed and therefore lowers the probability that a worker quits into nonemployment. How

sharply quit propensities decline with wages reveals the weight that workers attach to wage

utility relative to job amenities. Last, we recover the amenity of each job as a residual.

We implement our approach using full-population Danish administrative records from 1985

to 2022. The population register links children to their parents, matched employer-employee

records give the full labor market history of every worker, and weekly benefit records track

every government transfer that an individual receives. We supplement these records with five

additional sources. We use all five to measure job attributes at the occupation level. The

Danish Labour Force Survey records workers’ self-reported working hours, including unpaid

overtime. The Work Environment and Health in Denmark survey measures workers’ physical

and psychosocial working conditions and their satisfaction with their jobs. Workers’ compensa-

tion claims record workplace injuries and occupational diseases. The Occupational Information

Network (O*NET) and the European Working Conditions Survey (EWCS), which are linked

to the registers at the occupation level, measure the content of work and work activities in
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each occupation. These occupation-level measures complement estimates from our revealed

preference approach and help us interpret them.

We study native Danes born in 1980–1981 and their parents. We measure the value of the jobs

that the children hold at ages 30–39 (2010–2019) and that their parents held in 1991–2000. To

obtain these values, we estimate the model separately for the 1990s and the 2010s, each time on

the prime-age working population of native Danes. The two estimation samples contain millions

of voluntary moves, from which we infer the value of each job, at each wage, to each type of

worker. For each generation, we define eight worker types by interacting gender with four

education groups. A job is a three-digit occupation within one of twelve establishment types,

which we obtain by clustering establishments on their within-establishment wage distributions,

in the spirit of Bonhomme et al. (2019). Within each job, we discretize wages into twelve bins.

We then use the estimated model to assign job values to the observed wage and employment

histories of the parents and children. For each person, we average these values over the ten-year

period. For parents, we then average over the mother and the father. We rank these averages

nationally within each generation and regress the child’s job-value rank on the parents’ job-

value rank. The slope of this regression, the rank-rank slope in job value, provides a measure of

relative mobility: how much the expected job value rank of a child changes when the parents’

job value rank increases by one percentile. Local linear regressions allow the slope to differ

across the parental distribution. Together, these measures provide insight into the persistence

of a family’s position in the distribution of job value across generations. We compute the same

measures for earnings, using the same sample and the same years.

Our analysis produces three main findings. First, there is 37% less intergenerational per-

sistence in job value than in earnings. The rank-rank slope is 0.111 for job value and 0.175

for earnings. The two slopes imply different gaps between the children of the highest-ranked

and the lowest-ranked parents: 18 percentile points when parents and children are ranked by

earnings, and 11 percentile points when they are ranked by job value.3 The flatter slope in

job value draws both tails toward the middle: children born to families at the bottom reach a

higher position in the job value distribution than in the earnings distribution, while children

born to families at the top reach a lower position in job value than in earnings. Put differently,

a child born to parents in the bottom quintile reaches the top quintile with a probability of

13% when we rank by earnings and 16% when we rank by job value, compared with 20% under

perfect mobility. Moreover, we reach a quantitatively similar conclusion when we rank workers

by their utility from wages, which allows preferences for pay to differ across worker types. Our

qualitative finding, that job value is less persistent than earnings, is robust to sampling error

in job values: split-sample and bootstrap exercises show that the error is small. The finding is

3The predicted gaps are similar when we replace the linear fit with local linear regressions.
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also insensitive to specification choices, including the sample from which we estimate the model

and an alternative method of ranking jobs from worker flows, the PageRank approach of Sorkin

(2018).

Second, a key force behind the gap is that the children of higher-earning parents work in high-

paying but demanding jobs. We reach this conclusion in two steps. We begin by disentangling the

economic forces behind our finding with a statistical decomposition of the difference between the

rank-rank slopes in job value and in earnings. The decomposition is built on each worker’s“rank

wedge”: the difference between the worker’s rank in the job value distribution and the worker’s

rank in the earnings distribution. Higher-earning parents have children working in careers with

lower rank wedges, and this term is the most important part of the gap, accounting for 70%

of it. In other words, children from more advantaged families tend to hold jobs that rank

higher in earnings than in job value, which suggests that the amenities of these jobs rank lower

than their pay. The finding therefore suggests that a wealth channel, in which affluent children

trade pay for amenities, is not the dominant force in Denmark.4 Next, mapping this difference

to occupations, we examine how entry into each occupation varies with parental earnings,

how occupations rank by job value relative to earnings, and which occupational attributes are

related to this difference. We find that the children of higher-earning parents disproportionately

become professionals and managers, and most of these occupations rank lower by job value than

by earnings. The evidence on job attributes suggests that these occupations rank lower because

they tend to be more demanding. They involve longer hours, more competition, and greater

time pressure: across all occupations, each of these attributes is associated with a lower rank

wedge.

Third, observed job attributes from linked surveys and registers complement our estimates.

We document the intergenerational transmission of individual job attributes. Some attributes

are transmitted strongly, with rank-rank slopes of about 0.24 to 0.26, compared with 0.175 for

earnings: workplace injury risk, exposure to minor injuries, and determining one’s own tasks

and goals. Other attributes are only weakly related across generations, with slopes between

0.04 and 0.09: layoff risk, irregular work schedules, and time pressure. To our knowledge, the

persistence of exposure to injury, disease, and layoff risk between parents and children has

not been documented in administrative records before. This attribute-by-attribute approach is

fruitful, but it tells us little about the entire bundle of attributes that workers value: each job

combines many attributes, and how workers value the bundle is not observed. Our estimated

amenity addresses both limitations. It summarizes how workers value the non-pay attributes of

4A natural hypothesis emerges from models of job search with consumption-saving decisions. In these
frameworks, workers with lower assets accept jobs with higher wages and lower amenities. Once this constraint
is relaxed through an improvement in their asset position, workers substitute toward jobs with lower wages and
higher amenities.
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a job. Measured this way, amenities are transmitted from parents to children with a rank-rank

slope of 0.109, below the slopes of the most strongly transmitted attributes.

In addition, assessing whether our estimates reflect what workers experience in their jobs,

we find that our estimates closely track the job attributes that workers regard as desirable and

undesirable. Sorkin (2018) notes that he has no measures of working conditions with which

to compare his estimates. The Danish data allow us to make this comparison. When we hold

the job-destruction rate and the other attributes fixed, the estimated amenities are lower in

occupations with more irregular schedules and more competition, and higher in occupations

whose work involves more caring for others, consistent with evidence on how workers value

these attributes (Flory et al., 2015; Mas and Pallais, 2017; Maestas et al., 2023).

We demonstrate the robustness of our main finding along five dimensions. First, we address

the concern that job values are estimated with sampling error. We show that this error is

quantitatively small. Estimating the model separately on two halves of each estimation sample,

we find the two sets of job values are highly correlated, at 0.97 for children and 0.94 for parents.

A bootstrap procedure that resamples workers and re-estimates the model 100 times barely

increases the standard error of the rank-rank slope in job value, from 0.0036 to 0.0038. Second,

our finding is robust to alternative measures of family background: ranking families by the sum

rather than the average of the parents’ outcomes yields qualitatively similar results. Third,

re-estimating job values using only workers in their thirties yields similar results. Fourth, we

relax the assumption that every job-to-job move is a choice by allowing some moves to be forced

on workers through “Godfather” shocks (Jolivet et al., 2006). Fifth, we replace our estimates

with an off-the-shelf ranking of jobs, the PageRank approach of Sorkin (2018). Our qualitative

finding is insensitive to these choices: under each specification, intergenerational persistence in

job value is lower than in earnings. Job value is between 16% and 54% less persistent than

earnings, compared with 37% in our baseline estimate.

Our findings provide both encouraging news and an important caution for researchers and pol-

icymakers. In Denmark, intergenerational persistence in job value is approximately 37% lower

than in earnings—a difference that is both statistically significant and economically meaningful.

This reveals that children experience substantially greater mobility in job value than earnings

alone would suggest. Whether Denmark’s patterns hold elsewhere remains an open empiri-

cal question. We view our methodological framework as a template that researchers can apply

globally. The approach requires parent-child linkages and longitudinal employer-employee data,

both increasingly available across developed and developing countries. Applying our methods

to diverse settings would not only test the external validity of our Danish findings but also,

more importantly, shed light on how labor market institutions, social insurance systems, and

education policies jointly shape the relationship between wages and amenities across genera-
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tions.

Related Literature. This paper relates to three strands of literature. First, we contribute to

the literature on intergenerational mobility and its measurement.5 The standard approach in

economics measures mobility in earnings or income, using either the intergenerational elasticity

(IGE), motivated by theoretical work (Becker and Tomes, 1979, 1986; Solon, 2004), or the

rank-rank slope (Dahl and DeLeire, 2008; Chetty et al., 2014a; Chetty and Hendren, 2018a,b;

Chetty et al., 2026). While these measures provide valuable insights into how economic status

is transmitted across generations, they remain limited to pecuniary outcomes. Our contribution

to this literature is twofold. First, we develop a measure of intergenerational mobility in the

value of a job. We use a state-of-the-art revealed-preference approach to infer how workers

value jobs, including both pay and non-pay attributes. Our methodology can be applied in

any country or time period for which researchers have access to matched employer-employee

data and links between parents and children.6 Second, using Danish administrative data, we

document the intergenerational transmission of the value of a job and compare it with the

transmission of earnings. We find that earnings-based measures understate intergenerational

mobility in the value of a job in Denmark, which suggests that income or earnings alone give an

incomplete picture of intergenerational mobility, in line with Davis et al. (2025). We view our

approach as complementary to existing approaches: it provides information on a new dimension

of intergenerational transmission.

Second, our paper relates to a burgeoning literature that uses frictional models of the labor

market to study workers’ valuation of the non-pecuniary components of jobs and the joint de-

termination of wages and amenities (Hwang et al., 1998; Bonhomme and Jolivet, 2009; Sullivan

and To, 2014; Hall and Mueller, 2018; Sorkin, 2018; Taber and Vejlin, 2020; Lamadon et al.,

2024; Arcidiacono et al., 2025; Morchio and Moser, 2026).7 Our model is largely off the shelf: it

adapts the framework of Arcidiacono et al. (2025) and incorporates a feature of Sorkin (2018):

workers may choose to quit into nonemployment. As in both papers, idiosyncratic preference

shocks tie the probability of each voluntary move to the value of its destination relative to its

origin, so that worker flows reveal how workers value jobs.8 Our contribution to this literature

is empirical: we separate voluntary quits into nonemployment from involuntary separations.

5For reviews, see Black and Devereux (2011) and Deutscher and Mazumder (2023).
6Both our value-based measure and existing earnings-based measures are subject to the biases discussed

in the literature, such as measurement error, transitory fluctuations, and life-cycle bias (see Deutscher and
Mazumder, 2023). Mazumder (2016) and Nybom and Stuhler (2017) show that these biases are considerably
smaller for rank-rank measures than for the IGE.

7See Mas (2025) for a review.
8As in the empirical specification of Arcidiacono et al. (2025), we also allow preferences, offer distributions,

and job-destruction risk to differ across worker types. Section 2 describes how our model relates to these
frameworks.

7



The distinction allows quits to reveal workers’ valuations of jobs, whereas layoffs measure job

security, itself a valued attribute of jobs (Jarosch, 2023). Survey reports of why a job ended are

a natural source of this information and have been used to discipline structural models of job

search (Sullivan and To, 2014; Taber and Vejlin, 2020; Simmons, 2025), but they cover too few

separations to measure separation risk for finely defined jobs. Administrative benefit records

have been used to identify layoffs through the receipt or timing of unemployment insurance

(e.g., Woodcock, 2023; Lehmann, 2023), but none of these papers classify every separation into

nonemployment or check their classifications against workers’ own reports for the same sep-

arations. We classify every separation into nonemployment with weekly benefit records, and

we check the classification against the reasons that workers report in the Danish Labour Force

Survey, which we link to the same separations. To our knowledge, no structural model of the

labor market has separated voluntary quits into nonemployment from layoffs in this way.9 We

also make two secondary contributions. First, we extend the firm-level approach of Sorkin

(2018) to the job level, defined as three-digit occupations within establishment types. Different

occupations within the same establishment can differ substantially in both pay and amenities.

Second, because our estimates vary across occupations, we compare our estimated amenities

with observed working conditions, a comparison that Sorkin (2018) notes he could not make.

Third, by bridging two strands of literature on intergenerational mobility and on amenities,

we contribute to a growing body of work on the intergenerational transmission of features of

jobs. Children of higher-earning parents are more likely to work for their parents’ employers,

at firms that pay higher wage premia, and in occupations with higher pay and prestige (e.g.,

Corak and Piraino, 2011; Dobbin and Zohar, forthcoming; Haeck and Laliberté, 2025). Each

of these studies focuses on a single feature of jobs, and evidence on the transmission of job

desirability as a whole remains limited. The two papers closest to ours relate broader measures

of job quality to parental income: Boar and Lashkari (2025), whom we discuss at the end of

this section, and Forsberg et al. (2026), who show that children of higher-earning fathers in

Sweden work at firms that are both better paying and more desirable, as measured by worker

flows. We extend this work in three directions. Rather than focusing on any single feature, we

use worker transitions between jobs to infer the value of the entire bundle of attributes that a

job offers, and we relate the value of children’s jobs to that of their parents’ jobs, not only to

parental income. By separating this value into pay and amenities, we measure the transmission

of the entire bundle of amenities. Finally, using administrative records of workplace injuries

and occupational diseases, together with survey measures of working conditions, we document

that a broad set of individual working conditions is transmitted across generations.

9Survey reports have also been combined with administrative records to measure the share of job-to-job
moves that are involuntary (Taber and Vejlin, 2020) and to measure how many mutual-agreement terminations
in France would otherwise have been dismissals (Carry and Schoefer, 2024). Section 3.1 describes our approach.
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Lastly, the paper most closely related to ours is Boar and Lashkari (2025). They incorporate

non-pecuniary job attributes into the measurement of intergenerational mobility and examine

how parental income shapes children’s access to occupations with desirable non-monetary qual-

ities. They construct an index of occupational attributes from the General Social Survey, such

as respectful treatment, opportunities to learn, and the absence of heavy lifting, and show that

children of higher-income parents in the United States are more likely to work in occupations

that score higher on this index. Our contribution is distinct along three dimensions. First, we

use a revealed preference approach embedded in a partial-equilibrium job ladder model to infer

the value of each job from workers’ moves between jobs, rather than valuing a survey-based

index of occupational attributes. This allows us to infer how workers value the entire bundle

of attributes of each job, including unmeasured attributes, using millions of job-to-job tran-

sitions observed in high-quality administrative data. Second, we study the intergenerational

transmission of both the value of a job and its amenities from parents to children. We also

relate the value of children’s jobs to parental earnings, the comparison closest to theirs. Third,

we study Denmark rather than the United States. We find more mobility in the value of a job

than in earnings, whereas they find less mobility once earnings are adjusted for the quality of

occupations. We conjecture that our findings differ from theirs because the relationship be-

tween parental earnings and amenities differs between Denmark and the United States, rather

than because of differences in our methods. To the extent that this is true, it highlights the

importance of studying the intergenerational transmission of amenities in other settings.

Road Map. Section 2 presents our search model, a revealed preference approach to ranking

jobs across worker types. Section 3 establishes identification of the model parameters. Sec-

tion 4 describes our Danish administrative data and sample construction. Section 5 describes

the estimation procedure and the parameter estimates. Section 6 presents our main results

on intergenerational mobility in job value and earnings. Section 7 decomposes the difference

between value transmission and earnings transmission and interprets our estimates in light of

observed job attributes. Section 8 reports robustness checks and additional results, and Sec-

tion 9 concludes.

2 A Search Model of Job Value with Worker Heterogeneity

In this section, we lay out the model that we use to measure the value of a job to workers of

different types. We build on a partial-equilibrium job ladder model with random, on-the-job

search that goes back to Burdett (1978): workers passively receive offers at random from an

offer distribution that we take as given. We add three key features to this model: amenities,
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idiosyncratic preference shocks, and worker heterogeneity. We discuss each extension in turn

below.

First, we allow workers to be compensated for employment in a job through wages and an

amenity, which reflects the utility derived by the worker from non-wage features of the job.

We assume that workers of the same type employed in the same job receive the same amenity,

whereas we allow wages to be dispersed. As in Arcidiacono et al. (2025), this allows amenities

to be identified separately from worker preferences for consumption. Second, following Sorkin

(2018), we assume that each alternative available to a worker carries an idiosyncratic taste

shock. A worker then accepts an offer with a probability that rises with the difference in value

between the offered job and her own job. Accordingly, voluntary transitions reveal differences

in the value of distinct jobs. Third, we incorporate worker heterogeneity by assuming that

workers belong to a discrete number of observed, permanent types. Each worker type is in its

own segmented labor market as in Morchio and Moser (2026). Preferences, offers, and the risk

of job destruction may all differ by type, so each type has its own job ladder. We measure the

value of a job, for every type, as the gain over that type’s own value of nonemployment, in units

of the scale of the taste shocks, which we assume to be the same for all types. A higher value

for one type than for another therefore means that the first type gains more relative to its own

value of nonemployment.

2.1 Environment

Workers. Workers are infinitely lived, risk-averse, and discount the future by the factor β ∈
(0, 1). Each worker belongs to one of L types, indexed by ℓ. A worker’s type is observed and

permanent.10 Every object below that carries the index ℓ may differ across types. The discount

factor, the utility function and the distribution of the taste shocks are the same for all types.

In each period, workers may either be employed or nonemployed.11 Workers cannot transfer

resources across periods: they neither save nor borrow and consume all of their income in each

period.

Jobs. There is a finite set of jobs J , indexed by j. For a type-ℓ worker, a job j has two

attributes that are fixed over time and do not vary with the wage: an amenity ϕℓj and a

destruction probability δℓj, the probability that the job is destroyed in a given period, in which

case the worker becomes nonemployed. A job also pays a wage w. The wage is fixed for as long

as the worker holds the job, but it may differ across type-ℓ workers who hold the same job.

10In our application, the types are the eight combinations of gender and four education groups.
11Nonemployment in the model covers every worker who holds no job: unemployed workers and workers who

are out of the labor force for a time, for example on parental leave or in education.
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Conditional on worker type, an employment state is therefore a job–wage pair (j, w) ∈ J ×W .

Offers. Each worker type searches in its own labor market. Search within that labor market

is random. In each period, a nonemployed type-ℓ worker receives an offer with probability λ0
ℓ ,

and an employed type-ℓ worker whose job is not destroyed receives an offer with probability

λ1
ℓ , which is constant regardless of the job she holds. A worker receives at most one offer in a

period. An offer is a job–wage pair (j, w) drawn from the joint offer distribution Gℓ, which has

probability mass function gℓ(j, w).
12 The worker either accepts an offer or rejects it: there is

no bargaining, and employers do not counter outside offers. The joint offer distribution is the

same for employed and nonemployed workers of a type (Assumption 2). We take λ0
ℓ , λ

1
ℓ and Gℓ

as given.

Taste shocks. In every period, a worker draws a taste shock ι for each alternative that is

open to her in that period: nonemployment, an offered job, or the job that she already holds,

which we call her incumbent job. A taste shock captures idiosyncratic reasons to prefer an

alternative that are specific to the worker at a point in time. Lasting differences in tastes

among workers therefore enter the model only through worker types. The taste shocks are

independent across workers, alternatives and periods. They are also independent of the offers

that workers receive. They follow a Type-I extreme-value distribution with location zero. Its

scale is the same for all worker types and normalized to one, so the difference between two taste

shocks is standard logistic. A worker observes her taste shocks for the current period before

she chooses among alternatives. She does not know her future taste shocks, so her continuation

value is an expectation over them.

2.2 Worker’s Problem

Flow payoffs. The flow utility for a type-ℓ worker employed at job j and wage w is

vℓj(w) = αℓ u(w) + ϕℓj (1)

where w > 0 is the monetary wage, ϕℓj is utility from job amenities, and αℓ > 0 is the

type-specific weight on wage utility relative to amenities, similar to Taber and Vejlin (2020)

and Arcidiacono et al. (2025). The function u(w) is increasing and concave. An equivalent

parameterization normalizes the coefficient on wage utility to one and allows the shock scale

12We can think of gℓ(j, w) = fℓj hℓj(w). Here fℓj is the probability that the offer comes from job j, which
measures how intensively job j recruits type-ℓ workers, and hℓj(w) is the probability that it pays wage w given
that it comes from job j; we write Fℓ and Hℓj for the two distributions.

11



to vary. Under that parameterization, αℓ is the inverse of the scale of the preference shocks.13

While nonemployed, a worker of type ℓ receives flow utility bℓ, which includes unemployment

benefits and the value of nonmarket time and household production.

Employed Workers. The Bellman equation for an employed worker of type ℓ in a job j with

flow utility vℓj(w) is:
14

V e
ℓj(w) = αℓu(w) + ϕℓj︸ ︷︷ ︸

flow payoff

+β E
[

δℓj{V n
ℓ + ι1}︸ ︷︷ ︸

exogenous job destruction

+ (1− δℓj)
[
λ1
ℓ

∑
(j′,w′)

gℓ(j
′, w′) max{V e

ℓj′(w
′) + ι2, V e

ℓj(w) + ι3}︸ ︷︷ ︸
offer arrives: endogenous job-to-job

+ (1− λ1
ℓ) max{V n

ℓ + ι4, V e
ℓj(w) + ι5}︸ ︷︷ ︸

no offer: worker chooses stay vs. quit

]]
(2)

Reading from left to right, a worker of type ℓ employed at job j has value V e
ℓj(w) =

V e
ℓ (vℓj(w), δℓj). This value consists of the deterministic flow payoff, vℓj(w), and the contin-

uation value, which she discounts by β. The continuation value weights the expected value of

three mutually exclusive possibilities. One possibility generates an exogenous separation. With

probability δℓj, a worker is hit with a job destruction shock and ends up in nonemployment,

where she receives value V n
ℓ + ι1, where V n

ℓ is the common component of the value, and ι1 is

an idiosyncratic draw from a Type-I extreme value distribution.15

Two remaining possibilities generate endogenous separations. If the job is not destroyed,

then with probability λ1
ℓ , an outside offer arrives, and the worker takes the better of the offered

job and her current one, each evaluated with its own idiosyncratic draw. Finally, if she does

not receive an outside offer, then the worker may choose to quit her job into nonemployment.

13Given the preference shocks are drawn from a Type-I extreme-value distribution, the flow payoffs and
value functions below are both measured in (normalized) units of the preference shocks; αℓ is the number that
converts consumption utility into those units. An equivalent casting of the model instead fixes the coefficient
on consumption utility at one and leaves the shock scale free; αℓ is reinterpreted as the inverse of the shock
scale—with the caveat that amenity utilities are then measured in these rescaled units as well. See Appendix
A.1 for more details.

14We follow Arcidiacono et al. (2025), Sorkin (2018), and the wider literature on dynamic discrete choice
models by placing the idiosyncratic shock in forward-looking values rather than in the flow payoff.

15Our formulation is closer to Sorkin (2018) than to Arcidiacono et al. (2025). Arcidiacono et al. (2025) attach
a single standard logistic shock to accepting a newly offered job. For a binary choice, the difference between
two independent Type-I extreme-value draws is standard logistic. Consequently, both formulations generate the
same binary logit acceptance probability, after accounting for switching costs. Unlike Sorkin, we do not include
a separate exogenous reallocation shock.
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Given the Type-I distribution assumption on ι, even after conditioning on the wage and

job associated with the job offer, as well as the current wage and job, job offers are accepted

probabilistically. Namely, conditional on incumbent-job survival, an employed worker at (j, w)

holding an offer (j′, w′) accepts it with probability:

Pℓ,j′w′|jw =
expV e

ℓj′ (w
′)

expV e
ℓj′ (w

′) + expV e
ℓj(w)

(3)

Nonemployed Workers. A nonemployed worker has the Bellman equation:

V n
ℓ = bℓ︸︷︷︸

flow payoff

+β E
[
λ0
ℓ

∑
(j′,w′)

gℓ(j
′, w′) max{V e

ℓj′(w
′) + ι6, V n

ℓ + ι7}︸ ︷︷ ︸
offer arrives: worker chooses job vs. remain nonemployed

+ (1− λ0
ℓ){V n

ℓ + ι8}︸ ︷︷ ︸
no offer

]
.

(4)

Reading from left to right, a nonemployed worker receives a flow value of nonemployment of

bℓ. Then, each period, two things might happen. She might receive an offer of a job, in which

case she decides whether to accept it. Or, nothing might happen. In this case, she receives

a new idiosyncratic draw associated with nonemployment. Given the assumption that the

nonemployed and employed of the same type search from the same distribution, gℓ of equation

(4) is the same gℓ from equation (2); thus, hires from nonemployment are informative about

the offer distribution facing employed workers.

Using the same assumption on the preference shocks, we can write down the probability of

accepting a job offer (j, w) out of nonemployment as:

Pℓ,jw =
expV e

ℓj (w)

expV e
ℓj(w) + expV n

ℓ

(5)

2.3 Discussion of Model Assumptions

We discuss some of our more restrictive modeling assumptions and their implications. See

Appendix A.2 for details.

2.3.1 Key Assumptions

Assumption 1 (Fixed job-level amenities). For a given worker type, ϕℓj is constant across the

wage cells of job j.
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This assumption makes within-job wage dispersion informative about αℓ, which governs the

preference weight type-ℓ workers place on wage utility relative to amenities. Wage utility varies

across wage cells within a job, while the amenity component remains fixed. We develop this

identification argument in the next section.

Assumption 2 (Common joint offer distribution). Conditional on worker type, employed and

nonemployed workers draw job–wage offers from the same joint offer distribution Gℓ.

Conditional on worker type, employed and nonemployed workers draw from the same joint

distribution of job and wage offers, although their offer-arrival rates may differ. This restriction

allows hires from nonemployment to discipline the distribution of offers faced by employed

workers.16

Assumption 3 (Common taste-shock scale). There exists a scalar σ > 0 such that, for every

worker type ℓ, alternative, and choice occasion, the Type-I extreme-value taste shocks have scale

σ. Equivalently, σℓ = σ for every worker type ℓ.

Normalization 1 (Shock scale). We normalize the common taste-shock scale to one, σ = 1.

Normalization 2 (Value location). For each worker type, we set the value of nonemployment to

zero, V n
ℓ = 0.

Worker flows identify differences in choice-specific values within each worker type, but not

their scale or location. Assumption 3 imposes a common taste-shock scale across worker types,

and Normalization 1 sets this scale to one. Therefore, all type-specific value functions are then

measured in the same taste-shock units. Normalization 2 sets V n
ℓ = 0 for every worker type.

Employment values can therefore be compared across types as gains relative to each type’s

nonemployment value.

2.3.2 Exogenous Job-to-Job Reallocation

The model allows for exogenous job destruction but not exogenous reallocation shocks. Con-

ditional on survival of the incumbent job, a worker moves directly to another job only after

receiving an outside offer and choosing it over the incumbent job. Unlike a one-dimensional

wage ladder, our model can nevertheless accommodate wage-decreasing job-to-job (EE) tran-

sitions: a worker may prefer a lower-paying destination because it offers better amenities or

16The common-offer assumption abstracts from evidence that employed workers may receive higher-paying
offers than those unemployed (Faberman et al., 2022). Such differences are important for studying the scarring
effects of unemployment or duration dependence. These channels are less central to our setting: our model
instead focuses on the cross-sectional distribution of employment and wages. We are less concerned with issues
surrounding unemployment.
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because an idiosyncratic taste realization favors it. Separating choice-based from forced EE

transitions would require auxiliary restrictions because observed worker flows do not reveal

whether the incumbent job remained available.17 We therefore interpret observed EE transi-

tions as endogenous choices that are informative about the relative values of the origin and

destination jobs.

3 Identification

This section shows constructively that matched employer-employee data identify every param-

eter of the model, given two calibrated parameters and two normalizations.

The argument proceeds in four steps. Step 1 separates exogenous layoffs from endogenous

quits, which identifies the destruction probabilities δℓj and the endogenous mobility matrix Mℓ.

Step 2 uses the endogenous mobility matrix to recover the PageRank score of every job–wage

pair. Step 3 recovers job values and the offer distribution: for each possible value of λ1
ℓ , we

recover the implied employment values, the joint job–wage offer distribution, and the offer-

arrival probability for nonemployed workers; we then use aggregate job-to-job mobility to select

λ1
ℓ . Step 4 inverts the Bellman equations to recover the flow payoff of every job–wage pair and

of nonemployment, and then uses the within-job quit-wage elasticity to identify the preference

weight on wages and separate wage utility from job amenities. Every step is performed within

worker type. Figure 1 summarizes the argument.

Steps 2 and 3 adapt the revealed preference argument of Sorkin (2018) to a setting with worker

heterogeneity. Step 4 follows Arcidiacono et al. (2025) in using variation in wages within a job

to separate wage utility from amenities. Unlike them, we recover these differences from quits

into nonemployment, a margin their model does not have.

Calibrated parameters and normalizations. There are two exogenously set parameters in

our framework. First, the discount factor is β = 0.95 at an annual frequency. Second, we

parameterize u(·) as CRRA with risk aversion parameter γ, u(w) = w1−γ/(1−γ) for γ ̸= 1 and

u(w) = logw . We set γ = 1, i.e., u(w) = logw. We maintain the assumption that V n
ℓ = 0

throughout.

17Sorkin (2018) uses employer growth as auxiliary information, assigning exogenous weights to excess separa-
tions at contracting employers. We do not adopt this classification because employer growth does not directly
reveal whether the incumbent job remained available.
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Figure 1: Overview of the Identification Argument

Step 1. Distinguish worker choices from layoffs to obtain δℓj
and the endogenous mobility matrix Mℓ.

Step 2. Use worker choices, Mℓ, to recover the PageRank score
exp Ṽℓy.

Step 3. Recover job values and offer distributions.

(i) Nonemployment hires, corrected for acceptance −→ gℓy, λ
0
ℓ

(ii) Aggregate job-to-job transition rate −→ λ1
ℓ

(iii) PageRank adjusted for recruiting intensity −→ Vℓy

Step 4. Invert the Bellman equations to recover flow payoffs;
use the within-(ℓ, j) match quit-wage elasticity to recover αℓ

and ϕℓj .

Notes: We denote a job–wage pair by y ≡ (j, w).

3.1 Step 1: Identifying Exogenous and Endogenous Separations

Step 1 separates observed employment-to-nonemployment (EN) transitions into layoffs, which

identify the destruction probabilities δℓj, and quits, which reflect the choices of workers. We

obtain the worker-type, job-specific destruction probabilities δℓj, together with the endogenous

mobility matrix Mℓ. First, we classify employment-to-nonemployment (EN) transitions as in-

voluntary or voluntary separations. We then use the implied involuntary separation rate to set

δℓj, collecting the remaining voluntary separations, hires from nonemployment, and job-to-job

moves in the endogenous mobility matrix Mℓ.

The distinction between exogenous and endogenous separations is central to our identification.

In our model, EN transitions may occur either because the worker is hit by a job destruction

shock or because she chooses nonemployment over remaining in the job. We refer to the first

event as a layoff and to the second as a quit. A layoff leaves the worker no choice, so only a

quit provides information about her preferences. We assume that every job-to-job transition

is endogenous.18 Separating quits from layoffs is therefore sufficient to determine which moves

reveal the values of jobs.

To formalize the construction, fix an observed worker type ℓ and treat every object below as

type-specific. For ease of notation, we denote a job–wage pair by y ≡ (j, w), Vℓy ≡ V e
ℓj(w), and

18Section 8.1.4 relaxes this assumption by allowing some job-to-job moves to be forced on workers.
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gℓy ≡ gℓ(j, w). The state space A comprises the nonemployment state n and the job–wage pairs

y.19 The matched employer-employee panel records the employment mass Nℓy at each pair,

the nonemployment mass Nn
ℓ , and every dated transition between states. The EN transitions,

however, mix exogenous separations which are forced on the worker and voluntary transitions

chosen by the worker. Distinguishing them is where we begin.

A novelty of our approach is to combine population-wide weekly benefit records and stated

separation reasons from the Danish Labour Force Survey (AKU) to distinguish exogenous layoffs

from endogenous quits. Because the construction of these labels is a matter of measurement, we

describe it in the estimation section, which states the classification rules and explains why, in

Denmark, the first benefit that follows a separation is informative about its cause. Importantly,

our identification argument does not require perfect classification accuracy.

Assumption 4 (Offsetting classification errors). For every worker type ℓ and job–wage pair y,

the expected number of EN transitions from y that are generated by exogenous destruction but

labeled quits equals the expected number that are generated by a maximizing choice but labeled

as layoffs.

Assumption 4 allows any single EN transition to be misclassified, in either direction. A laid-

off worker may enroll in education with a student grant such that her separation is labeled as

a quit. A worker who resigns without a valid reason may claim unemployment insurance after

a waiting period of a few weeks, and her separation is then labeled a layoff. The assumption

requires only that the two kinds of error occur equally often, in expectation, at each job–wage

pair. In expectation, the number of transitions labeled layoffs then equals the number generated

by destruction, and the number labeled quits equals the number of quits. Step 1 uses the labels

only through these two counts.20 Under Assumption 4, transitions labeled layoffs measure

job destruction on average, and transitions labeled quits measure quits into nonemployment

on average. The endogenous mobility matrix Mℓ collects all job-to-job transitions, hires from

nonemployment, and quits into nonemployment, excluding layoffs.21

Proposition 1 (Quit, layoff rates and endogenous flows). Under Assumption 4, for each worker

type ℓ, the job-specific destruction probabilities δℓj and the endogenous mobility matrix Mℓ are

identified from observed transitions.

19We retain a state if the state has positive mass, if it is part of the strongly connected component of the
type’s endogenous mobility graph and if there are hires from nonemployment into that state. Appendix B.3
states the support conditions.

20The assumption concerns the labels that we use in estimation: the label based on benefit records, which the
stated reason replaces for transitions matched to the AKU. For the destruction probabilities, the errors need
to offset only within each job because δℓj does not vary with the wage. Appendix B.2.1 states both conditions
formally.

21Appendix B.2.1 gives the formal definitions.
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Proof. See Appendix B.2.1.

Proposition 1 completes Step 1. The destruction probabilities δℓj and the endogenous mobility

matrix Mℓ are identified, while the state masses and person-period counts are directly observed.

All are treated as known hereafter.

The endogenous mobility matrix, however, does not separately identify the employment val-

ues, the joint job–wage offer distribution, and the two arrival probabilities. A given pattern

of endogenous flows can arise from attractive jobs offered rarely or less desirable jobs offered

often. Disentangling these forces is the joint problem to which we now turn.

3.2 Step 2: Recover the PageRank Score

In Step 2, we use endogenous worker flows Mℓ from Step 1 to recover the PageRank score of

every job–wage pair. The model maps the primitives into the three endogenous flows:

M ℓ
y→n︸ ︷︷ ︸

flow from y
to nonemployment

= Nℓy︸︷︷︸
employed workers

at origin

(1− δℓj)︸ ︷︷ ︸
job survives

(1− λ1
ℓ)︸ ︷︷ ︸

no offer arrives

1

1 + expVℓy︸ ︷︷ ︸
nonemployment

is chosen

(6)

M ℓ
n→y︸ ︷︷ ︸

flow from nonemployment
to y

= Nn
ℓ︸︷︷︸

nonemployed
workers

λ0
ℓgℓy︸ ︷︷ ︸

offer of y

expVℓy

1 + expVℓy︸ ︷︷ ︸
offer is accepted

(7)

M ℓ
y→y′︸ ︷︷ ︸

flow from y
to y′

= Nℓy︸︷︷︸
employed workers

at origin

(1− δℓj)︸ ︷︷ ︸
job survives

λ1
ℓgℓy′︸ ︷︷ ︸

offer of y′

expVℓy′

expVℓy′ + expVℓy︸ ︷︷ ︸
offer is accepted

(8)

for every destination y′ ̸= y. Equations (6) and (7) impose the location normalization from

Normalization 2. The three equations represent a quit into nonemployment, a hire from nonem-

ployment, and a job-to-job move, respectively.

To connect worker flows to values, we compare the flow in equation (8) with the flow in

the opposite direction. The common job arrival probability and the logit denominators cancel.

What remains depends on values, offer shares, and effective sizes, which we summarize with

the PageRank score of a job–wage pair:

exp Ṽℓy︸ ︷︷ ︸
PageRank score

≡ gℓy expVℓy

Nℓy(1− δℓj)︸ ︷︷ ︸
offer × value / effective size

(9)
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where exp Ṽℓy is the PageRank score of a job–wage pair. It combines the underlying value

of a job at a particular wage with its offer share and effective size.22 Relative flows then equal

relative PageRank scores:23

M ℓ
y→y′

M ℓ
y′→y︸ ︷︷ ︸

relative flows

=
exp Ṽℓy′

exp Ṽℓy︸ ︷︷ ︸
relative PageRank scores

(11)

Following Sorkin (2018), these pairwise comparisons can be combined into a recursion that

recovers PageRank scores jointly across the mobility network. Summing the pairwise flow

relations over destinations yields:

exp Ṽℓy︸ ︷︷ ︸
PageRank score

=

score-weighted endogenous inflows︷ ︸︸ ︷∑
y′ ̸=y

M ℓ
y′→y exp Ṽℓy′ +M ℓ

n→y exp Ṽ n
ℓ∑

y′ ̸=y

M ℓ
y→y′ +M ℓ

y→n︸ ︷︷ ︸
endogenous outflows

. (12)

The PageRank score of a job–wage pair equals its score-weighted endogenous inflows divided

by its total endogenous outflows. Inflows from job–wage pairs with higher PageRank scores

receive greater weight. This is the recursive logic behind the PageRank interpretation: each

job–wage pair is valued according to the scores of the states from which it attracts workers,

relative to its endogenous outflows. An analogous relation determines the PageRank score of

nonemployment.

Let exp Ṽℓ stack the PageRank scores of all employment states and nonemployment in A.

The recursions can be written jointly as

S−1
ℓ Mℓ exp Ṽℓ = exp Ṽℓ, (13)

where Sℓ is diagonal, with each diagonal entry equal to the total endogenous outflow from the

corresponding state.

Proposition 2 (Identification of PageRank scores). For each worker type ℓ, suppose the flow

equations (6)–(8) hold and the endogenous mobility network is strongly connected. Then Mℓ

identifies the vector of PageRank scores exp Ṽℓ up to a common positive scale. This vector is

22For flows between employment and the nonemployment state, an analogous derivation applies; we can derive

exp Ṽ n
ℓ ≡ 1− λ1

ℓ

λ0
ℓ N

n
ℓ

(10)

We provide more details in Appendix B.4.
23Appendix B.3 gives the intermediate steps.
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the unique positive eigenvector, up to scale, of S−1
ℓ Mℓ associated with eigenvalue one.

Proof. See Appendix B.3.

3.3 Step 3: Recover Job Values and Offer Distribution

At this point, the employment and nonemployment masses, the destruction probabilities, the

endogenous mobility matrix, and the PageRank scores are known. In Step 3, we jointly identify

the remaining unknowns: the employment values Vℓy, the offer shares gℓy, and the two arrival

probabilities, λ0
ℓ and λ1

ℓ .

We proceed in three parts. First, for any possible value of λ1
ℓ , we can recover employment

values and their implied acceptance probabilities. Second, combining these probabilities with

the observed hire flows then recovers the joint offer shares and λ0
ℓ . Third, the observed aggregate

level of job-to-job mobility pins down λ1
ℓ .

Job values for a given λ1
ℓ . Fix a candidate value of λ1

ℓ ∈ Λℓ.
24 The PageRank score and hires

from nonemployment recover job values,

1 + expVℓy(λ
1
ℓ) = (1− λ1

ℓ)
exp Ṽℓy

exp Ṽ n
ℓ

Nℓy (1− δℓj)

M ℓ
n→y

. (14)

Every remaining object on the right-hand side of equation (14) is known once λ1
ℓ is specified.

Then, we can recover Vℓy(λ
1
ℓ) using the above equation.

Offer shares and λ0
ℓ . Let Pℓy(λ

1
ℓ) = expVℓy(λ

1
ℓ)/(1 + expVℓy(λ

1
ℓ)) be the probability of accept-

ing an offer of y from nonemployment. Given that employed and nonemployed workers draw

from the same offer distribution, we obtain

gℓy(λ
1
ℓ) =

M ℓ
n→y

Nn
ℓ λ0

ℓ(λ
1
ℓ)Pℓy(λ1

ℓ)
, λ0

ℓ(λ
1
ℓ) =

1

Nn
ℓ

∑
y

M ℓ
n→y

Pℓy(λ1
ℓ)

(15)

The relative distribution of hire flows across job-wage pairs identifies the joint offer shares,

while its total level identifies the offer-arrival probability from nonemployment.

Selecting λ1
ℓ . All recovered objects depend on the candidate λ1

ℓ . We select it by matching the

aggregate job-to-job transition rate:

24The admissible set is defined in Appendix B.4.3.
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1

Nℓ

∑
y

∑
y′ ̸=y

M ℓ
y→y′︸ ︷︷ ︸

observed aggregate job-to-job transition rate

= λ1
ℓ

∑
y

Nℓy

Nℓ

(1− δℓj)
∑
y′ ̸=y

gℓy′(λ
1
ℓ)Pℓ,y′|y(λ

1
ℓ). (16)

where Pℓ,y′|y denotes the probability that a worker at y accepts an offer of y′, evaluated at

the candidate value of λ1
ℓ , and Nℓ ≡

∑
y Nℓy denotes total beginning-of-period employment.

The left-hand side is the observed aggregate job-to-job transition rate for type-ℓ workers. The

right-hand side is its model-implied counterpart: the employment-share weighted average of

job-to-job transition probabilities. Both the offer shares and acceptance probabilities vary with

λ1
ℓ . Constructively, this is a search over a grid of candidate values of λ1

ℓ : each candidate implies

an aggregate job-to-job transition rate, and we select the candidate that matches the observed

one.25

Proposition 3 (Joint Identification of Job Values and Offer Distribution). Fix a worker type ℓ,

together with Assumptions 2, 3, 4, and A.5, and Normalizations 1 and 2. Suppose M ℓ
y→n > 0

and M ℓ
n→y > 0 for every employment node, so the mobility graph is strongly connected through

nonemployment. Then the endogenous histories jointly identify Vℓy, the joint offer shares gℓy,

λ0
ℓ , and λ1

ℓ .

Proposition 3 identifies the value of employment relative to nonemployment, the joint offer

shares, and the two arrival probabilities. The search block is now in hand. It is worth noting that

we never invoke the specific parametric structure of the flow payoff in recovering any parameters

in this block. Next, we turn to the structure of the Bellman equations and within-job variation

to separate wage utility from amenities.

3.4 Step 4: Separating Wage Utility and Amenities

In the final step, we separate the flow value of a job into wage utility and flow amenities.

We proceed in three parts. First, we invert the Bellman equations to recover the flow payoff

of every job–wage pair. Second, we use the within-job quit-wage elasticity to identify the

preference weight on wages, αℓ. Third, we recover job amenities, ϕℓj, as a residual.

25We maintain that equation (16) has a unique admissible root, so that the procedure selects a unique value of
λ1
ℓ , thereby identifying the arrival probabilities. The disaggregated origin-destination flows provide an additional

check: the selected value must also reproduce every directed flow in equation (8). Appendix B.4.3 states the
assumption formally and discusses the case of multiple roots.
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Bellman Inversion. The flow payoff for employed workers is identified by inverting equa-

tion (2), since both components on the right-hand side are known:

vℓj(w) = V e
ℓj(w)− β Cℓj(w) (17)

where Cℓj denotes the expected continuation value in equation (2). The same inversion applied

to nonemployment, under V n
ℓ = 0, gives

bℓ = −β C n
ℓ (18)

where C n
ℓ is the expected continuation value in equation (4).

The within-job quit-wage elasticity. The identification of the two remaining unknowns, the

preference weight on wages αℓ and job-level amenities ϕℓj, uses both the parametric structure of

the flow payoffs and within-job wage variation. We also use the assumption that, conditional on

worker type, amenities are constant across wage cells within a job. We leverage the within-job

quit-wage elasticity to identify the preference weight, αℓ. Holding the job fixed, a higher wage

raises the value of remaining employed and therefore lowers the probability that a worker quits

into nonemployment. How sharply quit propensities decline with wages reveals the weight the

worker attaches to wage utility relative to job amenities.26

Let mℓy ≡ (1 − δℓj)(1 − λ1
ℓ)(1 − Pℓy) denote the voluntary quit probability: the probability

that the match survives exogenous destruction, no outside offer arrives, and the worker chooses

nonemployment over remaining on the job. Holding outside opportunities fixed, when u(w) =

logw, the wage gradient of quit log odds within a job satisfies

∂ log[mℓy/(1−mℓy)]

∂ logw
= −αℓ Pℓy

Aℓy

1−mℓy︸ ︷︷ ︸
known

(19)

where 1−mℓy is the probability of not quitting and Aℓy is the annuity factor that capitalizes a

one-period payoff gain over the expected duration of the incumbent employment relationship.27

Everything in equation (19) is known except αℓ: the within-job response of quit log odds to

wages identifies αℓ.

26This is not the only way to identify αℓ. Appendix B.5.2 develops an alternative which works directly with the
flow payoffs. We emphasize the method of quit–wage elasticity here because it maps directly into the empirical
moment used in estimation.

27Formally, Aℓy = E
[∑∞

t=0 β
t 1{incumbent relationship survives through period t}

]
. Appendix B.5.2 derives

equation (19), and Section 5.2.3 states the regression that delivers its left-hand side.
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Amenities as a residual. Once αℓ is identified, the amenity of every job with an identified flow

payoff follows as a residual:

ϕℓj = vℓj(w)− αℓu(w). (20)

Under Normalization 2, this expression identifies normalized amenity levels, as well as amenity

differences across jobs. A job need not itself contain multiple wage cells for its amenity to

be identified: the common type-specific coefficient αℓ can be recovered from within-job wage

variation elsewhere in that type’s labor market.28

These restrictions provide a constructive identification argument.

Proposition 4 (Constructive identification). Fix a worker type ℓ and suppose the conditions of

Proposition 3 and Assumption 1 hold, together with at least one job with two populated wage

cells w ̸= w′ and u(w) ̸= u(w′). Then the observed histories identify δℓj, V
e
ℓj(w), Gℓ, λ

0
ℓ , λ

1
ℓ ,

vℓj(w), αℓ, ϕℓj, and bℓ.

Proof. See Appendix B.5.3.

4 The Danish Laboratory: Context and Data

This section describes our empirical setting and sample construction. We begin by discussing

why Denmark provides a useful laboratory for studying intergenerational mobility in the value of

a job, highlighting institutional features that make non-wage job attributes particularly salient.

We then describe our administrative and survey data and outline our sample construction.

4.1 Modern Danish Welfare State

Reducing inequality and promoting social mobility are central objectives of the modern Danish

welfare state. After taxes and transfers, income inequality is substantially lower and intergener-

ational income mobility is higher in Denmark than in the United States. One distinctive feature

of Denmark is the high level of social services: universal health care, free college tuition, equal

per-pupil expenditures across all neighborhoods, and generous childcare and maternity leave

policies. A key implication of this distinction is that, in Denmark, there is limited scope for

variation in access to childcare, parental leave, health insurance or tuition subsidies across em-

ployers, unlike in the United States: job amenities in Denmark have a different character than

28Additional wage cells and jobs provide overidentifying restrictions. Every admissible within-job wage pair
must yield the same αℓ, and the residual in (20) must be constant across wage cells within each job. Without
within-job wage variation, unrestricted job-specific amenities could instead absorb changes in the wage-utility
coefficient, preventing this separation.
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in the United States. It is important to note that the equal provision of these social services,

together with high rates of redistribution, does not imply that Denmark has high rates of inter-

generational mobility in outcomes. In particular, intergenerational persistence in educational

attainment and net wealth is substantial (Landersø and Heckman, 2017; Boserup et al., 2014;

Karlson and Landersø, 2025).

The Danish labor market further motivates examining the total compensation of a job be-

yond earnings. Progressive taxation (40–55%) compresses pay differentials across the earnings

distribution. Collective bargaining agreements covering 84% of workers also serve to compress

pay differentials, by establishing minimum standards for wages, working hours, and workplace

conditions (Dansk Industri, 2024). Yet employers retain significant discretion to offer terms

exceeding these minimums, facilitated by both firm-level negotiations with union assistance

and individual negotiations, particularly for high-skilled workers (Dahl et al., 2013; Kreiner

and Svarer, 2022; Humlum et al., 2025b). Critically, while workers’ monetary compensation

faces high marginal tax rates, non-wage amenities remain largely untaxed. This may create

incentives for both employers and workers to shift compensation toward non-pecuniary job at-

tributes (Bagger et al., 2021). This asymmetry, where monetary compensation is taxed but

amenities are largely untaxed, makes Denmark a particularly informative setting for studying

the intergenerational transmission of job value.

4.2 Data

We use full-population administrative register data from Denmark from 1985 to 2022. The data

contain unique individual identifiers, which enable us to combine information on a wide range

of aspects of life over individuals’ lifetimes. Unique identifiers of parents and spouses allow us

to link families throughout the entire period. In addition to information on income, assets, and

liabilities for both parents and children, we add information on completed education, household

structure, and demographic characteristics.

Matched Employer–Employee Data. We use two matched employer–employee data sources.

From 2008 onwards, we use the Employment Statistics of Employees (BFL), which records

job spells, occupation codes, and hours worked for all employees in Denmark, linked to their

employing establishment and firm. For 1985–2007, we construct spell-level data from employ-

ers’ mandatory salary reports (Oplysningssedler, CON), following the procedure of the Labour

Market Dynamics Group at Aarhus University (Hejlesen, 2016), which assigns a firm and es-

tablishment identifier, along with a start date and an end date, to each employment spell over

1985–2014.
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Work Accidents and Occupational Diseases. Our data on work injuries come from Arbejds-

markedets Erhvervssikring (AES), the entity responsible for handling injury claims under the

Workers’ Compensation Act of Denmark. The register distinguishes two types of claims: a

work accident (arbejdsulykke), defined as a sudden, unexpected event during work that causes

injury; and an occupational disease (erhvervssygdom), defined as a condition that develops from

prolonged exposure to harmful workplace conditions. As an example, a fall from scaffolding is

a work accident, whereas hearing loss developed due to years of exposure to factory noise is an

occupational disease. For each claim, the register records the nature and timing of the injury,

the assessed loss of earning capacity and the degree of permanent impairment.

Government Transfers. The Danish Register for Evaluation of Marginalization (DREAM)

records social transfers to individuals at the weekly level, including benefits for disability, reha-

bilitation, education, unemployment, and public pensions. This register records benefit receipt

rather than eligibility itself. DREAM retains only one benefit category per person-week; over-

lapping benefits are resolved using a predetermined priority ordering.29

Danish Labour Force Survey (AKU). The Danish Labour Force Survey (AKU) is a quarterly

survey conducted by Statistics Denmark as part of the harmonized European Labour Force

Survey. The survey covers individuals aged 15–74 in a rotating panel, and we use waves from

2010 to 2019 (Statistics Denmark, 2026c). We use the AKU in two ways. First, it refines and

checks our classification of employment-to-nonemployment (EN) transitions as quits or layoffs.

Nonemployed respondents report why their last job ended, and we match each response to

the corresponding EN transition in the employment histories.30 For matched transitions, the

stated reason replaces the benefit-based label. If a worker reports that her job ended because

of a dismissal, redundancy, or the end of a fixed-term contract, we label the separation a

layoff. Otherwise, we label it a quit. Second, we compute occupation-level averages of workers’

responses about their work schedules, usual and actual weekly hours, paid and unpaid overtime,

and desired hours.31 We then relate these measures to our model estimates of job amenities.

Work Environment and Health in Denmark (WEHD). The Work Environment and Health

in Denmark survey (WEHD) was conducted every two years by the National Research Center

for the Working Environment from 2012 through 2018. It surveys workers about their physical

29More details are provided in Section 5.2.1.
30We match based on personal identifiers, exact end dates of job spells, and establishment identifiers.
31These complement administrative paid hours, which may reflect contractual hours rather than actual time

worked, particularly for salaried employees working unpaid overtime (Statistics Denmark, 2026d; Lachowska et
al., 2022; Humlum et al., 2026).
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and psychosocial working conditions and self-reported health.32 Similar to the AKU, we use the

WEHD to compute occupation-level averages of workers’ responses about their working condi-

tions, including work schedules, physical demands, autonomy, job insecurity, and relationships

with managers and colleagues (Det Nationale Forskningscenter for Arbejdsmiljø, 2018). We

relate these observed job attributes to our model estimates of job amenities.

Occupation-Level Job Attributes. We measure occupation-level work content and work ac-

tivities using the Occupational Information Network (O*NET). We select a set of individually

interpretable occupation-level characteristics, including physical work conditions, interpersonal

interactions, and work content, mapped to Danish occupations.33 We complement O*NET with

the European Working Conditions Survey (EWCS, 1991–2024), with average worker-reported

conditions by two-digit occupation for the Nordic countries (Denmark, Finland, Norway, and

Sweden), whose labor market institutions are similar.

4.3 Main Sample

We study the intergenerational transmission of job value for native Danes born in 1980–1981. To

rank jobs, we use millions of employment spell records from the prime-age working population

of native Danes. We construct three interconnected samples: the Intergenerational Mobility

(IGM) sample links parents and children using the population register, Befolkningen (BEF); the

Job sample draws on millions of job-to-job transitions to measure the total value of primary jobs;

the IGM-Job sample combines the first two samples, enabling us to analyze intergenerational

transmission of job values and compare it with canonical earnings-based mobility measures.34

IGM Sample. Our base dataset includes all native Danes born in 1980–1981 who can be

linked to at least one parent in the administrative records. We follow these children until

ages 38–39 (observed in 2019) and track parental information annually from 1985 to 2019. We

impose earnings restrictions to ensure adequate measurement of economic outcomes for both

generations. Starting with 101,347 native Danes born in 1980–1981 who link to parents, the

sample reduces to 87,709 individuals once we verify earnings observations for both children and

at least one parent.

Job Sample. Tracking job-to-job flows is central to measuring rankings of jobs. For children,

we identify voluntary job-to-job transitions from the BFL. For parents, we derive the same

32The published cohort includes 88,076 individuals who responded at least once, with personal identifiers
enabling linkage to administrative registers (Sørensen et al., 2025).

33We link O*NET to Danish ISCO codes using the IBS crosswalk (Institute for Structural Research , IBS)
developed by Hardy et al. (2018).

34A worker’s primary job is defined as the most important job the worker holds in a given year.
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transitions from the weekly CON-based employment spells introduced above. We restrict the

sample to native Danes and focus on their labor market transitions post-education. For each

individual, we follow the primary job and exclude self-employment.

IGM-Job Sample. The IGM-Job sample merges the IGM sample with estimated job val-

ues, allowing us to study intergenerational transmission of job values and compare it with the

intergenerational transmission of earnings.35

Figure 2: Data Availability and Our Sample of Parents and Children

Notes: This figure illustrates data availability and measurement windows for our IGM-Job sample. Parental
income and job value are both measured at ages 36–45 (1991–2000). Children’s income and job value are both
measured at ages 30–39 (2010–2019). All measures are averaged over the available years within their respective
windows.

Figure 2 illustrates the data availability and measurement windows for our IGM-Job sample.

For each generation, we measure income and job value over the same window. All parental

measures, including job value, earnings, pre-tax income, and disposable income, are measured

when parents are aged 36–45 (1991–2000). All child measures are measured when children are

aged 30–39, from 2010 to 2019.36 Throughout the analysis, all monetary variables are converted

to 2022 Danish Kroner (DKK).37

For parental earnings, we first calculate the mother’s and the father’s average earnings over

the 10-year window (1991–2000). We then define family earnings as the average of the two

and rank families by this average. This measure captures the average earnings of a child’s

parents when the child is aged roughly 10–20. We apply the same procedure to all other

parental income measures. For parental job value, we likewise average across both parents

over the 10-year window (1991–2000), weighting each job by its spell length, and rank families

35Detailed sample construction procedures are provided in Appendix D.
36We measure parents and children at different ages because consistent occupation codes are available only

from 1991; we therefore use 1991–2000 for parental income as well as parental job value.
37We adjust for inflation using the consumer price index (CPI) from Statistics Denmark (2025).
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by this average.38 Whether we observe one or two parents depends on whether parental links

can be established in the administrative records; in practice, the vast majority of children are

linked to both parents. For children, we measure individual earnings and job value rather than

household-level measures, as differential timing of household formation across children could

confound comparisons.

Table 1: Summary Statistics

IGM Sample IGM-Job Sample

Panel A: Number of Counts
Number of Parent-Child Pairs 87,709 76,187
Average Number of Siblings 2.16 2.16

Panel B: Age
Father Average Age at Birth (years) 28.70 28.67
Mother Average Age at Birth (years) 25.83 25.88

Panel C: Marital Status
Father: Share Married 0.76 0.77
Mother: Share Married 0.75 0.76

Panel D: Educational Attainment
Child: High School/Vocational 0.41 0.40
Child: College/Bachelor 0.29 0.31
Child: Postgraduate 0.17 0.19

Father: High School/Vocational 0.49 0.50
Father: College/Bachelor 0.16 0.17
Father: Postgraduate 0.07 0.07

Mother: High School/Vocational 0.39 0.40
Mother: College/Bachelor 0.25 0.27
Mother: Postgraduate 0.03 0.04

Panel E: Earnings
Child Average Log Earnings 12.50 12.62
Family Average Log Earnings 12.82 12.89
Father Average Log Earnings 12.57 12.62
Mother Average Log Earnings 12.07 12.13

Notes: This table presents summary statistics for the IGM sample and IGM-Job sample. Child average earnings
are measured at ages 30–39 (2010–2019), and parent average earnings at ages 36–45 (1991–2000). All earnings
are average log earnings over the respective periods, expressed in 2022 Danish Kroner. Compulsory School is
the omitted education category.

Table 1 presents summary statistics for our sample. The IGM-Job sample contains 76,187

38In Appendix F, we present additional results using alternative aggregation methods, including the sum and
maximum of parental job values.
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parent-child pairs, approximately 87% of the IGM sample. The reduction arises since some

parents or children do not have a well-defined job value from the Job sample.39 The two

samples are highly comparable in terms of the number of siblings, parental age at birth, the

share of married parents, and the educational attainment of both children and parents. Labor

market earnings are also quite similar (within 0.05–0.12 log points difference), indicating that

the IGM-Job sample captures a similar population to the broader IGM sample.

5 Estimation

The identification argument is constructive, and our estimator follows it step by step. For

each worker type within each generation, we estimate the corresponding parameters using the

respective sample: 1991–2000 for parents and 2010–2019 for children. A period is one month,

and we set the discount factor to β = 0.951/12, the monthly equivalent of the annual discount

factor.

In this section, we begin by defining worker types, jobs, wage cells, and transitions used in

estimation. Then, we focus on two steps of the estimation procedure. First, we distinguish

exogenous layoffs from endogenous quits using weekly benefit records and stated reasons for

separation. Second, we estimate within-job quit–wage elasticities, which allow us to separate

the preference weight on wages from nonwage amenities. We use these inputs together with

observed worker flows to recover the remaining model parameters. Finally, we present the

parameter estimates and examine how estimated job values relate to pay.

5.1 Worker Types, Jobs, and Transitions

We first classify workers and jobs into discrete types, and we describe the wage bins and the

transitions that we use in estimation.

Worker Types. We define eight worker types by interacting gender with four education groups

for each generation: (i) workers without a full upper-secondary qualification; (ii) workers with

upper-secondary or post-secondary non-tertiary education; (iii) workers with short-cycle or

bachelor’s-level higher education; and (iv) workers with master’s or doctoral education.40 The

second group includes both general upper-secondary education and vocational qualifications

39This includes individuals, either parents or children, who are self-employed or work in agriculture, as well
as those whose jobs lack sufficient job-to-job transitions for us to estimate a job value during the observation
period.

40Educational attainment is measured by the highest observed completed qualification, classified using its
associated ISCED code. Appendix E.1 provides the details.
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at that level. The third combines short-cycle qualifications with university and professional

bachelor’s-level qualifications, including those in nursing and primary and lower-secondary

teaching. We allow preferences over wages and nonwage amenities, as well as job-offer pro-

cesses, to differ across these education–gender groups.41

Definition of a Job. We define a job as an occupation–establishment-type pair. Rather

than using individual establishments, we apply k-means clustering to group establishments

into 12 types based on their within-establishment earnings distributions, in the spirit of Bon-

homme et al. (2019). Specifically, for each establishment, we calculate moments of the within-

establishment wage distribution (mean, standard deviation, and percentiles). The k-means

algorithm then groups establishments with similar wage profile characteristics by minimizing

the sum of squared distances between each establishment’s wage profile and its assigned clus-

ter centroid.42 Our occupation codes are three-digit DISCO-08 codes. DISCO-08 is the official

Danish version of the International Standard Classification of Occupations (ISCO-08) developed

by the International Labour Organization (ILO).43

This definition reflects several considerations. The first is to group establishments into types.

Defining a job as an occupation within an individual establishment would lead to excessive

sparsity: the connected set would be small, and the values of jobs in small establishments

would be measured with more error than those of jobs in large establishments. Clustering

establishments mitigates this issue while preserving meaningful variation across establishments.

The second choice is to keep the occupational dimension fine, for two reasons. We have rich

information on non-wage attributes that vary at the level of the occupation, and much less

information on attributes that vary at the level of the establishment. Moreover, occupational

status is central to the literature on intergenerational mobility.

Wage bins and transitions. For the purpose of estimation, we discretize wages into W = 12

bins within each job. The bins are common to all worker types, so that workers of different

types in the same job face the same wage grid. Whenever we use the wage level of a bin (e.g.,

41We use observed worker types instead of unobserved latent types in our baseline analysis for two reasons.
First, the observed type approach provides a transparent and comparable benchmark for measuring job values
across generations. Grouping workers based on gender and education provides more concrete and tangible
content for further discussion. Second, while it is computationally feasible to estimate and recover latent worker
types in the first step of estimation, comparing unobserved types for parents and children across generations
would require an additional step to align type classifications across periods.

42Formally, the algorithm solves minC1,...,C12

∑12
k=1

∑
i∈Ck

∥xi − µk∥2, where xi represents the wage distribu-
tion moments for establishment i, Ck denotes cluster k, and µk is the centroid of cluster k. We take the number
of establishment types as given.

43DISCO-08 is a six-digit, five-level classification for occupations. The first digit generally identifies major
occupational groups (e.g., workers, employees, managers, and directors), while subsequent digits provide finer
distinctions within these categories.
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for the utility of wages), we take the mean log wage of the observations in that bin. A job–wage

pair y = (j, w) is a job together with one of its wage bins. Three conventions determine which

transitions between pairs we count. First, a change of occupation within the same establishment

is a job-to-job transition, like a move between employers, because it changes the worker’s job.

Second, we treat every job-to-job transition as a choice made while the incumbent position

remains available, so the classification in Step 1 concerns only employment-to-nonemployment

(EN) transitions. Third, an EN transition is a separation into nonemployment that is followed

by reemployment, which is the hire from nonemployment that enters the mobility matrix; we

exclude spells that end in reemployment with the same employer, often referred to as recall.44

5.2 Estimation Overview

Estimation has four steps, which carry the numbers of the identification steps. In Step 1, we

use administrative benefit records, informed by and compared with survey-reported reasons for

leaving employment, to label every transition into nonemployment as a quit or a layoff, and we

recover the job-destruction probabilities δℓj and the endogenous mobility matrix. In Step 2, we

compute the PageRank scores from this matrix. In Step 3, we recover the job values, the offer

shares and the arrival probabilities. In Step 4, we invert the Bellman equations and estimate an

auxiliary regression that gives the quit–wage elasticity of each worker type in each generation,

the empirical target that separates the preference weight αℓ from the amenities ϕℓj.

5.2.1 Step 1: Exogenous and Endogenous Separations

Step 1 delivers the job-destruction probabilities δℓj and the endogenous mobility matrix Mℓ. It

labels every EN transition in the two estimation samples as a quit, a separation that the worker

chooses (voluntary, or endogenous), or as a layoff, a separation that job destruction forces on

the worker (involuntary, or exogenous). The identification argument takes this as given; here

we state how we construct it. Weekly benefit histories from the DREAM register provide the

baseline classification for every EN transition of the full population in both generations. We

next replace the benefit-based label with the stated separation reason for transitions matched to

responses to the Danish Labour Force Survey (AKU).45 We assess the benefit-based classification

by comparing its labels with stated reasons for separation.

Why benefit timing and type are informative in Denmark. Two features of the Danish benefit

system make the timing and type of first benefit received after a separation informative about its

44Appendix E.2 gives the reasons for these conventions.
45Reliable AKU responses are available only after 2008. The responses that we use cover 2010–2019, so the

replacement applies only to the child generation.
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cause. First, the generosity of the system and its registration rules give insured workers strong

incentives to report unemployment at the onset of a separation. Denmark ranks near the top

of high-income countries in both the duration and the level of unemployment compensation,

with a maximum benefit duration of two years and a net replacement of 83 percent after three

months of unemployment for workers with low earnings (Kreiner and Svarer, 2022).46 Official

guidance also instructs these workers to register on the first day of unemployment and submit

an unemployment declaration. The declaration records the previous employment, notice period,

and the reason for leaving.47

Second, DREAM contains information beyond unemployment insurance. It covers everyone

who has received public transfer income at a weekly frequency, so a week without a benefit

record means that the person received no public transfer in that week. When programs overlap,

DREAM reports one category according to a fixed priority ordering.48 In our classification, we

jointly exploit the priority ordering, benefit timing, and benefit type. For instance, parental-

leave benefits and sickness benefits both rank above unemployment insurance. An observed

unemployment-insurance code therefore indicates that the worker received neither of these

higher-priority benefits that week.

Weekly benefit records: population-wide classification. For every EN transition, we merge

the weekly EN panel with the weekly benefit register. We use the first benefit code after the

job ends, or a no-benefit label if no benefit category is observed during the first six months after

the job ends. The initial classification distinguishes three broad groups:

1. Exogenous separation. An unemployment-insurance or unemployment-related support

program is observed. We classify such a separation as a layoff.

2. Endogenous separation. The worker moves immediately onto a life-cycle benefit, such

as education support with payment, parental-leave benefits or retirement benefits. We

classify such separations as quits.49

3. No observed benefit. No benefit is observed during the follow-up period after the sepa-

ration.50 We classify this as an endogenous quit: the worker leaves employment without

entering the unemployment-insurance system or another observed benefit program.

46Even after unemployment insurance is exhausted, means-tested benefits can replace up to 67 percent.
47An unemployed member must register as a jobseeker on jobnet.dk or at a job center on the first day of

unemployment, and benefits cannot be paid for periods preceding registration (Styrelsen for Arbejdsmarked og
Rekruttering, 2026).

48See Table A-4 in Appendix E.3.1 for more details.
49We classify worker-initiated exits for parental leave or education as quits because the worker chooses whether

to remain employed.
50We follow each EN separation for 26 weeks to identify benefit receipt.
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Danish Labour Force Survey stated reasons: direct classification of matched transitions. We

link each AKU response reporting why a worker left their previous job to the corresponding

weekly EN transition. In this matched sample, we classify dismissal or redundancy and the

end of a limited-duration job as layoffs. The remaining included reasons—family responsibili-

ties, own illness or disability, education or training, retirement, and other reasons—are coded

as quits. For these transitions, we replace the initial label with the worker’s stated reason.

We compare the survey-based label with the benefit-based label transition by transition in

Appendix B.2.2.

Layoffs, quits, and the endogenous mobility matrix. We estimate the job-destruction rate

δ̂ℓj as the number of EN transitions of type-ℓ workers from job j that we label layoffs, per

person-month at risk. Transitions labeled quits, job-to-job transitions, and hires from nonem-

ployment form the endogenous mobility matrix. For each worker type, we retain job–wage

pairs that belong to the strongly connected set defined by endogenous transitions, have positive

employment, and receive at least one hire from nonemployment.

5.2.2 Steps 2 and 3: PageRank Scores, Job Values, and Offer Distribution

We apply the identification procedure to the sample, computing PageRank scores from M̂ℓ and

measuring employment mass by the number of person-period observations, Gℓy. For each can-

didate λ1
ℓ on a grid, we recover the implied job values, offer shares, and offer-arrival probability

in nonemployment, λ0
ℓ . We select the candidate whose implied aggregate job-to-job transition

rate most closely matches its empirical counterpart.51

5.2.3 Step 4: Separating Wage Utility and Amenities

Step 4 delivers the quit–wage elasticity of each worker type in each generation: the slope of the

log odds of quitting on the log wage across the wage bins of the same job.

The within-job quit–wage elasticity. We first calculate how likely a worker is to leave em-

ployment through a quit at each job–wage pair. With EN ℓy the EN transitions of type-ℓ

workers from the pair y and Gℓy the number of person-period observations at it, the empirical

counterpart of the quit probability mℓy is

m̂ℓy =

∑
r∈ENℓy

θr

Gℓy

. (21)

51More details are provided in Appendix E.3.2.
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We then estimate, for each worker type separately, the specification

log

[
m̂ℓy

1− m̂ℓy

]
= κℓj + ε̂ℓ logw + rℓy, (22)

where κℓj is a job fixed effect, rℓy is a residual, and the slope ε̂ℓ is the quit–wage elasticity of

type ℓ. We control for job fixed effects because the destruction probability and the amenity

vary across jobs and worker types, but not across the wage bins of a job. The regression

therefore relates the wage to the likelihood of a quit using only wage variation within jobs, and

ε̂ℓ summarizes this relationship. The slope is not itself an estimate of −αℓ, because the gradient

varies across job–wage pairs.

Figure 3: Quit–Wage Elasticity by Worker Type (Daily Wage)
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(a) Parent generation, 1991–2000
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(b) Child generation, 2010–2019

Notes: This figure plots the point estimate of the quit–wage elasticity and its 95 percent confidence interval for
each of the eight worker types, for the parent generation in panel (a) and the child generation in panel (b).
Worker types are defined by gender and by the four education groups.

Figure 3 reports the quit–wage elasticity ε̂ℓ of Step 4 for each worker type, for the parent

generation in panel (a) and for the child generation in panel (b). All sixteen estimates are

negative and their confidence intervals exclude zero: within a job, a higher wage lowers the

odds that a worker quits. The estimates are roughly twice as large in absolute value for children

(about −0.4 to −0.95) as for parents (about −0.25 to −0.45).

Amenities as a residual. In the population, the residual vℓj(w)− αℓu(w) is the same in every

wage bin of a job. In a sample it is not, because each value is estimated with error, so we impose

Assumption 1 in estimation as a regularization, under the functional form u(w) = logw.

For each candidate αℓ, we choose each job’s amenity so that model-implied and recovered job

values agree on average across wage bins, weighted by person-months. We then compute the

implied quit probabilities and estimate the same within-job quit–wage regression. We select α̂ℓ
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so that the model-implied slope, εℓ(αℓ), matches the empirical slope:

εℓ(α̂ℓ) = ε̂ℓ. (23)

The corresponding amenities are our estimates ϕ̂ℓj. We solve this single moment condition for

each worker type and generation using grid search followed by root-finding. Quit probabilities

are available in closed form, so no simulation is required.

5.3 Parameter Estimates and Descriptive Patterns

Parameter Estimates. Table 2 reports selected model parameters for the 1990s (parents,

Panel A) and the 2010s (children, Panel B), separately for the eight worker types defined

by gender and educational attainment. Three patterns stand out.

First, the education gradient in the estimated weight on wage utility, αℓ, differs across gen-

erations and between men and women. In the child generation, this weight declines across

the four education groups for men, from 0.018 to 0.011. For women, it is highest in the two

middle groups and lower in the bottom and top groups. In the parent generation, it varies little

with education: it lies between 0.005 and 0.006 in every group except college-educated women.

Under the model’s common preference-shock normalization, a higher αℓ implies a larger change

in flow utility for a given change in wage utility, u(w).

Second, the monthly offer-arrival probability for employed workers, λ1
ℓ , is generally higher

among more educated workers in both generations. For men, the estimates increase across

education groups in the child generation, from 0.030 to 0.036; in the parent generation, they are

lowest below high school and lie between 0.026 and 0.029 in the other three groups. For women,

the relationship is not monotonic, although the offer-arrival probability is highest among workers

with postgraduate qualifications in both generations. It is worth noting that these probabilities

govern the arrival of job offers, not realized mobility: actual job-to-job mobility also depends

on workers’ willingness to accept the offers they receive.

Third, job-destruction probabilities, δℓj, vary both within and across worker types. Within

each type, the interquartile range captures dispersion in exposure to exogenous job loss across

jobs. Across types, mean destruction probabilities generally decline with education among

parents and among sons. The education gradient is less pronounced among daughters.

Job Pay and Job Value. Table 3 presents the pairwise correlations between our job value

and flow wage, flow amenities, and exogenous separation risk for the children’s sample and the

parents’ sample. Three key patterns emerge. First, in both generations, jobs with higher flow
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Table 2: Estimated Search-Model Parameters by Demographic Group

Men Women

Below HS HS/Voc College Above College Below HS HS/Voc College Above College

Panel A: Parents

αℓ 0.005 0.006 0.006 0.006 0.006 0.006 0.009 0.006
λ1 0.022 0.029 0.026 0.027 0.019 0.026 0.022 0.027
δj : mean 0.003 0.003 0.001 0.001 0.004 0.003 0.002 0.002
δj : p25 0.002 0.001 0.001 0.000 0.002 0.002 0.001 0.001
δj : p75 0.004 0.004 0.002 0.001 0.005 0.004 0.003 0.002

Panel B: Children

αℓ 0.018 0.016 0.013 0.011 0.020 0.024 0.024 0.019
λ1 0.030 0.032 0.035 0.036 0.034 0.036 0.030 0.040
δj : mean 0.006 0.005 0.003 0.003 0.006 0.005 0.004 0.005
δj : p25 0.003 0.002 0.002 0.001 0.004 0.003 0.002 0.002
δj : p75 0.009 0.007 0.004 0.004 0.007 0.007 0.004 0.006

Notes: Panel A reports the estimates for 1991–2000, which we use to value the jobs of parents, and Panel B
those for 2010–2019, which we use to value the jobs of children. Parameters are estimated separately for
eight worker types: men and women, each split by highest completed education into below high school,
high school/vocational, college/bachelor, and postgraduate. αℓ is the preference weight on wage utility,
estimated within each type so that the model reproduces the type’s within-job quit–wage elasticity. λ1

ℓ is
the monthly offer-arrival probability for employed workers, chosen so that the model reproduces the type’s
aggregate job-to-job transition rate (Section 3.3). The δℓj rows summarize the distribution across jobs
of the monthly job-destruction probability, estimated as the number of layoffs per person-month at risk
(Section 5.2.1): mean, 25th, and 75th percentiles. Reported to three decimal places.

Figure 4: Relationship between Job Pay and Job Value
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Notes: This figure plots the relationship between job pay (earnings) and job value for the children’s sample
(2010–2019). Panel (a) presents a binscatter with a solid line as the linear fit, and the shaded region indicates
plus and minus one standard deviation of job-level value rank within each pay bin. Panel (b) plots occupation-
level means. The solid line shows the 45-degree line for reference.
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Table 3: Correlation Matrix of Job Values and Their Components

(1) (2) (3) (4)
Variables Job Value Flow Wage Flow Amenity Insecurity

Panel A. Parents’ sample (1991–2000)
(1) Job Value V e

ℓj(w) 1.00
(2) Flow Wage αℓu(w) 0.52 1.00
(3) Flow Amenity ϕℓj 0.28 −0.24 1.00
(4) Job Insecurity δℓj −0.76 −0.51 0.27 1.00

Panel B. Children’s sample (2010–2019)
(1) Job Value V e

ℓj(w) 1.00
(2) Flow Wage αℓu(w) 0.62 1.00
(3) Flow Amenity ϕℓj −0.13 −0.25 1.00
(4) Job Insecurity δℓj −0.79 −0.39 0.51 1.00

Notes: This table reports unconditional pairwise correlations between job value and its components. Panel A
uses the parents’ sample (1991-2000 matched employer-employee data, N = 15,788,132 observations); Panel B
uses the children’s sample (2010-2019 matched employer-employee data, N = 135,175,819 observations). Job
Value V e

ℓj(w) is the present discounted value of employment at job j at wage w for a type-ℓ worker, recovered
from revealed preference in job-to-job transitions. Flow Wage αℓu(w) and Flow Amenity ϕℓj are the pecuniary
and non-pecuniary components of the per-period flow payoff, vℓj(w) = αℓu(w) + ϕℓj . Job Insecurity δℓj is the
per-period probability that the employment relationship is exogenously terminated.

wages and lower job insecurity have higher values; job insecurity is the strongest correlate of

job value (−0.76 for parents and −0.79 for children). Second, flow amenities are negatively

related to flow wages (−0.24 for parents and −0.25 for children), consistent with compensating

differentials. Third, the two generations differ in how flow amenities relate to job value. For

parents, jobs with higher flow amenities also have higher values (0.28). For children, this

correlation is negative (−0.13), and job value is more closely tied to flow wages (0.62, compared

with 0.52 for parents).

Pay and estimated job value are positively related, but imply different rankings of jobs.

Figure 4 compares these rankings for the child sample in 2010–2019, aggregating type-specific

valuations using person-year weights. Panel (a) plots mean job-value ranks within 20 pay-rank

bins. The regression of job-value rank on pay rank has a slope of 0.55. Substantial dispersion

in value ranks remains among jobs with similar pay ranks, as illustrated by the shaded band

showing one standard deviation on either side of each bin’s mean value rank.

Panel (b) illustrates these differences across occupational groups, weighted by the number

of person-years represented by each occupation. The solid line shows the 45-degree line for

reference. Notably, construction workers, drivers, and garbage collectors have lower mean ranks

in job value than in pay, while nursing and protective-service occupations exhibit the opposite

pattern. These comparisons describe differences in occupational rankings. Their interpretation
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encompasses flow amenities, exogenous separation risk, and continuation opportunities, together

with differences in worker composition across occupations.

We present additional model estimates and descriptives in Appendix E.4, including decompo-

sitions of flow-payoff variation across worker types and within and between jobs; occupational

and industry comparisons; and split-sample assessments of the reliability of estimated job val-

ues.

6 Mobility in Job Value vs. Mobility in Earnings

This section presents our main empirical findings on intergenerational mobility in the value

of a job in Denmark. We begin by reviewing the canonical earnings-based mobility measure

and introducing our rank-rank measure of job value. We then estimate earnings mobility in

Denmark for four income measures, before turning to our primary contribution: estimating the

intergenerational transmission of job value. We close by examining how each component of job

value is transmitted across generations and summarizing our additional results and robustness

exercises.

6.1 From Mobility in Earnings to Mobility in Job Value

A conventional approach to measuring intergenerational mobility in earnings is to summarize

the joint distribution of parent and child earnings with a summary statistic. Two such statistics

are standard: the intergenerational elasticity (IGE) (Becker and Tomes, 1979) and the rank-

rank slope (Dahl and DeLeire, 2008; Chetty et al., 2014a; Chetty and Hendren, 2018a,b).52 Our

focus in this paper is the rank-rank specification. We rank children by their earnings relative to

other children in the same birth cohort, and we rank parents by their average earnings relative

to other parents with children in these cohorts. For parents, the average is the mean of the

mother’s and the father’s earnings when both can be linked, and the earnings of the single

linked parent otherwise.53 We characterize mobility by regressing the child’s national rank in

52The IGE characterizes the joint distribution by regressing the log of child earnings on the log of parent
earnings, excluding children with zero earnings. However, this canonical log-log specification can yield unstable
estimates of mobility given the nonlinearity of the joint distribution and sensitivity to the treatment of zero
earnings. Chetty et al. (2014a) find that alternative specifications for the United States yield IGE estimates
ranging from 0.26 to 0.70. The treatment of zero incomes is particularly consequential: assigning children with
zero income a value of $1 yields an IGE of 0.618, while assigning them $1,000 yields an IGE of 0.413.

53A more typical approach is to sum the earnings of the father and the mother when both can be linked, and
to use the earnings of the single linked parent otherwise (Chetty et al., 2014b; Landersø and Heckman, 2017).
Because we study the transmission of relative position in the labor market, the sum is less appropriate: it ranks
a family with one linked parent below a family with two linked parents, even when every parent earns the same
amount. The average ranks the two families equally.
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the pre-tax earnings distribution, Rc
i , on the parents’ national rank in the pre-tax earnings

distribution, Rp
i :

Rc
i︸︷︷︸

Child’s Earnings Rank

= aE + βEarnings Rp
i︸︷︷︸

Parents’ Earnings Rank

+ϵi (24)

The slope βEarnings is the canonical measure of relative earnings mobility. It measures how

much the expected earnings rank of a child changes when the earnings rank of the parents

increases by one percentile.

We construct job value ranks as follows. For each person, we average the value of the jobs

held during a ten-year window, weighting each job by its spell length. For parents, we then

average the mother’s and the father’s job values when both can be linked, as we do for earnings,

and use the single linked parent’s job value otherwise. We rank the resulting values within each

generation. Our primary specification regresses the child’s job value rank on the parents’ job

value rank:

Ṽ c
i︸︷︷︸

Child’s Job Value Rank

= aV + βJob Value Ṽ p
i︸︷︷︸

Parents’ Job Value Rank

+ϵi (25)

where Ṽ c
i denotes the rank of the child’s average job value over 2010–2019 and Ṽ p

i denotes

the rank of the parents’ average job value over 1991–2000.54 This specification is the value

analog of the canonical earnings rank-rank regression. The slope βJob Value, the rank-rank slope

in job value, is our primary measure of intergenerational mobility in the value of a job. We

report both relative mobility (βJob Value) and absolute upward mobility (aV + 0.25βJob Value).

The rank-rank slope in job value measures relative mobility, i.e., how much the expected job-

value rank of a child changes when the parents’ job value rank increases by one percentile.

Absolute upward mobility measures the expected job value rank of children whose parents are

at the 25th percentile of the job value distribution. Together, these measures provide insight

into both the relative disparity between children of parents at different points on the job ladder

and the absolute job prospects for children of lower-ranked parents.55

54We describe the construction of parental measures in Section 4. Appendix Table A-17 reports the slopes
for the sum and the maximum of parental job values.

55As a supplementary measure, we also examine how parents’ earnings relate to children’s job value:

Ṽ c
i︸︷︷︸

Child’s Job Value Rank

= aV E + βValue-Earnings Rp
i︸︷︷︸

Parents’ Earnings Rank

+ϵi (26)

This value-earnings slope allows us to connect our value-based approach to canonical mobility studies and
assess whether high-earning parents transmit advantages in overall job quality beyond just earnings. Our main
focus, however, remains the rank-rank specification in job value of equation (25), which provides a more holistic
measure of mobility in the full bundle of job attributes. The value-earnings specification also highlights a key
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We focus on rank-based measures for two key reasons. First, job values are measured in taste-

shock units, not in monetary units. The scale parameter of the taste shocks is not identified

from worker flows, so we assume that it is common across worker types and normalize it to

one. We impose this normalization separately for parents and for children, because we estimate

the model separately for 1991–2000 and for 2010–2019. The level of job value can therefore be

compared across generations only if the scale parameter is the same in the two periods. Rank-

based measures do not require this assumption. Ranks are computed within a generation and

are unaffected by its scale parameter: the rank-rank slope depends only on the joint distribution

of parent and child ranks (Chetty et al., 2014a). Second, ranking earnings in the same way

expresses both outcomes in percentile ranks, so the rank-rank slope in job value is directly

comparable to the rank-rank slope in earnings.56

6.2 Earnings Mobility in Denmark

Figure 5 presents rank-rank slope estimates for four income measures: wage income (pre-tax

earnings), income with transfers, income without transfers, and disposable income.57 Children

are ranked by their own income, averaged over 2010–2019, and parents by the mean of the

mother’s and father’s income, averaged over 1991–2000.

The slope is 0.175 for wage income, our baseline, and 0.174 for income with transfers. It

is highest for income without transfers (0.209) and lowest for disposable income (0.156). The

rank-rank slope in earnings of 0.175 means that a 10-percentile increase in parents’ earnings

rank is associated with a 1.75-percentile increase in the child’s earnings rank. These estimates

are in line with Denmark’s position as a high-mobility society: intergenerational persistence

in income with transfers is substantially lower than the 0.34 estimate for the United States

reported by Chetty et al. (2014a).58

6.3 Intergenerational Transmission in Job Value

We now turn to our primary question: how does intergenerational mobility change when we

measure the value of a job rather than earnings alone?

difference between our framework and that of Boar and Lashkari (2025). They use survey-based measures to
examine how parental earnings affect children’s access to occupations with desirable non-pecuniary qualities.
In contrast, we measure the full bundle of job value using revealed preference, capturing pecuniary and non-
pecuniary components simultaneously, and we examine how this job value is transmitted across generations.

56However, we acknowledge an important limitation: the rank-rank slope is a purely ordinal measure. It does
not capture changes in the absolute level of inequality across generations, and it compresses information at the
two tails of the distribution.

57Complete definitions of these income measures are provided in Appendix Table A-1.
58Their income measure includes labor earnings, capital income, unemployment insurance, Social Security,

and disability benefits.
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Figure 5: Rank-Rank Slope Estimates by Income Measures
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Notes: This figure presents rank-rank slope estimates for four income measures. Each bar shows the coefficient
β from the regression Rc

i = aE + βRp
i + ϵi, where Rc

i denotes the percentile rank of the child’s own income,
averaged over 2010–2019 (ages 30–39), and Rp

i denotes the percentile rank of the parents’ income, the mean of
the mother’s and the father’s income, averaged over 1991–2000. Error bars represent 95% confidence intervals.
Appendix Table A-16 presents the full regression results.

Figure 6 presents the estimate from regressing the child’s job value rank on the parents’ job

value rank, alongside the earnings benchmark. By capturing the full bundle of job attributes,

both pecuniary and non-pecuniary, on both sides of the equation, this slope measures intergen-

erational transmission in the value that workers receive from employment relationships.

This result establishes the first key finding of the paper: there is more intergenerational

mobility in the value of a job (0.111) than there is in earnings (0.175)—a 37% difference that

is both statistically significant and economically meaningful. The estimated rank-rank slope in

earnings captures intergenerational transmission through the pecuniary dimension of jobs, while

the job value slope captures transmission in both pecuniary and non-pecuniary components.

Four additional points are worth noting. First, job values are estimated from a structural

model. Readers may wonder whether noise in the estimated job values of parents and children

mechanically generates more mobility in job value than in earnings. Two exercises show that

this noise is small (Section 8.1.1). A bootstrap procedure with 100 replications shows that the

error in the estimated job values raises the standard error of the rank-rank slope in job value

only from 0.0036 to 0.0038. Moreover, a split-sample approach, which estimates job values

separately on two halves of the estimation sample, ranks children and parents very similarly in

the two halves, with correlations of 0.97 for children and 0.94 for parents.
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Figure 6: Intergenerational Mobility in Job Value (βJob Value) Estimates
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Notes: This figure presents the estimated rank-rank slopes in job value and in earnings. The job value slope
is the coefficient βJob Value from the regression Ṽ c

i = aV + βJob ValueṼ p
i + ϵi, where Ṽ c

i denotes the percentile

rank of the child’s average job value over 2010–2019 and Ṽ p
i denotes the percentile rank of the parents’ average

job value over 1991–2000, the mean of the mother’s and the father’s job values. Brackets report percentage
differences and p-values between the job-value slope and each comparison slope. Error bars represent 95%
confidence intervals. Appendix Table A-17 presents the full regression results.

Second, our finding does not depend on how we combine the two parents into a family

measure. Ranking families by the sum of the parents’ outcomes rather than by the average

yields qualitatively similar results in Section 8.1.2: there is more mobility in job value than in

earnings under either definition.

Third, if the conditional mean function relating child outcomes to parental outcomes is linear,

this gap has a clear interpretation: the difference in expected job value rank between children

of parents at the top and children of parents at the bottom of the job value distribution is

37% smaller than the corresponding difference in earnings rank. In our setting, however, the

relationship between parents’ earnings rank and child’s earnings rank is nonlinear, as shown in

Section 8.2.1: it is much steeper at the top of the parental earnings distribution. In contrast,

the relationship between parental value rank and child’s value rank is approximately linear.

Fourth, one may wonder why we compare heterogeneous job values with a homogeneous

earnings benchmark. Earnings are the canonical measure in the intergenerational mobility

literature, but this comparison is asymmetric: we allow workers of different types to value the

same job differently, whereas a common earnings ladder assumes that every worker values a

krone equally. Therefore, part of the gap could reflect different valuations of earnings rather

than amenities and job prospects.
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To address this concern, Figure 7 adds the rank-rank slope in heterogeneous wage utility,

αℓu(w). This slope is 0.160, close to the earnings slope, and the job value slope (0.111) re-

mains 31% lower. Even after accounting for heterogeneous preferences over earnings, there is

substantially more mobility in job value than in wage utility.

Figure 7: Intergenerational Mobility in Job Value and Heterogeneous Preferences over Wage
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Notes: This figure presents the estimated rank-rank slopes in job value, wage income, and flow wage utility,
αℓu(w). Brackets report the percentage differences and p-values between the job value slope and each comparison
slope. Error bars represent 95% confidence intervals. Appendix Table A-18 presents the full regression results.

6.4 Job Value Transmission by Component

A key advantage of estimating the dynamic search model is that it allows us to examine how

each component of parental job value transmits to each component of children’s job value. By

estimating each component of the value function, we gain additional insight into the specific

channels through which parental earnings transmit to children’s job quality. We highlight four

components: the job flow value, job continuation value, flow amenity, and flow wage utility.

For every individual in the parent and child generations, we compute the average of each com-

ponent over the jobs held during the measurement window. We then rank individuals by each

component within their generation and estimate a rank-rank regression for each component.

Figure 8 displays the coefficient from each regression. Two patterns emerge. First, inter-

generational transmission is substantial not only in the utility that workers receive from wages

but also in amenities: just as the parents’ position in the earnings distribution persists in the

next generation, so does their position in the amenity distribution. Second, consistent with the
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Figure 8: Intergenerational Job Value Transmission by Component
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Notes: This figure reports estimated intergenerational rank-rank slopes for four components of job value: job
flow value, continuation value, flow amenity, and flow wage utility. Error bars represent 95% confidence intervals.
Appendix Table A-18 presents the full regression results.

cross-sectional relationships documented in Table 3, intergenerational persistence in the flow

value rank is attenuated, because the wage rank and the amenity rank are negatively related

in both the child and the parent generations.

6.5 Robustness and Additional Results

Here, we briefly summarize the additional results and the robustness exercises that we perform.

Robustness. Section 8.1 examines the sensitivity of our main finding that there is more mo-

bility in job value than in earnings. The finding holds in every exercise.

Measurement Error. We discuss how estimation error in job values affects the rank-rank

slope, and we report the bootstrap and split-sample exercises.

Alternative Family Measures. We rank families by the sum of the parents’ outcomes instead

of the average.

Sample Restrictions. We estimate job values using only workers in their thirties.

Involuntary Job-to-Job Moves. We allow some job-to-job moves to be forced on workers

through “Godfather” shocks.

PageRank. We rank jobs with an off-the-shelf method, the PageRank approach of Sorkin
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(2018).

Additional Results. We provide four sets of additional results. Details can be found in Sec-

tion 8.2 and Appendix I.2.

Absolute Mobility. We compare the expected ranks of children in job value and in earnings

at each point of the parental distribution, using linear and local linear fits.

Other Intergenerational Transmission. We estimate intergenerational transmission across

other pairs of outcomes, where the first outcome is the child’s and the second is the parents’:

value-earnings and amenity-earnings.

Gender Differences. We estimate the intergenerational transmission of job value and of its

components separately for sons and daughters.

Alternative Decompositions. We decompose the transmission of job value into wages and

amenities, and into transmission within and across worker types.

7 Understanding Differences in Value and Earnings Transmis-

sion

Thus far, we have documented that there is substantially more intergenerational mobility in

job value than in earnings: the rank-rank slope is 0.111 in job value and 0.175 in earnings. The

flatter slope reflects that both ends of the distribution are pulled toward the middle: children

born to families at the bottom reach a higher position in the job value distribution than in the

earnings distribution, while children born to families at the top reach a lower position in job

value than in earnings.

An important question remains: what explains this gap? We address it in three steps. First,

to disentangle the economic forces behind our finding, we provide a statistical decomposition

of the difference between the rank-rank slopes in job value and in earnings. Second, mapping

this difference to occupations, we examine how entry into each occupation varies with parental

earnings, how occupations rank by job value relative to earnings, and which occupational at-

tributes are related to this difference. Third, we complement our revealed-preference approach

with observed job attributes: we document the intergenerational transmission of individual job

attributes and relate our estimated amenities to these attributes.
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7.1 Decomposing the Difference in Value and Earnings Transmission

To investigate the source of the gap between value and earnings transmission, we provide

a simple statistical decomposition. We define the “rank wedge” as the difference between a

worker’s rank in the job value distribution and the worker’s rank in the earnings distribution.

The definition applies to parents and to children:

Dp
i = Ṽ p

i −Rp
i , Dc

i = Ṽ c
i −Rc

i , (27)

where Ṽi and Ri denote the job value ranks and earnings ranks defined in the previous section,

and the superscripts p and c refer to the parents and the child of family i. Workers with a

positive rank wedge rank higher in job value than in earnings. In other words, their earnings

understate how attractive their jobs are once amenities and job security are taken into account.

By contrast, workers with a negative rank wedge rank higher in earnings than in job value. For

instance, a worker at the 80th percentile of earnings and the 70th percentile of job value has a

rank wedge of −0.10.59

Since a worker’s value rank is the sum of the earnings rank and the rank wedge, the gap

between the two slopes is the sum of three terms:

βJob Value − βEarnings =
Cov(Rp

i , D
c
i )

σ2
p︸ ︷︷ ︸

(1)

+
Cov(Dp

i , R
c
i )

σ2
p︸ ︷︷ ︸

(2)

+
Cov(Dp

i , D
c
i )

σ2
p︸ ︷︷ ︸

(3)

, (28)

where σ2
p = Var(Rp

i ) = Var(Ṽ p
i ) is the variance of parental ranks.60

Each term answers a distinct question about how family background shapes the jobs of

children. The first term asks: do higher-earning parents have children in careers with positive

wedges? A positive sign would arise if children from affluent families took pleasant jobs with

lower pay. Two possible reasons are that these children are less financially constrained and/or

that they place more weight on amenities. The term would be negative if the children of

higher-earning parents selected into well-paid but demanding careers, such as certain managerial

positions, law, and investment banking. The second term asks: do parents with positive wedges

have children in higher-paying careers? The third term sheds light on the intergenerational

transmission of such wedges: do positive wedges pass from parents to children? A positive sign

59The rank wedge compares two rankings of the same worker. It does not compare the worker with other
workers who have the same earnings, and it is distinct from the estimated flow amenity ϕℓj . Because the two
ranks are imperfectly correlated, workers with higher earnings tend to have a lower rank wedge.

60The decomposition follows from substituting Ṽ p
i = Rp

i + Dp
i and Ṽ c

i = Rc
i + Dc

i into βJob Value =

Cov(Ṽ p
i , Ṽ

c
i )/σ

2
p and subtracting βEarnings = Cov(Rp

i , R
c
i )/σ

2
p. The two variances are equal since both are

percentile ranks.
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would arise if children inherited their parents’ tastes over jobs or followed them into the same

occupation or sector.

Figure 9 displays the decomposition results. Three findings emerge. First, higher-earning

parents have children in careers with lower wedges. The first term is −0.045, which amounts

to 70% of the total gap. Put differently, parental earnings rank predicts the child’s value rank

(0.131) less strongly than the child’s earnings rank (0.175).61 To give a sense of magnitude,

the fitted line puts the children of the highest-earning parents about 2 percentile points lower

by job value than by earnings, and the children of the lowest-earning parents about 2 points

higher. This sign is more consistent with the children of higher-earning parents selecting into

well-paid but demanding careers.

The first finding warrants a careful interpretation. It does not imply that children from

higher-earning families never take jobs with low pay and attractive amenities. It says that, on

average, children from more advantaged families tend to hold jobs that rank higher in earnings

than in job value, which suggests that the amenities of these jobs rank lower than their pay.

The finding therefore suggests that a wealth channel, in which affluent children trade pay for

amenities, is not the dominant force in Denmark. A natural hypothesis emerges from models of

job search with consumption-saving decisions.62 In these frameworks, workers with lower assets

accept jobs with higher wages and lower amenities. Once this constraint is relaxed through

a change in their asset position, workers substitute toward jobs with lower wages and higher

amenities. We examine this channel further in Appendix H in two ways. First, we ask whether

the same pattern holds when parents are ranked by their wealth instead of their earnings.

Second, we test for a direct effect of wealth on job choices by exploiting quasi-experimental

variation from unexpected inheritances induced by the sudden death of the last surviving,

unmarried parent, following Druedahl and Martinello (2022).63 We find that parental wealth is

negatively related to children’s rank wedges, about as strongly as parental earnings are, and,

surprisingly, that large wealth shocks, even those exceeding annual permanent income, fail to

alter children’s labor market trajectories, including those of younger heirs.

Second, parents with lower wedges have children who rank higher in earnings: the second

term is −0.039. Third, the rank wedges of parents and children are positively related: the third

term is 0.021. The second and third terms partly offset each other, and together they account

for the remaining 30% of the gap. The first term accounts for most of the gap; in the next

subsection, we examine it in more detail.

61The first term equals the difference between these two slopes, up to rounding.
62Examples include Krusell et al. (2010); Lise (2013); Luo and Mongey (2019); Chaumont and Shi (2022).
63Large, unexpected inheritances provide a clean test: if the trade-off between wages and amenities is governed

by asset positions, substantial wealth shocks should induce workers to re-optimize their job choices and accept
positions with higher amenities at the cost of lower wages.
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Figure 9: Decomposition of the Difference between Value and Earnings Transmission
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parentheses are shares of the total gap. Error bars represent 95% confidence intervals.

Our findings complement existing evidence on how non-wage job attributes vary with fam-

ily background. Boar and Lashkari (2025) show that, in the United States, the children of

higher-income parents choose occupations of higher “intrinsic quality,” a survey-based index of

attributes such as respectful treatment and opportunities to learn. We find the same pattern for

observed attributes of this kind in Denmark. Importantly, our measure of job value captures a

broader object in two respects. First, because it is inferred from the voluntary moves of workers

across jobs, it reflects the entire bundle of measured and unmeasured job attributes. Second,

it is a dynamic notion of value: beyond the flow amenities and flow wage that a worker enjoys

today, it also includes the continuation value of the job, which reflects its security and the

prospects for climbing up the job ladder. Our findings are also consistent with recent evidence

from Sweden (Forsberg et al., 2026): the value of the child’s firm is less strongly correlated with

fathers’ income than the firm’s pay premium is.64

7.2 More Demanding Jobs Tend to Rank Lower in Value than in Earnings

Why do children of higher-earning parents tend to rank lower by job value than by earnings?

To answer this question, we examine the occupations that they enter.

We first document how occupational entry varies with parental earnings. Figure 10(a) dis-

64Appendix G.1 discusses both comparisons in detail.
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plays, for each occupation, the elasticity of occupational choice with respect to parental earnings:

the percentage change in the likelihood that a child works in the occupation that is associated

with a one percent increase in parental earnings.65 The likelihood of working in a professional or

managerial occupation generally rises with parental earnings, while the likelihood of working in

a manual occupation generally falls. This pattern is in line with evidence of occupational sorting

by parental income in Canada and by parental class in Britain.66 The elasticities are largest

for business and administration professionals, administrative and commercial managers, and

information technology professionals. They are most negative for skilled agricultural workers

and for agricultural and industrial laborers.

We then ask how these occupations rank by job value relative to earnings. Figure 10(b)

displays the average rank wedge of the children in each occupation. In five of the six professional

groups, the average is negative, by 3.5 to 9.0 percentile points. Teaching is the exception: the

average rank wedge of teachers is positive, at 10.6 percentile points, and teaching is also the

profession whose entry is least related to parental earnings. Outside the professions, there is

no uniform pattern. The average rank wedge is positive for most clerical occupations, health

associate professionals, and protective services workers, and it is negative in the building and

electrical trades and for drivers.67 The main takeaway is that the careers that the children

of higher-earning parents disproportionately enter tend to rank lower by job value than by

earnings.

What distinguishes occupations that rank lower by job value than by earnings? Several

measures of how demanding an occupation is are negatively related to the rank wedge: hours,

paid overtime, irregular schedules, competition, and time pressure. To document this, we relate

each child’s rank wedge to the attributes of the child’s occupation, one attribute at a time:

Dc
i = µk + θk Xo(i),k + ϵik, (29)

where o(i) is the occupation of child i and Xo(i),k is attribute k of that occupation, standard-

ized to have unit standard deviation. A negative θk means that the rank wedge is lower in

occupations with more of attribute k.

Figure 11 displays the estimates. We consider three sets of attributes. First, we consider

65For each occupation o, we estimate a Poisson regression of an indicator for working in that occupation,
yio = 1{o(i) = o}, on log parental earnings: E[yio | parental earningsi] = exp

(
ao + βo log(parental earningsi)

)
.

Because the conditional mean is exponential, the coefficient βo is itself the elasticity of the probability of working
in occupation o with respect to parental earnings.

66See Haeck and Laliberté (2025) and Laurison and Friedman (2016), respectively.
67This pattern resembles what Sorkin (2018) finds across sectors in the United States: employers in construc-

tion and transportation pay well relative to the value that workers attach to them, and employers in education
and public administration pay little relative to it. For Denmark, Humlum et al. (2025c) find that education is
the industry with the highest estimated amenity value.
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Figure 10: Parental Earnings, Occupations, and the Value–Earnings Rank Difference
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(a) Occupational entry and parental earnings
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(b) Average rank wedge by occupation

Notes: Panel (a) shows, for each two-digit occupation, the elasticity of the probability that a child works in the
occupation with respect to log parental earnings. Panel (b) shows the average rank difference, the child’s value
rank minus the child’s earnings rank, among children in each occupation. Error bars in panel (a) represent 95%
confidence intervals.
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working hours as reported in the AKU. The rank wedge is lower in occupations with longer

hours. A difference of one standard deviation in usual weekly hours is associated with a rank

wedge that is 2.3 percentile points lower, and the corresponding numbers are 3.7 points for actual

hours and 6.4 points for paid overtime hours. Unpaid overtime is an exception. Second, we

consider how work is organized, as measured in O*NET. The rank wedge is lower in occupations

with less regular work schedules, with a higher level of competition, and with greater time

pressure.68 Third, we use the WEHD to learn how workers experience these occupations. The

rank wedge is lower in occupations whose survey respondents more often report that their work

ability is below its best and that they are not given the information they need to do their work.

Conversely, it is higher in occupations whose respondents say that their work is important to

them beyond the income it provides.69

Figure 11: Job Attributes and the Value–Earnings Rank Wedge

Number of Usual Working Hours

Number of Actual Working Hours

Number of Paid Overtime Hours

Number of Unpaid Overtime Hours

Level of Competition

Irregular Work Schedules

Time Pressure

Work Ability below One's Best

Not Given Information Needed

-.1 -.08 -.06 -.04 -.02 0 .02

Effect of 1 SD Change in
Occ Attributes on Rank Wedge

AKU O*NET WEHD

Notes: Each marker shows the coefficient θk from a separate regression of the child’s rank wedge on one
occupation-level attribute. Attributes are measured at the two-digit occupation level and standardized. Hori-
zontal bars represent 95% confidence intervals.

These associations describe occupations with a low rank wedge in general. They do not yet

show that the occupations entered by the children of higher-earning parents are the demanding

ones. In Figure 12, we show that the children of higher-earning parents work in occupations

with longer hours, more unpaid overtime, more competition, and greater time pressure.

Our findings are consistent with recent evidence that higher-paying jobs are more demanding.

In Denmark, workers who move to higher-paying jobs obtain more flexibility and better benefits,

68Not every O*NET measure of job demands follows this pattern: the item for the length of the typical work
week is only weakly related to the rank wedge.

69See Appendix Figure A-3.
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Figure 12: Job Attributes and Parental Earnings
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Notes: Each marker shows the estimated coefficient from a separate regression of one attribute of the child’s
occupation on the parents’ earnings rank. Attributes are measured at the two-digit occupation level and stan-
dardized. Horizontal bars represent 95% confidence intervals.

but they also work longer hours and report more stress (Humlum et al., 2026). In Germany,

jobs with more work pressure tend to pay more, and workers would give up almost a tenth of

their wage to face tight deadlines only occasionally instead of frequently (Nagler et al., 2025).

In France, workers in the highest-paying jobs report less exposure to workplace hazards than

those in the lowest-paying jobs, but more stress and overwork (Scott, 2026). Higher-paying

jobs are therefore not worse in every respect, and in the United States most measured working

conditions are better in higher-paying jobs and at higher-paying firms (Maestas et al., 2023;

Sockin, 2022). The same holds for the jobs of the children of higher-earning parents, which

carry a lower risk of injury and offer more freedom to make decisions. Our estimates of job

value add an overall valuation of this bundle of attributes, inferred from the choices of workers.

They do not identify the value of each attribute separately.

7.3 Intergenerational Transmission of Job Attributes and Amenities

Section 6 showed that the estimated flow amenity is transmitted from parents to children, with

a rank-rank slope of 0.109. We infer the flow amenity of a job from the choices of workers,

and we do not observe it directly. In this subsection, we complement our revealed-preference

approach with observed job attributes from linked surveys. We do so in two steps. First, we

document the intergenerational transmission of individual job attributes. Second, we relate the
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estimated amenities to these attributes.

7.3.1 Intergenerational Transmission of Individual Job Attributes

We begin with the intergenerational transmission of exposure to job attributes. Our approach

is to merge occupation-level measures of working conditions and tasks, drawn from several data

sources, with the employment histories of parents and children. For each worker and each

attribute, we average the measure over the jobs held during the measurement window. We then

rank parents and children by this average and estimate a rank-rank slope for each attribute.

The slope measures how strongly the position of a child in the distribution of exposure to an

attribute is related to the position of the parents.

Figure 13 displays the estimates. The rank-rank slopes in the figure range from 0.04 to 0.26,

compared with 0.175 for earnings. Some attributes are transmitted strongly, more so than

earnings. For example, the slope is 0.237 for workplace injury risk, 0.263 for exposure to minor

injuries such as burns, cuts, bites, and stings, and 0.244 for determining one’s own tasks and

goals. Other attributes are only weakly related across generations: the slope is 0.065 for layoff

risk, 0.089 for irregular work schedules, and 0.035 for time pressure.70

Related evidence comes from York et al. (2025), who document intergenerational persistence

along several dimensions of occupational characteristics.71 To the best of our knowledge, the

persistence of exposure to injury, disease and layoff risk, measured in administrative registers,

has not been documented before.

These slopes show which exposures parents and children share, but not how much these

exposures are worth to workers. Two caveats apply: each job is a bundle of many attributes,

and how workers value the bundle is not observed. Our estimated flow amenity addresses both,

as it summarizes the non-pay attributes of a job, other than its security, at the valuations

that workers reveal through their choices. Its persistence (0.109) is below that of the most

strongly transmitted attributes, such as workplace injury risk (0.237). One reason is that jobs

pair attributes that workers dislike with attributes that they value, such as greater exposure to

hazards with less stress in manual occupations, and this pairing can dampen the transmission

70Layoff risk is the risk of an employment-to-nonemployment transition in the occupation, computed from
matched employer-employee data. Workplace injury risk and occupational disease risk are the incidence of work-
place accidents and of occupational diseases in the occupation, measured from social insurance claims. Claims
are assessed by Labour Market Insurance (Arbejdsmarkedets Erhvervssikring; until July 2016, the National
Board of Industrial Injuries, Arbejdsskadestyrelsen), which decides whether an injury is recognized and assesses
permanent injury and the loss of earning capacity. See Humlum et al. (2025a) for a description of the register,
and Appendix ?? for the construction of the injury measures.

71Burger et al. (2025) estimate a standardized association of 0.14 between the self-direction at work of parents
and of their adult children in a cohort from the United States.
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Figure 13: Intergenerational Transmission of Job Attributes
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Notes: This figure shows the rank-rank slope from regressing child’s rank in an occupation-level attribute on
the parents’ rank in the same attribute. Marker shapes indicate the data source. Horizontal bars represent 95%
confidence intervals, and the dashed line marks the rank-rank slope in earnings. Appendix Figure A-4 shows
additional attributes.
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of valuations.72 We next examine how the amenity estimates relate to observed attributes.

7.3.2 Interpreting Estimated Amenities Through Observed Job Attributes

We relate the flow amenity estimates for the child generation to occupation-level measures of

job attributes, for two reasons. The first is to compare our amenity estimates with existing

evidence on how workers value these attributes. The second is to identify the attributes that

underlie the transmission of amenities across generations. We draw on three sources: hours

worked from the AKU, workers’ assessments of their work from the WEHD, and work activities

and work context from O*NET.

We first regress the amenity rank of a job on one measure at a time:

ϕ̃iℓj = γ0k + γk Xo(i,j),k + ϵiℓjk, (30)

where ϕ̃iℓj is the rank of the flow amenity of job j, held by worker i of type ℓ, in the distribution

of estimated flow amenities, and Xo(i,j),k is measure k for the occupation o(i, j) of that job,

standardized to have unit standard deviation. The slope γk is the difference in the amenity

rank that is associated with a difference of one standard deviation in the measure: a slope of

−0.050 means that the amenity rank is 5 percentile points lower.

Existing studies find that workers dislike six of these attributes, or closely related ones:

time pressure, competition, irregular or seasonal schedules, exposure to hazardous conditions,

repeating the same tasks, and dealing with unpleasant or angry people. They find that workers

value the other two: assisting and caring for others, and freedom to determine one’s own tasks,

priorities and goals.73

Figure 14 shows these slopes in gray. As expected, the amenity rank is lower in occupations

with more competition and higher in occupations whose work involves more assisting and caring

for others. In contrast, it is lower in occupations that give workers more freedom to determine

their own tasks, and higher in occupations whose workers deal more often with unpleasant or

angry people. These slopes reflect two features of our amenity estimates: the amenity rank falls

with the pay rank of the job, and it rises with the job-destruction rate. Attributes that are

concentrated in well-paid occupations therefore tend to have negative slopes, and attributes of

manual occupations that pay less tend to have positive slopes.

72In addition, the amenity estimates reflect unmeasured attributes, and they vary across establishment types
within the same occupation, whereas the measured attributes vary only across occupations.

73The studies measure tight deadlines (Nagler et al., 2025), pay that depends on outperforming a coworker
(Flory et al., 2015), schedules set by the employer (Mas and Pallais, 2017), the risk of fatal injury (Lavetti and
Schmutte, 2016; Morchio and Moser, 2026), variety in tasks (Boar and Lashkari, 2025), stress (Humlum et al.,
2026), and having a positive impact on others and choosing how to do one’s work (Maestas et al., 2023; Humlum
et al., 2025c).
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Figure 14: Estimated Flow Amenities and Observed Job Attributes
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Notes: Each row shows two estimates for one measure. Gray markers show the slope from a separate regression
of the amenity rank on the measure alone, equation (30). Navy markers show the coefficient from the joint
regression on all eleven measures, equation (31). Marker shapes indicate the source of the measure: the AKU
(circle), the WEHD (diamond), O*NET (square), and the model (triangle). Layoff Risk is the job-destruction
rate estimated in the model. Horizontal bars represent 95% confidence intervals, with standard errors clustered
by three-digit occupation.
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To separate these attributes from one another and from job-destruction risk, we then estimate

a multivariate regression of the amenity rank on all ten measures and the job-destruction rate:

ϕ̃iℓj = γ0 +
10∑
k=1

γk Xo(i,j),k + β δℓj + ϵiℓj, (31)

where δℓj is the job-destruction rate of job j for workers of type ℓ. We include the job-destruction

rate since jobs with higher destruction rates have lower continuation values, all else equal, and

therefore need higher flow amenities to rationalize their values.

Holding the other measures and the job-destruction rate fixed, the coefficients on freedom to

determine one’s own tasks and on dealing with unpleasant or angry people become small and are

not statistically significant. The amenity rank is lower in occupations with more competition

and more irregular or seasonal schedules. It is also higher, though less precisely, in occupations

whose work involves more caring for others. These findings are consistent with the evidence on

how workers value these attributes.

Taken together, these comparisons reassure us that our amenity estimates reflect attributes

of jobs that workers value. They also give content to the transmission of amenities documented

above. A job with high estimated amenity tends to involve more caring for others. A job

with a low estimated amenity tends to involve more competition and more irregular or seasonal

schedules.

8 Robustness and Additional Results

This section provides additional evidence on intergenerational mobility in job value and assesses

robustness to alternative specifications and heterogeneous job rankings.

8.1 Robustness

Our main finding is that there is more mobility in job value than in earnings: the rank-rank

slope is 0.111 for job value and 0.175 for earnings. This section examines the sensitivity of this

finding. First, we discuss how estimation error in job values affects the rank-rank slope, and

we report the bootstrap and split-sample exercises. Second, we rank families by the sum of

the parents’ outcomes instead of the average. Third, we estimate job values using only workers

in their thirties. Fourth, we allow some job-to-job moves to be forced on workers, through

“Godfather” shocks. Fifth, we rank jobs with an off-the-shelf method, the PageRank approach

of Sorkin (2018). Table 4 collects the results. We find that there is less persistence in job value
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than in earnings in every exercise.

Table 4: Rank-Rank Slopes in Job Value and in Earnings under Alternative Specifications

Job value Earnings Difference Pairs

Level Percent
(1) (2) (3) (4) (5)

Panel A: Bootstrap standard errors from 100 re-estimates
Baseline 0.111 0.175 −0.064∗∗∗ −37 76,187

(0.0038) (0.0036)

Panel B: Alternative family measures
Sum of mother and father 0.122 0.146 −0.024∗∗∗ −16 76,187

(0.004) (0.004)

Panel C: Sample restrictions
Job values from workers aged 30–39 0.114 0.177 −0.063∗∗∗ −36 76,187

(0.004) (0.004)

Panel D: Alternative model
Model with Godfather shocks 0.092 0.176 −0.084∗∗∗ −48 76,187

(0.004) (0.004)

Panel E: One ranking of jobs for all workers
PageRank 0.080 0.175 −0.095∗∗∗ −54 76,187

(0.004) (0.004)

Notes: This table reports rank-rank slopes from regressions of the child’s rank on the parents’ rank, for job
value in column (1), as in equation (25), and for earnings in column (2), as in equation (24). Parents are ranked
by the average of the mother’s and the father’s outcome, except in Panel B. In each row, the two slopes are
estimated on the same parent-child pairs, whose number is in column (5). Column (3) reports the difference
between columns (1) and (2), and column (4) expresses it as a percentage of column (2). Standard errors
are in parentheses. Stars in column (3) mark a difference that is significantly different from zero: ∗p < 0.05,
∗∗p < 0.01, ∗∗∗p < 0.001. Panel A reports the baseline, with a standard error in column (1) that includes the
estimation error in job values, measured across 100 re-estimates of the model on bootstrap samples of workers;
without it, the standard error is 0.0036. Panel B ranks parents by the sum of the mother’s and the father’s
outcome. Panel C re-estimates the model for 2010–2019 on workers aged 30 to 39. Panel D re-estimates the
model with a Godfather shock, an outside offer that the worker cannot refuse. Panel E ranks jobs with the
PageRank approach of Sorkin (2018), which yields one ranking of jobs for all workers.

8.1.1 Estimation Error in Job Values

A key concern is that job values are estimated, so the job-value ranks of both parents and

children contain error. One might wonder whether this error, rather than the transmission

of job value across generations, explains why job value is less persistent than earnings. Error

in the job-value rank of a person can arise for three reasons. First, job-to-job moves are, in

principle, rare events, so the value of a job with few workers may be estimated from few moves,

even though we use all voluntary moves of prime-age workers over a ten-year window. Second,
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the average over ten years may not fully capture the job value of a person over the life cycle.74

Third, the job values themselves are estimated from a dynamic search model, and they inherit

the sampling error of its parameters.

Following Nybom and Stuhler (2017), we show that such error attenuates both the rank-rank

slope of job value on parental earnings and the rank-rank slope of job value on parental job

value toward zero, provided that the error in each generation’s rank is unrelated to the other

generation’s true rank and to the other generation’s error.75 Our estimates are then a lower

bound on the true intergenerational persistence of job value, and what matters for our finding

is the size of the error. To assess it, we take two approaches. First, we estimate the model

separately on two disjoint halves of the estimation sample and correlate the job-value ranks

that the two halves give each child and each family. Second, we account for the error in our

standard errors. The conventional standard error of the rank-rank slope treats the estimated

job values as data. To capture the error in the job values themselves, we draw 100 bootstrap

samples of workers, keeping each worker’s entire history, re-estimate the model on each sample,

and recompute the rank-rank slope for the same parent-child pairs. We then add the variance

of the slope across the 100 draws to the conventional variance.76

Panel A of Table 4 reports the results. The standard deviation of the slope in job value across

the 100 draws is 0.0011, so the standard error rises only from 0.0036 to 0.0038. Even if we treat

the two slopes as independent, which likely overstates the standard error of their difference

because both are estimated on the same parent-child pairs, the standard error of the difference

is 0.005, an order of magnitude below the difference of 0.064. The split-sample exercise points

in the same direction: the correlation between the two sets of job values is 0.971 for children

and 0.944 for parents, which suggests that the attenuation of the rank-rank slope is modest.77

Our finding thus does not hinge on sampling error in the estimated job values.

8.1.2 Measures of Family Job Values

A potential concern is that our comparison depends on how we combine the outcomes of the

two parents. In the baseline, the outcome of a family is the average of the mother’s and the

father’s outcomes when both parents are linked to the child, and the outcome of the single

linked parent otherwise. An alternative is the sum of the two parents’ outcomes, in the spirit

74For instance, family background may affect the jobs that workers hold in their twenties, before our mea-
surement window.

75See Appendix C.1. We estimate the model separately for 1991–2000 and 2010–2019, on different samples,
so the sampling errors in the job values of parents and of children are unrelated.

76The overall standard error is the square root of the sum of the two squared standard errors. Earnings
ranks are not estimated, so the standard error of the slope in earnings has no bootstrap component. Appendix
Table A-15 reports the two components separately.

77See Appendix Table A-14.
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of studies that rank parents by family income (Chetty et al., 2014a). The two measures rank

families with two linked parents in the same order. They differ in how these families compare

with families in which a single parent is linked.

Panel B of Table 4 reports the results with the sum. The rank-rank slope in job value rises

from 0.111 to 0.122, and the slope in earnings falls from 0.175 to 0.146. The difference between

the two slopes therefore narrows, from 37 percent to 16 percent. Our qualitative finding remains:

job value is less persistent than earnings under either measure of family background.

8.1.3 Sample Restrictions

Another potential concern is that the sample from which we estimate job values is too broad.

We observe the children in the IGM-Job sample in their thirties, so our goal is to estimate the

value of a job to workers of that age. The Job sample for 2010–2019, however, also includes

workers in their twenties, in their forties and in their early fifties. The moves of younger and

older workers could bias our estimates if workers value jobs differently at different points of the

life cycle. For instance, in a choice experiment with workers in the United States, Maestas et

al. (2023) find that workers aged 25 to 34 are willing to give up 9 percent of their wage for a

job with moderate instead of heavy physical activity, while workers aged 50 to 61 are willing

to give up 18 percent. We use the broad sample in our baseline for two reasons. In our model,

workers of a given type value jobs in the same way at every age, and a larger sample contains

more job moves, which makes our estimates of job value more precise. To address this concern,

we estimate the model for 2010–2019 on a more restrictive sample that includes only workers

in their thirties.78

Panel C of Table 4 reports the results. Our estimates of intergenerational persistence in job

value using only transitions of workers in their thirties are similar to our baseline: the rank-rank

slope is 0.114, compared with 0.111. The slope in earnings for the same pairs is 0.177, so the

difference between the two slopes is 36 percent, compared with 37 percent in the baseline.

8.1.4 Involuntary Job-to-Job Moves

Our baseline assumes that every job-to-job move is a choice: the worker could have stayed

in her job and preferred the outside offer. One might wonder whether our finding depends

on this assumption. Some moves may instead be forced on workers, for example when an

establishment closes or contracts and a worker moves directly to another employer. If we treat

such moves as choices, we wrongly infer that these workers prefer the jobs that they move

78Sorkin (2018) reports a related exercise: the values of firms that he estimates from two disjoint groups of
workers, those aged 18 to 34 and those aged 35 to 61, have a correlation of 0.83.
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to, which contaminates our estimates of job value. To assess this possibility, we estimate a

version of the model with Godfather shocks (Jolivet et al., 2006): with some probability, an

employed worker receives an offer that she cannot refuse and moves to another job regardless

of its value.79 We estimate the probability of the shock from establishments that contract,

following Sorkin (2018): job-to-job moves out of these establishments in excess of the rate that

the model predicts count as forced (Appendix I.1.2).

Panel D of Table 4 reports the results. With Godfather shocks, the rank-rank slope in job

value is 0.092, compared with 0.111 in the baseline, and the slope in earnings for the same pairs

is 0.176. The difference between the two slopes widens from 37 percent to 48 percent. Our

finding thus does not hinge on treating every job-to-job move as a choice. If anything, job value

is less persistent once we allow for involuntary moves.

8.1.5 PageRank

As a related benchmark, we consider the ranking of jobs implied by the PageRank approach

of Sorkin (2018). This approach ranks jobs from the moves of workers between them.80 We

apply it to the moves of all workers together, so that it yields one ranking of jobs. It offers a

transparent benchmark, without the worker types and the wage dispersion within jobs that our

model adds.

Panel E of Table 4 reports the results. When we rank the jobs of children and of parents

with this approach, the rank-rank slope in job value is 0.080, compared with 0.175 for earnings,

a difference of 54 percent. We thus also find less persistence in job value than in earnings, and

the gap is larger than in the baseline.

8.2 Additional Results

8.2.1 Absolute Mobility

While rank–rank slopes summarize relative mobility, they do not describe children’s absolute

prospects across the parental distribution. Do children from economically disadvantaged fami-

lies attain higher expected ranks when outcomes are measured by job value rather than earnings?

Moreover, a single linear rank–rank slope can mask important nonlinearities in the parent–child

relationship; we therefore examine the implied rank–rank profile more flexibly below.

79Formally, a worker of type ℓ whose job j is not destroyed is reallocated with probability ρℓj to a job–wage
pair drawn from a distribution g̃ℓ, without the option to stay in job j. The probability of the shock is thus
specific to both the worker type and the job. When ρℓj = 0 for all types and jobs, the model reduces to our
baseline. See Appendix I.1.2 for the value function.

80See Appendix I.1.3.
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Figure 15 plots children’s expected rank as a function of parental rank, comparing outcomes

when both generations are measured by job value versus when both are measured by earnings.

Panel (a) presents the linear comparison; in the bottom half of the parental distribution, the job

value line lies above the earnings line, indicating that children from lower-ranked families achieve

higher expected ranks when measured by job value than by earnings alone. The lines converge

at the middle of the distribution, then diverge at the top: children from higher-ranked families

achieve higher expected ranks when measured by earnings than by job value. The steeper

slope of the earnings line, reflecting higher intergenerational persistence in earnings, drives this

pattern, suggesting that earnings advantages are more strongly transmitted across generations

than job value. Panel (b) shows the non-linear comparison using local linear regression. The gap

between the two curves becomes more pronounced at the top of the parental distribution: above

the 90th percentile, the expected earnings rank of children rises from 0.58 to 0.64, whereas their

expected job value rank rises from 0.55 to 0.58. Children from families above the 56th percentile

of the parental distribution achieve higher expected ranks when outcomes are measured by

earnings than by job value.

Figure 15: Absolute Mobility in Value-Value Specification
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(a) Linear Comparison
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(b) Non-linear Comparison

Notes: This figure plots children’s expected rank (vertical axis) against the rank of their families (horizontal
axis), when both generations are ranked by earnings (blue line) or by job value (green line). Families are ranked
by the average of their parents’ earnings or job values. Job value allows preferences to differ across worker types.
Panel (a) shows linear fits and panel (b) shows local linear regression fits. Shaded areas represent 95 percent
confidence intervals. Appendix Figure A-12 adds binned means.

8.2.2 Other Intergenerational Transmission

Our baseline estimates rank children and parents by the same outcome. We also estimate rank–

rank slopes in which the child’s outcome differs from the parents’ outcome, ranking families
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by their earnings in both cases. We consider two pairs, listing the child’s outcome first and

the parents’ outcome second: value–earnings and amenity–earnings. The value–earnings slope

measures how strongly the job value of children depends on the earnings of their parents, the

measure of family background used in most of the literature. The amenity–earnings slope

measures how parental earnings relate to the amenities of children’s jobs.

Figure 16 compares the value–earnings slope with the earnings–earnings slope. A one-

percentile increase in family earnings rank is associated with a 0.131 percentile increase in

the child’s job-value rank, compared with a 0.175 percentile increase in the child’s earnings

rank. The difference is 0.044, or 25 percent of the earnings–earnings slope. Family earnings

therefore predict children’s job value less strongly than their earnings. The value–earnings

slope is still higher than the value–value slope (0.111; Figure 15). Appendix I.2.2 reports the

amenity–earnings slopes.

Figure 16: Value–Earnings and Earnings–Earnings Transmission
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Notes: The figure reports rank–rank slopes of the child’s job value (left) and the child’s earnings (right) on
the family’s earnings rank. Families are ranked by the average of their parents’ earnings. Job value allows
preferences to differ across worker types. Whiskers show 95 percent confidence intervals. The p-value is from a
two-sample z-test that treats the two estimates as independent.

8.2.3 Further Results

Appendix I.2 collects further results. We estimate the intergenerational transmission of job

value and of its components separately for sons and daughters in Appendix I.2.4, and we

decompose the transmission of job value into transmission within and across worker types in

Appendix I.2.5. Appendix I.2.6 also shows how job value, pay, and job security vary with age.
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9 Conclusion

This paper develops a novel measure of intergenerational mobility in job value, which reflects

both pay and amenities. Using a revealed preference approach, we infer the value of each job

from voluntary moves in the labor market, and we allow workers of different types to value the

same job differently. In doing so, we bridge the mobility and amenity literatures.

In Denmark, there is 37% less persistence in job value than in earnings alone. This difference is

statistically significant and economically meaningful, highlighting that earnings-based measures

understate the degree of mobility in the total value of a job across generations in Denmark.

Decomposing the difference between value and earnings transmission, we find that the children

of higher-earning parents sort into high-wage, more demanding jobs, which involve greater

competition, longer hours, and greater time pressure. This sorting is the most important factor

behind the difference and suggests that a wealth channel, in which children from affluent families

trade pay for better amenities, plays a limited role in Denmark.

Whether Denmark’s patterns hold elsewhere remains an open empirical question. We view our

method as a template that researchers can apply globally. The approach requires parent-child

linkages and longitudinal employer-employee data, both increasingly available across developed

and developing countries. Applying our methods to diverse settings would not only test the

external validity of our Danish findings but also, more importantly, shed light on how labor mar-

ket institutions, social insurance systems, and education policies jointly shape the relationship

between wages and amenities across generations.

Several limitations of our approach warrant acknowledgment and suggest productive direc-

tions for future research.

First, our model abstracts from the mechanisms behind the intergenerational transmission

of job value to focus on its measurement. In particular, it takes the education of parents and

children as given, even though education is associated with a substantial share of the persistence

in job value. A natural extension would model how the amenities of parents’ jobs shape their

children’s skill formation, and how this channel interacts with parents’ career choices. For

example, high-paying jobs with long hours may give parents more money to invest in their

children but less time to spend with them (Del Boca et al., 2014). This channel matters for

policies such as parental leave and limits on working hours: if search frictions keep parents from

switching to jobs that leave more time for their children, they may impede skill formation in

the next generation and widen inequality.

Second, the value of a job represents only one dimension of overall welfare. Well-being also

depends on consumption possibilities, family relationships, rich social networks, varied urban

amenities, and numerous other factors that extend beyond the labor market. A truly compre-
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hensive measure of intergenerational mobility in welfare would incorporate more dimensions,

examining how family background shapes not just the jobs people hold but their broader life

outcomes. Our focus on jobs reflects both data availability and the central role that employment

plays in determining economic well-being, but it necessarily provides an incomplete picture. In-

tegrating broad dimensions of welfare into the intergenerational mobility framework represents

a fruitful path for future research.

Over two centuries ago, Adam Smith recognized that workers trade wages for working condi-

tions. If we measure mobility solely through paychecks, we risk missing these tradeoffs entirely—

mistaking lateral moves along the wage-amenity frontier for genuine improvements in welfare or

failing to recognize when rising earnings come at the cost of deteriorating working conditions.

By developing measures that capture both dimensions of job quality, we take a step toward

understanding mobility in the space that ultimately matters: the opportunities for well-being

that societies offer their members and the extent to which those opportunities depend on the

lottery of birth.
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A Model

A.1 Equivalence of Preference Weight and Shock Scale

In this appendix, we show an alternative casting of the model in the main body, where we

normalize the preference weight on consumption utility to one and leave the scale of preference

shocks free. We allow a type-specific scale of the preference shocks, σℓ = 1/αℓ.

We mark objects in this alternative casting with a check accent, V̌ , ϕ̌ℓj, b̌ℓ, to distinguish

them from their main-text counterparts V , ϕℓj, bℓ. Here, the value functions are measured in

consumption-utility units. Written out in full, the value of employment for a type-ℓ worker at

(j, w) becomes:

V̌ e
ℓj(w) = u(w) + ϕ̌ℓj︸ ︷︷ ︸

flow payoff

+β E
[

δℓj{V̌ n
ℓ + σℓ ι1}︸ ︷︷ ︸

exogenous job destruction

+ (1− δℓj)
[

λ1
ℓ

∑
(j′,w′)

gℓ(j
′, w′)

×max{V̌ e
ℓj′(w

′) + σℓ ι2, V̌ e
ℓj(w) + σℓ ι3}︸ ︷︷ ︸

offer arrives: endogenous job-to-job

+ (1− λ1
ℓ)max{V̌ n

ℓ + σℓ ι4, V̌ e
ℓj(w) + σℓ ι5}︸ ︷︷ ︸

no offer: worker chooses stay vs. quit

]]
(A1)

The value of nonemployment becomes:

V̌ n
ℓ = b̌ℓ︸︷︷︸

flow payoff

+β E
[

λ0
ℓ

∑
(j′,w′)

gℓ(j
′, w′)

×max{V̌ e
ℓj′(w

′) + σℓ ι6, V̌ n
ℓ + σℓ ι7}︸ ︷︷ ︸

offer arrives: worker chooses job versus remaining nonemployed

+ (1− λ0
ℓ){V̌ n

ℓ + σℓ ι8}︸ ︷︷ ︸
no offer

] (A2)

Conditional on incumbent-job survival, an employed worker of type ℓ at (j, w) holding an

offer (j′, w′) accepts it with probability:

Pℓ,j′w′|jw =
exp

(
V̌ e
ℓj′(w

′)/σℓ

)
exp

(
V̌ e
ℓj′(w

′)/σℓ

)
+ exp

(
V̌ e
ℓj(w)/σℓ

) . (A3)

Dividing equation (A1) by σℓ turns each draw σℓι back into a standard draw as in the main
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body and the flow payoff into 1/σℓ[u(w) + ϕ̌ℓj], where we can see the equivalence αℓ = 1/σℓ.

A.2 Further Discussion of Model Assumptions

Assumption A.1 (Permanent observable types and segmented search). A worker’s type ℓ is

permanent and observed. Conditional on type, workers search only within the type-specific labor

market.

Assumption A.2 (Posted bundles and job-level amenities). Each offer is a take-it-or-leave-it

job-wage bundle. For a given worker type, ϕℓj is constant across the wage cells of job j.

Assumption A.3 (Common joint offer distribution). Conditional on worker type, employed and

nonemployed workers draw job–wage pairs from the same joint offer distribution Gℓ, with prob-

ability mass function gℓ(j, w). Their meeting probabilities λ1
ℓ and λ0

ℓ may differ.

Assumption A.4 (Independent extreme-value taste shocks). Conditional on the observed state

and choice set, taste shocks are independent across alternatives, workers, and choice occasions

and follow a Type-I extreme-value family. They are independent of job and wage offers.
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B Identification

B.1 Overview of Identification Procedure

Figure A-1: Overview of the Identification Argument

Step 1. Distinguish worker choices from layoffs to obtain δℓj and the endoge-
nous mobility matrix Mℓ (§3.1, Prop. 1)

Step 2. Use worker choices, Mℓ, to recover the PageRank score exp Ṽℓy: the
positive eigenvector of S−1

ℓ Mℓ, up to scale (Prop. 2)

Step 3. Recover job values and offer distributions (§3.3, Prop. 3)

(i) Fix λ1
ℓ . Nonemployment hires, corrected

for acceptance, give gℓy and λ0
ℓ (Lem. 1)

(ii) The aggregate job-to-job transition rate
pins down λ1

ℓ (Asm. A.5)

(iii) PageRank adjusted for recruiting
intensity gives Vℓy (eq. 9)

grid search
over λ1

ℓ

Step 4. Invert the Bellman equations to recover flow payoffs vℓy and bℓ (§3.4,
Lem. 2); use the within-(ℓ, j) match quit-wage elasticity to recover αℓ and ϕℓj

(§3.4, Prop. 4)

Notes: We denote a job–wage pair by y ≡ (j, w).

B.2 Details of Step 1: Identifying Exogenous and Endogenous Separations

B.2.1 Destruction Probabilities and the Endogenous Mobility Matrix

Let each EN transition r carry the label θr, equal to one for a quit and zero for a layoff. Let

EN ℓj collect the type-ℓ EN transitions from job j, and let EN ℓy collect those from the job–

wage pair y. Let Gℓy denote the number of type-ℓ person-period observations at y, and let

Gℓj ≡
∑

w Gℓ,(j,w) denote the number at the job.

Definition 1 (Endogenous Mobility Matrix). For each worker type ℓ, recall A = {n} ∪ Y is

the set containing nonemployment and every job–wage pair. We define Mℓ as a matrix whose
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rows index destinations and whose columns index origins. For a, a′ ∈ A, the entry [Mℓ]a′,a is

the mass of type-ℓ workers who move from origin state a to destination state a′ by choice. In

particular,

M ℓ
y→y′ ≡ [Mℓ]y′,y (A4)

and M ℓ
y→n and M ℓ

n→y denote the quits into nonemployment and the hires from nonemployment.

Offsetting classification errors. Let ηlayℓy denote the probability that an EN transition from y

generated by job destruction is labeled a quit, and let ηquitℓy denote the probability that an EN

transition from y generated by a quit is labeled a layoff. In each person-period at y = (j, w),

a type-ℓ worker loses her job to destruction with probability δℓj and quits into nonemployment

with probability mℓy, the voluntary quit probability of Section 3.4. Assumption 4 states that

ηlayℓy δℓj = ηquitℓy mℓy for every job–wage pair y = (j, w). (A5)

The left-hand side is the probability that a person-period at y ends in a layoff labeled a quit,

and the right-hand side is the probability that it ends in a quit labeled a layoff. Correct

classification, ηlayℓy = ηquitℓy = 0, satisfies equation (A5). So does any pair of error probabilities

whose ratio equals the ratio of quits to layoffs at y, ηlayℓy /η
quit
ℓy = mℓy/δℓj.

Under Assumption 4, the destruction probability equals the expected number of transitions

labeled layoffs per person-period observation at the job, and the quit flow from y equals the

expected number of transitions from y labeled quits:

δℓj =

E
[ ∑
r∈EN ℓj

(1− θr)
]

Gℓj

, (A6)

M ℓ
y→n = E

[ ∑
r∈EN ℓy

θr

]
. (A7)

Every job-to-job transition, every hire from nonemployment, and every EN transition labeled a

quit enters the matrix. Transitions labeled layoffs are excluded and instead enter the destruction

probability. Under Assumption 4, the matrix therefore measures the endogenous transitions in

expectation.

Proof of Proposition 1. Fix a worker type ℓ and a job–wage pair y = (j, w). The expected

number of transitions from y that are labeled layoffs is

Gℓy

[
(1− ηlayℓy ) δℓj + ηquitℓy mℓy

]
= Gℓy δℓj,
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where the equality follows from equation (A5). Because δℓj does not vary across the wage

cells of a job, summing over the wage cells of job j gives Gℓj δℓj expected transitions labeled

layoffs at the job, which is equation (A6). In the same way, the expected number of transitions

from y that are labeled quits is Gℓy

[
(1 − ηquitℓy )mℓy + ηlayℓy δℓj

]
= Gℓy mℓy. This is the quit

flow of equation (6), with the employment mass measured by person-period observations as in

Section 5, and it gives equation (A7). Job-to-job transitions and hires from nonemployment

need no classification. Hence δℓj and Mℓ are identified.

The destruction probabilities use Assumption 4 only after summing over the wage cells of

each job. Equation (A6) holds if and only if∑
w

Gℓ,(j,w) η
lay
ℓ,(j,w) δℓj =

∑
w

Gℓ,(j,w) η
quit
ℓ,(j,w) mℓ,(j,w). (A8)

When this condition fails, the expected number of transitions labeled layoffs per person-period

at the job equals δℓj plus the expected number of quits labeled layoffs, minus the expected

number of layoffs labeled quits, per person-period. The condition at each job–wage pair is

needed for the quit flows in equation (A7), and therefore for Mℓ and for the quit probabilities

of Step 4, which we compute from the labels at each pair.

B.2.2 Classification Errors and Stated Reasons

Both kinds of error arise under our classification rule. A layoff is labeled a quit when the first

benefit that the worker receives within 26 weeks is one that our rule labels a quit, or when

she receives none: for instance, when she is not insured and does not qualify for means-tested

cash assistance, when she enrolls in education with a student grant, or when parental-leave or

sickness benefits take priority over unemployment insurance in DREAM (Table A-4). A quit

is labeled a layoff when the first benefit that the worker receives is unemployment insurance or

another benefit that our rule labels a layoff. A resignation without a valid reason usually delays

unemployment insurance only by a waiting period of a few weeks, and a resignation for a valid

reason, such as health problems or a spouse’s relocation, does not delay it at all.

The AKU lets us compare, for separations in the child generation, the benefit-based label

with the reason that the worker states. Table A-6 reports, for each benefit category, the share

of matched EN transitions whose stated reason is a layoff. It uses the full matched sample,

which includes transitions before workers complete schooling. Of the 3,434 matched transitions

that the benefit records label layoffs, 1,082 report a quit reason, and of the 5,360 that they label

quits, 1,648 report a layoff reason. Table A-7 restricts the sample to post-education transitions,

as in our estimation sample, and reports the same shares by label, together with the overall
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accuracy rate. Of the 2,080 post-education transitions that the benefit records label layoffs,

546 report a quit reason, and of the 858 that they label quits, 349 report a layoff reason. The

benefit-based label matches the stated reason for 69.5 percent of post-education transitions,

compared with 69.0 percent in the full matched sample.

The comparison is too small to test Assumption 4 pair by pair. It shows that both kinds of

error occur, which correct classification of every transition would rule out and Assumption 4

allows. Summed over all job–wage pairs, Assumption 4 implies that the two kinds of error

are equally frequent. In the full matched sample, layoffs labeled quits outnumber quits labeled

layoffs, 1,648 to 1,082. Transitions whose first benefit is a student grant account for 810 of the

1,648. These transitions are over-represented in the full matched sample, where they make up

a third, because the AKU asks for the reason only while a respondent is nonemployed, so that

long spells, such as those spent in education, are more likely to be matched. Excluding them,

the benefit records label 3,434 matched transitions as layoffs, and 3,190 report a layoff reason,

so that the two counts differ by less than 8 percent. In the post-education sample, quits labeled

layoffs outnumber layoffs labeled as quits. The benefit records label 2,080 of these transitions

as layoffs, and 1,883 report a layoff reason, so that the two counts differ by about 10 percent.

B.3 Details of Step 2: Recover the PageRank Score

Dividing the job-to-job flow in equation (8) by the flow in the opposite direction gives

M ℓ
y→y′

M ℓ
y′→y︸ ︷︷ ︸

relative flows

=
gℓy′

gℓy︸︷︷︸
relative offers

· Nℓy (1− δℓj)

Nℓy′ (1− δℓj′)︸ ︷︷ ︸
effective relative size

· expVℓy′

expVℓy︸ ︷︷ ︸
relative values

(A9)

Relative flows (accepted offers) are directly related to relative values, but multiplied by

relative offers and effective size. Offer frequencies matter because workers tend to flow toward a

position that they encounter often. In our model, a job-wage pair may be encountered frequently

when the job is sampled more often, when its wage is commonly offered conditional on that job,

or both. High inflows do not necessarily reveal that the job-wage pair is more desirable; they

may simply reflect more opportunities for favorable idiosyncratic draws. On the other hand,

effective size matters because more workers can flow away from a large origin pair than from a

small one. High outflows need not imply that the origin pair is less desirable; instead, they may

reflect that more workers survive with the option to move and receive unfavorable idiosyncratic

draws. Collecting the terms that belong to each job–wage pair gives the PageRank score in

equation (9) and the relation in equation (11).
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B.4 Details of Step 3: Joint Identification of the Search Block

B.4.1 Job Values for a Given λ1
ℓ

Fix a candidate value of λ1
ℓ ∈ Λℓ. Taking ratios of equations (9) and (10) and dividing by (7),

we have

exp Ṽℓy

exp Ṽ n
ℓ

=

Nn
ℓ λ

0
ℓgℓy expVℓy︸ ︷︷ ︸

common product

Nℓy(1− δℓj)(1− λ1
ℓ)
, (A10)

M ℓ
n→y =

Nn
ℓ λ

0
ℓgℓy expVℓy︸ ︷︷ ︸

same product

1 + expVℓy

. (A11)

The unknown offer share and λ0
ℓ enter both equations through the same product. Eliminating

that product leaves

1 + expVℓy(λ
1
ℓ) =

(1− λ1
ℓ) exp Ṽℓy Nℓy (1− δℓj)

exp Ṽ n
ℓ M ℓ

n→y

(A12)

Every remaining object on the right-hand side of equation (A12) is known once λ1
ℓ is specified.

Then, we can recover Vℓy(λ
1
ℓ) using the above equation.

Equivalence to direct quit flows. The direct comparison with nonemployment satisfies

M ℓ
n→y

M ℓ
y→n

=
exp Ṽℓy

exp Ṽ n
ℓ

.

Substituting this equality into equation (A12) yields the equivalent conditional recovery equa-

tion

expVℓy(λ
1
ℓ) =

Nℓy (1− δℓj) (1− λ1
ℓ)

M ℓ
y→n

− 1 (A13)

The network and quit-flow routes therefore impose the same population restriction. Positivity

of (A13) requires

λ1
ℓ < 1−

M ℓ
y→n

Nℓy (1− δℓj)

at every retained node. These bounds, together with the probability restrictions in equation

(15), define the admissible set Λℓ.
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B.4.2 Offer Shares and λ0
ℓ

Once the value of employment is known, it first pins down Pℓy(λ
1
ℓ), the probability of accepting

an offer from nonemployment defined in equation (5) for a given λ1
ℓ :

Pℓy(λ
1
ℓ) =

expVℓy(λ
1
ℓ)

1 + expVℓy(λ1
ℓ)

Dividing each hire flow by its corresponding acceptance probability, we have

M ℓ
n→y

Pℓy(λ1
ℓ)

= Nn
ℓ λ

0
ℓ(λ

1
ℓ)gℓy(λ

1
ℓ) (A14)

The left-hand side, i.e., the acceptance-corrected hire flow, is known for every possible value

of λ1
ℓ . Given that the joint offer shares sum to one, we show

gℓy(λ
1
ℓ) =

M ℓ
n→y/Pℓy(λ

1
ℓ)∑

y′

M ℓ
n→y′/Pℓy′(λ

1
ℓ)
, λ0

ℓ(λ
1
ℓ) =

1

Nn
ℓ

∑
y′

M ℓ
n→y′

Pℓy′(λ1
ℓ)

(A15)

The relative distribution of such hire flows across job-wage pairs identifies the joint offer

shares, while its total level identifies the offer-arrival probability from nonemployment. Replac-

ing the sum in the denominator with Nn
ℓ λ

0
ℓ(λ

1
ℓ) gives the first expression in equation (15) in the

main text.

Lemma 1 (Conditional Identification of the Offer Process). Fix a worker type ℓ and a given

λ1
ℓ ∈ Λℓ, the admissible set defined in equation (A19), and suppose M ℓ

n→y > 0 for every y.

Given the candidate-implied values, equation (A15) determines the joint offer shares gℓy and λ0
ℓ

uniquely.

B.4.3 Selecting λ1
ℓ

For a given λ1
ℓ ∈ Λℓ, the previous section recovers the employment values, joint offer shares,

and acceptance probabilities entering the job-to-job flow equation for each pair. What remains

unused is the aggregate level of job-to-job mobility, and it pins down λ1
ℓ as we show below.

Define the probability that an offer received at y generates a move,

Γℓy(λ
1
ℓ) ≡

∑
y′ ̸=y

gℓy′(λ
1
ℓ) Pℓ,y′|y(λ

1
ℓ), (A16)

where Pℓ,y′|y(λ
1
ℓ) is the acceptance probability evaluated at the candidate value of λ1

ℓ . Both
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the offer shares and acceptance probabilities vary with λ1
ℓ . Define total beginning-of-period

employment as Nℓ ≡
∑

y Nℓy. Summing over all pairs of distinct job-wage pairs and dividing

by Nℓ gives

1

Nℓ

∑
y

∑
y′ ̸=y

M ℓ
y→y′︸ ︷︷ ︸

observed aggregate job-to-job transition rate

= λ1
ℓ

∑
y

Nℓy

Nℓ

(1− δℓj) Γℓy(λ
1
ℓ) (A17)

The left-hand side is the observed aggregate job-to-job transition rate for type-ℓ workers, ob-

tained by summing job-to-job transitions and dividing by total beginning-of-period employment.

The right-hand side is its model-implied counterpart: the beginning-of-period employment-share

weighted average of job-to-job transition probabilities.81 Equation (A17) therefore selects the

specific λ1
ℓ that is consistent with the observed aggregate job-to-job transition rate. Equa-

tion (16) in the main text is the same condition with Γℓy(λ
1
ℓ) written out.

Derivation of the job-to-job condition. Fix λ1
ℓ ∈ Λℓ. Summing equation (8) over destinations

gives ∑
y′ ̸=y

M ℓ
y→y′ = Nℓy(1− δℓj)λ

1
ℓ

∑
y′ ̸=y

gℓy′(λ
1
ℓ)Pℓ,y′|y(λ

1
ℓ)

= Nℓy(1− δℓj)λ
1
ℓΓℓy(λ

1
ℓ),

(A18)

where the second equality uses the definition in equation (A16). Summing over origins and

dividing by Nℓ =
∑

y Nℓy yields

1

Nℓ

∑
y

∑
y′ ̸=y

M ℓ
y→y′ = λ1

ℓ

∑
y

Nℓy

Nℓ

(1− δℓj)Γℓy(λ
1
ℓ),

which is equation (A17).

The admissible set. The conditional formulas determine which candidate values are admissi-

ble:

Λℓ =
{
λ1
ℓ ∈ [0, 1) : expVℓy(λ

1
ℓ) > 0 at every retained node, λ0

ℓ(λ
1
ℓ) ≤ 1

}
, (A19)

an interval [0, ·), because each implied value decreases and λ0
ℓ(λ

1
ℓ) increases in the candidate λ1

ℓ .

The true parameter point lies in Λℓ, since the population configuration satisfies every constraint.

Existence, admissibility, and uniqueness of the root.

81At origin y, (1 − δℓj)λ
1
ℓΓℓy(λ

1
ℓ) is the probability that the incumbent job survives, an outside offer then

arrives, and the offer induces a move, while Nℓy/Nℓ is the corresponding employment-share weight.
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Assumption A.5 (Unique root on Λℓ). Equation (16) has a unique root in Λℓ.

Assumption A.5 ensures that the search over candidate values selects a unique value of λ1
ℓ ,

thereby identifying the arrival probabilities.

The admissible set Λℓ of (A19) is an interval, and on it every candidate-implied object—

values, acceptance probabilities, offer shares, λ0
ℓ , and the acceptance-and-move probabilities

Γℓy of (A16)—is a continuous function of λ1
ℓ ; hence the model’s job-to-job transition rate,

the right-hand side of (16), is continuous on Λℓ. At λ1
ℓ = 0 the model predicts no job-to-job

mobility, so the model rate is zero while the observed rate on the left-hand side of (16) is positive

whenever any job-to-job move is observed. A root exists on Λℓ if and only if the two sides of

(16) are equal somewhere on it; in the population this holds because the true λ1
ℓ is admissible

and solves the equation. Uniqueness is Assumption A.5. Both properties are conditions on

observables: Λℓ and both sides of (16) are computable at every candidate, so the number of

admissible roots can be checked numerically.

If several admissible roots exist, these aggregate restrictions alone set-identify the search

block: each root indexes a complete candidate configuration consistent with the quit flows, the

hire flows, and the aggregate job-to-job transition rate. The directed cells then carry additional

information. At the true parameter point, every origin-destination equation (8) holds cell by

cell; if K denotes the number of employment nodes, the aggregate closure (16) uses one linear

combination of these K(K − 1) equations. The remaining cell-level restrictions need not be

independent. Evaluating the right-hand side of (8) at each candidate root and comparing it

with the observedM ℓ
y→y′ , cell by cell, can eliminate roots that satisfy the aggregate equation but

violate the cell-level restrictions, and, at the selected root, the same comparison is a specification

check on the model.

B.5 Details of Step 4: Separating Wage Utility and Amenities

B.5.1 Bellman Inversion

Lemma 2 (Recovery of flow payoffs). Under the conditions of Proposition 3, equations (17)

and (18) identify the flow payoff vℓy of employment at a job-wage pair and the flow payoff of

nonemployment bℓ.

Proof. For independent standard Type-I extreme-value draws, let γE = E[ι] ≈ 0.577 . . . denote

Euler’s constant. Then

Emax{x+ ι, x′ + ι′} = γE + log(ex + ex
′
), E[x+ ι] = x+ γE.
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Using these identities, the bracketed expectation in equation (2) can be rewritten as:

Cℓy = γE + (1− δℓj)
[
λ1
ℓ

∑
y′

gℓy′ log
(
expVℓy + expVℓy′

)
+ (1− λ1

ℓ) log
(
1 + expVℓy

)] (A20)

Similarly, the bracketed expectation for the nonemployed in equation (4) is

C n
ℓ = γE + λ0

ℓ

∑
y′

gℓy′ log
(
1 + expVℓy′

)
(A21)

Under the conditions of Proposition 3, we recover (A20) and (A21). Therefore, vℓy and bℓ are

identified from equations (17) and (18).

B.5.2 The Within-Job Quit-Wage Elasticity

Start with the quit-wage elasticity:82

ε(w) ≡ ∂ logm(w)

∂ logw
=

w

m(w)

∂m(w)

∂w
(A22)

∂m(w)

∂w
= Π · dq

dV︸︷︷︸
=−q(1−q)

· ∂V

∂v︸︷︷︸
=A(w)

· dv

dw︸︷︷︸
=αu′(w)

, (A23)

where q(w) ≡ [1 + eV (w)]−1, Π ≡ (1− δ)(1− λ1), and m(w) = Πq(w).

ε(w) ≡ ∂ logm(w)

∂ logw
=

w

m(w)

∂m(w)

∂w
= −α

(
1− q(w)

)
A(w) · w u′(w). (A24)

The estimator uses the log odds of the hazard. Given
d

dm
log

m

1−m
=

1

m(1−m)
,

∂ log
[
m(w)/(1−m(w))

]
∂ logw

=
1

m(1−m)
· ∂m

∂ logw
=

1

1−m(w)
ε(w) = −α

(
1− q(w)

)
A(w)

1−m(w)
wu′(w).

(A25)

For u(w) = logw, the factor wu′(w) equals one.

82We suppress subscripts wherever possible. Write

V (w) ≡ Vℓy, v(w) ≡ αu(w) + ϕ, δ ≡ δℓj , λ1 ≡ λ1
ℓ .
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Derivation of ∂V
∂v
.

V (w) = v(w) + β
{
γE + (1− δ)

[
λ1
∑
y′

gy′ log
(
eVy′ + eV (w)

)
+ (1− λ1) log

(
1 + eV (w)

)]}
(A26)

Differentiate with respect to the incumbent relationship’s flow payoff v, holding the offer

distribution, all offered-job values Vy′ , and V n = 0 fixed. Define the probability of accepting

any offer, conditional on receiving one, as

Γ̂(w) ≡
∑
y′

gy′
eVy′

eVy′ + eV (w)
.

At a retained wage cell, Γ̂(w) = Γℓy + gℓy/2: accepting an outside offer in the same cell also

ends the incumbent relationship.

∂V

∂v
= 1 + β(1− δ)

[
λ1
(
1− Γ̂(w)

)
+ (1− λ1)

(
1− q(w)

)]
︸ ︷︷ ︸

P stay(w)

∂V

∂v
. (A27)

P stay(w) is the probability of retaining the incumbent relationship next period conditional on

surviving destruction: with probability λ1 an offer arrives and the worker stays if and only if

she rejects it (probability 1 − Γ̂(w)); with probability 1 − λ1 no offer arrives and she stays if

and only if she does not quit (probability 1− q(w)). Solving the linear equation (A27),

∂V

∂v
=

[
1− β(1− δ)P stay(w)

]−1

≡ A(w). (A28)

Derivation of dq
dV

.
dq

dV
= − eV(

1 + eV
)2 = − q (1− q)

Derivation of dv
dw
. Since w enters (A26) only through v(w) = αu(w) + ϕ,

∂V

∂w
=

∂V

∂v
v′(w) = A(w)αu′(w). (A29)

When u(w) = logw, since 1− q(w) = Pℓy, equation (A25) is equation (19) in the main text.

The identifying regression. Section 5.2.3 states the regression of quit log odds on log wages

within a type–job cell that delivers the left-hand side of equation (19); it is equation (22). The

estimated slope is not −αℓ: it also reflects the choice probability and the expected duration of
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the wage, both of which are known from the preceding steps.

Alternative identification from recovered flow payoffs. Under Assumption 1, the flow-payoff

specification implies that, for any two populated wage cells w and w′ at the same job j, that

is, for y = (j, w) and y′ = (j, w′),

vℓy − vℓy′ = αℓ

[
u(w)− u(w′)

]
. (A30)

Thus, for each worker type, it is sufficient that at least one job contains two populated wage cells

with different wage utilities and identified flow payoffs. The argument applies to any specified

increasing utility function, including u(w) = logw, and does not require a continuous wage

distribution or the estimation of wage derivatives. Identification is conditional on the scale and

shape of u(w) being fixed.

The relevant comparison is between recovered flow payoffs rather than between forward-

looking job values alone. By (17), the Bellman inversion subtracts the identified continuation

component from each job value. Consequently, the payoff difference in (A30) accounts for the

effects of wages on future retention and mobility opportunities. The resulting ratio isolates the

weight on current wage utility. The quit-wage elasticity accounts for the same continuation

effects through the annuity factor Aℓy.

Additional wage cells and jobs provide overidentifying restrictions. Every admissible within-

job wage pair must yield the same αℓ, and the residual in (20) must be constant across wage

cells within each job. Without within-job wage variation, unrestricted job-specific amenities

could instead absorb changes in the wage-utility coefficient, preventing this separation.

B.5.3 Proof of Proposition 4

Step 1 delivers δℓj through equation (A6), and the endogenous mobility matrix Mℓ through

equation (A7) together with job-to-job transitions and hires from nonemployment, which need

no classification (Proposition 1). Proposition 3 point identifies gℓy, λ
0
ℓ , λ

1
ℓ , and Vℓy. Lemma 2

then recovers normalized representatives of vℓy and bℓ. Under Assumption 1, within-job differ-

ences in the recovered flow payoffs identify αℓ through (A30). Given this coefficient, normalized

amenities follow from (20).
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C Addressing Measurement Error

C.1 Proof of Attenuation Bias

A1 (Rank Properties): Let x̃∗, ỹ∗ denote true parent and child ranks. True ranks are functions

of observed ranks x∗, y∗ as follows:

x̃∗ = Fx (x
∗) , ỹ∗ = Fy (y

∗) (A31)

where Fx(·) and Fy(·) are cumulative distribution functions. By construction, ranks are

bounded: x̃∗, ỹ∗, x̃, ỹ ∈ [0, 1]; ranks are uniformly distributed: x̃∗, ỹ∗, x̃, ỹ ∼ U(0, 1); all ranks

have variance: Var(·) = 1/12.

A2 (Measurement Error in Ranks): Denote observed ranks as

x̃ = x̃∗ + ũ (A32)

ỹ = ỹ∗ + ṽ (A33)

where ũ, ṽ are the errors in ranks.

A3 (Generalized Errors-in-Variables Model in Ranks): Following Nybom and Stuhler (2017),

the relationship between observed and true ranks can be represented as a linear projection:

ỹ = α + λy ỹ
∗ + w̃ (A34)

where λy is the slope coefficient. By construction, w̃ is uncorrelated with ỹ∗. We define λx

analogously for the parents’ rank x̃.

A4 (Exogeneity): Measurement errors are uncorrelated with the other generation’s true rank:

Cov(w̃, x̃∗) = 0, Cov(ũ, ỹ∗) = 0 (A35)

Lemma 1: Under Assumptions A1-A2, measurement error in ranks is negatively correlated

with true rank:

Cov(ṽ, ỹ∗) = −1

2
Var(ṽ) < 0 (A36)
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Proof.

Var (ỹ∗) = Var(ỹ)

= Var (ỹ∗) + Var(ṽ) + 2Cov (ỹ∗, ṽ)

Thus, Cov (ỹ∗, ṽ) = (−1/2)Var(ṽ)

This negative correlation arises from the bounded support in A1: individuals at the top

(ỹ∗ ≈ 1) cannot be overstated, so ṽ ≤ 0; those at the bottom (ỹ∗ ≈ 0) cannot be understated,

so ṽ ≥ 0.

Lemma 2: Under Assumptions A1-A4 and Lemma 1:

λy = 1− 6 · Var(ṽ) < 1 (A37)

Proof.

λy =
Cov(ỹ, ỹ∗)

Var(ỹ∗)
=

Cov(ỹ∗ + ṽ, ỹ∗)

Var(ỹ∗)
= 1 + 12 Cov(ṽ, ỹ∗)︸ ︷︷ ︸

=−1/2Var(ṽ)

< 1

Theorem (Attenuation Bias in Rank Correlation) Under Assumptions A1-A4 and Lemmas

1-2:

(i) Under left-side measurement error (x̃ = x̃∗): ρS(x̃∗,ỹ) = λy · ρS(x̃∗,ỹ∗)

(ii) Under both-side measurement error: ρS(x̃,ỹ) = λxλy · ρS(x̃∗,ỹ∗)

where ρS(a,b) := Cov(a, b)/
√

Var(a)Var(b) denotes the Spearman rank correlation.

Proof. Part (i): left-side measurement error

ρS(x̃∗,ỹ) =
Cov (x̃∗, ỹ)√
Var (x̃∗)Var(ỹ)

=
Cov (x̃∗, α+ λy ỹ

∗ + w̃)√
Var (x̃∗)Var(ỹ)

= λy
Cov (x̃∗, ỹ∗) + Cov(x̃*, w̃)

1/12

= λy
Cov (x̃∗, ỹ∗)

1/12

= λyρ
S
(x∗,y∗)

A-17



Part (ii): Both-side measurement error

ρS(x̃,ỹ) =
Cov(x̃, ỹ)√
Var(x̃)Var(ỹ)

= λxλy
Cov (x̃∗, ỹ∗)

1/12
= λxλyρ

S
(x∗,y∗).
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D Data and Sample Construction

D.1 Sample Construction

D.1.1 IGM Sample

Our base dataset begins with all children who satisfy three criteria: (i) born in the 1980–1981

birth cohorts, (ii) native Danes, and (iii) linkable to at least one parent in the population

register (BEF). The native Dane restriction ensures we focus on children and parents who did

not migrate, avoiding complications from selective migration and incomplete earnings histories.

We follow the 1980 cohort until age 39 and the 1981 cohort until age 38 (both observed in

2019). Parental information is available annually from 1985 to 2019, allowing us to construct

comprehensive measures of parental economic status during the children’s formative years. Our

primary analysis sample imposes two additional restrictions to ensure adequate measurement

of economic outcomes:

1. Positive earnings requirement: Parents must have strictly positive average earnings be-

tween 1985 and 1994, and children must have strictly positive average earnings between

2010 and 2019 (ages 30–39). This restriction excludes individuals with no labor market

attachment during the measurement period.

2. Minimum observation requirement: We require at least four years of earnings data for

both children (between ages 30 and 39) and parents (between 1991 and 2000, when parents

are ages 36-45). This ensures our average earnings measures are not based on a small

number of potentially unrepresentative years.

Starting with 101,347 native Danes born in 1980–1981 who link to parents, the sample reduces

to 87,709 individuals once we verify earnings observations for both children and at least one

parent.

D.1.2 Job Sample

The job sample is constructed to measure job values using worker flows, especially voluntary

transitions. The key requirement is tracking employment spells with sufficient granularity to

identify direct job-to-job moves and quits into nonemployment without intervening nonemploy-

ment periods. We construct separate job samples for the parental window (1991–2000) and the

child window (2010–2019). Both samples include the broader working population, not only the

parents and children in the IGM sample. We estimate job values in these samples and then

assign them to the jobs held by parents and children.
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For children (2010–2019), we use the BFL, which contains high-quality, comprehensive monthly

information on earnings, paid hours, and occupation codes for all employees in Denmark, linked

to employers and establishments. We compute hourly pay as earnings divided by paid hours

(Statistics Denmark, 2026a). For parents (1991–2000), we use the CON-based employment

spells constructed following the Labour Market Dynamics Group at Aarhus University (Hejle-

sen, 2016), which specify the starting and ending date of each employment record. Both data

sources allow us to distinguish genuine job-to-job (EE) transitions, where workers move directly

between employers, from transitions with intervening nonemployment spells (ENE transitions).

When a worker holds several jobs at the same time, we keep the primary job.

We impose the same sample restrictions in both periods to ensure that job values are eval-

uated by a comparable prime-age working population. First, we restrict the sample to native

Danes. Second, we exclude self-employment, as these jobs are difficult to compare with standard

employment relationships. Third, we focus on labor market histories after education. Using

the education registers, we drop observations before a worker completes their highest observed

qualification, so that the worker’s education type stays fixed throughout the sample. Fourth, we

keep cohorts that reach age 30 by the end of each window (born in 1970 or earlier for 1991–2000,

and in 1989 or earlier for 2010–2019), and we drop observations above age 54, as jobs should

be ranked based on the revealed preferences of workers in their prime working years.

The two data sources record occupations differently. In the BFL, payroll records are linked to

occupation codes from the earnings statistics and other registers, so we can assign an occupation

to each job rather than to a single main job per year, although coverage varies across records.

For parents, the occupation code is annual and refers to the workplace where the worker earned

the most during the year. It does not give a separate occupation for every spell or for occupation

changes within a year, so the parental sample only uses spells and transitions for which we can

establish the occupation.

Finally, for each worker type ℓ, we restrict estimation to the strongly connected component of

the endogenous mobility graph, including transitions through nonemployment: the largest set

of jobs in which every job can be reached from every other job through workers’ moves. We also

keep only job–wage cells with positive employment and observed hires from nonemployment.

Together with the occupation requirements, these restrictions determine which part of each

type’s labor market we can value. The retained sample is therefore not necessarily representative

of all workers of a given type, and the common restrictions do not remove the differences in

how occupations are measured across the two periods.
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D.2 Variable Definitions

Table A-1: Definition of Income Measures

Variable Definition

(1) Wage Income Taxable wage earnings and fringes, labor portion of business income,
non-taxable earnings, severance pay, and stock options.

(2) Income with Trans-
fers

Total personal income (excluding rental value of own home). Total
personal income is equal to the sum of wage income, business and self-
employment income, capital income, public transfer income, property
income, and other non-classifiable income that can be attributed di-
rectly to the individual person.

(3) Income without
Transfers

Total personal income (as specified in item (2) above) minus public
transfer income. The main items of public transfer income include: so-
cial assistance cash benefits, unemployment insurance benefits including
leave, sickness benefits, pensions including disability pension and early
retirement pay, housing allowance, and child allowance.

(4) Disposable Income Total personal income including public transfers (as specified in item (2)
above) and rental value of own home (for owner-occupied individuals)
minus taxes, interest expenses, and child support.

(5) Family Measures
(Father and Mother)

The sum of items (1)–(4) within households.

Table A-2: Definition of Net Worth (Druedahl and Martinello, 2022)

Variable Definition

(1) Housing Equity The value of real estate owned by the individual minus collateralized
debts (valued at the market value of the associated bonds at the end of
the year).

(2) Liquid Assets The sum of all cash and savings account balances held by an individual
in Denmark.

(3) Uncollateralized
Debts

The sum of all debts not associated with a bond granted by banks in
Denmark.

(4) Financial Wealth The sum of the market value of stocks, bonds, and mutual funds directly
owned by an individual via an investment account.

(5) Net Worth The sum of items (1)–(4): Net Worth = Housing Equity +
Liquid Assets + Debts + Financial Wealth, where debts enter with a
negative sign. Includes wealth directly held by the individual; excludes
pension funds and large durable goods (e.g., cars, boats).

A-21



E Estimation Strategy and Results

E.1 Educational Classification and Worker Types

We classify workers by their highest observed completed qualification, using the three-digit

ISCED programme code that Statistics Denmark attaches to each qualification (Statistics Den-

mark, 2026b). Table A-3 aggregates these codes into four education groups, which we interact

with gender to obtain eight worker types.

Table A-3: Education groups and associated ISCED codes

Group Educational attainment Codes

1 Without a full upper-secondary qualification 100, 241, 244, 341, 342, 351
2 Upper-secondary or post-secondary non-

tertiary education
344, 353, 354, 551, 454, 444

3 Short-cycle or bachelor’s-level higher educa-
tion

544, 554, 645, 651, 655, 665, 741

4 Master’s or doctoral education 746, 747, 767, 844, 864, 757

Danish education pathways. General upper-secondary qualifications, including STX, HHX,

HTX, and HF, and completed vocational qualifications at the upper-secondary level belong to

the second group (Danish Agency for Higher Education and Science, 2026c). The third group

combines short-cycle higher education, including Academy Profession qualifications, with uni-

versity and professional bachelor’s-level qualifications. The latter include qualifications in nurs-

ing and primary and lower-secondary teaching. Short-cycle and bachelor’s-level qualifications

occupy distinct formal levels; pooling them is our choice of aggregation. The fourth group

includes master’s-level qualifications, including the Danish kandidat, and doctorates (Danish

Agency for Higher Education and Science, 2026a).

Historical qualifications. Degree titles changed across the cohorts in our sample. Before re-

forms in the late 1980s, Danish university education generally followed a single-cycle structure

leading to a kandidat degree. A general bachelor’s/master’s structure was introduced in 1993,

while the professional bachelor’s title was introduced through legislation in 2000 (Danish Agency

for Higher Education and Science, 2026b). We therefore use the qualification classification to

group older and newer awards, without requiring identical degree titles across cohorts. In partic-

ular, bachelor’s-level professional qualifications need not have carried the bachelor’s title when

they were awarded.
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E.2 Flows in the Labor Market

Our estimation (Section 5.1) rests on three conventions about flows in the labor market. This

appendix gives the reason for each of them.

Occupation changes within an establishment. First, we do not distinguish changes in occu-

pation codes that occur within the same establishment from changes in jobs that occur through

mobility across employers: we treat both as job-to-job transitions that reveal a worker’s pref-

erence for working in a particular job. This treatment is motivated by personnel evidence

that employees actively apply for internal vacancies, including promotions and lateral positions

(Hospido et al., 2022; Haegele, 2026). A change of occupation within an establishment is in

this sense a choice between the position that the worker holds and another position that is

open to her. Yet we acknowledge that our model may be less well suited to job moves that

occur within employers than to moves across employers. In the model, a worker draws offers

at random from a distribution that is the same for all workers of her type, whatever her cur-

rent employer. A worker’s own establishment is, by contrast, likely to account for more of the

vacancies that she learns about than random search implies, and some changes of occupation

within an establishment may be assignments by the employer and not choices by the worker.

Job-to-job transitions as choices. Our baseline treats job-to-job transitions as choices made

while the incumbent position remains available, as discussed in Section 2. Under this restric-

tion, observed transitions are informative about the relative values of origin and destination

jobs, allowing for idiosyncratic preference shocks. The restriction can fail when a position is

eliminated and the worker moves directly to another job, or accepts an internal reassignment,

instead of entering nonemployment. Our administrative histories do not directly reveal whether

the incumbent position remained available. Moreover, wage changes alone cannot resolve this

ambiguity. In wage-ladder models, wage cuts help identify involuntary reallocation because

voluntary moves necessarily increase wages. In our model, workers may accept lower wages in

exchange for better nonwage attributes or because of idiosyncratic preferences. We therefore

retain such transitions in our baseline specification.

We assess the sensitivity of our conclusions to potential employer-driven job-to-job transitions.

To do this, for transitions across establishments, we examine departures from establishments

whose headcount falls. We construct an adjustment based on excess departures from contract-

ing establishments, following Sorkin (2018).83 This exercise assesses whether the estimated

relationship between job pay and job value, and the resulting intergenerational conclusions,

83We do not adopt this adjustment in the baseline because employer growth does not directly reveal whether
the incumbent position remained available (Section 2). Appendix I.1.2 describes the adjustment.
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depend on transitions for which the option of remaining in the incumbent position is especially

uncertain. Section 8.1.4 reports the results.

Recall nonemployment. We exclude nonemployment spells that end in reemployment with the

same employer, often referred to as “recall” nonemployment in the literature. Recall nonem-

ployment spells may represent temporary interruptions of an ongoing employment relationship.

Workers temporarily separated from their employer may expect to be recalled. Workers taking

temporary leave may retain a position to which they expect to return. These arrangements are

difficult to capture in our model: conditional on worker type, neither the value of nonemploy-

ment nor the distribution of job offers depends on the worker’s previous employer. Moreover,

an observed return does not by itself distinguish these arrangements from reemployment that

follows a nonemployment spell of the kind that our model does capture. We therefore exclude

these spells, to avoid interpreting the resumption of an existing employment relationship as

the formation of a new match through the process described by our model, in the spirit of key

papers in the search literature.84

84See Lentz et al. (2023), Bagger and Lentz (2019), Carrillo-Tudela et al. (2022), and Sorkin (2018). Our
treatment of recall nonemployment is consistent with Sorkin (2018) but distinct from that of Lentz et al.
(2023), who fuse disjoint employment spells in which the worker was employed at the same establishment if the
intervening period of nonemployment is short enough.
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E.3 Estimation Overview

E.3.1 Details of Step 1

Table A-4: Priority ordering of weekly records in DREAM

Priority Recorded category Danish designation

1 Death Død
2 Old-age pension, etc. Folkepension m.v.
3 Early pension Tidlig pension
4 Transitional benefit Overgangsydelse
5 Voluntary early retirement pay Efterløn
6 Flex benefit Fleksydelse
7 Flex job Fleksjob
8 Senior pension Seniorpension
9 Sheltered job Sk̊anejob
10 Disability pension Førtidspension
11 Job clarification Jobafklaring
12 Maternity/parental benefit Barselsdagpenge
13 Resource program Ressourceforløb
14 Sickness benefit Sygedagpenge
15 Service job Servicejob
16 Adult apprentice Voksenlærling
17 Job-rotation substitute Rotationsvikar
18 Leave Orlov
19 Six weeks of self-chosen education 6-ugers selvvalgt uddannelse
20 Unemployment benefit, activation Dagpenge, aktivering
21 Temporary benefits (e.g., AMY) Midlertidige ydelser
22 Unemployment benefit Dagpenge
23 Holiday unemployment benefit Feriedagpenge
24 Cash assistance, higher rate, job-ready Kontanthjælp, forhøjet sats, jobparat
25 Cash assistance, base rate, manifestly

education-ready
Kontanthjælp, grundsats, åbenlyst
uddannelsesparat

26 Cash assistance, minimum rate, job-ready Kontanthjælp, mindstesats, jobparat
27 Cash assistance, minimum rate Kontanthjælp, mindstesats
28 Cash assistance, base rate Kontanthjælp, grundsats
29 Cash assistance, higher rate Kontanthjælp, forhøjet sats
30 Unemployment allowance for flex-job applicants Ledighedsydelse
31 Pre-rehabilitation For revalidering
32 Rehabilitation Revalidering
33 Not resident in Denmark Ikke bosiddende i DK
34 State adult-education support SVU
35 State education grant SU

Notes: Rank 1 has the highest priority. When multiple benefits overlap within a person-week,
DREAM retains the category with the highest priority. Source: DREAM Database Guide, version
51 (STAR, September 4, 2025), Section 2.
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Table A-5: Fixed DREAM-code classification

Benefit group DREAM codes Label

Unemployment insurance 111, 115, 121 Layoff

Job-ready cash assistance 130–139, 160–169 Layoff

Special benefits 151, 152, 153 Layoff

UI activation 213–219, 231, 299 Layoff

Education support without
payment / related support

652, 661 Layoff

Unemployment allowance 740–748 Layoff

Rehabilitation 760–768 Layoff

Education-ready cash
assistance

140–149 Quit

Leave 412, 413 Quit

Job schemes 511, 521, 522 Quit

Retirement 611, 621, 622, 771, 774, 781, 783–786, 996,
998

Quit

Education support with
payment

651 Quit

General cash assistance 710–739 Quit

Pre-rehabilitation 750–758 Quit

Other benefits 870–878 Quit

Parental and sickness benefits 881–899 Quit

No benefit during follow-up No observed code, with adequate coverage Quit

Notes: The table reports the initial benefit-based classification of employment-to-nonemployment (EN) transi-
tions. We use the first recorded benefit code within 26 weeks after separation. No observed code is classified
as no benefit. When benefits overlap within a week, DREAM’s priority ordering determines the recorded code
(Table A-4). UI denotes unemployment insurance. For transitions matched to AKU, the stated reasons for
separation replace the initial label.
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Table A-6: AKU-reported separation shares by benefit-based label (N > 100)

DREAM code Benefit category N Layoff (%) Quit (%)

Layoff label

111 Unemployment insurance 2,227 72.38 27.62

130–139 Job-ready cash assistance 186 66.67 33.33

213–299 UI activation 107 66.36 33.64

652, 661 Education support without payment
/ related support

914 59.63 40.37

Quit label

651 Education support with payment 2,965 27.32 72.68

881 and above Parental, sickness, and other benefits 1,564 36.00 64.00

Missing Missing benefit code 831 33.09 66.91

Notes: The sample consists of EN transitions matched to an AKU response; only the displayed benefit categories
with N > 100 (the number of matched transitions in each benefit category) are shown. The sample includes
transitions before the worker completes her education, which the estimation sample and Table A-7 exclude.

Table A-7: AKU-Reported Separation Reasons by Inferred Label

Stated reason in AKU (%)

Inferred label N Layoff Quit

Layoff 2,080 73.75 26.25

Quit 858 40.68 59.32

All 2,938 64.09 35.91

Overall accuracy rate (%) 69.54

Notes: The sample consists of EN transitions matched to the Danish Labour Force Survey (AKU), restricted to
post-education transitions as in the estimation sample. The inferred label is based on weekly benefit records.
Each row reports the distribution of stated reasons among transitions with the given inferred label. Bold cells
are those where the two labels agree. The overall accuracy rate is the share of all transitions whose inferred
label matches the stated reason.

Measuring Mass Layoffs To measure mass layoffs in the micro-data, we follow Davis and von

Wachter (2011) and say that a worker is displaced in a mass layoff event if the worker separates

from establishment j in year t, and the following conditions are met:

1. Establishment j had more than 50 employees in year t− 2.

2. Employment at establishment j contracts by 30–99 percent from t− 2 to t.

3. Employment at establishment j in t − 2 is no more than 130 percent of employment in

t− 3.
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4. Employment at establishment j in t+ 1 is less than 90 percent of employment in t− 2.

E.3.2 Details of Steps 2–4

This subsection describes the sample conventions and restrictions used to implement the esti-

mator. All calculations are performed separately for each worker type.

Sample and weights. Let Yℓ denote the retained job–wage pairs and Yℓj the retained pairs

within job j. Each pair belongs to the strongly connected set of endogenous transitions, has

positive employment, and receives at least one hire from nonemployment. The weight Gℓy

counts person-months at risk, excluding the final sample month, for which no subsequent state

is observed. We write xy for the mean log wage in bin y.

PageRank scores and the offer process. We compute PageRank scores from the endogenous

mobility matrix and normalize them relative to the nonemployment score. For each candidate

employed offer-arrival probability, we recover the implied job values and offer shares. We select

the candidate whose aggregate job-to-job transition rate is closest to the observed rate. The

search grid runs from 0.0005 to approximately 0.06 in increments of 0.001. Denote the resulting

estimates by V̂ℓy, ĝℓy, and λ̂1
ℓ .

Imposing a common amenity within jobs. Sampling error means that the values recovered

from worker flows need not imply the same amenity across wage bins within a job. For each

candidate preference weight α, we therefore jointly determine model-implied values V ∗
ℓy(α) and

one amenity ϕ∗
ℓj(α) per job.

Holding the estimated offer process and destruction probabilities fixed, let Cℓy(V ) denote the

model’s expected continuation value evaluated at the value vector V . The values and amenities

satisfy

V ∗
ℓy(α) = αxy + ϕ∗

ℓj(α) + βCℓy(V
∗
ℓ (α)) , (A38)∑

y∈Yℓj

Gℓy

[
V̂ℓy − V ∗

ℓy(α)
]
= 0. (A39)

The first condition imposes the Bellman equation with a common amenity within each job. The

second keeps each job’s mean value, weighted by person-months, equal to the value recovered

from worker flows. The values of individual wage bins may therefore differ from their flow-based

estimates, but their average within each job does not.
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Matching the quit–wage elasticity. For each candidate α, the model-implied quit probability

is

m∗
ℓy(α) =

(1− δ̂ℓj)(1− λ̂1
ℓ)

1 + expV ∗
ℓy(α)

. (A40)

We obtain εℓ(α) by regressing the implied quit log odds on xy, with job fixed effects and

person-month weights. Jobs with a single retained wage bin provide no within-job variation.

We choose α̂ℓ to match εℓ(α) to the empirical slope ε̂ℓ. We first evaluate 13 candidates equally

spaced in logs between 10−3 and 1, then use Brent’s method within a bracket containing the

target. If the target lies outside the grid, the procedure returns the candidate with the closest

slope and issues a warning that the match is only approximate. The estimated amenities are

ϕ̂ℓj = ϕ∗
ℓj(α̂ℓ).

Amenity units. The implementation centers log wages, expresses amenities in wage-utility

units, and omits the Euler constant γE from the continuation value. Let ϕc
ℓj denote the computed

amenity and x̄ℓ = |Yℓ|−1
∑

y∈Yℓ
xy. The corresponding amenity in the paper’s utility units is

ϕ̂ℓj = α̂ℓ

(
ϕc
ℓj − x̄ℓ

)
− βγE. (A41)

The centering and Euler-constant adjustments are common across jobs within a worker type

and therefore do not affect their amenity ranking.

E.4 Parameter Estimates and Descriptive Patterns

E.4.1 Cross-Sectional Relationship

Occupational and industry patterns. Figure A-2 provides complementary descriptions of job

rankings.
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Figure A-2: Relationships between Job Amenities, Job Pay, and Job Value (Child Sample)
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E.4.2 Sources of Flow-Payoff Dispersion

To complement the correlations in Table 3, we examine dispersion in the model’s flow payoff,

vℓj(w) = αℓu(w) + ϕℓj. We first decompose its variance into the variance of wage utility, the

variance of flow amenities, and twice their covariance. We then separate variation between jobs

from variation within jobs. These decompositions concern current payoffs; forward-looking job

values also reflect job destruction and future employment opportunities.

Wage utility and amenities. Table A-10 reports the wage–amenity decomposition for both

generations.
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Between-job and within-job variation. Table A-11 reports the decomposition of flow-utility

variance into differences between jobs and within jobs.

Table A-8: Education Transition Matrix: Parent-Child

Child’s education

Parent’s education Below HS HS/Voc College College+

Panel A. Father–child
Below HS 14.8 49.4 26.4 9.4
HS/Voc 8.9 44.3 32.5 14.2
College 4.2 25.0 38.6 32.2
College+ 2.3 12.9 26.1 58.7

Panel B. Mother–child
Below HS 14.1 50.1 26.7 9.2
HS/Voc 9.0 44.2 32.5 14.3
College 4.8 26.1 37.2 31.9
College+ 2.0 11.8 25.2 61.0

Notes: Each row is the parent’s highest completed education and reports the percent-
age distribution of the child’s highest completed education, pooling sons and daugh-
ters; rows sum to 100 up to rounding. Panel A conditions on the father’s education
and Panel B on the mother’s, so each row averages over the other parent’s education.
Shaded cells mark the most common destination among the children in each row.
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Table A-9: Type Transition Matrix: Parent-Child

Sons Daughters

Parent’s education Below HS HS/Voc College College+ Below HS HS/Voc College College+

Panel A. Father’s education
Below HS 9.9 27.0 9.0 4.1 4.9 22.4 17.3 5.3
HS/Voc 5.9 25.7 12.3 6.4 3.0 18.6 20.3 7.9
College 3.0 15.8 16.4 15.4 1.2 9.2 22.2 16.8
College+ 1.6 8.3 12.2 29.1 0.8 4.5 13.8 29.6

Panel B. Mother’s education
Below HS 9.3 27.3 9.6 4.0 4.8 22.8 17.1 5.2
HS/Voc 6.0 25.2 12.0 6.4 3.0 19.0 20.5 7.9
College 3.4 16.7 15.1 15.0 1.4 9.4 22.1 17.0
College+ 1.4 8.3 12.1 30.2 0.6 3.6 13.1 30.8

Notes: Each row is the parent’s highest completed education and reports the percentage distribution of
the child’s type; rows sum to 100 up to rounding. Panel A conditions on the father’s education and Panel
B on the mother’s, so each row averages over the other parent’s education. Within each gender block,
shaded cells mark the most common destination for sons and for daughters of each parent group.
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Table A-10: Sources of Flow-Utility Dispersion

Education Wage utility Amenities Covariance term

Panel A. Parents

Men

Below high school 7.3 90.1 2.5

High school / vocational 15.4 74.7 9.9

College 10.9 79.2 10.0

Postgraduate 9.4 83.7 6.8

Women

Below high school 22.5 79.8 −2.3

High school / vocational 17.2 73.4 9.4

College 18.4 71.3 10.3

Postgraduate 8.1 90.2 1.7

Panel B. Children

Men

Below high school 44.9 87.8 −32.7

High school / vocational 34.5 84.5 −19.0

College 22.8 85.8 −8.5

Postgraduate 10.1 93.5 −3.6

Women

Below high school 48.7 75.0 −23.7

High school / vocational 41.2 79.5 −20.7

College 50.4 75.1 −25.6

Postgraduate 27.9 90.2 −18.1

Notes: Panel A refers to the parent generation in the 1990s and Panel B to the child generation in the 2010s.
Entries report each component’s share of the variance of flow utility, v = αℓu(w)+ϕℓj , in percent. The columns
report Var(αℓu(w)), Var(ϕℓj), and 2Cov(αℓu(w), ϕℓj), each divided by Var(v). Shares sum to 100 within each
row, up to rounding.
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Table A-11: Flow-Utility Dispersion Between and Within Jobs

Education Between jobs Within jobs

Panel A. Parents

Men

Below high school 96.0 4.0

High school / vocational 90.5 9.5

College 94.0 6.0

Postgraduate 94.6 5.4

Women

Below high school 85.1 14.9

High school / vocational 88.5 11.5

College 88.3 11.7

Postgraduate 95.8 4.2

Panel B. Children

Men

Below high school 73.5 26.5

High school / vocational 79.5 20.5

College 87.7 12.3

Postgraduate 94.0 6.0

Women

Below high school 68.4 31.6

High school / vocational 73.3 26.7

College 67.4 32.6

Postgraduate 83.1 16.9

Notes: Panel A refers to the parent generation in the 1990s and Panel B to the child generation in the 2010s.
Entries are percentages of flow-utility variance attributable to differences between jobs and dispersion within
jobs. Within worker type ℓ, the decomposition is Var(v | ℓ) = Var(E[v | ℓ, j] | ℓ)+E[Var(v | ℓ, j) | ℓ]. A job is an
occupation–establishment-type pair. Because amenities are constant within type–job cells, within-job dispersion
conditional on worker type reflects wage variation. Shares sum to 100 within each row, up to rounding.
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Table A-12: Pearson and Spearman Correlations by Worker Type

Parents Children

Education Pearson Spearman Pearson Spearman

Men
Below high school 0.521 0.567 0.392 0.640
High school / vocational 0.606 0.596 0.641 0.697
College 0.394 0.578 0.587 0.706
Postgraduate 0.319 0.464 0.588 0.752

Women
Below high school 0.649 0.562 0.568 0.597
High school / vocational 0.724 0.600 0.664 0.648
College 0.658 0.616 0.497 0.699
Postgraduate 0.302 0.599 0.650 0.782

Notes: Parents refers to the parent generation in the 1990s and Children to the child generation in the 2010s.
Each entry is the correlation, across the jobs held by one worker type, between a job’s value and its average
log wage. Both are averages over the job’s wage bins, weighted by person-months, and the values are those
recovered from worker flows. The Pearson correlation weights each job by its person-months; the Spearman
rank correlation weights all jobs equally.

Table A-13: Decomposition of Pooled Flow-Utility Variance into Wage Utility and Amenities

Log wage

Level Share
(1) (2)

Panel A. Parents
Var(v) 3.819 1.000
Var(u(w)) 0.307 0.080
Var(ϕ) 3.791 0.993
2Cov(u(w), ϕ) −0.279 −0.073

Panel B. Children
Var(v) 0.617 1.000
Var(u(w)) 0.198 0.320
Var(ϕ) 0.508 0.824
2Cov(u(w), ϕ) −0.089 −0.145

Notes: Parents refers to the parent generation in the 1990s and Children to the child generation in the 2010s.
The table decomposes the variance of flow utility v, pooled across worker types, into the variance of wage utility
u(w), the variance of amenities ϕ, and twice their covariance. Wage utility is measured by the log wage. Flow

utility and amenities are expressed in log-wage units (A41): v = logw+ϕ, with ϕ = ϕc
ℓj − x̄ℓ = (ϕ̂ℓj +βγE)/α̂ℓ.

Variances and the covariance are computed across the job–wage pairs of all worker types, weighted by person-
months. The level column reports variances, and the share column reports them as shares of Var(v); the three
components sum to Var(v), up to rounding.
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E.4.3 Reliability of Estimated Job Values

Split-sample correlation. Because job values are estimated from worker flows, the ranks that

enter the rank-rank regressions contain estimation error, which attenuates the slopes. To gauge

the size of this error, we randomly divide the workers of each generation’s estimation sample

into two disjoint subsamples, assigning a worker’s entire employment history to one of them,

and estimate the job values separately on each subsample. For each parent-child pair, we then

construct the child’s average job value over 2010–2019 and the parents’ average job value over

1991–2000 twice, once with each subsample’s estimates.

Table A-14: Split-Sample Correlation of Job Values

Children Parents

Split-sample correlation 0.971 0.944

Observations 75,283 75,775

Notes: This table reports the correlation between two estimates of job value, obtained by estimating the model
separately on two disjoint subsamples of the estimation sample. Children refers to the child’s job value in
2010–2019 and Parents to the family-average job value of the parents in 1991–2000.

Table A-14 reports split-sample correlations of 0.971 for children and 0.944 for parents. Es-

timation noise specific to a subsample therefore accounts for 2.9 percent of the variance of

children’s ranks and 5.6 percent of the variance of parents’ ranks within each subsample. The

full-sample estimates use twice as much data and are more precise. From the Spearman–Brown

formula, 2sg/(1 + sg), where sg is the split-sample correlation for generation g, the reliability

of the full-sample ranks is 0.985 for children and 0.971 for parents. These reliabilities imply an

attenuation factor of
√
0.985× 0.971 ≈ 0.978, so estimation noise lowers the job-value slope by

about 2 percent. Error shared by the two subsamples, such as finite-sample bias in thinly pop-

ulated jobs, counts as signal in this calculation, so these figures are lower bounds on estimation

noise.

Bootstrap standard errors. The rank-rank slopes are computed in a second step from es-

timated job values, so their sampling error has two sources: which families enter the linked

sample, and estimation error in the job values.

Following the two-step logic of Murphy and Topel (1985), we add the two variances,

ŝe(β̂)2 = ŝeconv(β̂)
2 + ŝeboot(β̂)

2

The conventional part is the standard error of the rank-rank regression run once at the point
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estimates, treating job values as data. The bootstrap part resamples workers. Each draw

samples N workers with replacement from the N workers in a generation’s estimation panel,

keeps each drawn worker’s complete monthly history, and re-estimates every model object

on the resampled panel: the destruction rates, the wage coefficient, the amenities, the offer

distributions, the arrival rates, and the job values. Each draw holds fixed the cell wages, the

voluntary share of exits, and the definitions of worker types and jobs. We pair draw b of the

parental panel with draw b of the child panel and keep the parent-child sample fixed. In each

draw, we repeat every step of the main specification: we attach values to jobs, average over

the measurement windows and over parents, rank within generation, and run the regression.

The families are the same in every draw, but their ranks can change. The bootstrap part is

the standard deviation of the resulting slopes across 100 draws. It captures a dependence that

the conventional standard error ignores: the error in a job’s estimated value is shared by every

parent and child who held that job.

Table A-15: Bootstrap Standard Errors of the Rank-Rank Estimates

Estimate
Conventional

SE
Bootstrap

SE
Overall
SE

Job value (heterogeneous) 0.111 0.0036 0.0011 0.0038
Wage income 0.175 0.0036 0 0.0036
Job flow value αℓu(w) + ϕℓj 0.038 0.0037 0.0016 0.0040
Continuation value E(cont.) 0.113 0.0036 – 0.0036
Flow amenity ϕℓj 0.109 0.0036 0.0020 0.0041
Flow wage utility αℓu(w) 0.160 0.0036 – 0.0036

Observations 76,187

Notes: Rank-rank slopes of the child’s rank on the rank of the average family measure, 1980-81 birth cohorts.
The conventional SE treats the estimated job values as data; the bootstrap SE is the standard deviation of the
slope across 100 worker-level bootstrap draws of the job-value estimator with the parent-child sample held fixed;
the overall SE is the square root of the sum of the two squared SEs. Wage income is not estimated, so it has
no bootstrap part; a dash marks components whose bootstrap SE has not been computed.

Table A-15 shows that this part is small. For the job-value slope of 0.111, it raises the

standard error from 0.0036 to 0.0038.
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F Main Results I: Mobility in Job Value vs. Mobility in Earn-

ings

F.1 Income Mobility

Table A-16: Rank-Rank Slope Estimates

Rank–Rank

(1) (2) (3) (4)

Wage Income 0.175***
(0.004)

Income w. Transfers 0.174***
(0.004)

Income w/o Transfers 0.209***
(0.004)

Disposable Income 0.156***
(0.004)

Constant 41.644*** 41.728*** 39.968*** 42.624***
(0.209) (0.208) (0.206) (0.209)

Observations 76,187 76,187 76,187 76,187
R2 0.031 0.030 0.043 0.024

Notes: Each column reports a separate rank–rank regression using the indicated income measure. Standard
errors in parentheses. ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.
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F.2 Intergenerational Transmission in Job Value

Table A-17: Intergenerational Mobility in Job Value

Dependent Variable: Child Job Value (Heterogeneous)

(1) (2) (3)

Average Family Job Value 0.111***
(0.004)

Sum Family Job Value 0.122***
(0.004)

Max Family Job Value 0.120***
(0.004)

Constant 0.445*** 0.439*** 0.440***
(0.002) (0.002) (0.002)

Observations 76,187 76,187 76,187
R2 0.012 0.015 0.014

Notes: Standard errors in parentheses. Parent and child job values are estimated from the heterogeneous model
and measured as ranks. ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.

Table A-18: Intergenerational Job Value Transmission by Component

(1) (2) (3) (4)

Job Flow
Value

αℓu(w) + ϕℓj

Continuation
E(cont.)

Flow
Amenity

ϕℓj

Flow Wage
Utility
αℓu(w)

Parent component rank 0.038*** 0.113*** 0.109*** 0.160***
(0.004) (0.004) (0.004) (0.004)

Observations 76,187 76,187 76,187 76,187
R2 0.001 0.013 0.012 0.026

Notes: Standard errors in parentheses. Parent and child job-value components are estimated from the hetero-
geneous model and measured as ranks. ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.
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G Main Results II: Understanding Differences in Value and

Earnings Transmission

G.1 Relation to Existing Evidence on Family Background and Job Attributes

This appendix relates our findings in Section 7.1 to existing evidence on how non-wage job

attributes vary with family background.

Evidence from the United States. Boar and Lashkari (2025) score occupations in the United

States on a survey-based index of “intrinsic quality,” which summarizes attributes such as re-

spectful treatment, opportunities to learn, and the absence of heavy lifting. They show that

the children of higher-income parents choose occupations of higher intrinsic quality.85 We find

the same pattern for observed attributes of this kind. In our data, too, the children of higher-

earning parents work in occupations with less handling and moving of objects, more freedom to

make decisions, and a lower risk of injury: the slopes of these attributes on parental earnings

rank are −0.120, 0.100, and −0.103.

Valuing intrinsic quality in a model of occupational choice, Boar and Lashkari (2025) conclude

that the welfare of children is more strongly related to parental resources than their earnings

are. With parents ranked by their earnings, we find a slope of 0.131 for the job value of children

and 0.175 for their earnings. We view the two sets of results as complementary, because they

measure different objects in different settings. First, our measure of job value is inferred from the

voluntary moves of workers across jobs. It therefore reflects the entire bundle of job attributes,

including job security and attributes that surveys do not measure, whereas intrinsic quality

summarizes a set of measured attributes. Second, we study Denmark rather than the United

States. Third, we define jobs more finely (a three-digit occupation in one of twelve types

of establishment, against 54 occupations in their analysis). Fourth, we measure earnings in

administrative registers rather than in a household survey.

Evidence from Sweden. Our findings are consistent with recent evidence from Sweden. Fors-

berg et al. (2026) use the PageRank approach of Sorkin (2018) to infer the value of firms from

the moves of workers. They find that the value of the child’s firm is less strongly related to the

father’s income than the firm’s pay premium is (R2 of 0.019 against 0.031).

85Haeck and Laliberté (2025) document the same pattern in Canada.
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G.2 Relating Model Estimates to Observables

Figure A-3: Job Attributes and the Value–Earnings Rank Wedge: Additional Attributes

Unpaid Overtime Hours
Actual Weekly Hours
Paid Overtime Hours

Work Importance Beyond Pay
Sleep ≤ 6 Hours

Contact with Other People
Administrative Activities

Determine Tasks and Goals
Working with the Public

Freedom to Make Decisions

Duty for Others' Safety
Level of Job Competition

Burns, Cuts, Bites, Stings
Time Pressure

Enclosed Vehicle/Equipment
Irregular Work Schedules

-0.10 -0.05 0.00 0.05 0.10

Effect of 1 SD Attribute on Dc
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Notes: Each marker shows the coefficient from a separate regression of the child’s rank wedge on one standardized
occupation-level attribute, as in Figure 11.
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Figure A-4: Intergenerational Transmission of Job Attributes: Additional Attributes

Layoff Risk

Workplace Injury Risk

Occupational Disease Risk

Administrative Activities

Determine Tasks and Goals

Freedom to Make Decisions

Working with the Public
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Irregular Work Schedules

Enclosed Vehicle/Equipment

Time Pressure
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Rank-Rank Slope in Occ-Level Attributes

Administrative Data O*NET EWCS

Notes: This figure adds attributes to Figure 13. Each marker shows the rank-rank slope from regressing the
child’s rank in an occupation-level attribute on the parents’ rank in the same attribute. Horizontal bars represent
95% confidence intervals, and the dashed line marks the rank-rank slope in earnings.

In Denmark, 0.6% of workers are injured in a work accident each year. From the injury claims

described in Section 4, we construct the injury risk of an occupation as the number of reported

injuries in the occupation divided by its number of full-time employees. We do so separately

for work accidents, sudden and unexpected events during work that cause an injury, and for

occupational diseases, which develop through prolonged exposure to harmful conditions at work.

Figure A-5 compares the incidence of workplace accidents with that of mass layoffs.

A-42



Figure A-5: Workplace Accidents are as Common as Mass Layoffs
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H Mechanisms

H.1 Is It About Parental Resources per se?

Figure A-6: Decomposition of the Difference between Value and Earnings Transmission, with
Parental Wealth
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Notes: This figure adds to Figure 9 the slope from a regression of the child’s rank wedge on the rank of parental
net worth (second bar). Table A-19 reports the regressions behind the first two bars. Error bars represent 95%
confidence intervals.

Table A-19: Parental Resources and Child Wedge

Child Wedge: Value Rank − Earnings Rank

(1) (2)

Parental Pay −0.045∗∗∗

[0.003]

Parental Net Worth −0.048∗∗∗

[0.003]

R2 0.002 0.003
Observations 76,187 76,187

Notes: Each column reports a separate regression of the child’s wedge, the child’s job value rank minus the
child’s earnings rank, on a measure of parental resources: the rank of average family wage income in column
(1) and the rank of family net worth in column (2). Job values are estimated from the heterogeneous model.
Standard errors in brackets. ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.
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H.2 Exogenous Wealth Shock from Sudden Death

A natural hypothesis emerges from models of job search with consumption-saving decisions.86

In these frameworks, lower assets lead individuals to accept higher-wage, lower-amenity jobs.

Once this constraint is relaxed through a change in their asset position, workers substitute

toward low-wage, high-amenity jobs.

We test this prediction by exploiting quasi-experimental variation from unexpected inheri-

tances induced by the sudden parental death of the last unmarried parent, following Druedahl

and Martinello (2022). Large, unexpected inheritances provide a clean test: if the wages-

amenities trade-off is governed by asset positions, substantial wealth shocks should induce

workers to re-optimize their job choices, moving to positions with higher amenities and lower

wages.

Estimating the causal effect of inheritance from parental death poses three challenges. First,

individuals may anticipate receiving an inheritance at some time in their lives and adjust their

behavior prior to the shock. Second, heirs might predict the timing of parental death (e.g.,

terminal illness) and react in advance. Third, parental death itself, independent of any wealth

transfer, may affect child labor market outcomes.

Our approach addresses these concerns through three design features. First, our sample in-

cludes all heirs who are exposed to large potential inheritances between 2002 and 2015, differing

only in the timing of parental death. Second, we restrict to sudden deaths from accidents (such

as car crashes) or heart attacks with no precondition, minimizing anticipation of the timing.

Third, we compare heirs receiving large potential inheritances (exceeding their yearly perma-

nent income) to a placebo group whose parents died with little or no wealth to leave as a

bequest.87 This comparison isolates the wealth effect from any direct effects of parental death

itself.

Figure A-7 presents event-study estimates of the effect of large inheritance on job value (panel

a) and the flow amenity (panel b). The vertical dashed line at year 0 marks the timing of parental

death. Despite substantial increases in an heir’s net worth following the parental death, we find

no statistically significant effects on labor market outcomes.88 The point estimates for both the

job value rank and the amenity rank remain close to zero up to six years after parental death,

with tight confidence intervals ruling out economically meaningful effects.

The absence of direct wealth effects on labor market outcomes suggests that the strong

86Examples include Krusell et al. (2010); Lise (2013); Luo and Mongey (2019); Chaumont and Shi (2022).
87Details on the definition of permanent income, the calculation of potential inheritance in the Danish context,

the event-study specification, sudden death timeline, data construction, and balance tests are provided in the
next section.

88As shown in Figure A-9 and Figure A-10.
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Figure A-7: The Effect of (Large) Inheritance on Labor Market Outcomes
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correlation between parental wealth and children’s job value does not primarily reflect the

direct effect of wealth transfers per se. Large, unexpected wealth shocks, even those exceeding

annual permanent income, fail to alter children’s labor market trajectories. This conclusion

holds, even when we separately perform the analysis by heir age, younger heirs (below age 30)

and older heirs (above age 30).

H.3 Unexpected Inheritance Design Details

We define permanent income as a weighted average of the past five years of disposable in-

come: perminc t = 0.45 dispinc t + 0.25 dispinc t−1 + 0.15 dispinc t−2 + 0.10 dispinc t−3 +

0.05 dispinc t−4.

Potential inheritance is defined by splitting the after-tax wealth equally among children (An-

dersen and Nielsen, 2011). In the Danish context, a minority of Danes draft a will (Andersen

and Nielsen, 2011), and surviving children are always entitled to part of the inheritance even

in the presence of a will (Danish Inheritance Act No. 515 of 06 June 2007, Section 5).

Our specification for individual i who experiences parental death at time τi is:

Yi,t =
−5∑

k<−2

δk1[t− τi = k] +
7∑

k≥−2

δk1[t− τi = k] + αi + λt + θa(i,t) + εi,t (A42)

The dependent variable Yi,t represents wealth holdings and labor market outcomes. For

wealth, we examine net wealth and liquid assets. On the labor market side, we investigate job

value and the flow amenity.

Our parameter of interest is δk; these coefficients trace out the dynamic treatment effects

relative to k = −1. We include a comprehensive set of fixed effects: individual fixed effects αi,
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year fixed effects λt, and cohort fixed effects θa(i,t).

Figure A-8: Sudden Death Timeline

Table A-20: Inheritance and Heir Characterization, One Year before Parental Death

Unexpected inheritance

All All Sizable pot. inheritance

Imputed inheritance, 1,000 DKK 27.998 29.077 675.730
Permanent income, 1,000 DKK 211.192 206.177 208.637
Imputed inheritance, normalized 0.141 0.152 3.597
Net worth, normalized 0.246 0.222 0.557

Liquid assets, normalized 0.273 0.262 0.366
Uncollateralized debts, normalized 0.738 0.724 0.717
Financial investments, normalized 0.070 0.069 0.136
Housing equity, normalized 0.641 0.615 0.772
Housing value, normalized 2.389 2.303 2.638
Mortgage, normalized 1.748 1.688 1.866
Homeowner 0.554 0.548 0.581
Owner of 2+ units 0.055 0.053 0.045

Disposable income, 1,000 DKK 217.459 212.659 215.612
Married 0.499 0.490 0.490
Year of inheritance 2006.853 2006.346 2006.888
Age at inheritance 40.513 39.954 38.914
Parental age at death 40.513 39.954 38.914
# episodes 368,308 32,527 1,262

Notes: Unexpected inheritances are those due to sudden parental death. Sizable potential inheritances are those
larger than one year of the permanent income of the heir. Permanent and disposable income are in thousands
of DKK. In 2012 (as of December 31), 1 USD was equal to 5.64 DKK. All wealth measures are normalized by
permanent income.
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Figure A-9: The Effect of Inheritance on Net Worth

(a) Net Worth, Large Inheritance
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(b) Net Worth, small or no inheritance (placebo)
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Figure A-10: The Effect of Inheritance on Liquid Assets

(a) Liquid Assets, Large Inheritance
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(b) Liquid Assets, small or no inheritance
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I Robustness and Additional Results

I.1 Robustness

I.1.1 Alternative Family Measure

Figure A-11: Rank-Rank Slopes in Job Value and in Earnings, by Family Measure
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Notes: This figure compares the rank-rank slopes in job value and in earnings when parents are ranked by the
average (left) or by the sum (right) of the mother’s and the father’s outcomes. Brackets report the difference
between the two slopes, its percentage of the earnings slope, and its p-value. Dashed lines mark the earnings
slopes. Error bars represent 95% confidence intervals.

I.1.2 Involuntary Job-to-Job Moves

This appendix presents the version of the model with Godfather shocks that we use in Sec-

tion 8.1.4. We first lay out the model and then describe how we identify and estimate the

probability of the shock, ρℓj. In both parts, we follow Sorkin (2018) almost exactly.

The model. The only change from the baseline is the problem of an employed worker. At the

start of each period, the job of a worker of type ℓ in job j is destroyed with probability δℓj, and

the worker moves to nonemployment. If the job survives, the worker receives a Godfather shock

with probability ρℓj: she is reallocated to a job–wage pair (j′, w′) drawn from the distribution

g̃ℓ, without the option to stay in job j. Otherwise, she faces the same choices as in the baseline.

With probability λ1
ℓ , she receives an outside offer (j′, w′), drawn from Gℓ, and chooses between

the offer and her current job. With probability 1−λ1
ℓ , she chooses between nonemployment and
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her current job. Like the destruction probability, the probability of the shock is an attribute of

the job that is fixed over time and does not vary with the wage. The value of employment at

job j and wage w is therefore

V e
ℓj(w) = αℓu(w) + ϕℓj︸ ︷︷ ︸

flow payoff

+β E
[

δℓj{V n
ℓ + ι1}︸ ︷︷ ︸

exogenous job destruction

+(1− δℓj) ρℓj
∑
(j′,w′)

g̃ℓ(j
′, w′) {V e

ℓj′(w
′) + ι2}︸ ︷︷ ︸

Godfather shock: forced job-to-job move

+ (1− δℓj)(1− ρℓj)
[
λ1
ℓ

∑
(j′,w′)

gℓ(j
′, w′) max{V e

ℓj′(w
′) + ι3, V e

ℓj(w) + ι4}︸ ︷︷ ︸
offer arrives: endogenous job-to-job

+ (1− λ1
ℓ) max{V n

ℓ + ι5, V e
ℓj(w) + ι6}︸ ︷︷ ︸

no offer: worker chooses stay vs. quit

]]
.

(A43)

As in the model of Sorkin (2018), the Godfather term contains no max operator: a worker who

receives the shock moves to (j′, w′) whatever its value relative to her current job, so the move

reveals nothing about her preferences. When ρℓj = 0 for all types and jobs, equation (A43)

reduces to equation (2) of the baseline model. The problem of a nonemployed worker, equa-

tion (4), does not change.

Identification and estimation of ρℓj. With Godfather shocks, some job-to-job moves are forced,

so Step 1 must classify job-to-job moves as well as separations into nonemployment. We keep

the baseline classification of separations into nonemployment, so the destruction probabilities

δℓj are those that we measure from benefit records (Section 5.2.1). A move from one job to

another leaves no benefit record. For these moves, we follow the approach of Sorkin (2018,

Section V.B), who infers forced moves from the employment dynamics of employers. Unlike

Sorkin, we do not use employment dynamics to recover δℓj.

The approach rests on two restrictions. First, a job-to-job move out of an establishment that

is not contracting is a choice, and so is a change of occupation within an establishment. Second,

at a contracting establishment, workers leave for other establishments by choice at the rate that

the model predicts, and the moves in excess of this rate are forced. We classify establishments,

and not jobs, as contracting, because a job is not an employer: employment in an occupation

within an establishment type can fall when workers change occupation inside establishments

that are growing. An establishment is contracting in month t if its headcount, summed over

all worker types, is lower in month t + 1 than in month t, and it is growing otherwise.89 Each

job-to-job move takes the status of its origin establishment in the month of the move.

89The departure of a worker lowers the headcount of her establishment by one. At a small establishment, a
single voluntary departure could therefore make the establishment count as contracting. For workers who leave
their establishment, we call it contracting only if its headcount falls by more than one.
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The rate that the model predicts is the probability that a type-ℓ worker in job j at wage w

leaves for another job by choice, the counterpart of equation (18) in Sorkin (2018):

πℓj(w) = (1− δℓj)(1− ρℓj)︸ ︷︷ ︸
no exogenous shock

λ1
ℓ︸︷︷︸

offer arrives

∑
(j′,w′ )̸=(j,w)

gℓ(j
′, w′)Pℓ,j′w′|jw︸ ︷︷ ︸

offer of (j′, w′) is accepted

, (A44)

where Pℓ,j′w′|jw is the acceptance probability of equation (3). Let π̄ℓj denote the average of

πℓj(w) over the wage bins of job j, weighted by person-months.90 For each month t, let Gc
ℓjt

be the number of type-ℓ person-months in job j at contracting establishments, and let sℓjt be

the share of these person-months that end in a job-to-job move to another establishment. The

probability that such a move is forced, and the probability of the Godfather shock, are then

χℓjt = max
{
0, 1− π̄ℓj

sℓjt

}
, ρℓj =

1

Gℓj

∑
t

χℓjt sℓjtG
c
ℓjt, (A45)

where Gℓj is the number of type-ℓ person-months in job j, as in equation (A6). The first

expression is one minus equation (19) in Sorkin (2018), and the second follows his definition of

the probability of the reallocation shock. If workers leave contracting establishments no more

often than the benchmark predicts, none of their moves counts as forced. We do not know

which moves are forced. Each job-to-job move out of a contracting establishment therefore

enters the endogenous mobility matrix Mℓ with weight 1 − χℓjt, the probability that it is a

choice, and every other job-to-job move enters with weight one. The probability ρℓj counts the

forced moves that these weights imply, per person-month in job j.

As Sorkin (2018, Online Appendix G) does, we therefore iterate. We start with a benchmark

equal to the rate at which type-ℓ workers in job j leave growing establishments for other

establishments, pooled over months. In each round, we compute the weights and ρℓj, recover

the job values, the offer shares and λ1
ℓ as in Steps 2 and 3, and update the benchmark with

equation (A44). We stop when the correlation between the job values of two successive rounds

reaches 0.999, or after 20 rounds.

Given ρℓj and Mℓ, the remaining steps follow the baseline with two changes. First, a worker

can receive an outside offer or quit only if her job survives both shocks. The factor (1− δℓj)(1−
ρℓj) therefore takes the place of (1 − δℓj) in the flow equations (6) and (8), and with it in the

PageRank score (9), the job values (14), the aggregate job-to-job transition rate (16) and the

model’s quit probability (A40). Second, the continuation value in Step 4 is the one implied by

90We also scale π̄ℓj by a factor that is common to all jobs of type ℓ, so that its person-month-weighted average
across jobs equals the corresponding average of the rates at which type-ℓ workers leave growing establishments
for other establishments. The scaling makes the benchmark comparable to the rates sℓjt below, which count
only moves to another establishment, while πℓj(w) counts every move between jobs. The model thus determines
how the benchmark varies across jobs, and growing establishments determine its level. Sorkin (2018) averages
the benchmark and the shock probabilities within 20 sectors; we average both within jobs.
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equation (A43). It includes the expected value after a Godfather shock, which depends on g̃ℓ,

a distribution that Steps 2 and 3 do not recover. Following Sorkin (2018, Online Appendix K),

we set g̃ℓ = gℓ, so that a forced move leads to a job–wage pair drawn from the offer distribution.

I.1.3 PageRank

This appendix presents the PageRank approach of Sorkin (2018). The approach starts from a

static discrete choice. When worker i makes a voluntary job-to-job move and chooses between

jobs j and k, she compares the value of the two jobs. The utility of worker i from job j is

Uij = V PR
j︸︷︷︸

common value

+ϵij, (A46)

where V PR
j is the value of job j that is common to all workers (the superscript distinguishes

it from the value of employment in our model, V e
ℓj), and ϵij is an i.i.d. Type-I extreme-value

preference shock with scale normalized to one. By the logit structure, the probability that a

worker chooses job k over job j is

P (choose k over j) =
exp(V PR

k )

exp(V PR
k ) + exp(V PR

j )
=

Mkj

Nkj

, (A47)

where Nkj is the number of workers who choose between jobs k and j, Mkj is the number who

choose k over j, and Mjk is the number who choose j over k. Abstracting from the size of jobs,

the relative value of two jobs follows from the bilateral flows between them:

V PR
k − V PR

j = ln

(
Mkj

Mjk

)
. (A48)

Equation (A48) cannot be applied pair by pair in practice. Many pairs of jobs have no flows in

one direction or no flows at all, and even when flows exist, the pairwise comparisons need not

be consistent with one another: they may imply V PR
A > V PR

B , V PR
B > V PR

C and V PR
C > V PR

A .

Sorkin (2018) resolves both problems by imposing Mkj/Mjk = exp(V PR
k )/ exp(V PR

j ) for all pairs

simultaneously and aggregating the conditions into one equation per job. Cross-multiplying and

summing over j, the value of each job k is the fixed point of

exp(V PR
k ) =

value-weighted entry︷ ︸︸ ︷∑
j∈J

Mkj exp(V
PR
j )∑

j∈J

Mjk︸ ︷︷ ︸
exits

, ∀k ∈ J , (A49)
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where J is the set of all jobs. Equation (A49) defines the value of a job recursively: a good job

attracts workers from other good jobs and loses few workers. The numerator weights the inflow

of workers into job k by the value of the jobs that they leave, and the denominator penalizes

jobs with many departures. We solve equation (A49) on the voluntary job-to-job moves of all

workers together, which yields a single ranking of jobs, and rank children and parents by the

resulting values as in the baseline.

I.2 Additional Results

I.2.1 Absolute Mobility with Binned Means

Figure A-12: Absolute Mobility in Value-Value Specification, with Binned Means

Slope (Earnings) = .176
(.004)

Slope (Value) = .111
(.004)

.4

.45

.5

.55

.6

.65

C
hi

ld
's

 E
xp

ec
te

d 
R

an
k

0 .2 .4 .6 .8 1
Rank of Family

Earnings Job Value (het.)

(a) Linear Comparison
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(b) Non-linear Comparison

Notes: This figure repeats Figure 15. Markers show the mean rank of children within bins of family rank, when
both generations are ranked by earnings (blue) or by job value (green). Lines show linear fits (panel a) and
local linear regression fits (panel b).
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I.2.2 Amenity–Earnings Transmission

Table A-21: Amenity–Earnings Transmission

Dependent Variable: Child Job-Value Component (Heterogeneous)

Flow Wage
Utility

Flow
Amenity

Continuation
Value

Non-Wage
Job Value

(1) (2) (3) (4)

Average Family Earnings 0.143*** −0.100*** 0.112*** 0.111***
(0.004) (0.004) (0.004) (0.004)

Constant 0.428*** 0.550*** 0.444*** 0.445***
(0.002) (0.002) (0.002) (0.002)

Observations 76,187 76,187 76,187 76,187
R2 0.021 0.010 0.013 0.012

Notes: Standard errors in parentheses. Child job-value components are estimated from the heterogeneous model
and measured as ranks; families are ranked by the average of their parents’ earnings. Non-wage job value is the
sum of flow amenity and continuation value. ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.

I.2.3 Components of Intergenerational Transmission in Job Value

Figure A-13: Intergenerational Transmission of Job Value Components
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Notes: The figure reports rank–rank slopes of each child job-value component on the corresponding family
component. Families are ranked by the average of their parents’ components. Components are from the model
with heterogeneous preferences. Whiskers show 95 percent confidence intervals.
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I.2.4 Gender Differences

Figure A-14: Value–Earnings Transmission, Sons and Daughters
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Notes: The figure reports rank–rank slopes of the child’s job value on the family’s earnings rank, separately for
sons and daughters. Families are ranked by the average of their parents’ earnings. Whiskers show 95 percent
confidence intervals. The p-value is from a two-sample z-test.

Figure A-15: Intergenerational Transmission of Job Value Components, Sons and Daughters
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Notes: The figure reports rank–rank slopes of each child job-value component on the corresponding family
component, separately for sons (hatched) and daughters (solid). Families are ranked by the average of their
parents’ components. Components are from the model with heterogeneous preferences. Whiskers show 95
percent confidence intervals.
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I.2.5 Job Value Transmission Within and Across Worker Types

We next examine how educational attainment relates to intergenerational persistence in earnings

and job-value ranks.

Our analysis relates to the literature on educational mobility in Denmark. Karlson and

Landersø (2025) document substantial expansion of higher education among cohorts born in

the 1970s and 1980s, alongside declining intergenerational educational mobility. Landersø and

Heckman (2017) likewise document a persistent relationship between family background and

educational attainment. These findings distinguish increases in educational attainment across

generations from reductions in the dependence of children’s education on parental background.

Table 1, Panel D, documents the generational shift in educational attainment in our sample.

In the IGM-Job sample, 50 percent of children have college or postgraduate qualifications,

compared with 24 percent of fathers and 31 percent of mothers. Conversely, approximately 76

percent of fathers and 69 percent of mothers fall below the college education group. Children

are therefore substantially more likely than their parents to have completed higher education.

There is a clear association between the educational attainment of parents and that of their

children (Appendix Table A-8). Among children whose fathers did not complete high school,

36 percent have a college or postgraduate education.91 This share rises to 47, 71 and 85 percent

among children whose fathers have a high school or vocational education, a college education

and a postgraduate education, respectively. The corresponding shares by the education of

mothers are almost identical: 36, 47, 69 and 86 percent.

To assess how persistence in earnings and job-value ranks changes after accounting for ob-

served types, we augment the baseline rank–rank specifications with discrete type controls:

Rc,k
i = ak + β̃kR

p,k
i +D′

iθk + εki , k ∈ {Value,Earnings}. (A50)

Here, Rc,k
i is the child’s rank in outcome k, Rp,k

i is the corresponding parental-rank measure,

and Di collects indicators for the child’s education–gender type and each parent’s educational

attainment.

Let β̂k denote the parental-rank coefficient without type controls and
̂̃
βk the coefficient from

equation (A50). We summarize the change using

∆̂k = β̂k −
̂̃
βk, ŝk =

∆̂k

β̂k

. (A51)

Thus, ŝk measures the proportional reduction in the rank–rank coefficient associated with

91These shares add the “College” and “College+” columns of Appendix Table A-8.
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adding type controls.

Figure A-16 reports the estimates. For earnings, adding the type controls lowers the rank–

rank coefficient from 0.175 to 0.090, so that 49 percent of the coefficient is associated with

transmission across types. For job value, it lowers the coefficient from 0.111 to 0.072, so that 35

percent is associated with transmission across types. Observed type controls therefore account

for a larger proportional reduction in earnings persistence than in job-value persistence.

Figure A-16: Job Value Transmission Within and Across Worker Types
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Notes: The figure compares rank–rank persistence in job value and earnings. Within Types reports the coeffi-

cient after adding the type controls in equation (A50),
̂̃
βk. Across Types reports the difference between these

coefficients, β̂k − ̂̃
βk. Percentages express each displayed component relative to the corresponding coefficient

without type controls.

Figure A-17 repeats the decomposition for the components of job value. Most of the trans-

mission of flow amenities occurs across types (90 percent of the coefficient). By contrast,

transmission within types accounts for 64 percent of the coefficient for the continuation value

and 53 percent for flow wage utility.
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Figure A-17: Job Value Components: Transmission Within and Across Worker Types
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Notes: The figure repeats Figure A-16 for the components of job value. Each bar shows the rank–rank coefficient
of a component without type controls. Within Types (solid) reports the coefficient after adding the type controls
in equation (A50); Across Types (hatched) reports the difference. Percentages are relative to the coefficient
without type controls.

I.2.6 Job Value over the Life Cycle

Figure A-18 plots the mean rank of children’s job value, job pay and job security by age.
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Figure A-18: Job Value, Pay and Security over the Life Cycle

0

.2

.4

.6

.8

M
ea

n 
R

an
k

20 30 40 50 60
Age

Job Value Job Pay Job Security

Notes: This figure plots the mean rank of job value, job pay and job security by age. Ranks are percentile
ranks in the pooled 2010–2019 sample of children. Job values and their components are from the model with
heterogeneous preferences.
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