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Abstract

How does worker-firm sorting contribute to intergenerational persistence? Firm pay
premia account for 36% of the intergenerational earnings elasticity in Sweden, rising to
50% with dynamic returns to firm-specific experience. Large pay gaps already open at
labor-market entry, as children from privileged backgrounds find more favorable entry
points; they then climb the firm pay ladder faster, switching firms more often and gaining
more per switch. Skill sorting explains this widening but not the initial gaps, consistent
with networks and employer learning. Privileged children’s firms are also more desirable
overall, a gap that keeps widening after pay gaps stabilize.
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1 Introduction

Children from high-income families go on to earn substantially more as adults than chil-
dren from low-income families (Jantti and Jenkins, 2014; Deutscher and Mazumder, 2023;
Nybom, 2024). A central question in the social sciences is why this is the case. The domi-
nant answer points to differences in human capital, with education viewed as a key mediator
(Goldthorpe, 2014); seminal contributions in economics emphasize parental investments in
human capital (Becker and Tomes, 1979), dynamic complementarities in skill development
(Heckman and Mosso, 2014), and the role of credit constraints in these processes (Lochner
and Monge-Naranjo, 2012; Lee and Seshadri, 2019). A related literature decomposes persis-
tence into pre- and post-birth factors to disentangle nature and nurture (e.g., Bjorklund et al.,
2006; Black et al., 2005). Much of the literature thus focuses on how differences in human
capital accumulation in childhood translate into pay gaps in adulthood.'

In this paper, we argue that labor-market sorting is a second key driver of intergenera-
tional persistence. Specifically, we study how the sorting of workers to better-paying firms
varies by parental socioeconomic status (SES), how it shifts over the lifecycle, and which
mechanisms give rise to these patterns. We first show that the SES gradient in firm pay pre-
mia’ — the premium a firm pays over what the same worker would earn elsewhere — accounts
for around one third of the intergenerational elasticity of earnings in Sweden, rising to one
half once we also consider dynamic returns to firm-specific experience. Nearly two thirds
of the firm pay gap emerges at career start, suggesting that high-SES children find more
favorable entry points to the labor market. The gap widens further in early career, as high-
SES children climb the firm pay ladder faster, switching firms more frequently and obtaining
larger pay gains conditional on switching.

Skill sorting of more productive workers into higher-paying firms explains around half
of the firm pay gradient at mid-career, and most of its widening over the career, but not the
large gaps that emerge already at career start. These patterns may reflect parental and peer
networks, but also information frictions: when skills are imperfectly observed, employers
may at first rely on signals that correlate with family background, while sorting shifts toward
actual skill as information accumulates. Finally, we show that the firm pay gradient reflects
a genuine gradient in the overall desirability of jobs rather than compensating differentials:
children from high-income families work in firms that are better along both pay and non-pay
dimensions, and their advantage in overall firm value keeps growing at ages where the pay
gradient has already plateaued.

We start by presenting a set of empirical facts on the socioeconomic gradient in firm

'Engzell and Wilmers (2025) make a similar observation from a sociological perspective, arguing that strat-
ification research has largely ignored the role of firms and employers.

2Throughout, we use firm pay gradient for the regression slope of firm pay premia on parental log income,
and firm pay gap for mean differences in firm pay across parental-income groups (typically quartiles).



pay in Sweden, following an approach similar to that of Dobbin and Zohar (2025). Using
population-wide earnings data, combined with employer-employee and parent-child links,
we first decompose earnings into worker and firm components using the two-way fixed ef-
fects “AKM” framework of Abowd et al. (1999). We then show that the sorting of high-SES
workers to better-paying firms explains a substantial part of the intergenerational transmis-
sion of income advantages, accounting for 36% of the intergenerational earnings elasticity
(IGE). Differences in firm pay across regions and selection into higher-paying industries and
larger firms account for more than half of this firm pay gradient. Where one works plays a
particularly important role for intergenerational persistence at the top of the parental income
distribution. While both the worker and firm components increase with parental income,
the firm component increases more strongly in relative terms, contributing to the elevated
persistence at the top of Sweden’s income distribution (Bjorklund et al., 2012).

We next study how firm pay differences evolve over the lifecycle. Nearly two thirds of
the firm pay gap emerges already at career start, consistent with the notion that children from
richer families find more favorable “entry points” to the labor market. Their firm pay advan-
tage then increases further in early career before stabilizing in the mid-30s. Differences in
early-career progression thus account for the remaining third, driven primarily by differences
in the gains conditional on switching jobs. Viewed through models in which search frictions
generate variation in firm pay (Burdett and Mortensen, 1998; Manning, 2003), these findings
suggest that high-SES workers climb the “job ladder” more quickly. All these patterns hold
within education groups but are especially strong among college graduates.

Moreover, firms shape intergenerational persistence not only through the pay premia they
offer today, but also dynamically — through the career progression they enable — a margin that
has not been quantified before. Children from advantaged backgrounds sort into firms that
grow faster and employ coworkers with steeper earnings growth. To quantify these dynamic
advantages, we follow Arellano-Bover and Saltiel (2026) and Battiston et al. (2024) and
estimate an extended two-way fixed effects model in which returns to experience vary across
firm classes. Top-quartile children are about twice as likely as children from the next parental
income quartile to begin their careers in firms combining high pay and high returns. By
age 40, the accumulated returns to firm-specific experience account for a further 8% of the
IGE, raising the combined — static and dynamic — contribution of firms to 50%. While this
estimate should perhaps be interpreted as an upper bound, it implies that the standard “static”
perspective substantially understates the role of firms in intergenerational persistence.

We then investigate how much of the SES gradient in firm pay is skill sorting in disguise.
Worker and firm effects from the AKM framework correlate positively, as more productive
workers sort into higher-paying firms (Card et al., 2013), and children from high-income
families have better skills on average. The firm pay gradient may therefore reflect skill-based

assortative matching, with firms amplifying inequalities that arose already in childhood. Con-



ditioning on the worker effects from the AKM model reduces the SES gradient in firm pay by
about 30%. Because estimated worker effects are imperfect proxies of skill, we additionally
condition on education and late-adolescence cognitive and non-cognitive skill measures from
mandatory (for men) military enlistment tests: observed skills then account for about half of
the firm pay gradient at age 40, with the cognitive measure providing the most additional ex-
planatory power. We thus find that skill sorting is a key driver of socioeconomic gaps in firm
pay, in line with evidence by Dobbin and Zohar (2025) for Israel and Laliberté and Whalley
(2026) for Canada. Our estimates further show that skill sorting is more extensive than what
the estimated AKM worker effects alone would capture.

We then trace how the relative importance of skill sorting and family background shifts
over the lifecycle. As is intuitive, family background matters most in the early career: at age
25, nearly 70% of the firm pay gradient reflects “direct” family effects unrelated to observed
skills, while skill sorting explains only 30%. Skill sorting then gains importance with age,
accounting for around half of the firm pay gradient at age 40. Because different mechanisms
imply different lifecycle patterns, these dynamics help to discriminate between them.The
large role of family background at labor-market entry is consistent with a growing literature
showing that parents (e.g., Kramarz and Skans, 2014; Staiger, 2026) and peers (Zimmerman,
2019; Cattan et al., 2025) facilitate access to higher-paying firms. But the rising contribution
of skill sorting implies that such network effects are not the sole mechanism by which family
background affects firm pay.

To interpret these patterns, we formulate a simple model of firm sorting under imperfect
information about worker skill, motivated by the literature on employer learning (Farber and
Gibbons, 1996; Altonji and Pierret, 2001). If employers rely on skill proxies that correlate
with family background, statistical discrimination alone can generate our key findings: a large
firm pay gradient already at career start, a direct role for family background net of skills, a
rising contribution of skill sorting over the lifecycle, and a steepening of the overall gradient
with age. Networks may amplify initial pay gaps and be a related rather than competing
mechanism: they may serve as a device to overcome informational frictions (Montgomery,
1992; Hensvik and Skans, 2016), and may thus be most valuable at career start, when such
frictions loom largest (Kramarz and Skans, 2014; Willis, 2024).

Finally, we ask whether the SES gradient in firm pay reflects genuine differences in the
overall value of jobs, or merely compensating differentials for non-pay job attributes. The
distinction matters beyond measurement: if intergenerational transmission partly stems from
inherited preferences — for example, if some families place greater weight on income relative
to non-monetary attributes — then measured income persistence could over- or understate the
persistence of economic welfare. While welfare is not directly observed, revealed-preference

methods allow us to establish the direction of the answer. To our knowledge, there exists little



systematic evidence on these questions in the intergenerational context.’

Using revealed-preference measures of firm values based on job-to-job flows (Sorkin,
2018), we show that firm pay premia are informative about overall firm desirability — high-
paying firms poach more workers and firm values correlate strongly with pay — and that the
SES gradient in firm pay extends to a corresponding gradient in firm value: children from
high-income families sort into firms that are better not only in pay but also in welfare terms.
At a given level of overall desirability, their firms are tilted toward pay rather than amenities
— whether reflecting preferences or opportunities — while at a given level of pay, their firms
offer more overall value, so their pay premia are less often offset by disamenities. Because
firm values have no cardinal scale, the overall SES gradient in amenities cannot be signed;
what the evidence establishes is that the firm pay gradient reflects a genuine gradient in firm
desirability, and not compensation for disamenities. Moreover, the SES gradient in firm value
keeps widening at ages where the pay gradient has already plateaued: the pay—amenity trade-
off shifts with age, and more so for high-SES children.

Related literature. Our work contributes to a nascent literature on the contribution of
labor market sorting to intergenerational persistence. A key motivation is Dobbin and Zohar
(2025), whose methodological approach we adopt in our baseline analysis. Closely related
are recent or concurrent papers by Engzell and Wilmers (2025), who take a sociological
perspective grounded in stratification theory to study the transmission of firm pay advantages
in Sweden, Laliberté and Whalley (2026), who analyze the role of social connections in firm
pay advantages in Canada, and Card et al. (2026), who compare the roles of parents and
neighborhoods for the transmission of firm pay in the U.S.. Engzell and Wilmers decompose
both parent and child earnings into worker and firm components, study the sources of firm
premia, and test whether firms pay different premia to workers from different socioeconomic
strata. Laliberté and Whalley distinguish the role of connections from skills by conditioning
on fine-grained educational information, concluding that social connections account for about
15% of the SES gradient in firm pay.

We extend this literature by tracing the evolution of pay gaps over the lifecycle, by captur-
ing the dynamic implications of worker-firm sorting, by using direct skill measures to study
skill sorting over the lifecycle, and by examining the role of non-wage attributes in overall
firm desirability. In comparison, we find a larger contribution of firms to intergenerational
persistence than other studies, explaining 36% of the IGE at mid-career in the static model
and about half in the dynamic model. This reflects not just cross-country variation, but also
differences in data quality, our use of establishment identifiers for the largest firms, and — in

the dynamic model — the incorporation of firm-specific returns to experience.

3 As recent exceptions, Haeck and Laliberté (2025) show that children from high-SES families are overrep-
resented in occupations characterized by more desirable characteristics, and Schiile (2026) finds that they place
less value on income and job security than their less well-off peers.



Our work also relates to a growing literature on social connections in worker-firm sort-
ing. In a pioneering study, Corak and Piraino (2011) show that many Canadian children
work for the same employer as their parents, especially among high-income families; Bin-
gley et al. (2012) and Stinson and Wignall (2018) confirm these findings for Denmark and
the US. More generally, Kramarz and Skans (2014), San (2022), Staiger (2026), and Eliason
et al. (2023) show that parental and family connections to workplaces (“strong ties”) matter
for early-career job finding and earnings, especially for lower-educated workers. A related
strand highlights the importance of peer networks formed in educational or other settings.*
Others emphasize broader concepts of social capital (Putnam, 1995), including as a source of
socioeconomic disparities in labor-market outcomes (Chetty et al., 2022) and career progres-
sion (Stansbury and Rodriguez, 2026).

The “networks” and the “sorting” literatures are complementary. The former identifies
the causal effect of specific connections, but cannot quantify their overall contribution, be-
cause network composition and strength are not fully observed. The latter quantifies the total
contribution of labor market sorting to intergenerational persistence, but cannot separate the
role of networks from other mechanisms. Our lifecycle perspective and direct skill measures
allow us to bring the two closer. Our finding that large firm pay gaps emerge already at labor-
market entry — and that these gaps are not accounted for by individual skill — is consistent
with networks shaping entry points into the labor market. The subsequent widening of the
gradient, in contrast, is better explained by employer learning under imperfect information
about worker skill. As we show, such information frictions would also amplify the effect of
family background on initial pay gaps, perhaps helping to explain their large magnitude.

Finally, our work relates to studies of skill sorting in the labor market (Eeckhout, 2018;
Card et al., 2018). Consistent with Dobbin and Zohar (2025), we find far more sorting by
parental background than skill sorting alone would predict. We further document firm sorting
by cognitive and non-cognitive skills (similar to Nybom, 2017, for college education), over
and above the sorting captured by the AKM worker effects. Differences in firm premia also
contribute to earnings gaps along other dimensions, such as gender (Card et al., 2016) and
race: Gerard et al. (2021) find that skill-based sorting accounts for about 55-65% of the firm
pay gap between whites and non-whites in Brazil, similar to the role of skill sorting in SES
pay gradients that we find in Sweden. A recent literature highlights the contribution of labor
market sorting to cross-sectional inequality (7—12% in our data, comparable to estimates for
other countries in Bonhomme et al., 2023). Our findings suggest that firm pay differences

account for a considerably larger share of the intergenerational persistence in earnings.

4Zimmerman (2019), Michelman et al. (2022), and Barrios-Ferndndez et al. (2024) show that admission
to elite colleges improves labor market outcomes primarily through changed social environments rather than
academic achievement. Campa (2025), Cattan et al. (2025), and Fischer et al. (2025) find that exposure to
more affluent schoolmates improves long-term outcomes, and Eini6 (2026) that quasi-random exposure to high-
income peers among conscripts raises long-term earnings.



2 Data and specifications

2.1 Data

Our analyses use longitudinal administrative data from Statistics Sweden linking earnings,
employers, education, and family background for parents and children over several decades.
We combine tax registers on earnings; full-population employer—employee registers identi-
fying firms and establishments; the education register for highest attained education; and the
multigenerational register to link children to parents.

Earnings data cover the full working-age population from 1968 to 2018. Our main out-
come is gross annual labor earnings, including self-employment income, bonuses, fringe
benefits, and short-term employer-provided sickness benefits. We exclude very low annual
earnings observations to ensure that our estimates are not overly influenced by variation in
labor supply.® Firm and establishment characteristics, including location and industry codes,
are available from 1985 onward.

Main intergenerational sample. Our primary sample includes men and women born be-
tween 1967 and 1977, followed on the labor market from ages 25 to 41, for whom we observe
at least one identified firm effect; for these cohorts we observe much of their careers and their
fathers’ prime age income. Some analyses, however, focus on peak-career outcomes at ages
39—41. Fathers’ long-run income is measured between ages 45 and 55 using either mean log
earnings or mean earnings rank; annual earnings are residualized with respect to year dum-
mies and quadratic age effects, and ranks are computed relative to fathers in the main sample.
Individuals with missing father income — primarily due to migration — are excluded.

AKM sample. To estimate firm premia, we use a matched employer—employee dataset
covering the full Swedish labor force ages 20—64 from 1985 to 2018. Firms are the unit of
analysis, except for multi-establishment firms with more than 1,000 employees (on average
over the period), for which establishment identifiers are used. We also report variants using
only firm or only establishment identifiers.

Descriptive statistics. Our final samples comprise 836,743 individuals observed at ages
3941, and 960,925 individuals observed at some point between ages 25 and 41. Appendix
Table Al reports descriptive statistics for both samples and details the construction of the

sample; differences relative to the AKM sample mainly reflect age and cohort composition.

2.2 Estimation of worker and firm effects

We use the widely applied two-way fixed effects framework of Abowd et al. (1999, “AKM”)

to decompose earnings into firm and individual components, conditional on a set of time-

SFor each year, we compute the median earnings of men aged 45, and set annual earnings observations
corresponding to less than 20% of this median to missing.



varying controls. Specifically, we model the log earnings y;;; of individual ¢ employed in

firm j = J(i,t) in year ¢ as:

Yijt = 0 +j + X0 + €454, (D)

where «; denotes an individual (or “worker”) fixed effect, ¢; a firm fixed effect (the “firm
pay premium”), X;; a vector of time-varying controls with coefficient vector d, and ¢;;; an
error term. The controls in X ;; include year dummies and education-gender-specific age
dummies. Because age, cohort (captured by the worker fixed effect), and time are collinear,
unrestricted age dummies are not identified. Rather than imposing a parametric functional
form on lifecycle earnings profiles, we follow Engbom et al. (2023) and restrict age effects
to be constant over ages 45-54, where earnings profiles are roughly flat.

Estimating the firm pay premia v; by OLS corresponds to pairing eq. (1) with a strict
exogeneity restriction on the errors ¢;;;. As discussed by Kline (2024), this restriction embeds
several assumptions, such as that worker mobility between firms is not driven by time-varying
wage shocks (“exogenous mobility”), that firm pay premia are stable over time (“no drift”),
and that worker and firm heterogeneity enter log earnings additively.®

We estimate equation (1) using our AKM sample for the years 1985-2018, focusing on
workers with substantial labor-market attachment as approximated by the earnings threshold
described in Section 2.1. As the firm pay premia are identified from earnings changes when
workers switch firms, they are comparable only within a set of firms connected through such
“movers”. We compute the largest connected set for our time period and drop worker-year
observations associated with firms outside this set (about 0.1% of observations).

Firm effects are imprecisely estimated for firms connected by only a few movers (An-
drews et al., 2008; Kline et al., 2020; Bonhomme et al., 2023), which inflates their variance
and biases their covariance with the worker effects (“limited-mobility bias”). Classical mea-
surement error would not affect our main analysis, as the estimated firm effects serve as the
dependent variable; however, as some analyses use them as a covariate, we drop firms con-
nected by fewer than five movers, removing an additional 6% of worker-year observations.’

In the subsequent sections, we use the estimates of «; and ¢); as inputs in our intergener-
ational analysis. The worker effects represent the portable component of earnings, reflecting

a worker’s productivity but possibly also other permanent factors, such as bargaining power

®These assumptions are unlikely to be fully met in practice. Nevertheless, the linear specification in eq.
(1) can serve as a useful approximation, given evidence that firm pay premia are relatively stable over time
(Lachowska et al., 2023; Engbom et al., 2023), and that non-separable match effects account for only a small
share of the variance of log earnings (Bonhomme et al., 2019; Kline, 2024). Most relevant for our setting,
Engzell and Wilmers (2025) show that in Sweden, the earnings gain from working at a high-paying firm is
similar for workers from high and low-income family backgrounds.

"Table A6 shows that the firm pay gradient increases slightly when we include firms with fewer than 5
movers, reflecting differential sorting into small, low-paying firms.



or discrimination at the market level (Kline, 2024). The firm effects represent a non-portable
component of earnings enjoyed only when employed at firm j. Such firm pay premia may
arise from search frictions (Burdett and Mortensen, 1998), but may also reflect match-specific
productivity, amenities (‘“‘compensating differentials”), or external constraints such as collec-
tive bargaining agreements (Gibbons et al., 2005; Sorkin, 2018). Intergenerational earnings
persistence may operate through both the worker- and firm-specific components.

Firm pay premia vary systematically with firm characteristics. Average premia are high-
est in oil and natural gas extraction, financial services, telecommunications manufacturing,
chemical manufacturing, and IT services, and lowest in hotels and restaurants, domestic
work, agriculture, forestry, and retail trade. Consistent with prior research, firm pay is posi-
tively correlated with firm size (r = .15), with the pay—size gradient particularly steep at the
lower end of the size distribution. Average firm pay is also substantially higher in the private
sector than in the public sector (means of .06 versus —.06). Geographically, firm pay tends to
be highest in Stockholm and the surrounding counties, as well as along the West Coast — and
lowest in more rural counties.

Appendix A1.2 reports the variance decomposition of log earnings implied by equation
(1) for both the AKM and the intergenerational samples. Worker effects account for 30-38%
of the variance, firm effects for 8—13%, and their covariance for another 7-12%; the implied
correlation between worker and firm effects of 0.40—0.55 reflects strong assortative matching.
These results are similar to Engbom et al. (2023), and broadly consistent with evidence for

other countries (e.g., Song et al., 2019; Bonhomme et al., 2023).

3 Firm pay premia and intergenerational persistence

We start by documenting how children from different socioeconomic backgrounds sort into
firms with different pay premia, and how this sorting contributes to intergenerational income

persistence. To this end, we estimate variations of the linear regression

Yijt = &+ BYray + Ui, ()

where y;;; is child log earnings in year ¢, ;) the log earnings of the father of child 7, and 3
the intergenerational earnings elasticity (IGE).

Parental background may influence child earnings through both the portable worker and
the non-portable firm components of the AKM model. For example, parental investments in
a child’s human capital would primarily be reflected in the worker effects a;. Conversely,
preferential labor-market access through parental networks may manifest as a positive asso-
ciation between parental earnings and the firm effects ;. Because y;;; can be decomposed

according to equation (1), the slope coefficients from separate regressions of each of its com-



ponents on y(; sum to 3. Our primary focus is on the slope coefficient 3, from regressing

the child’s estimated firm pay premium ﬂj on parental log earnings y(;,

~

Y = g + BirmYse) + Wijts 3)

which we refer to as the SES gradient in firm pay (or simply, the firm pay gradient).

Table | reports estimates of the IGE and its components, with child earnings and firm
premia measured as averages over age 39—41. As shown in column (1), the IGE is roughly
0.20, consistent with prior Swedish estimates for labor income in pooled samples of sons
and daughters (e.g., Brandén and Nybom, 2019; Engzell and Mood, 2023).8 Columns (2)
and (3) decompose the IGE into individual and firm components.” Almost 60% of the IGE
is attributed to the individual (or “worker”) effects, which capture all permanent worker het-
erogeneity, including but not limited to productive skills. The firm effects account for 33%
of the IGE, rising to 36% when netting out the AKM covariates and residuals from y; ;. 10

While the contribution of worker-firm sorting to cross-sectional inequality has received
much attention (Card et al., 2013; Bonhomme et al., 2023), sorting thus matters even more
for intergenerational persistence. In our data, the covariance between worker and firm effects
— sorting on skill — accounts for about 7-12% of the variance in log earnings (depending
on the sample; see Appendix Al.2), roughly a third of the worker component. Sorting by
parental background, in contrast, accounts for 36% of the IGE, more than half of the worker
component.

Comparison to previous studies. Our estimated contribution of worker-firm sorting to
cross-sectional inequality is similar to estimates from other countries.!' In contrast, our esti-
mated contribution to intergenerational persistence exceeds the 23% that Dobbin and Zohar
(2025) attribute to firms in Israel, the main estimates of Engzell and Wilmers (2025), who
use similar Swedish data but coarser firm identifiers and earnings ranks rather than levels,'?
and the roughly 15% that Card et al. (2026) attribute to establishment effects in the US.

8The IGEs estimated separately for sons and daughters are 0.23 and 0.17, respectively. The IGE tends to be
slightly higher for total income, especially for sons (e.g., Nybom and Stuhler, 2016).

° Although second-step regressions of estimated firm effects on worker covariates yield unbiased coefficients,
inference is complicated by correlation between the fixed-effects estimates (Kline, 2024). Using two years of
income data, Kline (2024) shows that standard errors based on the cross-fitting procedure of Kline et al. (2020)
are about 75% larger than naive ones. This is less of a concern here, given the small standard errors in Table 1,
and the far larger number of person-year observations underlying our estimated firm effects.

10The correlation between the log of father’s earnings and the fitted values from the time-varying controls
(year and education-by-gender-specific age dummies) and the residuals, X itB + &;j¢, explains 9% of the IGE
(see column 4). Abstracting from this component, firm effects explain 33%/(59%+33%) = 36% of the IGE.

For example, Bonhomme et al. (2023) report bias-corrected estimates of the contribution of worker-firm
sorting to earnings inequality between 5-20% for the US and four other countries, including Sweden.

2When Engzell and Wilmers (2025) use establishment (“workplace™) identifiers the firm contribution to the
rank correlation rises from 23% (sum of their firm-to-firm and worker-to-firm contributions in their Table 1) to
31% for sons and 35% for daughters (their Table A3). Moreover, their 23% baseline estimate rises to 28-29%
when earnings are measured in logs rather than ranks (their Table A6).



Table 1: Decomposition of the intergenerational earnings elasticity

Dependent variable

Yijt Q; %‘:J(z‘,t) Xit/é + Eijit Q/Ajj:J(i,t)
(D () (3) “4) 5
Y£@) 0.198 0.116 0.065 0.018 0.047
(0.001) (0.001) (0.000) (0.001) (0.000)
Q; 0.156
(0.001)
Share of IGE 100% 59% 33% 9% 24%

Worker obs. 836,743 836,743 836,743 836,743 836,743

Notes: Column (1) reports the estimated slope coefficient from regression (2) of the mean of log child
earnings at ages 39—41 on log father’s earnings. Columns (2)—(4) report the slope coefficients from the
corresponding regressions when decomposing child log earnings y;;; according to equation (1) into
worker effects «;, mean firm effects v; for ages 3941, and time-varying controls. Robust standard
errors in parentheses. Column (5) adds the estimated worker effect as a control; its coefficient is
reported in the second row.

Why do we find stronger worker-firm sorting by family background in Sweden than re-
cent work found for the US and Israel? Sorting may be genuinely stronger in Sweden: low
returns to skill and a homogeneous, tuition-free education system may raise the importance
of firm sorting relative to time-invariant skills. Differences in data quality are another possi-
bility."* However, because the estimated firm pay premium is the dependent variable in eq.
(3), classical measurement error in the premia does not introduce bias,'* and measurement
error in parental income attenuates the IGE but not the relative contribution of firms.

A key factor, however, is the definition of firms and their coverage, as both firm pay and
sorting by family background vary with firm size. Children from low-income families are
more likely to work in small firms with particularly low premia, and such firms are the first
to drop out of the connected set in less representative samples. A second issue, specific to
short AKM windows, is the contamination of annual earnings in “transition years” in which
workers switch employers: such earnings reflect pay at two firms, or only part of a year, and
in a shorter window they make up a large share of the observations that identify each firm’s
premium. Consistent with both mechanisms, the firm pay gradient decreases when we raise
the minimum number of movers per firm (Appendix Table A6, Panels D-F) or shorten the

AKM window; short- and long-window estimates converge once transition years are dropped

3The data differ in several respects. First, we measure parental earnings over a comparatively long mid-life
age span, age 45-55. Second, our AKM estimation covers a longer period (1985-2018) than the Israeli data
(2010-2015). Third, among children born 1967-1977 with observed paternal earnings, our earnings and firm-
effect restrictions retain about 90% (Appendix A1.1), while Dobbin and Zohar drop about half of their sampled
cohorts due to insufficient information on earnings or its AKM components.

'4In line with this claim, randomly dropping half of our individuals before estimating the AKM model has
little effect on our estimates (Appendix Table A5), if the sample of firms is held fixed.

10



Figure 1: Child income and firm premia by father’s income rank

(a) Child income rank at age 40 (b) Firm premia at age 40
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Notes: Binned scatter plots by father’s income rank. Subfigure (a) shows child’s average income rank
at age 40. Subfigure (b) shows average firm premia 1); at age 40 as estimated by equation (1) and firm
premia residualized on worker fixed effects.

and the firm sample is held fixed (Appendix A1.3.2). Finally, using establishment instead
of firm identifiers raises the gradient considerably (Appendix Table A6, Panels B and C)."
Section 3.3 provides further sensitivity evidence.

Skill Sorting. While worker-firm sorting explains a substantial share of the IGE, it may
be only indirectly related to family background. Prior work documents strong assortative
matching between workers and firms, with worker and firm fixed effects positively correlated
(Card et al., 2013; Song et al., 2019). This matching contributes to cross-sectional income
inequality (eq. (A1) and Appendix Table A2). It may also contribute to intergenerational
persistence, since worker effects are correlated with parental income (Table 1, column 2). Part
of the observed SES gradient in firm pay could therefore arise as a “mechanical” consequence
of this sorting of more productive workers to higher-paying firms.

As a first illustration of the role of assortative matching, we regress the firm fixed effects
on father’s log income conditional on the worker fixed effects (Table 1, column 5). The
coefficient on father’s log income declines by nearly 30%, from 0.065 to 0.047, and the
coefficient on the worker effect is large and statistically significant — reflecting substantial
assortative matching. This is in line with Dobbin and Zohar (2025), who find an even larger
decline in the firm pay gradient for Israel. Part of the firm pay gradient thus reflects the SES
gradient in permanent worker characteristics: worker-firm sorting amplifies the pay-off to the
well-known SES gradient in human capital. Skill sorting is difficult to measure precisely,

however, and we return to this question in Section 6.
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Table 2: Decomposing the relationship between firm premia and parental income

Dependent variable: Estimated firm pay premium 1[1]-: J(i,t)

(D) (2) 3) 4) (5) (6)

Y5 0.064 0.045 0.043 0.063 0.053 0.025
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Region FEs X X
Industry FEs X X
Public sector X X
Firm size X X
Share of 54, 100% 30% 33% 2% 17% 61%
R? 0.032 0.139 0.389 0.166 0.154 0.524

Worker obs. 783,924 783,924 783,924 783,924 783,924 783,924

Notes: Column (1) reports estimates of the slope coefficient from regressing 1&7, at age 40 as estimated
from equation (1), on log father’s earnings. Columns (2)—(6) report coefficient estimates from the
same regression controlling for region fixed effects (21 counties), industry fixed effects (2-digit level,
59 industries), working in the public sector (public sector firms are defined as firms in industries with
SNI92 codes 75, 80, 85, 90, 91, 92, 93 and 99), or firm size (10 deciles). Robust standard errors in
parentheses.

3.1 Non-linearities in the firm pay gradient

Does the sorting across firms matter more among low- or high-income families? Figure 1
plots expected child earnings (subfigure a) and firm premia (subfigure b) at age 40 across the
distribution of parental income, with incomes now expressed in ranks. Both figures reproduce
the positive intergenerational relationships documented in Table 1, but reveal that the gradient
steepens sharply above roughly the 75th percentile of the parental-income distribution.

The SES gradient in firm pay is qualitatively similar when conditioning on the worker
fixed effect (red circles in subfigure b), but smaller in magnitude. Moreover, the gap between
the unconditional (blue circles) and conditional (red circles) gradients widens toward the top
of the parental-income distribution, indicating that skill-based sorting plays a particularly
important role among higher-income families. Taken together, these results suggest that sort-
ing into high-paying firms is especially important for intergenerational earnings transmission
among children from affluent families. While the non-linear pattern is less stark when using
logs instead of ranks, the growing importance of sorting at the top holds across specifications

(see Appendix Figure AS).

12



3.2 The role of region, industry, and firm size

Since pay premia vary systematically with firm characteristics (see Section 2.2), the firm pay
gradient documented in Table 1 may reflect the sorting of high-SES children into particular
regions and industries or specific firm types. Table 2 explores this possibility by sequen-
tially controlling for different sets of firm characteristics. Controlling for region (21 counties,
column 2) reduces the SES gradient in firm pay by about 30%. Restricting the analysis to
variation within 2-digit industries (59 in total, column 3) yields a similar reduction of 33%.
Conditioning on sector (public vs. private) has only a minor impact (column 4), while firm
size has a moderate effect on the estimated SES gradient, reducing it by 17% (column 5).
Jointly controlling for region, industry, sector, and firm size explains 61% of the uncondi-
tional SES gradient in firm pay (column 6), while occupations explain part of the remainder
(Table A8). Thus, an important share of the “firm” pay gradient reflects observable firm
characteristics.

The margins that contribute most to the SES gradient in firm pay are not necessarily those
that contribute most to the overall variance in firm premia. Regions and industries account for
similar shares of the SES gradient, but industries explain a much larger share of the variance
in firm premia (R? of 0.389 vs. 0.139). Conversely, firm size and the public sector indicator
explain similar shares of the firm pay variance, but only firm size contributes to the SES
gradient (17% vs. 2%). The regional and firm-size distributions of high-SES children are
thus key margins for their pay advantage, while sorting into the public sector plays no major

role.

3.3 Sensitivity and heterogeneity

We examine subgroup differences and the sensitivity of our estimates to specification and
sampling choices. First, we verify that the estimated role of firms remains similar when
parental income is measured as the average of both parents’ incomes rather than the father’s
alone (Table A3).'° Second, because our long estimation window may strain the assump-
tion of time-invariant firm premia, we allow firm effects to vary across four subperiods of
the 1985-2018 period (e.g., Lachowska et al., 2023; Engbom et al., 2023); this modestly
increases the estimated role of firms (Table A6, Panel A). Third, we consider sorting across
establishments rather than firms. Establishment fixed effects explain 34% of the IGE (37%
after netting out AKM residuals, Panel B), slightly more than with our baseline definition that

distinguishes establishments only for large firms (see Section 2).!” Conversely, always using

50ur baseline splits firms with more than 1,000 employees into their establishments (see Section 2.1).

16The baseline IGE is substantially larger when using the log of average parental income, but this mainly
reflects its lower variance; the corresponding correlations are similar (0.23 vs. 0.20).

7Many smaller firms consist of only one establishment. Using establishments increases the number of “firm
units” from 460,875 to 469,625.
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firm identifiers regardless of firm size reduces the estimated firm contribution, mainly driven
by public-sector “firm units” (Panel C). Fourth, we vary the minimum number of “movers”
required for each firm in the AKM estimation. Restricting the sample to firms with at least
10 or 50 movers reduces the firm pay gradient (Panels E and F) compared to retaining all
firms (Panel D). Excluding firms with few movers tilts the sample toward larger firms, where
a single firm-wide premium is less informative about individual pay; we therefore retain the
baseline threshold of five movers.

Across subgroups, the firm pay gradient as a share of the IGE is very similar for women
and men (Table A7, Panels A and B). While around 5% of children work in the same firm
as their father (in line with Corak and Piraino, 2011; Stinson and Wignall, 2018; Laliberté
and Whalley, 2026; see Appendix Figure A4), dropping these “firm followers” leaves the
firm pay gradient virtually unchanged (Panel C). In contrast, excluding public sector workers
raises the firm contribution by nearly 10% (Panel D), consistent with more compressed and

homogeneous pay-setting in the public sector.

4 Firm pay gradients over the lifecycle

We found that by age 40, children from high-income families are more likely to work at
higher-paying firms, that this pattern holds conditional on their own permanent skills as cap-
tured by the worker fixed effects, and that firm sorting accounts for one third of intergen-
erational earnings persistence. This section turns to the career dynamics underlying these
patterns, examining when and how individuals from more privileged family backgrounds

come to be employed at higher-paying firms.

4.1 Firm pay over the lifecycle

Figure 2 plots age profiles of the mean firm pay premium by quartile of parental income.
Panel (a) shows a pronounced firm pay gap already at age 25, with children from higher-
income families working at higher-premium firms. Moreover, those from the top quartile
(yellow squares) experience a notably steeper gain in firm premia early in their careers: while
children from the bottom three quartiles see their premium rise by about 1 percentage point
by their early 30s, the increase among the top quartile is around 3 percentage points. The
gaps stabilize from the mid-30s onward. Given a standard deviation of firm premia of around
0.15 (see Table A2), the advantage of the top quartile over the next corresponds to about 30%
of a standard deviation. These lifecycle patterns are qualitatively similar for men and women

(Appendix Figure A8), though average firm premia are consistently higher for men.'®

8While the estimated firm fixed effects are mean-zero in the full AKM sample, they tend to be positive in
our intergenerational sample.
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Some of these dynamics may reflect education-specific differences in career trajectories,
given higher educational attainment and later labor-market entry among children from high-
income families. Figures 2b and 2c therefore reproduce the analysis separately for children
with at most a high school degree and those with some college or more. Clear SES gaps
in firm pay are evident in both groups. However, among non-college workers, firm premia
rise less steeply over age. Among the college-educated, premia rise across all quartiles,
but the gains are notably larger for the top quartile. The qualitative patterns are otherwise
similar across education groups.'® We therefore focus on the full sample, reporting education-
specific results in the Appendix and discussing them where relevant. The qualitative patterns
also hold when we condition on worker fixed effects to account for skill-based assortative
matching (Appendix Figure A7, the lifecycle analogue of column 5 in Table 1).

In sum, gaps in firm pay emerge already at labor-market entry, with high-SES children
substantially more likely to work at firms that, under standard AKM assumptions, pay oth-
erwise identical workers more. This gap widens during the early career and stabilizes by
the mid-30s. In Section 6, we show that the initial gap is largely unexplained by differences
in worker skills, while its subsequent widening almost entirely reflects skill differences that

correlate with parental background.

4.2 Climbing the firm ladder

While high-SES children tend to start their careers at higher-paying firms, the firm pay gaps
also magnify considerably during their first 10—15 years in the labor market. This widening
may reflect either more frequent firm switches among high-SES individuals (climbing the
job ladder faster), more advantageous switches (the rungs of their ladder are further apart), or
both.

Figure 3a shows the annual firm-switching rate, i.e., the probability of being observed in a
new firm at age ¢ relative to age ¢ — 1, by age and parental-income quartile. As expected, firm
switching is more common in early career: roughly 22-28% of workers change firms each
year between ages 25 and 30, compared to only 15% at age 40. Up to the early 30s, high-SES
children switch firms more often than others, though these differences fade after age 35. This
pattern holds within education groups (Appendix Figure A10), with higher mobility overall
among the college educated and more pronounced SES gaps within that group.

Switching firms, however, does not necessarily imply moving to a better-paying employer.

Figure 3b therefore plots the share of firm switches that are “premium-improving” — defined

9This similarity reflects that time-constant differences in worker pay are captured by the worker fixed effects,
while differences in lifecycle growth within firms are captured by the education-age interactions in equation (1).
To further probe that our results on career dynamics are not driven by differences in age at labor-market entry,
we reproduce the analyses by potential experience, finding very similar results (see Figure A6 in Appendix A2).
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Figure 2: Firm pay premium over the lifecycle
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Notes: Mean estimated firm premium 1%- over the lifecycle, by quartile of father’s income. Subfigure
(a) shows the results for the full sample, subfigure (b) for children without college education, and
subfigure (c) for children with college education. Fathers’ income quartiles are defined in the full
sample.

as moves to a firm with higher estimated pay premium than the previous employer. All
groups tend to switch to better-paying firms early in their careers (i.e., they “climb the firm
ladder”), but high-SES children are markedly more likely to make such favorable moves.
At later ages, the likelihood of good and bad switches tends to even out, and the SES gaps
diminish. Notably, while low-SES children switch firms slightly more often than middle-SES
peers (subfigure a), they are not more likely to gain in firm pay conditional on switching.
This pattern suggests that high- and low-SES children switch for different reasons, perhaps
because the latter experience more involuntary switches or move between temporary jobs.
Figure 3c shows that on average, high-SES children raise their firm pay by nearly three

percentage points with each switch, more than twice as much as those from lower quartiles.”

20The larger gains from firm switching among high-SES children cannot be explained by unemployment
dynamics. To show this, we use UI benefit receipt to distinguish voluntary switches (no UI benefit receipt
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Figure 3: Firm switching patterns over the lifecycle
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Notes: Patterns of firm switching over the lifecycle, by quartile of father’s income. Subfigure (a)
shows the probability of working in a different firm than in the year before. Subfigure (b) shows,
conditional on switching, the probability of moving to a firm with a higher firm premium. Subfigure
(c) shows, for individuals who switch firms, the difference between the firm premium at the new and
previous firm. Subfigure (d) shows the same but adds a control for the firm premium in the previous
firm.

This difference narrows with age, partly for mechanical reasons: workers who have already
reached high-paying firms have less scope for further gains (“ceiling effects”), so that under
random switching, low-SES workers would experience larger average gains from their lower
starting points. Figure 3d therefore conditions on the firm effect in the previous year; with
this adjustment, high-SES children continue to gain systematically more from firm switching
throughout the lifecycle.

Appendix Figures A11 and A12 replicate these analyses separately by education group.
College-educated individuals are generally more likely to experience premium-improving
switches and larger gains in firm pay throughout their careers, yet the SES gaps are qualita-

tively similar across education groups.

between employment spells) from involuntary switches (those that occur through a spell of unemployment). As
shown in Figure A 13, high-SES children are more likely to experience an improvement in the firm premium
following both voluntary and involuntary switches.
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To quantify the relative contributions of switching frequency and switch quality, we de-
compose the widening of the Q4-Q1 firm pay gap between ages 25 and 40. A Shapley
decomposition shows that differences in switch quality account for roughly 90 percent of the
widening in the firm pay gap, whereas differences in switching frequency account for the
remainder.”’ Thus, the lifecycle divergence in firm pay primarily reflects more advantageous
moves among high-SES workers, rather than greater mobility per se.

Finally, we consider the role of commuting. Children from high-income families may
have stronger networks and more flexible transport options, expanding the set of feasible jobs.
Indeed, the commuting rate is about 8 percentage points higher in the top than in the bottom
parental-income quartile, and commuters tend to work in better-paying firms. In event-study
estimates, however, starting to commute raises firm pay by only 1-2 percentage points, with
similar gains across parental backgrounds. Differences in commuting thus contribute little to

the firm pay gaps (see Appendix A2.2).

S Beyond ‘‘static” firm pay premia

So far we have characterized firms by their “static” pay premia. Yet firms differ along many
other dimensions that shape careers: the productivity of their workforce, how fast they grow,
and the returns to experience they offer. This section shows that children from high-income
families also sort into firms that are advantageous in these “dynamic” respects — and that
accounting for dynamic advantages raises the contribution of firms to intergenerational per-
sistence further.

To illustrate such dynamic differences, Figure 4 shows that children from high-income
families work in firms that grow faster — over the subsequent five years, the firms of top-
quartile children add employment 40—100% faster than those of children from the lower
quartiles (subfigure a) — and whose workers experience steeper earnings growth (subfigure
b). This difference partly reflects coworkers’ mobility to other firms rather than earnings
growth within firms (Appendix Figure A9). High-SES children also have more productive
and more affluent coworkers — mean AKM worker effects are about 6 percentage points
higher in the top than in the bottom parental-income quartile, and the share of high-SES
coworkers is higher (Appendix Figure A9) — a segregation that is most pronounced in early
career and that may shape trajectories through learning spillovers, bargaining power, or social

networks (Kremer, 1993).%

2I'We construct counterfactual Q4 trajectories by replacing, in turn, the Q4 switching rate and the Q4 gain per
switch with their Q1 values. Because the two enter multiplicatively, the split depends on the replacement order
(88.1% vs. 93.5% for switch quality), so we report the Shapley average over both orders: 90.8% for switch
quality and 9.2% for switching frequency.

Z]nterestingly, gaps between the top parental income quartile and the rest in coworker earnings growth and
firm employment are pronounced and relatively stable over age, while differences among the bottom three
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Figure 4: Dynamic firm characteristics
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Notes: Mean difference in firm characteristics between year ¢ and year ¢ + 5 for the individuals who
work in the firm at each indicated age, by quartile of father’s income. Subfigure (a) plots the five-year
employment growth of the firm; subfigure (b) plots the five-year earnings growth of all coworkers,
including those who stay and those who switch firm.

5.1 Heterogeneity in firm-specific returns to experience

The preceding results showed that children from high-income families are more likely to
sort into growing firms and to work alongside more productive coworkers whose earnings
rise more rapidly. These findings suggest that such firms may not only provide “static” pay
advantages — as captured by the AKM framework — but also better opportunities for career
development in a “dynamic” sense. For example, faster coworker earnings growth may reflect
better learning or promotion opportunities. Even firms that do not pay particularly well today
could be attractive if they offer high returns to accumulated experience, raising earnings later
in the career.

To examine the role of such firm-specific returns to experience, we follow Arellano-Bover
and Saltiel (2026) and Battiston et al. (2024). We begin by randomly splitting our sample into
two groups. In one subsample, we classify firms into ten classes based on the distribution of
stayers’ annual unexplained earnings growth, using a k-means clustering algorithm.”> We
then use the second subsample to estimate firm-class-specific returns to experience. Specifi-

cally, we estimate an extended two-way fixed effects model:

K
Vit = @ + 05+ > AmEap(m)i + XuB + i, “4)

m=1

quartiles are generally much smaller.

23Unexplained earnings growth is stayers’ year-on-year earnings growth net of year and education-by-gender-
by-age effects. We characterize each firm by the shares of its worker observations below 20 roughly equally
spaced percentiles of the pooled distribution — a 20-point approximation to its CDF — and group these with
k-means into ten clusters, so that firms are classified by the shape of the whole distribution rather than by its
mean. Clustering at the worker-firm observation level gives firms with more observations more weight.
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where Exp(m);; denotes years of experience in firm class m up until year ¢. As above, we
include individual and firm fixed effects, so that ,, is identified from workers employed in
the same firm but with different experience histories across firm classes. As before, X;;3
includes age-education-gender controls and year fixed effects.**

Figure 5 summarizes the results. Panel (a) shows the estimated return to an additional
year of experience in each firm class m, where class 1 contains firms with the highest returns
and class 10 the lowest. As in Arellano-Bover and Saltiel (2026) and Battiston et al. (2024),
we find substantial heterogeneity across firm types, though the differences in firm-specific
returns are smaller in our Swedish data than in Italy or (especially) Brazil: workers in the
top firms (class 1) enjoy returns of about 2 percentage points per year (net of education-
by-gender specific earnings growth captured by X ;;3), while those in class 10 see slightly
negative returns.”

Figures 5b and 5c plot the probability of working in high-return firms (classes 1 or 2)
and low-return firms (classes 9 or 10), by parental-income quartile and age. Children from
high-income families are more likely to work in high-return firms early in the career: about
14% of top-quartile children work in high-return firms, versus 10-11% of others. They are
also less likely to work in low-return firms at all ages. Differences among the bottom three
quartiles are smaller; if anything, children from the bottom quartile are somewhat more likely
to be employed in both high- and low-return firms.

The lifecycle profile of working in high-return firms stands out. Whereas low-SES chil-
dren become increasingly likely to sort into these firms over their careers, those from the top
quartile do the opposite: while being substantially more likely to work in high-return firms
early on, they increasingly sort out of them, and by their late 30s are less likely to work in
them than children from the bottom half of the distribution. This finding points to poten-
tial trade-offs, with high-SES children beginning in high-return firms that offer strong career
prospects and later moving to firms that may offer other, potentially non-monetary benefits.
We return to this question in Section 7.

Figure 5d summarizes the overall pattern, plotting the average firm-specific return at an
individual’s current employer by age and parental-income quartile. Children from the top
quartile consistently work in firms with higher returns to experience, with the SES gap widen-

ing up to around age 28 and narrowing thereafter, as they sort away from the highest-return

24Unlike the static AKM model, we here restrict the sample to workers who we can track to age 41, corre-
sponding to cohorts born between 1967 and 1977 (as in our intergenerational regressions). Since we observe
individuals only to age 41, we cannot impose that age effects are constant over ages 45-54, as we do in our
main AKM specification. Instead, we normalize age relative to age 40 and include second and third order age
polynomials interacted with education and gender.

ZLike static premia (Section 2.2), returns tend to be higher at larger firms, and in industries such as oil and
gas extraction and financial services. Unlike static premia, the lowest returns are found mainly in industries
in manufacturing and returns are, if anything, slightly higher in the public than in the private sector. Geo-
graphically, returns are highest in the Stockholm and neighboring Uppsala regions, as are static premia, but the
patterns otherwise differ.
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Figure 5: High- vs. low-return firms
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Notes: Subfigure (a) shows estimates of the coefficients on firm-class experience from equation (4).
Subfigures (b) and (c) show the probability to work in the firm class with the highest returns (firm
types 1 or 2) and lowest returns (firm types 9 or 10), by quartile of father’s income. Subfigure (d)
shows the average firm-specific returns to experience, by quartile of father’s income.

firms. Up to age 30, their firm-specific returns are on average about 40% higher than those of
their lower-SES peers. Interestingly, it is those from the second-lowest rather than the lowest
quartile who experience the lowest firm-specific returns to experience.

Returns and pay premia need not go together: for some firm classes there is a trade-off
between “dynamic” returns and “static” pay premia, while others combine high returns with
high premia, or low returns and low premia.”® Figure A17 shows how low- and high-SES
children distribute across the four combinations of high/low static and dynamic advantages.
As expected, high-SES children are more likely to work in firms offering both high premia
and high returns (high-high), and low-SES children in low-low firms. The magnitude of these

gaps is striking, with top-quartile children twice as likely as those in the next quartile to work

26 As shown in Appendix Figure A 16a, static pay premia and dynamic firm returns are only weakly correlated

across firms: firm classes with similar returns can differ substantially in their pay premia. Arellano-Bover and
Saltiel (2026) find the same pattern in data from Rio de Janeiro and Veneto.
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Table 3: Decomposition of the intergenerational earnings elasticity at age 40

Dependent variable

Yijt &; ¥ i A@Z}j Returns X ;,B-+&;,
atage 25  between to firm
age experience
2540

(1) 2) 3) 4) (&) (6)

(0] 0.180 0.080 0.040 0.028 0.015 0.017
(0.002) (0.001) (0.001) (0.001) (0.000) (0.001)

Share of IGE 100% 44% 22% 16% 8% 9%

Worker obs. 253,072 253,072 253,072 253,072 253,072 253,072

Notes: Column (1) reports the slope coefficient from regressing log child earnings at age 40 on log
father’s earnings. Columns (2)—(6) report slope coefficients from the corresponding regressions for
the components of child earnings in equation (4): the worker fixed effect o, the firm fixed effect at
age 25, its change between ages 25 and 40, returns to firm-specific experience (the cumulative sum of
Ym over ages 20—40), and time-varying controls. The sample is restricted to workers born 1967-1977
who are observed in a firm at age 25, excluding the random half used to classify firms. Robust standard
errors in parentheses.

in high-high firms early in their career. The off-diagonal patterns are also notable: children
from high-income families are less likely to begin their careers in firms with low dynamic
returns but high static premia, yet much more likely to work in them at later ages.

In sum, high-SES children sort into high-growth firms early in their careers, but later
become overrepresented in lower-growth — but high-premium — firms. They thus find more

favorable entry points to the labor market not only in a static sense but also in a dynamic one.

5.2 The contribution of dynamic firm advantages to the IGE

Table 3 quantifies how much of the intergenerational earnings elasticity at age 40 can be
attributed to the static and dynamic firm advantages in equation (4). Columns (3) and (4)
decompose the firm pay premium at age 40 into the early-career firm premium at age 25 and
the change in firm pay between ages 25 and 40. About 40% of the SES gradient in firm pay at
age 40 — and roughly 16% of the IGE — can be attributed to changes in firm pay over age (i.e.,
climbing the firm ladder, see Section 4.2). As shown in column (5), sorting into firms with
higher returns to experience explains another 8% of the IGE. Appendix A3 provides further
detail on these firm classes, including a decomposition of the relationship between returns to
experience and parental income (Table A10).

Because the return to firm-specific experience is identified by comparing workers at the
same firm with different prior experience, it does not capture returns that may materialize

only upon moving to other, better-paying firms. In that sense, column (5) of Table 3 may
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Figure 6: Returns to experience in different firm classes by father’s income
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Notes: Estimated returns to firm-class experience from equation (5), by quartile of father’s income.

understate the contribution of returns to firm experience to the IGE. Indeed, changes in firm
premia are positively correlated with the estimated returns -, in the firm class an individual
switches from (Figure A16b). Firm-specific experience may thus also help explain why high-
SES children climb the job ladder more quickly, as captured by column (4).

This dynamic perspective therefore implies an even larger role for firms than the static
decomposition in Table 1: combining columns (3)—(5), firms account for about 46% of the
IGE, or 50% when netting out the contribution of other covariates (column 6). This 50%
share should perhaps be interpreted as an upper bound, as children from high-income fami-
lies may experience higher returns to experience regardless of which firms they sort into. The
differences in returns across firm classes in Figure 5a would then partly reflect heterogeneity
across individuals rather than firms. Following Arellano-Bover and Saltiel (2026), who inter-
act firm-specific experience with worker fixed effects, we address this concern by allowing

the returns to experience to vary with parental income, estimating

K K
Yijt = o+ + Z YmExp(m) + Z SmExp(m)i x 0; + X uB + €ijt, 5)

m=1 m=1
where 6, indicates the father’s income quartile. Figure 6 shows that children from high-
income families have higher returns within all firm classes. Nonetheless, all workers benefit
from working in high-return firms, and the variation in returns across firm classes remains
nearly as large as in the baseline specification — and is even larger for the top quartile (cf.

Figure 5a).
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6 The role of skill sorting in the firm pay gradient

The SES gradient in firm pay may partly reflect assortative matching: children from high-
income families have higher AKM worker effects, and high-wage workers sort into high-
premium firms (e.g., Card et al., 2013). Yet more than 70% of the gradient survives condi-
tioning on the estimated worker effects (Table 1, column 5).?” This “direct” gradient may be
genuine, with parental background affecting firm sorting through channels other than skills
— information, social and coworker networks, credit constraints — or through preferences for
non-pay amenities that vary by family background (Section 7).

But the direct gradient may also be overstated, because the estimated worker effects ¢&;
are imperfect proxies of skill. The ¢; are noisy estimates of «;, which attenuates the esti-
mated contribution of assortative matching (Dobbin and Zohar, 2025); they capture all per-
sistent within-firm earnings differences, not only skills — for example, persistent discrimi-
nation against ethnic groups would also load onto «;;*® and skills are multidimensional, so
conditioning on a uniform skill may miss sorting along the specific dimensions most closely
tied to parental background.

We proceed in three steps. First, adding cognitive and non-cognitive skill measures shows
that skill sorting explains about half of the firm pay gradient at mid-career. Second, over
the lifecycle, observed skills explain little of the gradient at labor-market entry but become
increasingly important with age. Third, a simple employer-learning model rationalizes these
dynamics: employers may at first rely on signals that correlate with family background, and
sort on actual skill as information accumulates. Social networks may contribute to the initial

pay gaps, but are less consistent with the rising role of skill sorting over the lifecycle.

6.1 Measuring the contribution of skill sorting

To analyze skill sorting more directly, we incorporate explicit measures of cognitive and so-
cial (or “non-cognitive”) skills from military enlistment tests, and use them alongside educa-
tion and fixed effects-based skill proxies. These skill measures are highly informative about
labor productivity, as reflected in their strong associations with wages and other long-term

labor-market outcomes (Lindqvist and Vestman, 2011; Nybom, 2017). Because enlistment

2"Note that we condition on the estimated worker fixed effect from the main AKM regression. Thus, we do
not include a new set of worker fixed effects in the regression of estimated firm pay premia on (log) parental
income, which would obviously be collinear with parental income.

Z8Family background may also affect earnings within firms, in either direction: parents may help their chil-
dren to be promoted within a firm (“social capital”, Dobbin and Zohar, 2025), while “occupational followers”
who choose their father’s occupation may earn less due to skill mismatch (Bello and Morchio, 2022). Either
effect would load onto ;. Empirically, Stinson and Wignall (2018), San (2022) and Staiger (2026) find that
most gains from parental networks arise from access to high-wage firms rather than within-firm advantages.
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testing was mandatory only for men, we restrict this analysis to males.”

Specifically, we apply a decomposition in the spirit of Gelbach (2016) to examine sorting
on (i) cognitive skills, (ii) social skills, (iii) education and (iv) the estimated AKM worker
effect. This framework allows us to test whether the worker effects — often used as controls
in worker-firm sorting analyses — are incomplete measures of skill, and whether skill sorting
is therefore underestimated. It also lets us compare the relative importance of different skill
dimensions — cognitive versus social skills — for firm sorting.

We summarize the decomposition in equations (6a)—(8), suppressing year/age subscripts
for simplicity. After estimating the firm pay gradient 34, in equation (6a), we augment this
regression with our four mediators of interest, cognitive skill, social skill, education, and the
AKM worker effect,

Tﬁj =ty + BhrmY sy + wi (6a)

Vi =y res + Bfirmdirect¥ 1 (i) T Beog€08; + Bsocsocial; + Bequedu; + Bippdy; + vy (6b)

The coefficient B, giree: in €quation (6b) thus captures the direct effect of family background
on firm premia not mediated by observed skills, while the difference B, — Bfirm,direc: Captures
the part explained by the mediators. To quantify how parental income relates to each skill

measure, we estimate the auxiliary regressions:

C08; =lcog + Peog¥r(iy + €1i (7a)
social; =igoc + PsocYs(iy + €2i (7b)
edu; =fleqy + Peanls(i) + €3i (7¢)
&; =pire + GirEY s (i) + €4i (7d)

The part of the firm pay gradient attributable to skill sorting is then given by

Bﬁrm,skill = ﬁﬁrm - ﬁﬁrm,direct :ﬁcog¢cog + ﬁxoc¢soc + ﬁedu¢edu + 6iFE¢iFE' (8)

Table 4 presents the results, focusing on firm premia measured at age 40. Although
the sample is restricted to men with observed skill measures, the baseline estimate of the
relationship between firm pay and log parental income in column (1), Bﬁ,m = 0.069, closely
matches our baseline estimates for all males (0.070, Table A7) or the full population (0.065,

Table 1). Column (2) shows that sorting on our four skill measures explains nearly half of

2The military tests are taken at around age 18 and were, in the cohorts we study, compulsory for all men.
The cognitive skill score aggregates four subtests measuring verbal, logical, spatial and technical skills. The
social/non-cognitive score is based on a half-hour semi-structured interview in which a certified psychologist
grades the enlistee both overall and along dimensions such as leadership, social maturity, and emotional stability
(Lindqvist and Vestman, 2011). Both scores are standardized to mean zero and unit variance within each birth
year. Our education variable is years of education corresponding to one’s highest level attained.
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Table 4: The contribution of skills to the SES gradient in firm pay at age 40

Firm pay premia

Overall Unexp. Cognitive Social Education Worker FE
Bﬁrm ﬁﬁrm,direct 5cog ¢cog ﬂsoc ¢soc 6edu ¢edu BiFE¢iFE

(1 2) 3) “4) (&) (6)
0.069 0.037 0.011 0.001 0.007 0.012
(0.001) (0.001) (0.000) (0.000) (0.000) (0.000)
Share of (4, 100% 53.6% 15.9% 1.5% 10.1% 17.4%

Worker obs. 361,165 361,165 361,165 361,165 361,165 361,165

Notes: Estimates from the decomposition in equations (6a)—(8) using the main sample at age 40,
but excluding women and men with missing enlistment scores. Standard errors obtained using 250
bootstrap replications.

this SES gradient. Put differently, 53.6% of the gradient remains unexplained, consistent with
the finding that parental background has a substantial direct influence on firm sorting beyond
what is driven by differences in children’s skills.*

Columns (3)—(6) report the contribution of each of the skill measures to overall sorting, as
captured by the S¢ terms from equation (8). The estimated worker effects and cognitive skills
are key in explaining why children from richer families work at better-paying firms, each
contributing about 16—17% to the firm pay gradient. Education is somewhat less important,
explaining roughly 10%, while the role of the social skill component is substantially smaller.
The limited contribution of education to the SES gradient in firm pay is surprising, given
that education correlates more strongly with parental income than the other mediators (see
Appendix Table A11).%!

We thus conclude that skill sorting is underestimated — and the direct role of family back-
ground overstated — when skills are proxied solely by the estimated AKM worker effects.
When conditioning only on the worker effect, 72.3% of the SES gradient remains unex-
plained (0.047/0.065, Table 1), or 71.4% when considering only men (Appendix Table A7).
Incorporating our full set of skill measures reduces the unexplained share substantially, to
53.6% (Table 4). Still, about half of the firm pay gradient remains unexplained.

3Figure A18 shows that the firm pay gradient increases markedly along the parental-income distribution (as
also visible from Figure 1b), reaching about 0.12 at high levels of parental income. The unexplained part not
attributable to skill sorting also grows in absolute magnitude along the distribution, though it declines as a share
of Bﬁrm-

310ne possible interpretation is that the worker effects from the AKM model capture qualitative differences
in formal education (e.g., field of study) better than differences in cognitive skills, but that the latter are an
important determinant of worker-firm sorting. Note also that education is strongly correlated with cognitive
skills, whereas other skill pairs are more moderately correlated (see Appendix Table A12). We provide further
details on the underlying components of the decomposition in Appendix Section A4.1.
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6.2 The contribution of skill sorting over the lifecycle

What accounts for the part of the firm pay gradient not explained by skill? One explanation is
that family background matters directly, perhaps through parental and peer networks. Alter-
natively, it may shape sorting more indirectly, through discrimination, or through skills that
are correlated with parental income but not well captured by the skill measures in Table 4.%
Distinguishing between these mechanisms is difficult, but our setting provides some lever-
age, as beyond rich skill measures, it lets us track skill sorting over the lifecycle — and, as we
formalize in Section 6.3, different mechanisms generate different lifecycle patterns.

To trace the role of skill sorting over the lifecycle, we implement the decomposition in
equations (6a)—(8) separately by age. Figure 7 shows the results, revealing two key patterns.
First, skill sorting accounts for only a small share — about 30% — of the large firm pay gradient
Bjinm at labor-market entry; nearly 70% reflects direct family effects not mediated by observed
skills. Second, the contribution of skill sorting, B s, increases substantially over the life-
cycle, while the direct effect of family background not explained by skill, B34 direcr» remains
nearly constant. As a consequence, the relative importance of the two components shifts sub-
stantially with age: the share of the gradient attributable to direct family effects falls from
nearly 70% at age 25 to about half at age 40.

That only a small share of the firm pay gradient at career start is explained by skill is con-
sistent with recent work on the importance of networks: young adults remain more closely
tied to their parents and parental networks, and may rely more heavily on family-provided
information, referrals, or support. Their own peer networks may depend on parental back-
ground as well. However, the second finding — that skills become increasingly predictive of

firm sorting as workers age — is harder to reconcile with a pure networks story.

6.3 Firm pay gradients, family background, and imperfect information

To rationalize these lifecycle patterns, we introduce a simple model of skill sorting under
imperfect information, in the spirit of statistical discrimination (Phelps, 1972) and employer
learning (Farber and Gibbons, 1996; Altonji and Pierret, 2001). Family background affects
firm sorting through networks and through employers’ reliance on skill proxies that correlate
with it; the latter channel alone can reproduce the patterns in Figure 7.

Setup. Assume that the expected productivity of worker ¢ depends on her skill, skill},

which increases in socioeconomic background SES;,

Skill! = ~yes SES? + s, ®)

3Piopiunik et al. (2020) show in a lab-in-the-field experiment that HR managers value a wide range of
signals, including those indicating specific skills (such as IT or language proficiency) or social skills (such
as participation in team sports). While our skill measures are unusually rich, including both cognitive and
social/non-cognitive skills, they remain an imperfect proxy for the set of skills observable to employers.
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Figure 7: The contribution of skills to the SES gradient in firm pay by age
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Notes: Age-specific estimates from the decomposition in equations (6a)—(8) using the main sample,
but excluding women and men with missing enlistment scores. The components sum up to the SES
gradient in firm premia.

where u; captures idiosyncratic skill components orthogonal to family background, with vari-

ances 02 and 02, and 7., > 0 (as confirmed empirically in Appendix Table A11). However,

ses

firms observe only imperfect proxies of skill and socioeconomic background,

skill; = skill? + v;, (10)
SES; = SES' + w;, (11)

where v; and w; represent classical measurement error with variances ¢(a) and o2, respec-
tively, and where 02(a) is indexed by age a as the measurement error in skills may fall as
employers observe a worker’s performance over time. We refer to SES; as the firm’s back-
ground proxy. It need not be a direct proxy: employers may never observe parental income,
but the channels through which they find and screen workers — where they recruit or which
schools or neighborhoods applicants come from — are correlated with it.

Firms infer true skill from these observed proxies for skill and socioeconomic back-
ground. Assume further that the conditional expectation E'[skill |skill;, SES;| is linear,

E[Sklllﬂé‘klll“ SESl] = bskill Sklllz + bses SESZ, (12)
where the coefficients by;; and by can be derived using the omitted-variable formula (Ap-
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pendix A6.1). Expressed in terms of the reliability of the two signals,

b o Pskill (1 -7 pses)

skill = ) (13)
— T Pskill Pses
b Pses (1 — psiinr) 14
ses — lses 7 ( )
1—m Pskill Pses
h 2 _ A2 2 2 is th : ft kill O d _ _on
where oy = ’yAvexo-xes—i_o-u 1S the variance o1 true S 5 Pskill = ‘7‘;21@11* o2 anda Pges = o2 402 are

the reliability ratios of the skill and background signals (the share of each proxy’s variance
due to its true component), and 7T = % is the share of the skill variance attributable to
family background (corresponding to thék %opulation R*ineq. 9).

Each coefficient rises with the reliability of its own signal and falls with that of the other:
the less precisely a firm observes skill, the more weight it places on the family signal as a
substitute proxy. With perfectly observed skill (pg; = 1), by = 1 and by,; = 0, background
carries no information beyond skill.

Finally, we assume that the sorting of workers to firms depends on their productivity and
social networks.* Specifically, with probability p a worker-firm match is formed through
networks that vary with parental background, ¢; = ,SES;, while with probability 1 — p
it is formed through expected productivity, 1; = &, E[skill}|skill;, SES;].** This implies the
reduced form

E[w] ‘Sklll“ SESZ] = A SE‘S;‘< + 0 (bskill Sklllz + bses SES,L), (15)
network channel informat;); channel

where A\ = pd; summarizes the influence of parental and peer networks (which depends on
both the overall influence of networks and their SES bias) and § = (1 — p) J, summarizes
the influence of workers’ expected productivity (which depends on both their skill and family
background).

Firm pay gradients. This structure allows us to derive model counterparts to the total and
direct firm pay gradients defined in equations (6a) and (6b). From eq. (15), regressing firm

pay premia v; on true socioeconomic background SES; yields

Bﬁrm =\ + 4] (bskill Vses + bses) 5 (16)

3The assumption that workers with higher expected productivity sort into firms with higher pay premia is
consistent with standard models of worker-firm sorting (Eeckhout, 2018; Bagger and Lentz, 2019) and the
empirical patterns documented by Card et al. (2013) and also found in our data (Appendix Table A13). We
approximate this relationship linearly. The assumption that parental and peer networks help high-SES children
to secure better jobs is consistent with the evidence from different causal designs, including Kramarz and Skans
(2014), Zimmerman (2019), San (2022), Staiger (2026), Eliason et al. (2023) and Campa (2025).

3 A strand of research points to the use of networks as a device for employers to overcome imperfect in-
formation on worker productivity, thus complicating a clear isolation of “network™ and “information” effects
(Montgomery, 1992; Hensvik and Skans, 2016).
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while regressing firm pay premia on SES; controlling for skill; implies

/Bﬁrm,direct = A+ 5bses (17)
Bﬁrm,skill = 0Ysesbskitr- (18)

with bg,; and by, defined in equations (13) and (14).

Lifecycle implications. This structure reproduces the central patterns of Figure 7. First,
since by, is proportional to (1 — pyy), the direct gradient Blirm,direct = A=+ 0 byes 15 positive even
absent networks (A = 0) whenever skill is imperfectly observed, and largest when employers
know least about it — at career start.

Second, the skill-mediated gradient B, sir = 0 Vses st increases in pyy, and hence over
the lifecycle: as firms learn workers’ true skill, a growing part of the high-SES advantage is
attributed to skill rather than to background as such.

Third, the overall firm pay gradient (34, rises over the lifecycle as well. Substituting
(13)—(14) into (16),

Pskill + Pses — (1 + 7T) Pskill Pses
1—m Pskill Pses 7

Bim = A+ 0 Yyes (19)
which is increasing in pyiy With 0B /O0pgn < 1 — pes (Appendix A6.1): firms initially
underestimate the productivity of high-SES workers if background is imperfectly observed,
and revise upward as skills are revealed, widening the SES gradient in firm pay.*

The model does not capture one feature of Figure 7: the direct effect 34, girecr 15 nearly
constant over the lifecycle, whereas the model predicts it to decline as firms learn. Two
mechanisms could offset the decline. First, our skill measures are imperfect, so the estimated
“direct” effect still contains some skill sorting, which grows as the return to skill rises with
age (Appendix A6.1). Second, with search frictions workers may initially work for firms with
premia lower than what their skills warrant but climb the job ladder over time, so assortative
matching — and hence the effective pass-through § — rises with age. Because the information
component of By, giree: €quals 0 by, such an increase in 6 may offset a decline in by,,.

Discussion. To summarize, a model in which firms observe signals correlated with family
background and gradually learn workers’ skill rationalizes the key lifecycle patterns: a large
SES gradient in firm pay at career start that is largely unexplained by skill, its further rise
over the lifecycle, and the growing share attributable to skill sorting. None of these requires
networks: the model generates such profiles even with the network channel shut down (A =

0). Our point is not that networks are unimportant — a growing literature shows that they

3When background is perfectly observed (pses = 1), Bfirm = OYses irrespective of pgq; and there would be
no lifecycle dynamic in the overall firm pay gradient; when skill is initially unobserved (pgin — 0), Bam =

OVsesPses = 0YsesO. .Y2es/ (O—SQes + ‘7121;)-
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matter — but that background effects conditional on skill may reflect statistical discrimination
as well as networks, which may explain their large magnitude, and that the rising contribution
of skill sorting arises naturally under employer learning but is hard to explain by networks

alone. The relative importance of the two mechanisms remains an open question.

7 Do firm pay premia reflect overall firm desirability?

Pay is not the only firm attribute that matters to workers. Other features — such as loca-
tion, schedule flexibility, health risks and fringe benefits — also vary across employers. If
such amenities are priced in the market, variation in firm pay may partly reflect compensat-
ing differentials. Leveraging job-to-job flows in US data, Sorkin (2018) estimates that up
to twothirds of the variation in firm pay premia could stem from compensating differentials.
Lamadon et al. (2022) similarly conclude that non-pay attributes are an important determi-
nant of firm wage effects. Yet their work, along with related studies (Sockin, 2022; Crane
et al., 2023), also finds that high-wage firms tend to offer better amenities, thereby widening
disparities in overall compensation.

Even if pay differences understate differences in overall compensation (pay plus ameni-
ties) across firms, however, they need not understate compensation gaps between groups, if
groups trade off pay and amenities differently. Morchio and Moser (2026), for example, show
that a substantial share of the gender pay gap in Brazil arises from gender-specific sorting on
non-pay attributes, implying that pay gaps overstate welfare gaps between men and women.
The pay—amenity trade-off may also vary with family background. If children from high-
income families feel pressure to match parental earnings and thus select into higher-paying
but less pleasant jobs, firm pay gaps would overstate welfare gaps; if affluent backgrounds
instead provide the freedom to choose more enjoyable work, they would understate them.*°

Whether the SES gradient in firm pay reflects a corresponding gradient in the overall
value of jobs is thus ambiguous and has, to our knowledge, not been examined. To make
progress, we construct revealed-preference measures of overall firm desirability — or “firm
value”, denoted V; — from workers’ job-to-job flows, following Sorkin (2018). The firm
value captures the full bundle that a firm offers: its pay premium and priced or non-priced
amenities, but also attributes such as expected earnings growth and job security.

We find that firm pay premia are informative about overall desirability: high-paying firms
poach more workers from other firms, firm values correlate strongly with firm pay, and the
SES gradient in firm pay extends to a corresponding gradient in firm value. Sorting into

higher-value firms thus makes children from high-income families better off in welfare terms,

3Consistent with the latter hypothesis, Schiile (2026) finds that children from high-SES families place less
value on income and job security, and Haeck and Laliberté (2025) show that they are overrepresented in occu-
pations characterized by desirable non-pay attributes.
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not only in terms of pay. Moreover, pay gaps understate how their welfare advantage rises
with age: while SES gaps in firm pay plateau in the early 30s, gaps in firm value continue to
widen throughout our observation window. As with firm pay, conditioning on the estimated
worker effects explains about onethird of the value gradient at mid-career.

Amenities may vary across firms for two distinct reasons (Sorkin, 2018): firms offering
equal utility may differ in their pay—amenity mix (compensating differentials, or the “Rosen”
motive), and firms may differ in the overall utility they offer, forming a job ladder in desirabil-
ity (the “Mortensen” motive). To assess the role of each margin, we examine SES gradients
in firm pay conditional on firm value, and vice versa. While these comparisons have limita-
tions, they show that both margins matter: the firms of high-SES children rank higher in both
dimensions of the joint distribution of pay and value.’’ At a given level of overall desirabil-
ity, their jobs are tilted toward pay rather than amenities — whether reflecting preferences or
opportunities — while at a given level of pay, their firms offer more overall value, indicating

that their pay premia are less often offset by disamenities.

7.1 SES gradients in firm desirability from job-to-job flows

As a starting point, we quantify the extent to which firms “poach” workers from other firms
rather than hiring from non-employment — a simple, widely used proxy for firm desirability
(Bagger and Lentz, 2019; Crane et al., 2023). Figure 8a shows that high-paying firms (with
high @Zj) hire predominantly from other firms, while low-paying firms hire more often from
non-employment, where workers hold weaker outside options. This pattern aligns with the
job ladder implied by standard search models (Burdett and Mortensen, 1998) and confirms
that high-paying firms tend to be more attractive to workers.

Figure 8b shows that the poaching rate of the current employer rises with parental income
and increases more steeply over age for children from the top quartile, mirroring the pattern
in firm pay premia. Yet while average firm pay peaks in the early 30s before declining slightly
(cf. Figure 2), poaching rates keep rising throughout our age window. These SES gaps in
poaching close when conditioning on firm pay (Appendix Figure A19), a first indication that
pay gaps are reasonable proxies for SES gradients in broader firm value.*®

Of course, poaching is only a coarse indicator for overall firm desirability. To obtain a
more comprehensive measure of firm value, or V;, we implement the revealed-preference ap-
proach of Sorkin (2018), which uses voluntary job-to-job transitions to infer workers’ ordinal

preferences over firms. The idea is that if workers voluntarily go from one firm to another, it

3The estimated firm values lack a cardinal scale, so gradients in pay and value cannot be compared in
absolute terms, and the overall SES gradient in amenities cannot be signed.

3 As shown in Appendix Figure A19, quit rates also increase in parental income, perhaps reflecting that
high-SES children switch firms more often (Figure 3a) and work in faster-growing firms (Figure 4a).

32



Figure 8: Poaching rates from other firms
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Notes: Subfigure (a) shows a binned scatterplot of the share of hires from employment (“poaching
rate””) on the estimated AKM firm effects based on equation (1). Subfigure (b) shows the mean poach-
ing rate by age and quartile of father’s income.

must mean they prefer the new firm over the previous one.”” The implied firm value V; cap-
tures the overall value of employment at firm j, consisting of both the firm’s wage premium
and amenities.*

A first important observation is that estimated firm values ‘7J are strongly correlated with
estimated firm pay premia ﬁj. In our data, the correlation is 0.52 (Appendix Table A15),
very similar to the US estimate in Sorkin (2018). This strong correlation suggests either
that pay is a key driver of job-to-job flows or that pay is positively correlated with non-pay
amenities. In either case, and consistent with our findings for poaching rates, firm pay premia
are informative about overall firm desirability.

To draw more direct inference about differences in welfare, we examine SES gradients
in firm value. Table 5 reports how both firm pay and firm value vary with parental income.
Panel A presents baseline estimates, while Panels B and C explore the roles of skill sorting
and sampling error. Because the firm values lack an absolute scale, we standardize f/j to
mean zero and to have the same standard deviation as 1@.

We first confirm that the SES gradient in firm pay (column 1) extends to a corresponding

gradient in overall firm value (column 3), and thus the overall desirability of firms.*' Sort-

We define voluntary employer-to-employer transitions as moves that do not involve unemployment benefit
receipt or zero-earnings spells between consecutive firm spells; see further details on our implementation in
Appendix AS.1.

“OFirm pay and firm values vary substantially across industries (see Figure A20). For example, the education
industry exhibits high firm values relative to its wage component, whereas oil and gas extraction offers the
reverse, consistent with compensating differentials. Other industries align on both dimensions: finance ranks
high and the restaurant industry ranks low in both pay and value. Men and workers with more education and
higher skills are more likely to work in high-value firms (Table A14).

41To estimate the firm value V;, a firm needs to be part of a more restrictive strongly connected set in terms of
voluntary firm-to-firm transitions (see Sorkin, 2018). In addition, because we use information on unemployment
benefit receipt to distinguish voluntary employer-to-employer transitions, the estimation period is restricted to
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Table 5: SES gaps in firm values

Firm pay QZJj Firm value V}
(1 2) 3) “4)
Panel A: Baseline
Y5 (i) 0.061 0.037 0.041 0.014
(0.000) (0.000) (0.000) (0.000)
Vi 0.588
(0.001)
U, 0.446
(0.001)
R? 0.031 0.285 0.019 0.276
Observations 752,061 752,061 752,061 752,061
Panel B: Controlling for skill sorting
Y# (i) 0.044 0.029 0.028 0.009
(0.000) (0.000) (0.000) (0.000)
; 0.549
(0.001)
U, 0.422
(0.001)
Q; 0.152 0.088 0.117 0.053
(0.001) (0.001) (0.001) (0.001)
R? 0.096 0.305 0.070 0.285
Observations 752,061 752,061 752,061 752,061
Panel C: Split-sample IV
YF(i) 0.058 0.033 0.040 0.013
(0.000) (0.000) (0.000) (0.000)
% 0.635
(0.001)
U, 0.474
(0.001)
R? 0.030 0.278 0.019 0.277
Observations 689,202 689,202 689,202 689,202

Notes: Column (1) reports the slope coefficient from regressing the estimated firm pay premium 1@-
from eq. (1) on father’s log income for the subsample of firms that are included in the model to
estimate the firm values. Column (3) reports the slope coefficient from regressing the estimated firm
value Vj based on Sorkin (2018) on parental income. Columns (2) and (4) repeat these regressions
but condition on the estimated firm value or firm pay, respectively. In Panel B, we add controls for the
estimated worker fixed effect from eq. (1). In Panel C, we use split-sample techniques to instrument
the estimated firm value or pay; see footnote 48 in Section A6.2 for details. The estimated firm values
Vj are standardized to have mean zero and the same standard deviation as the firm pay estimates.
Robust standard errors in parentheses.

1993-2018. The sample size is thus slightly reduced. However, column (1) shows that the SES gradient in firm
pay premia (0.061) for the subsample with estimated firm values resembles that of the baseline sample (0.065).
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Figure 9: Firm values over the lifecycle
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Notes: Mean firm value over the lifecycle, by quartile of father’s income. The firm value is estimated
following Sorkin (2018).

ing into higher-value employers therefore makes children from high-SES families better off.
While the gradients cannot be compared in absolute terms — the firm value lacks an inter-
pretable scale — the R? is scale-invariant and permits a relative comparison. Parental income
explains a smaller share of the variation in firm value than in firm pay (22 of 0.019 vs. 0.031),
a gap that is not driven by sampling error.*? Still, the SES gradient in firm value is more than
twice as large as one would expect if high-SES children sorted purely on pay — sorting does
not operate on pay alone.*

Figure 9 shows how this gradient in firm value evolves over the lifecycle. As with firm
pay, gaps in firm value emerge at the start of the career and widen with age. However, while
firm pay gaps stabilize by the early 30s, SES gaps in firm value continue to grow, as does
the average firm value. As careers progress, all workers, but particularly high-SES workers,
increasingly sort into firms offering better amenities or other non-pay benefits. Although
the levels of the two gradients cannot be compared, this contrast in age profiles is informa-
tive: focusing on firm pay alone would miss that the sorting of high-SES children into more
desirable firms keeps intensifying beyond the early 30s.

As shown in Panel B of Table 5, controlling for the estimated worker fixed effects reduces
the mid-career SES gradients in firm pay and firm value by a similar proportion — about

onethird (cf. Panels A and B, columns 1 and 3). Skill sorting thus partly explains why

“Firm values contain greater sampling error, but a split-sample correction reduces the gap only marginally;
we return to the role of sampling error below.

43Given the correlation of 0.52 between firm pay and firm value, sorting purely on pay would imply an R? in
firm value of only 0.522 x 0.031 =~ 0.008, falling well short of the observed R? in firm value.
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high-SES workers sort into more desirable firms, and it does so to a similar extent for firm
values as for firm pay premia, supporting a common interpretation of the two gradients. Yet,
even conditional on skills, high-SES children remain considerably more likely to work in

higher-value firms.

7.2 Pay or amenities? Interpreting conditional SES gradients

The firm value captures everything that makes an employer attractive: the pay premium
and amenities, but also forward-looking components such as expected earnings growth and
job security. Without further assumptions, we cannot distinguish the relative roles of these
components. Nor do our results indicate whether high-SES children receive better or worse
amenities in absolute terms — only that the value they derive from higher firm pay is larger
than any compensated disamenities. With these caveats in mind, we examine SES gradients
in firm pay conditional on firm value, and vice versa — asking whether the pay advantage
of high-SES children merely reflects the overall desirability of their employers, and whether
their employers are more desirable than their pay alone would suggest.

In column (2) of Table 5, we regress firm pay on both parental income and the estimated
firm value. The coefficient on parental income falls by about 40% relative to column (1), but
remains positive: conditional on working at similarly valued firms, children from high-SES
backgrounds work at firms that offer higher pay — and thus fewer (priced) non-pay benefits.
Column (4) shows the reverse regression, the SES gradient in firm value conditional on firm
pay. Conditioning on firm pay reduces the SES gradient in firm value by about twothirds (cf.
Panel A, columns 3 and 4), yet the gradient remains positive. Thus, among firms offering
similar pay premia, children from high-SES families sort into more desirable firms than their
low-SES peers.*

A first concern is that sampling error in the estimated firm values and pay premia would
mechanically generate such positive conditional gradients: noise attenuates the coefficient
on the conditioning variable, and the SES gradient it would otherwise absorb spills over
to parental income. In Appendix A6.2, we formalize this argument and address it with a
split-sample IV strategy, instrumenting each estimate with its counterpart from an indepen-
dent subsample. As shown in Panel C, the conditional SES gradients decline only modestly
(by about 10%) and remain positive and substantial; they are also robust to excluding small
firms, for which the estimated firm values are noisier (Appendix Table A17). Sampling error
therefore does not drive these patterns, though specification error arising from the model’s

assumptions cannot be ruled out.

#“When we additionally control for the estimated AKM worker effect (Panel B), the SES gradient declines
by about onethird, indicating that skill sorting partially explains why high-SES children are more likely to enter
high-value firms, conditional on firm pay.
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At first glance, the estimates in columns (2) and (4) may seem contradictory: high-SES
children are in firms that are more desirable than their pay would imply (“reverse regression”,
column 4), but also in firms that pay more than their firm value implies (“forward regression”,
column 2). Read jointly, however, the two estimates simply indicate that the firms of high-
SES children rank higher in both dimensions of the joint distribution of pay and value. Such
a pattern requires two motives for amenity variation: differences in the pay—amenity mix
among firms of similar value (compensating differentials, or the “Rosen” motive), and suffi-
ciently large dispersion in overall desirability across firms (the “Mortensen” motive) — with
high-SES children advantaged on both. It would arise, for instance, if high-SES children
work in firms offering both high pay and high value, while low-SES children sort into firms
offering either high pay or high value, but rarely both.*

What do these patterns imply about amenities? The R? comparison above could not
distinguish whether amenities are only weakly related to parental background or partly offset
pay differences (compensating differentials); the conditional gradients point to elements of
both. On the one hand, column (2) implies that at a given level of overall desirability, high-
SES children hold jobs tilted toward pay rather than amenities — consistent with a stronger
weight on pay, whether this reflects their preferences or the opportunities open to them.*® On
the other hand, column (4) implies that at a given level of pay, their firms offer more overall
value: the pay premia of low-SES children more often carry offsetting disamenities, whereas
those of high-SES children more often constitute “rents” that raise the overall value of their
jobs.*” Part of the conditional value advantage may, moreover, reflect dynamic rather than
non-wage benefits: firm values are forward-looking, and Section 5 showed that high-SES
children sort into firms characterized by higher wage growth. What we cannot determine
is whether the overall SES gradient in amenities is positive or negative: this would require
expressing firm values in pay units, which their ordinal scale does not permit.

Taken together, the evidence suggests that firm pay premia, while an imperfect proxy for
overall firm desirability, capture meaningful socioeconomic differences in job quality. High-
SES children work in firms that rank higher in both pay and non-pay dimensions, implying
that the SES gradient in firm pay reflects a genuine gradient in the overall quality of jobs.

43See also Goldberger (1984), who explains why forward and reverse regressions can yield seemingly con-
flicting results in studies of labor market discrimination. While forward and reverse regressions give the same
qualitative result in deterministic settings, they can diverge when the underlying relationships are stochastic.

46Consistent with this interpretation, the correlation between firm pay and firm value is slightly higher among
high-SES children (Figure A21 and Table A16). Within-group correlations should be interpreted with caution,
however, since selective sorting restricts the range of pay and values within groups.

#TThis finding is in line with evidence by Haeck and Laliberté (2025), who show that low-SES children in
Canada are overrepresented in physically demanding industries such as mining, oil and gas, or construction. We
find a similar pattern in Sweden (Appendix Figure A20). Differences in preferences need not always translate
into differences in job quality. Stansbury and Rodriguez (2026) make this point for US. academics: those from
less advantaged backgrounds place, if anything, more weight on pay, but since higher-ranked institutions also
pay more, this cannot explain their placement at lower-ranked ones.
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8 Conclusions

The contribution of worker-firm sorting to intergenerational earnings persistence appears re-
markably strong: in our data, static firm pay premia account for 36% of the intergenerational
elasticity of earnings around age 40, rising to about one half once dynamic firm-specific
returns to experience are taken into account. These pay differences do not merely reflect
compensating differentials. Indeed, conditional on pay, children from high-income families
work at more desirable firms, and this advantage continues to grow in midlife even as their
pay advantage has already stabilized.

At first glance, such a large role for firms may seem to collide with the literature’s tra-
ditional emphasis on human capital. For the most part, however, it does not: much of the
firm pay gradient reflects skill sorting, as children from high-income backgrounds sort into
higher-paying firms precisely because they enter the labor market with better skills and more
education. Worker-firm sorting thus amplifies skill gradients that emerge before labor-market
entry — it is a key mechanism by which skill differences translate into earnings differences.

However, the large SES gradient in firm pay that arises already at career start is not well
explained by skills, but appears consistent with recent evidence on the role of parental and
peer networks in labor-market entry. The subsequent widening of the firm pay gradient, by
contrast, is almost entirely accounted for by skills, and is thus better explained by employer
learning under imperfect information. Such informational frictions would also contribute to
the unexplained pay gaps at career start, perhaps explaining why these gaps are so large.

These results link the nascent literature on worker-firm sorting and intergenerational per-
sistence to the literature on peer effects in labor market access, but more work is required.
Networks and skill sorting under imperfect information need not be distinct mechanisms, as
connections may serve precisely to overcome informational frictions about worker skill. How
such informational frictions shape worker-firm sorting has, however, received little attention
in the intergenerational literature, and strikes us as a promising avenue for future research.

From a policy perspective, measures that improve the skill acquisition of children from
lower-income families thus have a double payoff: they not only raise earnings directly — the
“worker component” of pay — but also improve sorting into better-paying firms. Our findings
suggest that this second payoff may be as important as the first for intergenerational mobility.
However, the large pay gaps at career start deserve particular attention. Social mixing might
not suffice to break the influence of networks (Einio, 2026). And if firms rely on skill proxies
that correlate with family background, then what matters is not only the skills that children

from different backgrounds acquire, but also how visible these skills are to employers.
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Appendix

Labor-market Drivers of Intergenerational Earnings Persistence

Al Additional results

Al.1 Sample construction and descriptive statistics

Table Al reports summary statistics for the AKM sample and the main intergenerational
sample. Differences between the samples mainly reflect age and cohort composition, as well
as the inclusion of earlier earnings years in the AKM sample: individuals in the AKM sample
were born, on average, 11 years earlier, resulting in lower college attainment and slightly
lower log earnings. The average firm size is roughly 450 employees.

Our full-population data include 1,301,551 individuals with positive earnings at ages
39-41. Requiring non-missing links to fathers and observed paternal earnings reduces the
sample to 1,076,969 and 933,647 individuals, respectively. Excluding very low earnings for
either children or fathers leaves 910,665 observations. Imposing valid firm links with identi-
fied firm fixed effects and observed demographics (such as education) yields a final analysis
sample of 836,743 individuals at ages 39—41. Extending the sample to individuals observed
at any point between ages 25 and 41 increases the full population to 1,441,540 individuals
with positive earnings in at least one year, and applying the same restrictions results in a final

analysis sample of 960,925 individuals.

Table Al: Descriptive statistics

AKM sample Main sample (born 1967-77)

Age 20-64 25-41 3941
Earnings years 1985-2018 1992-2018 2006-2018
Earnings 301,558 316,664 400,878
Share women 0.49 0.48 0.48
Share with college degree 0.39 0.48 0.50
Year of birth 1961 1972 1972
Firm size 455.89 435.90 460.56
Number of individuals 7,482,143 960,925 836,743
Number of firms 460,875 314,598 172,225

Notes: Descriptive statistics for different samples. Column (1) shows statistics for the AKM sample,
covering individuals aged 20 to 64 born between 1922 and 1997. Columns (2) and (3) show statistics
for the intergenerational sample born between 1967 and 1977, separately for the 25-41 and 39-41 age
ranges. Earnings are measured as annual earnings in Swedish kronor (SEK), expressed in 2018 prices.
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Table A2: Variance decomposition

AKM sample Main sample (born 1967-77)

Age 20-64 2541 39-41
(1) (2) 3)

Variance of log earnings 0.268 0.242 0.205
Components:
Worker FEs 0.101 (37.7%) 0.072 (29.8%) 0.073 (35.6%)
Firm FEs 0.022 (8.2%) 0.026 (10.7%) 0.026 (12.7%)
Covariance (sorting) 0.019 (7.1%) 0.022 (9.1%) 0.024 (11.7%)
Covariates and residual 0.125 (46.6%) 0.121 (50.0%) 0.082 (40.0%)
Worker obs. 7,482,143 960,925 836,743
Number of firms 460,875 314,598 172,225
Worker-year obs. 118,832,220 12,977,062 2,352,856

Notes: Variance decomposition of log earnings into the components of equation (1). Column (1)
shows the variance decomposition for the AKM sample, column (2) for the main lifecycle sample,
and column (3) for the main sample with mean earnings estimated for ages 39—41.

Al.2 Variance decomposition of the AKM model

Using our estimates from equation (1), we can decompose the variance in log earnings as

Var(yi;e) = Var(a;) + Var(y;) +2Cov(a;, ;) + Var(X;6)
+2Cov(X 30, a; + ;) + Var(eij) (A1)

We report the results in Appendix Table A2, separately for three samples: our AKM sample,
our main intergenerational sample across the entire age span (ages 25—41), and our main sam-
ple at age 39-41. The first two terms on the right-hand side in equation (A1) describe what
fraction of the overall earnings variance is due to worker and firm components, respectively.
The third component measures the contribution of worker-firm sorting; if this covariance is
positive, there is positive assortative matching in the sense that workers with high (perma-
nent) unobserved productivity sort into firms with high pay premia. The last three terms
capture earnings variation due to covariates and the error term.

As found by others, the most important component for explaining the variance of log earn-
ings is the (variance of) worker effects, here at 30-38% across the three samples. Firm fixed
effects explain between 8—13% of the variance in log earnings, while the covariance between
firm and worker fixed effects explains another 7-12%. We therefore find strong sorting be-
tween high-wage workers and firms: in the AKM sample, the implied correlation coefficient
between the estimated worker and firm fixed effects is 0.40 (0.019/( V0.101 \/m))

Differences in firm pay and worker-firm sorting together explain 15-24% of the total
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Table A3: Decomposition of the IGE using average parental income

Dependent variable

Yijt Q; %‘:J(z‘,t) X8+ Eiji Q/Ajj:J(i,t)
(1 (2 (3) 4) (&)
Y£@) 0.323 0.179 0.103 0.040 0.076
(0.002) (0.001) (0.001) (0.001) (0.001)
Q; 0.152
(0.001)
Share of IGE 100% 55% 32% 12% 24%

Worker obs. 777,364 777,364 777,364 777,364 777,364

Notes: Column (1) reports the estimated slope coefficient from regression (2) of mean of log child
earnings at ages 39—41 on the average of father’s and mother’s log earnings. Columns (2)—(4) report
the slope coefficients from the corresponding regressions when decomposing child log earnings y;
according to equation (1) into worker fixed effects «;, mean firm fixed effects 1); for ages 39-41, and
time-varying controls. Robust standard errors in parentheses.

variance, depending on sample. For the main sample observed over the lifecycle (column 2)
we find a somewhat decreased importance of the worker component, compared to the full
AKM sample (column 1). For the prime-age version of the main sample (column 3), which
only includes earnings at ages 39-41, there is a slight uptick in the importance of firms and
sorting (rows 2 and 3) compared to the baseline. Overall, the decomposition is very similar
to Engbom et al. (2023) who use similar data and specifications, and also largely in line with
evidence from the US (e.g., Song et al., 2019).

Al1.3 Decomposition of the IGE
A1.3.1 Alternative measures of parental income

In our baseline, family background is measured as father’s log earnings. Table A3 reports
the decomposition of the IGE when parental income is instead measured as the average of
the father’s and mother’s log earnings. The overall IGE is then larger (0.323), which almost
exclusively stems from a much lower variance in the average compared to the father-based
parental income measure (Pearson correlations are roughly similar). However, the firm pay
gradient — the coefficient on parental income when the dependent variable is the AKM firm

effect (column 3) — remains proportionally similar either way, at 0.103 or 32% of the IGE.

Al1.3.2 Measurement error and the AKM estimation window

Our baseline AKM model is estimated over a long panel (1985-2018), whereas related stud-

ies rely on much shorter windows (six years in Dobbin and Zohar, 2025; five-year windows
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in Card et al., 2026). To examine how the length of the estimation window affects our results,
we re-estimate the model over shorter periods: once over the years 2006-2018, the period
in which the children in our sample (born 1967-1977) are observed at ages 39—41, and sep-
arately over the five-year window centered on the year in which each birth cohort turns 40
(2005-2009 for the 1967 cohort, up to 2014-2018 for the 1976 cohort). For each birth co-
hort, we then estimate the SES gradient in firm pay by regressing the mean estimated firm
premium at ages 39—41 on log father’s income. Figure A1l plots the resulting cohort-specific
gradients, based on firm premia from the 13-year window and from the cohort-specific five-
year windows, and Table A4 reports worker-weighted averages across cohorts. The underly-
ing samples differ, as the connected set is smaller in short windows and more firms fall below
the minimum of five movers; subfigure (a) uses all available firm premia, while subfigure (b)
restricts both series to the same set of workers and firms.

The figure documents two findings. First, the SES gradient in firm pay is fairly constant
across birth cohorts, in particular when the firm premia are estimated over the longer win-
dow. Second, the estimated gradient is systematically smaller when the premia are estimated
over the short windows — by 0.006 log points on average across cohorts, or about 15%, and
by 0.005 (12%) when holding the sample fixed (Table A4, columns 1 and 2) — and it fluc-
tuates more across cohorts. Because sample composition is held fixed in subfigure (b), this
remaining gap is not explained by the loss of small firms in shorter windows.

Classical measurement error in the estimated premia cannot account for this pattern, as
the premia serve as the dependent variable in these regressions. Figure A2 suggests that the
deviations between short- and long-window estimates are instead mean-reverting: plotting
the deviation against the long-window premium (in binned means, weighted at the worker
level), short-window premia exceed the long-window estimates for firms with low premia
and fall below them for firms with high premia. Part of this negative relation is mechanical,
as estimation error in the long-window premia on the horizontal axis itself induces mean
reversion, but together with the smaller SES gradients it suggests that short-window premia
are compressed in a way that is correlated with parental income.

Two mechanisms can explain why shorter windows and less representative samples yield
smaller firm pay gradients. The first is composition: some of the firms with the most extreme
pay premia are small, and children from low-income families are more likely to work in
small firms with particularly low premia. Such firms are the first to drop out of the connected
set when the data are poorer or the estimation window is shorter, so that the gradient falls
even if each premium were measured without error — as it does when we raise the minimum
number of movers per firm (Table A6, Panels D-F). The second mechanism is specific to
short windows: annual earnings in a year in which a worker changes employer combine pay
at the origin and the destination firm but are attributed to only one of them, which pulls the

estimated premia of high- and low-paying firms toward each other. Even when earnings are
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reported separately by employer, the transition-year observation covers only part of the year,
unless earnings are expressed per month or partial spells are excluded. Whether this matters
therefore depends on the data structure — with monthly or quarterly records and reliable spell
dates, earnings can be attributed to the correct employer and partial periods dropped (see
Engbom et al., 2023) — but it is a potential issue in most settings based on annual earnings. In
a long window, most observations lie in the interior of a worker-firm spell, so that transition
years matter little; in a five-year window they make up a much larger share of the observations
that identify each firm’s premium.

Figure A3 and the right-hand columns of Table A4 examine the second mechanism di-
rectly, re-estimating both sets of premia after dropping the final year at the origin firm and the
first year at the destination firm. Dropping these years removes short spells and thus many
small firms from the connected set, which lowers the gradient for both windows — the com-
position effect described above, illustrated by the lower estimate in column (3) compared to
those in columns (1) and (2). But once transition years are removed and the sample is held
fixed, short- and long-window estimates are close (0.030 versus 0.032, a deviation of less
than 10%). The shortfall of short-window estimates thus largely reflects the contamination of
transition years, while the remaining sensitivity to the estimation window operates through
the coverage of small firms.

Two further observations support this reading. The compression is not an artifact of
imposing time-invariant premia over a long panel: allowing premia to vary across four sub-
periods of 1985-2018, estimated jointly so that stayers connect adjacent windows (Table A6,
Panel A), modestly raises the estimated firm contribution. And randomly dropping half of
the workers before the AKM estimation — which reduces precision without shortening the
panel or altering the set of firms — leaves the results unchanged (Table AS5). The contribution
of firms to intergenerational persistence thus appears understated when the AKM model is
estimated over short panels or on samples with limited coverage of small firms, one reason

why we find a larger firm share than studies relying on shorter panels.

A1.3.3 Alternative specifications for the AKM regression

Table A6 reports the decomposition of the IGE under alternative AKM specifications. Panel
A allows firm premia to vary over time by splitting the 1985-2018 period into four subpe-
riods, which modestly increases the estimated role of firms. Note that in this exercise we

estimate the premia for all windows jointly, analogous to Engbom et al. (2023): worker fixed

effects remain constant across windows, and each worker effectively switches firm identifiers
at the window boundaries, so that stayers connect the premia of adjacent windows. In Figure
A1 we instead estimate a separate AKM regression for each window, so that neither channel

links the estimates across windows. Panel B defines pay premia at the establishment rather
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Figure A1l: The SES gradient in firm pay by birth cohort and AKM estimation window

(a) Full samples (b) Balanced sample
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Notes: Cohort-specific estimates of the SES gradient in firm pay, from regressions of the mean es-
timated firm premium at ages 39—41 on log father’s income, for children born 1967-1976. The first
series (blue line) uses firm premia from an AKM model estimated over the years 2006-2018; the
second series (red line) uses premia from separate AKM models estimated over the five-year window,
centered around the year in which the respective cohort is aged 40 (2005-20009, ..., 2014-2018). Sub-
figure (a) uses all available firm premia in each specification, while subfigure (b) restricts both series
to the same set of workers. Vertical bars indicate 95% confidence intervals.

Figure A2: Firm premia estimated over short vs. long panels
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Notes: Binned scatter plot comparing firm premia estimated over short and long panels. The horizontal
axis shows the firm premium from an AKM model estimated over the years 2006-2018; the vertical
axis shows the deviation of the premium estimated over the cohort-specific five-year windows (see
Figure A1) from this long-window estimate. Observations are weighted at the worker level, with one
observation per child in our sample, based on the firm of employment at ages 39—41.
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Figure A3: The SES gradient in firm pay by birth cohort and AKM estimation window,
transition years removed

(a) Full samples (b) Balanced sample
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Notes: Cohort-specific estimates of the SES gradient in firm pay, from regressions of the mean esti-
mated firm premium at ages 39—41 on log father’s income, for children born 1967-1976. The AKM
models are estimated after removing transition years, defined as the first and last year working in
a firm. The first series (blue line) uses firm premia from an AKM model estimated over the years
2006-2018; the second series (red line) uses premia from separate AKM models estimated over the
five-year window, centered around the year in which the respective cohort is aged 40 (2005-2000, ...,
2014-2018). Subfigure (a) uses all available firm premia in each specification, while subfigure (b)
restricts both series to the same set of workers. Vertical bars indicate 95% confidence intervals.

Table A4: The SES gradient in firm pay, with long and short AKM window

Baseline: Transition years removed:
Samples Separate Balanced Col. (5) sample Separate Balanced
ey 2) 3) “4) &)

Long AKM 0.045 0.043 0.037 0.037 0.032

(0.001)  (0.001) (0.001) (0.001) (0.001)
Short AKM 0.038 0.038 0.032 0.030 0.030

(0.004)  (0.004) (0.003) (0.004) (0.004)
Long - Short 0.006 0.005 0.004 0.007 0.002
Number of firms long 151,686 123,484 33,559 86,408 33,559
Number of firms short 123,774 123,484 33,559 33,624 33,559
Number of workers long 749,361 697,446 367,702 580,062 367,702
Number of workers short 698,034 697,446 367,702 368,221 367,702

Notes: Worker-weighted averages of the estimated SES gradient in firm pay across the 1967-1976
birth cohorts. Worker-weighted standard deviations across cohorts are shown in parentheses. Long
AKM refers to firm effects estimated over 2006-2018. Short AKM refers to cohort-specific five-year
AKM estimates, centered around the year the cohort is age 40. Long — short is the difference between
the worker-weighted mean coefficients. Specifications with transition years removed exclude the
final year at the origin firm and the first year at the destination firm. Balanced-sample specifications
require both long and short AKM firm effects to be observed.
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Table AS: Decomposition of IGE using a random AKM subsample

Dependent variable

Yijt Q; %‘:J(i,t) %‘:J(i,t)
(1 2) 3) “4)
A: Dropping 50% of individuals before AKM estimation
Y 0.197 0.118 0.062 0.044
(0.002) (0.001) (0.001) (0.001)
Q; 0.150
(0.001)

Share of IGE  100% 60% 31% 22%
Worker obs. 407,750 407,750 407,750 407,750

B: AKM estimated for full sample
(intergenerational sample same as in panel A)

Yr() 0.197 0.117 0.062 0.044
(0.002) (0.001) (0.001) (0.001)

Qi 0.159
(0.001)

Share of IGE  100% 59% 31% 22%
Worker obs. 407,750 407,750 407,750 407,750

Notes: Estimated slope coefficients from regression (2) of mean of log child earnings over the ages
39-41 on log father’s earnings and corresponding regressions when decomposing child log earnings
y;j+ according to equation (1) into worker fixed effects ; and mean firm fixed effects 1); over the
ages 39—41. In panel A, equation (1) is estimated after dropping a random subsample of 50% of all
individuals. In panel B, equation (1) is estimated for the full sample, but the observations in the inter-
generational regression are limited to the same as in panel A. Robust standard errors in parentheses.

than the firm level, raising the firm contribution slightly relative to our baseline definition,
while always using firm identifiers regardless of firm size (Panel C) lowers it, largely due to
public-sector employment. Panels D-F vary the minimum number of movers required per
firm: requiring at least 10 or 50 movers reduces the firm pay gradient relative to retaining all
firms, reflecting the trade-off between limited-mobility bias and the representativeness of the

firm sample.

A1.3.4 Decomposition of the IGE: Heterogeneity

Table A7 shows the decomposition of the intergenerational earnings elasticity for different
subsamples. Panels A and B split the sample by gender: the overall IGE is larger for men
(0.229) than for women (0.165), but the firm pay gradient in column (3) — 0.070 and 0.059,
respectively — accounts for a similar share of the IGE in both groups. Panel C excludes
children who work in the same firm as their father; the firm pay gradient is nearly unchanged

(0.063), indicating that direct parental workplaces account for little of the overall gradient.
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Table A6: Decomposition of the IGE using alternative AKM specifications

Dependent variable

Yijt Q; Yicyin XaB+Euyr Vimgun|d
(D 2) 3) “4) )
A. AKM with time-varying firm FE as in Engbom et al. (2023)
Y5 (i) 0.198 0.112 0.071 0.015 0.053
(0.001) (0.001) (0.000) (0.001) (0.000)
Share of IGE ~ 100% 57% 36% 8% 27%

Worker obs. 826,314 826,314 826,314 826,314 826,314

B. AKM estimated using establishment identifiers

Y5 0.198 0.113 0.068 0.018 0.050
(0.001) (0.001) (0.000) (0.001) (0.000)
Share of IGE  100% 57% 34% 9% 25%

Worker obs. 831,883 831,883 831,883 831,883 831,883

C. AKM estimated using firm identifiers

Yr(i) 0.198 0.128 0.052 0.019 0.033
(0.001) (0.001) (0.000) (0.001) (0.000)
Share of IGE  100% 65% 26% 10% 16%

Worker obs. 836,553 836,553 836,553 836,553 836,553

D. AKM estimated without excluding firms with few movers

Yr(i) 0.197 0.112 0.069 0.017 0.054
(0.001) (0.001) (0.000) (0.001) (0.000)
Share of IGE  100% 57% 35% 9% 27%

Worker obs. 885,220 885,220 885,220 885,220 885,220

E. Excluding firms with less than 10 movers

Yr(i) 0.197 0.117 0.062 0.018 0.044
(0.001) (0.001) (0.000) (0.001) (0.000)
Share of IGE ~ 100% 59% 31% 9% 22%

Worker obs. 814,057 814,057 814,057 814,057 814,057

F. Excluding firms with less than 50 movers

Yr) 0.198 0.123 0.056 0.019 0.038
(0.001) (0.001) (0.000) (0.001) (0.000)
Share of IGE  100% 62% 28% 10% 19%

Worker obs. 696,157 696,157 696,157 696,157 696,157

Notes: Estimated slope coefficients from regression (2) of mean of log child earnings at ages 3941 on
log father’s earnings and corresponding regressions when decomposing child earnings y;;; according
to equation (1). The different panels show different variants of estimating equation (1). In panel A,
we estimate time-varying firm fixed effects by dividing the period 1985-2018 into four periods. In
panel B, we use establishment codes for all firms when estimating equation (1) while in Panel C we
use firm codes. Our baseline specification uses establishment codes only for multi-establishment firms
with more than 1,000 employees (average over the analysis period). In panel D, we estimate the AKM
without excluding firms with few movers, panel E excludes firms with less than 10 movers, and panel

F excludes firms with less than 50 movers (baseline: at least 5 movers).
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Table A7: Heterogeneity in the IGE decomposition

Dependent variable

Yijt Q; Vicaary  XabBtéyg Vj—iapl|d
(D () (3) “4) &)
A. Sample: Men
Ui 0.229 0.138 0.070 0.021 0.050
(0.002) (0.001) (0.001) (0.001) (0.001)
Share of IGE 100% 60% 31% 9% 22%

Worker obs. 428,245 428,245 428,245 428,245 428,245

B. Sample: Women

Yr) 0.165 0.092 0.059 0.014 0.049
(0.002) (0.001) (0.001) (0.001) (0.001)
Share of IGE 100% 57% 30% 13% 24%

Worker obs. 408,498 408,498 408,498 408,498 408,498

C. Excluding workers who work in the same firm as their father

(0, 0.196 0.115 0.063 0.018 0.045
(0.001) (0.001) (0.000) (0.001) (0.000)
Share of IGE 100% 59% 32% 9% 23%

Worker obs. 793,295 793,295 793,295 793,295 793,295

D. Excluding public sector firms

Yr) 0.227 0.123 0.082 0.022 0.063
0.001)  (0.001)  (0.001)  (0.001)  (0.001)
Share of IGE  100% 54% 36% 10% 28%

Worker obs. 536,774 536,774 536,774 536,774 536,774

Notes: Estimated slope coefficients from regression (2) of mean of log child earnings at ages 39—41 on
log father’s earnings and corresponding regressions when decomposing child earnings y;;; according
to equation (1) into worker fixed effects «;, mean of firm fixed effects v; for ages 3941, and time-
varying controls. Panel A shows results for males, and panel B shows results for women. In Panel C,
workers who work in the same firm as their fathers are excluded, where working in the same firms as
the father is defined as having ever worked in the father’s main firm (main firm is the firm the father
works in for most years between 1985-2018). Panel D shows results where public sector firms are
excluded, where public sector firms are defined as firms in industries with SNI92 codes 75, 80, 85, 90,
91, 92, 93 and 99.

Panel D excludes public-sector firms, which raises the firm pay gradient to 0.082, consistent
with more compressed wage structures and homogeneous pay-setting policies in the public
sector.

Figure A4 plots the share of children who work in their father’s main firm by age, sep-
arately for those with and without a college degree. The share is highest at labor-market
entry and among children of high-income fathers, but it never exceeds about 5% among non-
college and 2% among college-educated children and declines with age, consistent with the

small change in the gradient when firm followers are excluded.
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Figure A4: Share working in the same firm as their father
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Notes: Proportion of children who work in their father’s main firm at different ages, separately by
quartile of father’s income. The father’s main firm is defined as the firm in which the father works
for the most years between the years 1985-2018. Subfigure (a) shows the results for children without
college education, and (b) for children with college education.

A1.3.5 Adding controls

Table A8 examines the role of occupations in the subsample with occupation information.
The unconditional firm pay gradient in this sample is 0.055; adding controls for region, indus-
try, public-sector status and firm size, and additionally for occupation fixed effects, reduces it
to 0.010 in the fullest specification. Sorting into occupations thus accounts for an important

part of the sorting into higher-paying firms, over and above these other characteristics.

Al.4 Non-linear firm pay gradients

Figure A5 complements Section 3.1 by plotting child log income and firm premia against

father’s log income.
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Table A8: Decomposing the relationship between firm premia and parental income (occupa-
tion sample)

Dependent variable: Estimated firm pay premium 1@-: J(@i,)

(1 (2) (3) 4) ) (6) (7
0.055 0.036 0.035 0.049 0.042 0.032 0.010
Y1) (0.001)  (0.001)  (0.000)  (0.001)  (0.001)  (0.001)  (0.000)
Region FEs X X
Industry FEs X X
Public sector X X
Firm size X X
Occ. FEs X X
Share of 5 100% 35% 36% 11% 24% 42% 82%
Worker obs. 288,389 288,389 288,389 288,389 288,389 288,389 288,389

Notes: Column (1) reports estimates of the slope coefficient from regressing 1[1j, at age 40 as estimated
from equation (1), on log father’s earnings, limiting the sample to individuals with occupation infor-
mation. Columns (2)—(7) report coefficient estimates from the same regression controlling for region
fixed effects (21 counties), industry fixed effects (2-digit level, 59 industries), working in the public
sector (public sector firms are defined as firms in industries with SNI92 codes 75, 80, 85, 90, 91, 92,
93 and 99), or firm size (10 deciles), occupation fixed effects (2-digit level), or adding all controls
simultaneously. Robust standard errors in parentheses.

Figure AS: Child income and firm premia by father’s income (logs)

(a) Child log income by father’s log income (b) Firm premium at age 40 by father’s log income
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Notes: Subfigure (a) shows binned scatter plots of mean child’s log income at age 40 by father’s log
income. Subfigure (b) shows means of estimated firm premia 1); at age 40 based on equation (1) and
firm premia residualized on worker fixed effect by father’s log income.
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A2 Additional evidence on lifecycle dynamics

This appendix provides additional evidence on the lifecycle patterns documented in Section
4. Panels (a)—(c) of Figure A6 plot mean firm pay premia by potential experience rather
than age, for the full sample and by education group. Figure A7 shows the firm pay profile
conditional on worker fixed effects, Figure A8 separates the profiles by gender, and Figure
A9 plots the composition of coworkers — their worker fixed effects and the share with fathers
in the top quartile — and the five-year earnings growth of coworkers who stay in the firm and

of all coworkers.

A2.1 Firm switching

Figures A10, A11 and A12 disaggregate the firm-switching patterns of Section 4.2 by educa-

tion group, and Figure A 13 separates voluntary from involuntary switches.

A2.2 Commuting patterns

In this section, we provide additional evidence on how commuting patterns vary by parental
background.

One potential explanation for the more frequent job switching and larger gains in firm
pay among high-SES children is greater geographic mobility. In particular, broader social
networks and stronger support structures — such as access to childcare, flexible transportation,
or remote work options — may reduce the costs of commuting, thereby expanding the set of
feasible jobs. By widening job opportunities, commuting can raise wages and firm pay premia
(Le Barbanchon et al., 2021; Agrawal et al., 2024). At the same time, commuting is costly,
so firm pay differences associated with commuting may overstate welfare differences.

Consistent with this mechanism, Figure A 14a shows that children from high-income fam-
ilies are substantially more likely to commute (defined as working in a different municipality
than their residence). At age 25, the commuting rate is 8 percentage points higher in the top
than in the bottom parental-income quartile, rising to 10 points by age 40. These patterns
persist within education groups (Appendix Figure A15), indicating that education alone does
not explain the SES gradient in commuting.

Figure A14b shows that commuters work at higher-paying firms, especially later in the
career: at age 40, the firm pay gap between commuters and non-commuters is about 6 per-

centage points, nearly half a standard deviation. Much of this difference, however, reflects
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Figure A6: Firm pay premia by potential experience
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Notes: Mean estimated firm premium 121]- by potential experience, by quartile of father’s income.
Potential experience is defined as the calendar year minus the year the individual enters the labor
market. Labor-market entry is defined as the first year after age 20 in which annual earnings exceed
the low-earnings threshold, conditional on having reached the potential age of school completion. The
low-earnings threshold is defined as 20% of the median annual earnings of 45-year-old men, and the
potential age of school completion as years of education plus six. Subfigure (a) shows the results for
the full sample, (b) for children without college education, and (c) for children with college education.
Fathers’ income quartiles are defined in the full sample.
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Figure A7: Firm pay premium over the lifecycle conditional on worker fixed effects

.06 L JREE R
.04

a
02 s ® @ © e g 8.8 &

Firm premium

-.02

25 30 35 40
Age

o Fathersincome Q1 e Father'sincome Q2 © Father'sincome Q3 = Father's income Q4

Notes: Mean estimated firm premium @Zj, residualized on the worker fixed effects, over the lifecycle
and by quartile of father’s income.

Figure A8: Firm pay premium over the lifecycle by gender
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Notes: Mean estimated firm premium 1[)]- over the lifecycle, by quartile of father’s income. Subfigure
(a) shows the results for men and (b) shows the results for women. Fathers’ income quartiles are
defined in the full sample.
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Figure A9: Coworker composition and earnings growth
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Notes: Subfigure (a) shows the mean worker fixed effect of coworkers and subfigure (b) the share of
coworkers with fathers in the top income quartile, by quartile of own father’s income. Subfigures (c)
and (d) show the mean five-year earnings growth (from year ¢ to ¢t 4+ 5) of coworkers who stay in the
firm and of all coworkers, respectively; subfigure (d) reproduces Figure 4b.
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Figure A10: Firm switching over the lifecycle
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Notes: Patterns of firm switching over the lifecycle, by quartile of father’s income. Subfigure (a)
shows the results for children without college education, and (b) for children with college education.

Figure A11: Proportion of premium-improving firm switches
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Notes: Probability of switching to a firm with a higher firm premium than the previous one, conditional
on switching, by father’s income quartile. Subfigure (a) shows the results for children without college
education, and (b) for children with college education.
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Figure A12: Mean change in firm premium among switchers
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Notes: Difference between the new firm premium and the previous firm premium for individuals
who switch firms. Subfigure (a) shows the results for children without college education, and (b) for
children with college education.

Figure A13: Change in firm pay premium: voluntary vs. involuntary switches
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Notes: Difference between the new firm premium and the previous firm premium for individuals who
switch firms, by father’s income quartile. Subfigure (a) shows the results for voluntary switches,
defined as a switch without any intermediate receipt of unemployment insurance and without any
intermediate year of zero income. Subfigure (b) shows the results for involuntary switches, defined
as a switch with either unemployment insurance or a year of zero income between working at the old
firm and starting at the new firm.
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Figure A14: Commuting patterns

(a) Commuting rates by parental income (b) Mean firm premia by commuting status
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Notes: Subfigure (a) shows the proportion of individuals who commute (i.e., work in a municipality
other than the one in which they live) over the lifecycle, by quartile of father’s income. Subfigure (b)
plots the mean firm premia by age and commuting status.

selection. Event-study estimates conditioning on worker fixed effects (Appendix Table A9)
show that the baseline increase in firm pay premia from starting to commute is 0.014 log
points. Thus, although high-SES individuals commute more, commuting explains only a
modest share of the SES gradient in firm pay.

Figure A 15 plots the share of individuals who commute (i.e., work and reside in different
municipalities), separately for those with and without a college degree. Children from high-
income parents are more likely to commute, even within each education group, validating the
pattern from Figure Al4a.

Finally, Table A9 provides event-study-type regression results conditional on worker fixed
effects, showing how firm pay changes for individuals who begin to commute. While the firm
premium increases when individuals start to commute, this increase is much smaller than
the raw wage gap between commuters and non-commuters in the cross-section as shown in
Figure A14. The pay benefit of commuting grows somewhat with age (column 2). Finally,
column (3) shows that individuals from different parental backgrounds in terms of father’s
income benefit similarly from commuting. Thus, we conclude that firm pay is positively
related to commuting and in a similar manner irrespective of parental background, but that

high-SES children are more likely to commute.
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Figure A15: Commuting rates over the lifecycle
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Notes: Proportion of individuals who commute (i.e., work in a municipality other than the one in
which they live) over the lifecycle, by quartile of father’s income. Subfigure (a) shows the results for
children without college education, and (b) for children with college education.

Table A9: Commuting

Dependent variable: ﬁj: J(it)

(D 2 3)
Commuting indicator 0.014 0.022 0.014
(0.000) (0.000) (0.000)
Commuting x 2nd father’s income quartile -0.001
(0.000)
Commuting x 3rd father’s income quartile 0.001
(0.000)
Commuting X 4th father’s income quartile -0.001
(0.000)
Commuting X age normalized at 40 0.001
(0.000)
Age controls Yes Yes Yes
Worker fixed effects Yes Yes Yes
Observations 12,977,062 12,977,062 12,977,062

Notes: Regression of estimated firm pay premia on an indicator for commuting (working and residing
in different municipalities), worker fixed effects, and controls. Columns (1) and (3) include flexible
age controls (age, age squared, age interacted with father’s income quartile, and age squared interacted
with father’s income quartile). Column (2) includes age terms linearly and interacted with commuting.
To ease interpretation, age is normalized to age 40 in column 2. Column (3) interacts the commuting
indicator with the father’s income quartile.
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Figure A16: Firm fixed effects and returns to experience

(a) Firm fixed effects and returns to experience (b) Change in firm fixed effects and returns to experience
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Notes: Firm fixed effects and returns to firm-specific experience estimated with regression (4). Sub-
figure (a) shows the relationship between returns to experience in the firm class and firm fixed effects.
Subfigure (b) shows the relationship between the change in firm fixed effects for individuals who
change firms, and the return to experience in the firm class the individuals switch from.

A3 Return to experience in firm classes

This appendix complements the analysis of firm-specific returns to experience in Section 5.
Figures Al6a and A16b relate the estimated returns to experience of firm classes to their
pay premia and to changes in premia upon switching. The relationship between firm-class
returns and average pay premia is strongly non-monotonic. This is not surprising given how
the classes are constructed: as in Arellano-Bover and Saltiel (2026), firms are classified by
the within-firm distribution of earnings growth rather than its mean, so classes with simi-
lar average returns can contain quite different firms — and thus very different average pay
premia. Arellano-Bover and Saltiel (2026) similarly find a non-monotonic relationship, and
overall only a weakly positive correlation, between class-specific returns and average firm
pay premia. Figure A17 shows examples of firms with high and low returns and high and low
pay premia, and Table A10 decomposes the relationship between returns to experience and

parental income.
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Figure A17: Share working in firms with high or low pay premia and high or low returns to
experience

Share

Share

03 L.

.02

(a) High return, high firm premium

.06

05
04
03

025

25 40

30 35

Age

(c) High return, low firm premium

.06

.05

.04

25 30 35 40
Age

o Father’s income Q1

Share

Share

.04

.03

(b) Low return, low firm premium

.06
05 .

04 B
03

.02 .
25 30 35 40

Age

(d) Low return, high firm premium

.02

e Father’s income Q2

25 30 35 40

Age

o Father'sincome Q3 = Father’s income Q4

Notes: Different combinations of working in firms with high/low returns to experience and high/low
firm fixed effects. High (low) returns are defined as firms in the two groups with the highest (lowest)
returns, and high (Iow) firm premium is defined as a firm fixed effect in the top (bottom) 20 percent.
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Table A10: Decomposing the relationship between returns to experience and parental income

Dependent variable: Estimated returns to experience

(D (2) 3) 4) &) (0)
(0] 0.056 0.032 0.042 0.058 0.056 0.028
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
Region FEs X X
Industry FEs X X
Public sector X X
Firm size X X
Share at age 40 100% 43% 25% -3% 1% 51%
R? 0.002 0.016 0.075 0.015 0.008 0.083
Worker obs. 368,913 368,913 368,913 368,913 368,913 368,913

Notes: Column (1) reports estimates of the slope coefficient from regressing the return to experience
in the firm class the individual works in at age 40, as estimated from equation (4), on the father’s log
earnings. Father’s log earnings are divided by 100 to improve the readability of the coefficient esti-
mates. Columns (2)—(6) report coefficient estimates from the same regression controlling for region
fixed effects (21 counties), industry fixed effects (2-digit level, 59 industries), working in the public
sector (public sector firms are defined as firms in industries with SNI92 codes 75, 80, 85, 90, 91, 92,
93 and 99), or firm size (10 deciles). Robust standard errors in parentheses.

A4 SKkill sorting

A4.1 Skills and parental income

In this appendix we provide additional evidence on the decomposition of the SES gradient
in firm pay into skill-based sorting (“assortative matching”) and residual sorting. Table A1
reports estimates from the auxiliary regressions (7a)—(7d) of each skill measure on parental
income (i.e., estimates of @cog, Psoc; Pedu and ¢;rp). Note that the regression coefficients
are not directly comparable, as they also reflect differences in the scaling of each variable.
We therefore focus on the correlation coefficient, which is equal to the square root of the R-
squared reported in the table. We find that parental income correlates most strongly with child
education, while the correlation with the child’s social skills is lowest. Despite correlating
strongly with parental income, child education contributes only a moderate share to the firm
pay gradient (see Table 4). The comparatively low correlation for our proxy of social skills
is possibly explained by measurement error, as social skill measures tend to be noisier than
measures of cognitive skills (Gronqgvist et al., 2017).

Table A13 reports estimates of regression (6b), showing that the coefficients change only

marginally when excluding parental income from the regression.
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Table A11: Skills and father’s income

Dependent variable

Cognitive Social Education Q;
skills skills
(D (2) 3) 4)
Yre) 1.019 0.713 1.478 0.131
(0.007) (0.006) (0.009) (0.001)
Observations 361,165 361,165 361,165 361,165
R? 0.059 0.038 0.070 0.053

Notes: Estimates of ¢cog, Psoc, Pedu and ¢;r i in the Gelbach decomposition; see equations (7a)—(7d).
The columns show separate regressions of each of the skill measures on log father’s income.

Table A12: Correlations between the different skill measures

Cognitive Social Education &
skills skills
(D (2) 3) 4)
Cognitive skills 1.000
Social skills 0.366 1.000
Education 0.534 0.301 1.000
& 0.340 0.362 0.357 1.000

Notes: Pairwise correlations between the different skill measures.
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Table A13: Firm pay premia and skills

Dependent variable

lzj:J(i,t) Qﬂj:J(i,t)
(D) ()

Y§() 0.037
(0.001)
Cognitive skills  0.011 0.012
(0.000)  (0.000)

Social skills 0.002 0.002
(0.000)  (0.000)

Education 0.005 0.006
(0.000)  (0.000)

a; 0.093 0.101

(0.001)  (0.001)
Observations 361,165 361,165
R? 0.105 0.095

Notes: Results for the S-coefficients from the Gelbach decomposition. Column (1) shows the results
from equation (6b), regressing the firm premium on father’s log income and each of the skill measures.
Column (2) shows the same regression but excluding father’s log income.

A4.2 SKkill sorting across the parental-income distribution

Figure A18 examines how the importance of skill sorting varies across the parental income
distribution. Specifically, we follow Hjorth-Trolle and Landersg (2023) and run local-linear
regressions of equations (6a)—(8) at each decile of parental income. Figure A18 shows that
the firm pay gradient increases markedly along the parental-income distribution, reaching
about 0.12 at high levels of parental income. The unexplained part not attributable to skill
sorting also grows in absolute magnitude along the distribution, though it declines as a share
of Bgmm. Both skills (driven by the cognitive measure) and the worker fixed effect grow in
importance with parental income, accounting for a substantial share of the raw relationship

between firm premia and parental income in the upper half of the distribution.
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Figure A18: Local linear decomposition of skill sorting over the income distribution
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Notes: The figure shows local linear regressions from the decomposition in equations (6a)—(8) using
the main sample, but excluding women and men with missing enlistment scores. The local linear re-
gressions are estimated around the mean income of each decile of parental income, using a bandwidth
of 50,000 SEK and an Epanechnikov kernel. “Firm premium” reports the SES gradient in firm pay
premia, Bﬁ,m. “Unexplained” reports the remaining SES gradient after accounting for the me-
diators, Bﬁ,m, direct- - Worker FE”, “Education”, and “Skills” report the respective contributions
of these mediators to the SES gradient in firm pay premia.
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AS Firm values and compensating differentials

AS.1 Estimating firm values

We here provide information about the estimation of the firm values and some additional
results. The firm values are estimated using the method and code from Sorkin (2018). Below
is a summary; for a more detailed description of the estimation see Sorkin (2018).

The underlying logic of the firm-value estimation is a random on-the-job search partial
equilibrium model. In the model, firms post utility offers, consisting of a package of both
amenities and pay. Workers can decide whether to accept these offers, where the idea is that
if a worker voluntarily moves from one firm to another that implies that they value the new
firm more than the previous one. Thus, the approach uses revealed preferences stemming
from workers’ voluntary transitions between firms to recover firm values. These transitions
are used to construct a network of worker mobility across firms. The estimation procedure
exploits the frequency and direction of these flows to recover a latent utility value for each
firm that is consistent with the observed mobility patterns. Intuitively, firms that consistently
attract workers from other firms, while rarely losing workers to lower-ranked firms, receive
higher estimated values.

In implementing the method, we define voluntary employer-to-employer transitions as
moves without unemployment benefits or low-earnings spells between adjacent firm spells.
We apply the same earnings restriction as in our main AKM sample. Specifically, for each
year, we calculate median annual earnings among men aged 45 and set earnings observations
below 20 percent of this median to missing. We also exclude firms with fewer than five
movers. We use the same definition of firms as in our main analysis. For multi-establishment
firms with more than 1,000 employees on average over the period, we use the establishment
identifier; otherwise, we use the firm identifier. We define sectors using two-digit industry
codes and use municipality as the geographic unit corresponding to the state variable in the
original code. Finally, because information on unemployment benefit receipt is required to
distinguish voluntary employer-to-employer transitions, the estimation sample is restricted to
the period 1993-2018.

Following Sorkin (2018), we then retrieve a value for each firm, V; = w(% + lnaj),
that consists of both a pay component (wi);) and a non-pay component (a;), where w is the
(unknown) unit conversion from money to utility.

Table Al14 provides results on how the estimated firm values are related to different
worker characteristics. Men, workers with higher education, and workers with higher skill
levels are more likely to work in firms with higher values. Figure A20 shows the mean firm
fixed effect and firm values by industry. There is substantial heterogeneity in firm pay and

firm values across industries. For example, the education industry exhibits relatively high
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Table A14: Firm value and worker characteristics

Firm value (1) Firm value (2) Firm value (3) Firm value (4)
Woman -0.026

(0.000)
Years of education 0.013
(0.000)
Cognitive skills 0.016
(0.000)

Social skills 0.014

(0.000)
Observations 752,061 752,061 360,173 343,872

Notes: Regression results using the estimated firm value as the outcome and different worker
characteristics as the independent variables. Robust standard errors in parentheses.

Figure A19: Poaching and quit rates over the lifecycle
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Notes: Subfigure (a) shows the mean share of hires from employment (poaching rate), controlling for
the estimated firm premium ;. Subfigure (b) shows the quit rate at the firm.

firm values compared to its wage component, whereas oil and gas extraction exhibits rela-
tively low firm values relative to pay, consistent with compensating differentials. In contrast,
industries such as finance rank high in both wages and firm values, while the restaurant in-
dustry ranks low on both dimensions.

The firm values estimated following Sorkin (2018) are correlated with other measures of
firm desirability, such as poaching rates from other firms and quit rates at the firm (Figure
A19), and with the firm pay premium (Table A15).
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Figure A20: Firm pay premia and firm values by industry
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Notes: Mean firm pay and mean firm value in different industries, as calculated from the estimated
AKM firm effects based on equation (1) and the mean firm values VJ based on Sorkin (2018). The
color of the graph shows the share of children from high socioeconomic background in the industry,
where high socioeconomic background is defined as those with father’s income above the median.

Table A15: Correlations between different measures of firm values

~ ~

V; (o8 Poaching Quit
rates rates
v 1.000
Wb 0.523  1.000
Poaching rates  0.437 0.399 1.000
Quit rates -0.605 -0.160 -0.033  1.000

Notes: Correlations between estimated firm values V] (estimated following Sorkin, 2018), firm fixed
effects 1); (estimated from equation (1)), poaching rates (defined as the share of hires from employ-
ment), and quit rates at the firms.
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Figure A21: Firm values and firm pay premia

(a) Father’s income above the median (b) Father’s income below the median
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Notes: Mean firm pay (estimated from equation (1)) against binned firm values (estimated following
Sorkin, 2018). Subfigure (a) shows the results for children whose father’s income is above the
median, while subfigure (b) shows results for children with father’s income below the median.

Table A16: Correlations between firm value and firm fixed effect by father’s income quartile

By father’s income

Ql Q2 Q3 Q4
Corr(1;,V;) 0509 0497 0513  0.526

Notes: Correlation between firm fixed effects (estimated from equation (1)) and firm values (estimated
following Sorkin, 2018), by father’s income quartile.

AS.2 Firm values and parental income

This appendix reports how the relationship between estimated firm values and firm pay varies
by parental income. Figure A21 plots firm values against firm pay premia separately for chil-
dren with fathers above and below the median income, and Table A 16 reports the correspond-
ing correlations by quartile of father’s income. Table A17 repeats the analysis of SES gaps in

firm values excluding small firms.
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Table A17: SES gaps in firm values excluding small firms

Dependent variable

V(i) V; V; Vj Vj V(i)
(1) 2) 3) 4) 6 (6)
Yt 0.057 0.040 0.027 0.014 0.010 0.032
(0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)
Dimsit) 0.459 0.437
(0.001)  (0.001)
Qi 0.112 0.044
(0.001) (0.001)
v 0.607
(0.001)
R? 0.029 0.019 0.072 0.293 0.300 0.300

Observations 600,108 600,108 600,108 600,108 600,108 600,108

Notes: Column (1) reports the slope coefficient from regressing zﬁj from equation (1) on the father’s
log income for the subsample of firms that are included in the model to estimate the firm values.
Column (2) reports the slope coefficient from regressing the estimated firm value, Vj, following Sorkin
(2018), on the father’s log income. Columns (3)—(6) repeat these regressions with different sets of
controls. Estimated firm values \7j are standardized to have mean zero and the same standard deviation
as the firm pay estimates. Small firms are excluded in the table, where small firms are defined as the
firms in the two bottom quintiles of numbers of employees. Robust standard errors in parentheses.

A6 Theoretical derivations

A6.1 Derivations for the model of Section 6.3

Throughout, all variables have mean zero, and u;, v;, w; are mutually independent and in-
dependent of SES;. We write 02, 02, 02, 02 for the variances of SES;, u;, v;, w;, and recall
SKill; = 5esSES; + ;.

Projection coefficients by and by,
Firms project skill on the two signals skill; = skill; + v; and SES; = SES; + w;. The required

moments are

Var(skill;) = 'yfesafes + 03 + 012), Cov(skill;, SES;) = 'ymafes,
Var(SES;) = o2, + 02, Cov(skill, SES;) = Yses02,,

ses

Cov(skill}, skill;) = ~2.02% + 2.
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The coefficients of this two-signal projection follow from the usual formula for a regression

with two regressors:

Cov(skill*, skill) Var(SES) — Cov(skill*, SES) Cov(skill, SES)
Var (skill) Var(SES) — Cov(skill, SES)? ’

bskill =

and symmetrically for by, interchanging skill and SES in the numerator. Substituting the

moments above, the common denominator is
2 2 2 2 2 2 2
D = 75,0000+ (00 + 03) (05 + 03, (A2)

and the coefficients are

2 2 2 2 2 2 2 2
Wsesasesaw + Uu (Uses + Uu}) _ 73€S Uses UU

- = — 7 A
bsktll D ) bses D ( 3)

Reliability-ratio form. Define

2 2 2 2
0% o Vi O
2 2 2 2 _ skill _ ses __ Ilses“ ses
Tsitr = VsesTses T Ous  Pskill = 53— 5 o2 Pses = o2 1 g2 T=-—"". (A4
O skitr gy O Ses Ow O skitr*

Using Ug = (1 - 7T>052kill*’ ‘712; = Jszkill*(l — psiin)/ Psian and 0121) = Uszes(l — Pies)/ Pses> the

determinant (A2) becomes

2 2
O kit O

= (1 — T Pskill pxes) ) (AS)
Pskill Pses

D =

and substituting into (A3) yields the expressions used in the main text,

) bses = Vses M- (A6)

1—m Pskill Pses

Pskill (1 -7 pses)
I—m Pskill Pses

bskill =

As a check, 02 = 0 (pgs = 1) reduces (A6) to by = 02 /(02 + 02) and by = Yses02 /(02 +
0-12;)5 Pskill — 1 giVeS (bskilla bses) — (L O), and Pskill — O giVeS bses — VsesPses-

Total and direct gradients and their lifecycle behavior

Throughout this subsection we omit the network term A SES; of eq. (15), which adds A to both
the total and the direct gradient and drops out of all derivatives. With ¢;_;; ;) = 0 (bskillskilli+
bsesSES; ) and Cov(skill;, SES? ) /Var(SES;) = s, as well as Cov(SES;, SES; )/ Var(SES;) =
1, the regression of 1) on SES; has slope [, = ¢ (bskizl%es + bses) , while conditioning on skill;
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leaves Biymdirect = 0 bses. Substituting (A6),

Pskill + Pses — (1 + W)pskillpses IOSES(]- - pxkill)

5 rm — d ses ) ﬁ rm,direct — 0 ses . (AT)
é K 11— T Pskill Pses rmdivect K 1- T Pskill Pses
Differentiating in py,; (employer learning),
aﬂﬁrm ) (1 B pses)(l - 7"-pses) a6}‘1‘r111,direct - —5 pses(l - ﬂ_pses> (A8)
8pskill (1 - 7Tpskillpses)2 ’ 8pskill (1 - 7"_pskillpses)z

For the first derivative, expanding the quotient-rule numerator cancels every term in pg;; and
leaves 1 — (14 7) pyes + P2y = (1 — pyes) (1 — T pyes ). Since 6, Yyes > 0 and mpy,; < 1, the sign
of OBirm /Opsiin is that of (1 — pg) > 0: the gradient rises with employer learning iff family
background is observed imperfectly (ps.; < 1), and is flat at 34, = 0,; When ps; = 1. The

direct gradient B, direc < (1 — pstinr) 18 strictly decreasing in pqy.

The estimated direct effect when the researcher observes skill imperfectly

The decomposition of Section 6.1 conditions on measured skill rather than true skill. Let
the firm premium satisfy ©; = S direct SES; + 0 skill; + n; with ; L (SES;, skill}), where
0 = Obgy is the skill loading. Suppose we observe SES; but only a noisy skill proxy s/lg/zllz =
skill; + e;, with e; as a white-noise error with Var(e;) = 2. Regressing v on (SES”, s/k\zfl),
the probability limit of the coefficient on SES™ is

2

ﬁﬁrm,direct = Bﬁrm,direcl +6 Vses (A9)

o2+ 02
The bias is positive whenever the researcher’s skill measure is noisy (02 > 0): the proxy fails
to absorb all of skill7, and the residual skill sorting — which is correlated with background

through ., — loads onto the estimated direct effect. It vanishes when skill is measured

2
e

perfectly (62 = 0) and rises to 6, (the full sorting term) as 0> — oo. Because the skill
loading 6 = dbg;, increases over the career (as pgy rises), the bias term in (A9) grows with
age, partially offsetting the decline in the true direct effect 34, girec: and helping reconcile the

model with the near-constant empirical profile in Figure 7.

A6.2 Firm pay, firm values, and measurement error

An alternative interpretation of the conditional SES gradients in Table 5 is that our estimates
of firm pay and firm value are affected by measurement error. Estimating these objects from
job-to-job flows is demanding and subject to sampling noise, particularly for smaller firms

with few observed movers. While this issue is mitigated by the use of population-wide data
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and by excluding firms with very few movers, some sampling variability inevitably remains.
Such noise inflates the variances of both zﬂ and V. This is less concerning when firm pay and
value are used as dependent variables, as in columns (1) and (3), but introduces an attenuation
bias when they serve as controls on the right-hand side of a regression — a bias that spills over
to the coefficient on parental income.

To illustrate why measurement error induces a positive bias in the coefficient on parental
income, assume that the estimated firm value ‘7] and estimated firm pay 1@- are noisy proxies

of their true counterparts,

Vi =V +u) (A10)
by = v +uf (A11)

where u;/ and u;/’ are classical measurement errors with variances o, and o2, respectively.

Assume further that firm value is the sum of firm pay and non-pay amenities,
Vi = + aj, (A12)
and that firm pay increases in parental income,

Vi =VYs & (A13)

with v > 0 and £, capturing heterogeneity in firm pay orthogonal to y, with variance o2.

Consider the regression of the estimated firm value ‘7] on the estimated pay premium
1@- and parental income y; — corresponding to column (4) of Table 5 — and suppose that
amenities a; are uncorrelated with parental income and firm pay, so that the true conditional
gradient is zero. The coefficient 3, on parental income is nonetheless positive. Noting that
Cov(Vj,ys) = Cov(ty,ys) = yo2, Cov(V;,4h;) = Var(yh;) = 7202 + o2 and Var(i;) =
Var(v);) + O‘iw, the standard formula for a regression with two regressors yields

_ Cov(V, yy) Var(y)) — Cov(V, ) Cov(¢), yy) 1y T O

: _ - - . (Al4)
Var(yf) Var(y)) — Cov(v, ?Jf)2 ‘75 (Ug + in) 7‘7? + aiw

Y

which is positive whenever in > 0, that is, whenever the estimated pay premia are an
imperfect proxy for true firm pay: measurement error in firm pay pushes the conditional SES
gradient in firm value upwards. An analogous argument applies to the reverse regression of

@Zj on f/] and y;.
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Split-sample instrumental-variable approach

To assess the role of sampling error empirically, we implement a split-sample instrumental-
variables (IV) approach, similar to Drenik et al. (2023). We randomly split individuals into
two equally sized groups, estimate both firm pay premia and firm values in each subsample,
and use the estimate from one subsample as an instrument for the corresponding estimate
from the other.** Because we can only include firms observed in both subsamples, this pro-
cedure reduces the number of firms and individual observations relative to the baseline.
Panel C of Table 5 presents the results. When firm pay or firm value is the dependent
variable (columns 1 and 3), the estimates remain similar to the baseline. However, when we
instrument the estimated firm value in column (2) and the estimated firm pay in column (4),
the coefficients on these controls increase and the coefficient on parental income declines
correspondingly. This pattern is consistent with classical measurement error in the firm-
level regressors, which the IV procedure helps correct. The magnitude of the adjustment is
relatively small — around 10 percent — and the SES gradients remain positive and substantial.*’
We therefore conclude that sampling noise is not a major driver of the conditional SES
gradients in Table 5. This finding aligns with Sorkin (2018), who also reports limited in-
fluence of sampling variability in a similar setting. Of course, other forms of measurement
error — perhaps stemming from conceptual limitations or model misspecification — may still
be present. Nevertheless, the evidence suggests that firm pay is a useful proxy for overall firm
desirability, and that the observed SES gradient in firm pay translates into a corresponding

gradient in broader firm value, only part of which is attributable to skill sorting.

“8We estimate firm values following Sorkin (2018) independently in each subsample, obtaining two measures
of firm values, V; and V». We also estimate separate AKM models in the two subsamples to obtain correspond-
ing firm premia, 1&1 and 1/32. We then use \71 as an instrument for Vg, and 1&1 as an instrument for Qﬁg. Using the
firm values as instruments yields a first stage of 0.888; using the firm premia, a first stage of 0.921.

“9The results are also robust to excluding small firms, for which the estimated firm values are more likely to
be noisy (Table A17).
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