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Abstract

Education is a major source of inequality in income and health. Polygenic
indices for educational attainment (EA-PGI) capture both direct and indirect
genetic influences on education, but their effects on income and health tra-
jectories remain unclear. Using Finnish registry data on 51,056 graduates fol-
lowed annually since graduation for up to 25 years, we report three findings.
First, higher EA-PGI strongly predicts income growth, but only among higher-
educated people: tertiary-educated graduates at the 90th percentile earn €45,392
(13.1 %) higher discounted lifetime income than those at the 10th percentile.
This effect is not mediated by overall health. Second, EA-PGI does not predict
income differences at labor market entry or the quality of the first employer, but
rather a higher job-to-job mobility toward better-paying firms, which drives the
long-run income divergence. Third, controlling for parental EA-PGI in 12,871
parent-offspring trios reduces the discounted lifetime income gap by 71 %, and
the effect of paternal (but not maternal) EA-PGI on offspring income exceeds
that of the offspring’s own EA-PGI. These findings suggest that genetic factors
associated with educational attainment predict income trajectories primarily
through faster and more frequent changes to higher-paying employers. How-
ever, much of this association reflects indirect paternal genetic effects, consis-
tent with enduring paternal patterns of intergenerational job and income trans-
mission.
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Introduction

Understanding the origins and persistence of differences in health, education, and
income — collectively referred to as socioeconomic status — is of central importance to
policymakers and society. While individual effort and choice contribute to these dis-
parities, they can also be largely shaped by life circumstances. For a child being born
into an affluent family or having a low genetic predisposition to disease is a matter
of chance. However, such factors shape socioeconomic status and, consequently, can
affect equality of opportunity in society (Roemer and Trannoy, 2016).

Economists and epidemiologists have long sought to identify the drivers of socioe-
conomic inequality (for health disparities, see e.g. Chetty et al., 2016; Schwandt and
Von Wachter, 2020; Dwyer-Lindgren et al., 2022; Bundy et al., 2023). Income and health
outcomes arise from a complex interplay between genetics and environmental factors
over the life cycle. This idea is central to economic models of skill formation (Cunha
and Heckman, 2007), in which genetic endowments are propensities that occur via
environmental interactions (Biroli et al., 2025). Only recent developments in molec-
ular genetics, however, have made it possible to directly study how specific genetic
endowments relate to socioeconomic status.

The availability of polygenic indices (PGI) — summary measures of genetic propen-
sities for complex traits — has opened new avenues for studying the role of genetics
in socioeconomic outcomes. Most human traits exhibit substantial heritability (Barth,
Papageorge, and Thom, 2020; Harden and Koellinger, 2020; Rustichini et al., 2023;
Carvalho, 2025), with educational attainment (EA) being a primary focus of this grow-
ing literature thanks to large-scale genome-wide association studies (GWAS) and val-
idated PGIs (Okbay et al., 2022; Abdellaoui et al., 2023). These scores capture both
direct genetic effects — randomly inherited at conception — and indirect effects, such as
environmentally mediated influences of parental genetics (Kong et al., 2018; Sohail et
al., 2019; Sjaarda and Kutalik, 2023; Tan et al., 2024). Understanding how environmen-
tal factors mediate genetic predispositions is key to identifying when interventions
can amplify or offset these influences, and this remains an active area of research.

This project offers a novel perspective on how genetic factors contribute to socioe-
conomic inequalities. To our knowledge, this is the first large study to combine EA-
PGIs with long-term registers to investigate how genetics influences income trajecto-
ries through sorting into distinct educational pathways and into firms with differing
productivity. Although a large literature in economics emphasizes the role of employ-
ers in shaping wage inequality (Kline, 2024), the role of firms in mediating genetic
effects on income remains unknown. In addition, most studies that use PGIs rely on
cross-sectional data, providing static estimates that are silent about the dynamics of

inequality. One recent exception is Akimova et al. (2025), who analyze career trajecto-



ries in the UK biobank. It also remains unclear whether genetic effects are driven by
certain population subgroups, such as by low- or high-educated individuals.

To fill this gap, our analysis combines comprehensive Finnish administrative reg-
ister data on education, income, demographics, and health with EA-PGI. Our primary
labor market outcome, labor income, is drawn from continuous tax records, avoiding
self-report bias, missing-not-at-random mechanisms, and other measurement errors
that could otherwise cloud the results. Each fresh graduate is repeatedly observed
throughout their prime working ages since graduation until up to 25 years later, and
workers are matched each year to their current employer.

This matched employer—-employee panel data allows us to implement a trajectory-
based approach to examine how the genetic predisposition to education influences the
evolution of labor income over the life course, both on average and across educational
groups. We additionally leverage detailed measures of employer and employee pro-
ductivity to characterize the labor-market dynamics through which individuals with
different EA-PGISs achieve divergent income trajectories. We further examine how la-
bor income is shaped by overall health and conduct within-family analyses that con-

trol for parental PGIs to disentangle direct from indirect genetic effects.

Results

EA-PGI predicts lifetime income trajectories, but only among individuals with ter-

tiary education

The study includes 51,056 individuals with genome-wide genetic data linked to lon-
gitudinal health and socioeconomic information. The data covers employment his-
tories (i.e., employee-employer links with job spells length), annual income from la-
bor, and educational records (education level, field and school/university identifiers).
This information spans thirty years (1987-2019) and all individuals are followed from
graduation up to 25 years later. We estimate a dynamic model to analyze the relation
between EA-PGI and individual income trajectories over time, adjusting for calendar
year, birth year, gender, the first ten genetic principal components, and biobank indi-
cator.

Individuals included in this study are generally better educated and with a higher
share of women compared to the nationwide population of fresh graduates in the same
calendar period (Supplementary Table A.2a). Reassuringly, when we reweight the
sample to reflect the characteristics in the population the results are virtually unaf-
tected (Supplementary Table A.11).

We first confirm that EA-PGI is significantly associated with years of educational

attainment, with results comparable to what previously reported in the literature (R2=7.1 %,



Supplementary Table A.12) (Wang et al., 2021). Comparing earned income trajectories
between the 10th and 90th percentile of the EA-PGI distribution over 25 years since
graduation, we show that income levels are initially very similar across groups (Figure
la). However, trajectories begin to diverge substantially over time. The gap in average
annual income between 90th and 10th percentile of EA-PGI 10 years from graduation
is €3,262 [CI €2,741 - €3,783] and widens further to €7,534 [CI €6,382 - €8,687] by 25
years from graduation. To put this in context, the average yearly earnings in the sam-
ple is €24,932 and €34,858 at 10 and 25 years after graduation, respectively. The cumu-
lated income over the 25 years after graduation, discounted to obtain its present value
at graduation, is €309,659 [CI €307,099 - €312,219] for individuals at the 10th percentile
and €350,418 [CI €347,300 - €353,536] for those at the 90th percentile of the EA-PGI dis-
tribution (Table 1). The gap in cumulated income between the 10th and 90th percentile
is €40,759, equivalent to 13.1 % and corresponding to 14 % of the median income over
the same period.

Strikingly, this genetic gradient in income varies markedly by educational attain-
ment. The income gap by genetics is driven entirely by individuals with tertiary ed-
ucation (Figures 1b and 1c), while no systematic differences are observed among the
people with secondary education (63.4 % of the graduates has tertiary degree). Among
the tertiary-educated, differences in income trajectories widen up during the first 15
years after graduation and then stabilize, at which point individuals are, on average,
40 years old and approaching peak labor market attachment.

Such a differential result likely reflects two forces: individuals with relatively high
EA-PGI experience higher economic returns to ability, and EA-PGI influences educa-
tional sorting, shaping the types and levels of education they pursue. Although we
cannot fully separate sorting from the economic returns to higher EA-PGI, we next
analyze how EA-PGI correlates with a measure of ability and examine the role of em-

ployers in explaining the observed income differences.

EA-PGI is associated with the tertiary-educated workers’ productivity

To understand the mechanisms through which the EA-PGI influences income trajec-
tories, we first examine its relationship with both employee and employer productiv-
ity in the labor market. To quantify productivity, we use full population data within
an Abowd-Kramarz-Margolis (AKM) framework, the workhorse model in economics
for decomposing wage variation into worker and firm components (Abowd, Kramarz,
and Margolis, 1999; Kline, 2024).
The model exploits repeated measurements of worker’s wage, relating it to individual-

and firm-specific indicators. After model estimation, each worker is assigned a corre-

sponding estimated intercept, which we refer to as worker productivity index, as it cap-



Figure 1: Average annual income by EA-PGI level, over time and by education
Panel (a) uses full analysis sample (N = 51,056), while Panels (b) and (c) use subset of workers based on
their highest qualification being either secondary (N = 18,692) or tertiary degree (N = 32,364), respec-
tively. The blue line corresponds to 10th and the red - to 90th percentile of EA-PGI distribution. Average
income estimated from a regression of annual income on EA-PGI fully interacted with indicators mea-
suring years since graduation and controlling for first ten genetic principal components, gender, year
of birth, calendar year, and biobank indicators. The shaded areas correspond to 95 % Cls.
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Table 1: Cumulated lifetime income by EA-PGI level

The table reports adjusted lifetime income (up to 25 years since graduation) by EA-PGI percentiles. Col-
umn (1) uses full analysis sample (N = 51,056), while columns (2) and (3) use subset of workers based
on their highest qualification being either secondary (N = 18,692) or tertiary degree (N = 32,364),
respectively. Average lifetime income adjusted by regressing cumulated income on EA-PGI and con-
trolling for first ten genetic principal components, gender, year of birth, calendar year, and biobank
indicators. Income discounted to obtain its present value upon graduation (see Section 1.2 for addi-
tional information). Standard errors reported in parentheses.

Dependent variable: Cumulated income

Pooled Secondary Tertiary
1) (2) (3)
EA-PGI percentiles
10th 309659 262386 346 194
(1306) (1 429) (1944)
20th 316476 260 040 353 786
(1037) (1153) (1539)
30th 321505 258309 359 386
(898)  (1046) (1304)
40th 325804 256829 364 174
(844) (1 042) (1175)
50th 329893 255422 368 728
(857)  (1116) (1137)
60th 333908 254 041 373198
(930)  (1248) (1188)
70th 338222 252556 378 004
(1061) (1439) (1328)
80th 343389 250777 383 758
(1265) (1709) (1579)
90th 350418 248358 391 585
(1591) (2 120) (2 006)

Obs. 51056 18692 32 364




tures the persistent component of the worker’s wage that is portable when switching
jobs across firms, net of the effect of firm-quality and time-varying worker’s charac-
teristics.

We find a statistically significant correlation between the worker productivity in-
dex estimated via the AKM model and EA-PGI (both standardized to have mean 0 and
standard deviation 1), but primarily for the tertiary-educated workers (Figure 2). For
this group, a one standard deviation increase in EA-PGI is associated with a 0.115 [CI
0.101 - 0.129] standard deviation higher worker productivity, compared to a 0.017 [CI
0.003 - 0.031] increase among the secondary-educated individuals. Hence, individuals
with high EA-PGI tend to be highly productive on the labor market (and therefore are
on average paid higher wages), as long as they obtain a tertiary education degree.

We further examine whether the correlation between EA-PGI and worker pro-
ductivity persists across education groups after adjusting for fine-grained education-
related characteristics (education field, and academic institution). Although the asso-
ciation between EA-PGI and worker productivity attenuates after adjustment (Supple-
mentary Table A.6), it remains statistically significant among tertiary-educated work-

ers and is significantly stronger than among those with secondary education.

High EA-PGI individuals transition more rapidly and more frequently to higher-
quality firms

We next investigate the role of firms in shaping income differences across levels of
EA-PGI among tertiary-educated individuals. Workers with higher EA-PGI change
employers slightly more frequently (4.3 jobs vs 4.5 jobs over 25 years, P-value=0.007
for the 10th and 90th percentile EA-PGI, respectively; Figure 3a). To assess the qual-
ity dimension of these moves, we use the AKM regression to estimate a firm quality
index which captures the firm-specific component of paid wage that is common to all
workers at that firm, after accounting for worker ability and observed characteristics.
We use the firm quality index to rank all firms in which workers in the sample are
employed, and use this as an outcome in our trajectories model.

We show that, on average, higher EA-PGI individuals transition to significantly
higher-quality firms (Figure 3b). Interestingly, the quality of their first employer is not
statistically different across the EA-PGI distribution, but the firm quality gap widens
as early as three years after graduation. This pattern suggests that individuals do
not initially self-select into higher- or lower-quality firms based on their EA-PGI, but
sorting by EA-PGI appears to begin early in the career, with higher EA-PGI individuals
progressively moving toward better-quality firms.

In contrast, among individuals with secondary education, firm quality trajectories
appear similar across EA-PGI levels (Supplementary Figure A.3). These findings sug-



Figure 2: Worker productivity index and EA-PGI level by education

The vertical axis reports a worker productivity index estimated via an AKM regression (details reported
in Section 1.2); the horizontal axis reports ventiles of the EA-PGI distribution. The binscatter plot shows
the relation between these two quantities standardized to have mean 0 and standard deviation 1 and
after having residualized them with respect to gender, year of birth indicators, and first 10 genetic
principal components (PCs). The data used to obtain the plot is a cross-section of 31,866 individuals in
the analysis sample with non-missing worker productivity index. The lines correspond to sub-samples
based on highest education achieved. The figure also reports the estimated slopes (and standard errors
in parentheses) from the corresponding linear regression of worker productivity on EA-PGI controlling
for gender, year of birth, calendar year and biobank indicators, and first ten genetic PCs.
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gest that the higher income trajectories observed among tertiary-educated individuals
with high EA-PGI are largely driven by greater access to higher-quality, higher-paying
firms over time, rather than by difference in educational attainment per se, initial labor

market entry, or the frequency of employment transitions alone.

Figure 3: Employer mobility and quality of tertiary-educated individuals by EA-
PGI level, over time

Panel (a) plots the average number of employment spells, and Panel (b) - the average firm quality
index over time since graduation. The blue line corresponds to 10th and the red - to 90th percentile
of EA-PGI distribution. Both panels are estimated from a regression of respective outcome on EA-PGI
fully interacted with indicators measuring years since graduation and controlling for first ten genetic
principal components, gender, year of birth, calendar year, and biobank indicators. The estimation
sample is restricted to tertiary-educated workers with non-missing firm identifiers (N = 31,015) in
panel (a) and non-missing firm quality index (N = 22,733) in panel (b). The shaded areas correspond
t0 95 % Cls.
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Income growth disparities between high and low EA-PGI are attributable to differ-
ences in mobility between rather than within jobs

Having established that tertiary-educated individuals with higher EA-PGI tend to
transition more rapidly to higher-quality firms, we next examine how much of the in-
come differences between EA-PGI groups can be attributed to mobility within versus
between firms. To do so, we decompose changes in labor income between consecutive
years since graduation into within-firm wage growth (stayers), employer-to-employer
mobility, and transitions into and out of non-employment (Hahn, Hyatt, and Janicki,
2021).

Overall, within-firm wage growth contributes most to cumulative income gains
over time and does so similarly for individuals at the 10th and 90th percentiles of
EA-PCI (Figure 4a). However, the contribution of between-firm mobility to earnings
growth becomes increasingly important over time for those at the 90th percentile com-
pared to those at the 10th percentile (Figure 4b). After 25 years, the cumulative job-
to-job contribution to earnings growth differs by approximately 0.1 log-points (about
10 %) between the two groups, suggesting that a substantial portion of the income di-
vergence is driven by firm-to-firm mobility. Transitions into or out of non-employment

account for only a negligible share of these disparities (Supplementary Figure A .4).

Figure 4: Decomposition of cumulative growth in log annual income of tertiary-
educated individuals by EA-PGI level, over time

Panel (a) reports cumulative contribution of within-firm earnings growth and Panel (b) - of employer-
to-employer mobility to overall cumulative log earnings growth over time since graduation. The blue
line corresponds to 1st and the red - to 10th decile of EA-PGI distribution. The decomposition follows
Hahn, Hyatt, and Janicki (2021). The sample for the decomposition is restricted to tertiary-educated
workers (N = 32,364). The shaded areas correspond to 95% Cls obtained via 500 block bootstrap
iterations, where at each iteration we sample with re-immission 32,364 whole income histories from the
pool of tertiary graduates.
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Overall health contributes similarly to the EA-PGI-income association for secondary-

and tertiary-educated individuals

Health is a well-established determinant of educational (Pallesen et al., 2024; Newman,
Gordon, and Mendes, 2025) and income disparities, making it a potential intermedi-
ate channel between EA-PGI and income. To examine whether the correlation between
EA-PGI and income is mediated by disease burden, we calculate the Charlson Comor-
bidity Index (CCI), which captures the first occurrence of 17 major chronic conditions
over the life course (Charlson et al., 1987; Deyo, Cherkin, and Ciol, 1992) and use it as
an outcome in our trajectories regression.

We find that the CCI is, on average, lower among individuals with tertiary com-
pared to secondary education (Figure 5), reflecting a well-established lower incidence
of major chronic diseases among high-educated individuals (Agardh et al., 2011; Till-
mann et al., 2017; Vaccarella et al., 2023). Consistent with this pattern, higher EA-PGI
is significantly associated with a lower cumulative disease burden as measured by the
CCI. The magnitude of this association is highly similar across education groups, sug-
gesting that the stronger association between EA-PGI and income observed among
tertiary-educated individuals is not primarily explained by differences in disease bur-
den. This result is confirmed when controlling for parental EA-PGI (Supplementary
Figure A.5).

Figure 5: Average health index by EA-PGI level, over time and by education

Panels (a) and (b) report the results for secondary- (N = 18,669) and tertiary-educated workers (N =
32,294) with non-missing Charlson Comorbidity Index, respectively. The blue line corresponds to 10th
and the red - to 90th percentile of EA-PGI distribution. Average health index estimated from a regres-
sion of Charlson Comorbidity Index on EA-PGI fully interacted with indicators measuring years since
graduation and controlling for first ten genetic principal components, gender, year of birth, calendar
year, and biobank indicators. The shaded areas correspond to 95 % Cls.
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Parental EA-PGI, in particular that of fathers, predicts the income trajectories among
tertiary-educated people

EA-PGI captures both direct genetic effects and indirect effects, such as environmen-
tally mediated influences from parental genetics (i.e., genetic nurture), as well as pop-
ulation stratification and assortative mating (Kong et al., 2018). Indeed, the people at
the bottom decile of EA-PGI show remarkably lower socioeconomic status (parental
education) than those at the top decile (Supplementary Table A.5). To better isolate
direct genetic effects, we leverage parental genetic data. Specifically, we calculate ma-
ternal and paternal EA-PGI using SNIPAR (Young, Nehzati, Benonisdottir, et al., 2022)
for 12,871 parent-offspring trios. Of these, 4,586 were directly genotyped, while the
remainder were imputed based on 4,482 duos and 3,803 sibling pairs.

We first confirm that the association between offspring EA-PGI and years of ed-
ucation is attenuated by approximately 25 % after accounting for both maternal and
paternal EA-PGIs (see e.g. Young, Nehzati, Benonisdottir, et al., 2022), and that both
parental EA-PGIs are significantly associated with offspring education (Supplemen-
tary Table A.7), with effects of similar magnitude.

Next, we estimate the impact of offspring EA-PGI on income trajectories while
adjusting for both maternal and paternal EA-PGIs. Controlling for parental EA-PGI
accounts for income variation attributable to parental genetics as well as family back-
ground characteristics unevenly distributed across EA-PGI groups (Rustichini et al.,
2023). Among secondary-educated individuals, the income gap across EA-PGI per-
centiles remains negligible, consistent with our earlier findings (Figure 6a). In contrast,
among tertiary-educated individuals, adjusting for parental EA-PGI substantially re-
duces the income gap between the 90th and 10th percentiles of offspring EA-PGI by
approximately 71 % (Figure 6b vs 6d; Table 2; Supplementary Tables A.8 and A.10).

However, unlike what was observed for years of education, only paternal (and not
maternal) EA-PGI is significantly associated with offspring income trajectories (Sup-
plementary Table A.8 and Supplementary Figure A.6). Strikingly, the effect of paternal
EA-PGI on offspring income is larger than that of the offspring’s own EA-PGI (€12,113
[CI€5,509 - €18,717] vs €5,048 [CI €—-2,466 - €12,561] per one standard deviation in re-
spective EA-PGI). To contextualize, regardless of offspring EA-PGI, fathers in the 10th
percentile of EA-PGI are associated with a cumulative offspring income 25 years after
graduation of €330,699 [CI €321,958 - €339,440], compared with €360,946 [CI €350,897 -
€370,994] among fathers in the 90th percentile. These effects are consistent across both
directly genotyped and imputed trios (Supplementary Table A.9).
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Figure 6: Average annual income by EA-PGI level, over time and by education, un-
conditional and conditional on parental EA-PGI among parent-offspring trios
Panels (a) and (b) plot baseline trajectories among secondary- and tertiary-educated workers, respec-
tively, without controlling for parental EA-PGI. Panels (c) and (d) plot the trajectories among secondary-
and tertiary-educated workers after controlling for parental EA-PGI fully interacted with time since
graduation. The estimation sample in Panels (a) and (c) is restricted to secondary- (N = 5,063) and in
Panels (b) and (d) - to tertiary-educated (N = 7,808) workers with non-missing parental EA-PGI. The
blue line corresponds to 10th and the red - to 90th percentile of EA-PGI distribution. Average income
estimated from a regression of annual income on EA-PGI fully interacted with indicators measuring
years since graduation and controlling for first ten genetic principal components, gender, year of birth,
calendar year, and biobank indicators. The shaded areas correspond to 95 % Cls.
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Table 2: Cumulated lifetime income of tertiary-educated individuals by EA-PGI
level, conditional on parental EA-PGI among parent-offspring trios

The table reports adjusted lifetime income (up to 25 years since graduation) by EA-PGI percentiles. The
estimation sample is restricted to parent-offspring trios with tertiary-educated offspring (N = 7,808).
Column (1) reports the estimates in the baseline specification without controlling for parental EA-PGI.
Columns (2)-(4) report average cumulated lifetime income by own, maternal and paternal EA-PGI per-
centiles, respectively, conditional on parental EA-PGI. Average lifetime income adjusted by regressing
cumulated income on EA-PGI and controlling for first ten genetic principal components, gender, year
of birth, calendar year, and biobank indicators. Income discounted to obtain its present value upon
graduation (see Section 1.2 for additional information). Standard errors reported in parentheses.

Dependent variable: Cumulated income

Baseline Controlling for parental EA-PGI
Own EA-PGI Own EA-PGI Mother EA-PGI Father EA-PGI
(1) (2) 3) 4)
EA-PGI percentiles
10th 325 796 339 181 339 879 330 699
(4 015) (5 690) (4 311) (4 459)
20th 332 743 341 428 341 893 335 844
(3160) (4 186) (3 286) (3313)
30th 337 737 343 044 343 306 339 552
(2 677) (3232) (2713) (2 664)
40th 341 952 344 408 344 571 342 722
(2413) (2611) (2 388) (2 338)
50th 345 756 345 639 345 677 345 561
(2 328) (2 320) (2313) (2309)
60th 349 747 346 930 346 834 348 447
(2413) (2399) (2 466) (2 543)
70th 354 053 348 323 348 007 351 537
(2 685) (2 884) (2 823) (3019)
80th 359 280 350 014 349 535 355 397
(3197) (3799) (3 487) (3 808)
90th 365 948 352172 351 466 360 946
(4 022) (5198) (4 500) (5126)
Obs. 7 808 7 808 7 808 7 808
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Discussion

In this study, we describe the impact of known genetic factors associated with edu-
cational attainment on socio-economic inequalities, and particularly labor income. To
our knowledge, this is the first large study to investigate the impact of EA-PGI on lon-
gitudinal income trajectories; prior work has been limited to small samples or cross-
sectional designs. It is important to recognize that these studies have contributed to
an aversion, anger and even fear of studying genetics in social stratification research
(Martschenko, Trejo, and Domingue, 2019; Mills, 2022). We include a document with
Frequently Asked Questions (FAQs) to offer an accessible explanation of what our
study does and, importantly, does not, find and how the results should be interpreted.

We focus on labor income because it represents a well-defined and downstream in-
dicator of socioeconomic status, capturing differences in education, health, and labor-
market skills. Labor income, together with government transfers, constitutes the main
source of monetary inflows accumulated over the life course, making it a fundamen-
tal component of wealth (Black et al., 2025). Moreover, income inequality is a central
topic in both economics (Kline, 2024) and epidemiology (Lynch et al., 2000; Pickett
and Wilkinson, 2015; Schwandt et al., 2021), allowing us to build on well-established
methodologies while incorporating genetics into the same analytical framework. Fi-
nally, income is strongly correlated with health, which is the other primary component
of socioeconomic status.

We show that workers earn similar income upon labor market entry, irrespective
of their EA-PGI level. After entry, however—and only among tertiary-educated indi-
viduals—income differences between those at the 90th and 10th percentiles of EA-PGI
widen steadily over time, culminating in a 14 % cumulative income gap 25 years after
graduation. The fact that EA-PGI predicts income trajectories only among tertiary-
educated individuals likely reflects two forces. First, individuals with relatively high
EA-PGI experience higher economic returns to ability. Second, EA-PGI influences ed-
ucational sorting itself, shaping the types and levels of education pursued. While we
cannot quantify exactly the relative importance of the two channels (sorting and eco-
nomic returns to higher EA-PGI), our analysis based on the AKM model estimation
(Abowd, Kramarz, and Margolis, 1999) offers additional insights on the role of em-
ployers in explaining the observed income differences.

We show that a measure of labor market productivity (or ability) is indeed posi-
tively associated with EA-PGI, but again only for tertiary-educated workers. This re-
lationship persists even after controlling for detailed education-related characteristics
(education field and type of academic institution). The finding that EA-PGI relates to
labor market productivity only among highly educated individuals raises the question
of whether some high-ability individuals with only secondary education might bene-
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tit from additional educational support or incentives to pursue tertiary studies. While
our data cannot directly address this, we note that any such discussion must consider
the role of family socioeconomic background (Ichino, Rustichini, and Zanella, 2024).
We return to the importance of family background later.

Our analysis also shows that, among tertiary-graduated individuals, there is little
evidence of sorting into the first employer on the basis of EA-PGI. This is consistent
with labor market entrants having limited information about firm and match qual-
ity, and with firms similarly knowing little about the productivity of new hires (Farber
and Gibbons, 1996). Despite the absence of initial sorting, EA-PGI subsequently matter
for transitions to higher-paying employers, suggesting that employer learning about
workers’ productivity and job mobility are important channels underlying the genetic
gradient in income. Consistent with this, we observe steeper firm-quality trajecto-
ries among workers at the 90th EA-PGI percentile, while those at the 10th percentile
exhibit flatter ones. While part of these results may reflect occupational sorting, the
magnitude of firm-quality differences we observe suggests that employer character-
istics, beyond occupation alone, play a crucial role, given the substantial variation in
tirm quality within occupations (e.g., Card, Heining, and Kline, 2013).

Because health is a well-documented determinant of educational and income dis-
parities, we also examine whether it mediates the EA-PGI-income relationship. Al-
though previous studies have shown that EA-PGI is associated with multiple diseases
(Okbay et al., 2022), we find that the association between EA-PGI and cumulative dis-
ease burden is similar across education groups. This suggests that differences in health
do not explain the stronger EA-PGI-income association among the tertiary-educated.

By Mendel’s laws, parents of children with higher EA-PGI must have higher EA-
PGI themselves, which results in higher parental education. This pattern is confirmed
in our data: individuals in the 10th percentile of EA-PGI come from substantially
lower socioeconomic backgrounds than those in the 90th percentile (Supplementary
Table A.5). We therefore examine the role of parental EA-PGIs in accounting for the
observed income gap across offspring’s EA-PGI levels. Adjusting for parental EA-
PGI reduced the offspring income gap by approximately 71 %, indicating that indirect
effects play an important role in shaping income development.

Notably, most of this attenuation was driven by the father’s EA-PGI rather than
the mother’s, a pattern not observed for educational attainment itself. This may reflect
differential mechanisms: maternal resources, such as time and cognitive engagement,
are particularly relevant for early-life development and educational choices, whereas
paternal resources may become more influential during labor-market entry, through
direct income support, occupational networks, or knowledge transmission about high-
quality firms (Del Boca, Flinn, and Wiswall, 2014). These results are especially striking

given Finland'’s relatively high level of gender equality in employment opportunities
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(World Economic Forum, 2024).

This study advances the literature in several key ways. First, we analyse a substan-
tially larger genotyped sample, including 12,871 parent—offspring trios, than previous
studies, linked to decades of high-quality administrative data. This allows us to pro-
duce precise estimates of the genetic drivers of socioeconomic disparities. Second,
we leverage continuous, rich information from tax records avoiding self-report bias,
missing-not-at-random mechanisms, and measurement error that often affect survey-
based studies. Third, by exploiting repeated measurements of workers and employers,
and their links over time, we apply panel-data methods that account for worker and
firm heterogeneity, which in turns allows us to provide novel evidence on the role of
genetics in explaining the production of inequality in the labor markets. This allows
us to decompose income variation into worker- and firm-level components, bridging
genetics and modern labor economics (Card et al., 2018; Song et al., 2018; Kline, 2025).

Our study also has limitations. First, our sample consists solely of Finnish indi-
viduals who tend to be positively selected compared to the general population. This
limits the generalizability to other ancestries or institutional settings. To address the
fact that genotyped individuals are not fully representative of the Finnish popula-
tion, we applied inverse-probability weighting to make the sample representative of
all fresh graduates in the same calendar period (Davies et al., 2018). Weighted analy-
ses produced results highly consistent with our main estimates (Supplementary Table
A.11). Second, EA-PGI should not be interpreted as a pure “genetic endowment for
educational attainment,” as it may capture pathways correlated with educational at-
tainment, such as lifestyle or social factors, that are modifiable and context-dependent.
As such, changes in these underlying environments or social conditions could alter
the observed relationship between EA-PGI and income. Lastly, as noted, the large
attenuation we observe when controlling for parental EA-PGI indicates that indirect
effects—particularly those operating through fathers—play an important role in shap-
ing income differences. However, our setting does not allow us to disentangle the
(parental) genetic and alternative environmental components underlying this result,
which we leave to future work.

Taken together, our results indicate that EA-PGI is a robust predictor of income
across the working life course, but only among tertiary-educated individuals. These
effects operate primarily through individuals with higher EA-PGI experiencing faster
and more frequent labor-market transitions to higher-quality employers, which in turn
offer higher wages and thereby further amplify income inequality. Moreover, a sub-
stantial share of the EA-PGI-income association arises through indirect paternal ge-
netic effects, suggesting that in the relatively recent generations studied (average grad-
uation year 2000), fathers continued to play an important role in shaping offspring
labor-market trajectories through untransmitted genetic factors.
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Data and Methods

1.1 Data Sources

Genetic data. The genotyped sample was obtained from Finnish biobanks and con-
sists of individuals who provided consent for research use of their blood samples.
Participants in our dataset were drawn from several population-based epidemiologi-
cal cohorts: 27,135 from the THL and 23,921 from the Blood Donor studly.1

To quantify the genetic contribution to educational attainment, we constructed a
polygenic index for years of education (EA-PGI) based on the largest genome-wide
association study of educational attainment to date (Okbay et al., 2022), excluding
Finnish cohorts to avoid overfitting. In our analysis sample, the PGI explained 7.1 %2
of the variance in years of education (Supplementary Table A.12)—slightly lower than
estimates from previous studies Lee, Wedow, Okbay, et al., 2018, possibly due to dif-
ferences in cohort composition or educational classification.

Our sample tends to be positively selected (younger, better educated, with a higher
share of women) compared to the population of fresh graduates. To analyze whether
sample composition is a likely driver of our results, we apply an inverse probabil-
ity weighting approach to make the sample representative of the graduates popula-
tion (see e.g. Davies et al., 2018). Supplementary Table A.2 provides details on the
re-weighting procedure and shows that it is effective in making the sample represen-
tative of the general population along the central dimensions that are initially unbal-
anced (including entry income, which we do not re-weight in our routine). Using
these weights when estimating the income trajectories yields results that are qualita-
tively very similar to those in our main analysis, both when using the full genotyped
sample and when using the family trios (Supplementary Table A.11).

Register data. We link the genotyped data to administrative registers from Statistics
Finland (FOLK databases), covering the years 1987-2019. In addition, we utilize these
register data independently, as they include the entire population of individuals per-
manently residing in Finland at the end of each year. The registers provide detailed
information on employment histories, which allows us to identify the main employer
at the end of each calendar year. They also contain income by source, from which we
identify yearly labor income. We include people with zero income in the income anal-
ysis, thereby avoiding conditioning on employment. Given the long time series used
in the analysis, all monetary values are deflated to 2010 EUR to account for inflation

ITHL biobank website: http://www.thl.fi/biobank. Blood service biobank website: https://
www.veripalvelu.fi/en/biobank/.

2Computed as incremental R?, following Okbay et al. (2022), and controlling for gender fully inter-
acted with year of birth indicators, biobank indicator and first 10 genetic principal components
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and ensure comparability across time. The choice of the reference year is arbitrary; we
choose 2010 because it lies midway between 2000 — the average graduation year in the
sample — and the last follow-up year, 2019.

The registers further include demographic variables (gender, year of birth) and
detailed educational information (highest degree, 4-digit field, school or institution
ID, vocational vs. academic track), occupation, and industry codes.

Health registers. Health outcomes are obtained from two nationwide registers main-
tained by the Finnish Institute for Health and Welfare: the Care Register for Health
Care (Hilmo) and the Register of Primary Health Care Visits (Avohilmo). In this study,
Hilmo covers inpatient visits, operations, and specialized outpatient visits for the pe-
riod to 1987-2024, when diagnoses follow ICD-9 and ICD-10 coding. Avohilmo, which
uses ICD-10, covers primary care outpatient visits since 2011. For individuals absent
from Hilmo, Avohilmo is used to complement the coverage. Both registers contain
patient identifiers, care episode details, and one or more discharge diagnoses.

1.2 Methods

Polygenic Indices

We construct polygenic indices (PGIs) by aggregating single nucleotide polymorphisms
(SNPs), common genetic variants identified in Genome-Wide Association Studies (GWAS)
as predictive of years of education and health-related outcomes (see e.g. Biroli et al.,
2025). SNPs are linearly combined using GWAS-derived effect sizes as weights, pro-
ducing out-of-sample PGIs predictive of each trait of interest.

Our primary measure is the PGI for educational attainment (EA-PGI), standardized
to mean zero and unit variance. Its distribution across education groups is shown in
Supplementary Figure A.1. To control for ancestry and population stratification, we
compute the first ten principal components of the genetic data and include them as
covariates in all analyses.

Worker Ability and Firm Quality Measurement

To operationalize worker ability (or labor market productivity) 0;, and firm quality ¢,

we estimate an Abowd, Kramarz, and Margolis (1999) (AKM) regression (Kline, 2024):
Vit = Xt + ¢y +6i + € D

where y;; denotes log monthly labor income?® for individual 7 in year t; Xj; includes

3The outcome in (1) is monthly income, defined as annual earnings divided by number of months
worked. Results are robust to using hourly wages derived from the Structure of Earnings Register (SES),
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education fully interacted with calendar year and cubic age polynomial; ¥, ;) repre-
sents firm fixed effects; and 0; are worker fixed effects. Estimated 6; provides a mea-
sure of worker productivity (unobserved heterogeneity) and 1(i,¢) offers firm-specific
wage premia, interpreted as firm quality. Workers with higher fixed effects earn more
across firms relative to a reference worker, holding observables constant. Similarly,
tirms with higher AKM fixed effects pay higher average wages, consistent with higher
productivity serving as a proxy firm quality, as they capture persistent wage differ-
ences across firms after accounting for worker characteristics.

Except for the additive separability of firm and worker fixed effects, no functional
form assumptions are made on either of the fixed effects, which are estimated non-
parametrically. The estimation sample includes all full-time employees aged 20-60.
The main employer is defined as the highest-paying ongoing job at year-end. To en-
sure labor market attachment, we restrict to workers earning at least 50% of the na-
tional median monthly income. the model is estimated by using the sample of firms
linked by workers job-to-job transitions, also called connected set (Kline, 2025). Firms
that do not experience hires or separations during their observation period are not part
of the connected set and do not have an associated firm fixed effect.

For the estimation of the model, employment spells in very small firms (<5 em-
ployees) or shorter than four months are excluded. The resulting panel comprises
3.7 million workers, 31.6 million person-year observations, and 177.0 thousand firms.
The AKM estimation is performed separately for two periods (1987-2003 and 2004—
2019) due to computational constraints. Correlations of worker and firm fixed effects
across the two periods are reasonably high (Supplementary Figure A.7).

We standardize worker and firm fixed effects to have zero mean and unit variance,
and link them to the genotyped sample. Supplementary Tables A.3 and A.4 provide
summary statistics for the sample used in estimating AKM, and standard statistics and

income variance decomposition following AKM estimations.

Income and Health Trajectory Model

To study how genetic predispositions affect income over the life cycle, we estimate:

Yiemt = &+ Tc + T + :BtPGIi + Y Xi + €iomt (2)

where yjc,,; is labor income of individual i or the Charlson Comorbidity Index (see
below), in birth cohort ¢, calendar year m, and number of years since graduation t.
PGl is standardised EA-PGI; 7. and T, are cohort and year effects; and X; includes ten

genetic principal components, gender, and biobank indicator (THL or Blood Donors).

which covers the whole public sector and a sample of about half of the private sector. To maximize
sample size and coverage, we use monthly earnings as our baseline income measure.
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The coefficients of interest are B, which capture the income differential for EA-PGI
over time since graduation. Since PGIs are randomly assigned at conception, B; has
a causal interpretation, conditional on adequate control for population stratification
via X;. Any residual stratification would lead the coefficients to capture a compound
effect of own genetics and other environmental factors. While assigning sign to the
bias is not immediate, we believe that it is reasonable to consider our estimates as
conservative lower bounds of true causal effects of own EA-PGL.*

Our model income trajectories specifications include continue EA-PGI evaluated at
10th and 90th percentiles of EA-PGI distribution. The results are similar when specify-
ing EA-PGI via deciles (Supplementary Figure A.2). Finally, when computing cumu-
lated lifetime income we discount income by a 3% interest rate, computing its present
value upon graduation. In the computation, we sum over all discounted income rows

(including zeros) between graduation year and up to 25 years later.

Income decomposition by EA-PGI group and over time since graduation

We implement the approach by Hahn, Hyatt, and Janicki (2021) to decompose the log-
income growth separately by EA-PGI group (1st and 10th deciles).

Each year since graduation t, workers are partitioned into one of four groups: stay-
ers (workers who stay with the same employer); employer-to-employer transitions (work-
ers who change firm); entrants from non-employment (hires from nonemployment); ex-
iters to non-employment (incumbent workers separating to nonemployment). The aver-
age income growth between t — 1 and t is decomposed into four weighted contribu-
tions based on the four worker types (weighted by the share of workers in each worker
type). Since entrants and exiters move between employment and non-employment,
their contribution is obtained by comparing their average income to that of the work-
ers who are continuously employed in the time period.

In line with Hahn, Hyatt, and Janicki (2021), and confirmed by our analysis, job-to-
job movers’ transitions are associated with large earnings gains for individuals. More-
over, the entrants from nonemployment earn substantially less than the continuously-
employed workers to which their salary is compared to. Hence, their entry into em-
ployment lessens (subtracts from) the average earnings and their contribution to the
average earnings growth is negative. The opposite occurs for exiters to nonemploy-
ment: they also tend to earn less than the continuously-employed workers, but be-
cause these low-paying jobs dissolve, this contributes positively to the earnings growth.

We present results by cumulating the income growth components over t = 1, ..., 25.

“The PGI captures only the contribution of common genetic variants identified in external GWAS,
not the full genetic architecture of education.
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Charlson Comorbidity Index

The Charlson Comorbidity Index (CCI) (Charlson et al., 1987; Deyo, Cherkin, and Ciol,
1992) assigns fixed weights to comorbid conditions associated with higher mortality
risk. The index is the weighted sum of an individual’s comorbidities, with weights
derived from Cox regression models.

We compute CCI scores using the ICCI R package (Detrois, 2024), which imple-
ments the ICD-9 and ICD-10 coding (Quan et al., 2005) via the comorbidity package
by Gasparini (2018).> For each individual, we compute cumulative CCI scores by age,

recalculating the index at successive cutoffs (0-19, 0-20, ..., up to 0-50 years).

Definitions and Sample Restrictions. For the trajectory-based analyses, we con-
struct a panel of all genotyped adults with either secondary or tertiary qualification,
followed from year of graduation onward between 1987 and 2019. To ensure that in-
dividuals in our sample have completed their education phase, we remove those with
secondary degree that have not been observed past age 30; people that obtain tertiary
degree before age 30 are retained in the sample. The final sample includes 51,056 indi-
viduals and 963,715 person-year observations (see Supplementary Table A.1).
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A Supplementary Figures and Tables

A.1 Supplementary Figures

Figure A.1: Density of EA-PGI by highest education level and track
The density plot uses full analysis sample with non-missing education track information (N = 50, 940).
The blue lines correspond to secondary, and the red - to tertiary degree level. Solid lines correspond to

academic, and the dashed lines - to vocational education tracks.
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Figure A.2: Average annual income of tertiary-educated individuals by EA-PGI
level, over time

The figure uses a subset of tertiary-educated individuals (N = 32,364). The lines correspond to ten
deciles of the EA-PGI distribution. Average income estimated from a regression of annual income on
EA-PGI fully interacted with indicators measuring years since graduation and controlling for first ten
genetic principal components, gender, year of birth, calendar year, and biobank indicators. The shaded
areas correspond to 95 % Cls.
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Figure A.3: Employer mobility and quality of secondary-educated individuals by
EA-PGI level, over time

Panel (a) plots the average number of employment spells, and Panel (b) - the average firm quality
index over time since graduation. The blue line corresponds to 10th and the red - to 90th percentile
of EA-PGI distribution. Both panels are estimated from a regression of respective outcome on EA-PGI
fully interacted with indicators measuring years since graduation and controlling for first ten genetic
principal components, gender, year of birth, calendar year, and biobank indicators. The estimation
sample is restricted to secondary-educated workers with non-missing firm identifiers (N = 17,432) in
panel (a) and non-missing firm quality index (N = 15,579) in panel (b). The shaded areas correspond
to 95 % Cls.
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Figure A.4: Decomposition of cumulative growth in log annual income of tertiary-
educated individuals by EA-PGI level, over time, including mobility into and out
of non-employment
Panel (a) reports cumulative contributions of four mobility types to overall cumulative log earnings
growth over time since graduation. Panel (b) reports average employment shares of four mobility
types over time since graduation. The blue line corresponds to 1st and the red - to 10th decile of EA-
PGI distribution. The decomposition follows the algorithm in Hahn, Hyatt, and Janicki, 2021. The
sample for the decomposition is restricted to tertiary-educated workers (N = 32,364).
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Figure A.5: Average health index by EA-PGI level, over time and by education, con-
ditional on parental EA-PGI among parent-offspring trios

Panel (a) uses full sample of parent-offspring sample with non-missing Charlson Comorbidity Index
(N = 50,963), while Panels (b) and (c) use subset of these workers based on their highest qualification
being either secondary (N = 18,669) or tertiary degree (N = 32,294), respectively. The blue line corre-
sponds to 10th and the red - to 90th percentile of EA-PGI distribution. Average health index estimated
from a regression of Charlson Comorbidity Index on the set of own, maternal and paternal EA-PGI, all
fully interacted with indicators measuring years since graduation, and controlling for first ten genetic
principal components, gender, year of birth, calendar year, and biobank indicators. The shaded areas
correspond to 95 % Cls.
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Figure A.6: Average annual income of tertiary-educated individuals by own or
parental EA-PGI levels, over time

The figure uses a subset of parent-offspring trios with highest offspring qualification being tertiary de-
gree (N = 7,808). The lines in Panel (a) correspond to 10th and 90th percentiles of offspring EA-PGI; in
Panel (b) - 10th and 90th percentiles of paternal EA-PGI; and in Panel (c) - 10th and 90th percentiles of
maternal EA-PGI. Average income estimated from a regression of annual income on the set of own, ma-
ternal and paternal EA-PGI, all fully interacted with indicators measuring years since graduation, and
controlling for first ten genetic principal components, gender, year of birth, calendar year, and biobank
indicators. The shaded areas correspond to 95 % Cls.
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Figure A.7: AKM worker productivity and firm quality indices between two AKM
estimation periods (1987-2003 and 2004-2019)

Panel (a) is a binscatter plot of worker productivity indices estimated using matched employer-
employee data between 2004-2019 (on the y axis) and 1987-2003 (on the x axis). Panel (b) is a binscatter
plot of firm quality indices estimated using matched employer-employee data between 2004-2019 (on
the y axis) and 1987-2003 (on the x axis). The dashed black lines correspond to 45° line. The sample in
Panel (a) are individuals with both worker productivity indices non-missing (N = 13,715); in Panel (b)
- individuals with both firm quality indices non-missing (N = 32,494).
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A.2 Supplementary Tables

Table A.1: Working sample in trajectory analysis

The table reports sample counts by working sample restrictions. Columns (1)-(3) report person-year ob-
servation counts in full sample and by biobanks, respectively. Columns (4)-(6) report unique individual
counts in full sample and by biobanks.

Person-year observations Unique individuals

All THL BDB All THL BDB

1) 2 ©) 4 ®) (6)
Start 5,374,521 3,963,254 1,411,267 176,523 132,171 44,352
Keep individuals with non-missing genetic PCs 5335564 3,963,254 1,372,310 175,050 132,171 42,879
Keep graduates only 3,215453 1,957,308 1,258,145 98,810 59,416 39,394
Keep graduates with non-missing graduation year ~ 3,215,453 1,957,308 1,258,145 98,810 59,416 39,394
Graduated between 1970 and 2020 3,139,889 1,882,118 1,257,771 96,186 56,803 39,383
Observed between 0 and 25 years since graduation 1,692,473 1,065,113 627,360 96,166 56,786 39,380
Followed from 0 years since graduation 1,000,872 576,894 423,978 57,956 29,205 28,751
Followed at least up to age 30 (if secondary) 963,715 567,236 396,479 51,056 27,135 23,921
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Table A.2: Average population and sample characteristics of graduates

Panel (a) compares full analysis sample (N = 51,056) and Panel (b) compares subsample of parent-
offspring trios (N = 12,871) to the population of fresh graduates. The population of fresh graduates is
selected from the full Finnish population with same criteria described in Table A.1, except for condition-
ing on genotypes and genetic principal components. Column (1) reports average characteristics in the
population of fresh graduates. Columns (2) and (3) report average characteristics in the corresponding
sample, before and after applying inverse probability weights, respectively. Columns (4) and (5) report
p-values for the equality of means between population and working sample, before and after applying
inverse probability weights, respectively. All p-values are adjusted for multiple hypotheses testing us-
ing Holm correction. Columns (6) and (7) report population and sample counts, respectively. Inverse
probability weights are estimated to balance the sample according to year of birth and graduation year
(fully interacted with highest education level and gender), and rural area indicator fully interacted with
gender.

(a) Genotyped sample

Population Genotyped sample Reweighted sample Ag; Ag; N N®

) ® ®) @ 0O (6) @)
Cohort: 1950-59 0.01 0.01 0.01 0.000 1.000 1,599,332 51,056
Cohort: 1960-69 0.17 0.22 0.16 0.000 1.000 1,599,332 51,056
Cohort: 1970-79 0.34 0.36 0.34 0.000 1.000 1,599,332 51,056
Cohort: 1980-89 0.36 0.29 0.37 0.000 1.000 1,599,332 51,056
Cohort: 1990-99 0.13 0.11 0.13 0.000 1.000 1,599,332 51,056
Graduation age: 16-20 0.36 0.31 0.36  0.000 1.000 1,599,332 51,056
Graduation age: 21-25 0.39 0.43 0.39 0.000 1.000 1,599,332 51,056
Graduation age: 26-30 0.25 0.25 0.24 0.001 1.000 1,599,332 51,056
Education: secondary 0.44 0.37 0.44 0.000 1.000 1,599,332 51,056
Education: tertiary 0.56 0.63 0.56 0.000 1.000 1,599,332 51,056
Male 0.48 0.39 0.48 0.000 1.000 1,599,332 51,056
Married 0.10 0.13 0.11 0.000 0.000 1,599,332 51,056
Rural 0.24 0.25 025 0.712 1.000 1,599,332 51,056
Cumulated income 279,534 302,077 277,373 0.000 0.692 1,599,332 51,056
Income at t=0 9,301 9,527 9,328 0.000 1.000 1,599,332 51,056

(b) Family trio sample

Population Genotyped family trios Reweighted family trios $A21;$ $Ag;$ $NVg  $N?g

Q) @ ®3) 4 ©) (6) @)

Cohort: 1950-59 0.01 0.01 0.01 0446 1.000 1,599,332 12,871
Cohort: 1960-69 0.17 0.15 0.17 0.001 1.000 1,599,332 12,871
Cohort: 1970-79 0.34 0.35 034 0.017 1.000 1,599,332 12,871
Cohort: 1980-89 0.36 0.38 0.36 0.000 1.000 1,599,332 12,871
Cohort: 1990-99 0.13 0.11 0.12 0.000 1.000 1,599,332 12,871
Graduation age: 16-20 0.36 0.34 036 0.000 1.000 1,599,332 12,871
Graduation age: 21-25 0.39 0.42 040 0.000 1.000 1,599,332 12,871
Graduation age: 26-30 0.25 0.24 024 0.086 1.000 1,599,332 12,871
Education: secondary 0.44 0.39 044 0.000 1.000 1,599,332 12,871
Education: tertiary 0.56 0.61 056 0.000 1.000 1,599,332 12,871
Male 0.48 0.40 048 0.000 1.000 1,599,332 12,871
Married 0.10 0.12 0.12 0.000 1.000 1,599,332 12,871
Rural 0.24 0.27 024 0.000 1.000 1,599,332 12,871
Cumulated income 279,534 282,107 283,464 0446 1.000 1,599,332 12,871
Income at t=0 9,301 9,782 9,557 0.000 1.000 1,599,332 12,871
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Table A.3: Descriptive statistics in AKM sample

The table reports descriptive statistics in full matched employee-employer panel used in AKM estima-
tion. Column (1) reports sample mean, column (2) - standard deviation, and column (3) - person-year
observation counts for the variables in rows.

Mean SD N
1) (2) 3)
Cohort: 1946-1955 0.231 0421 7,225,843
Cohort: 1956-1965 0.299 0458 9,379,633
Cohort: 1966-1975 0.240 0427 7,504,156
Cohort: 1976-1985 0.162 0.369 5,086,257
Cohort: 1986-1995 0.064 0.245 2,010,473
Cohort: 1996-2005 0.004 0.062 121,624
Age group: 20-29 0.200 0.400 6,875,154
Age group: 30-39 0.288 0.453 9,929,190
Age group: 40-49 0.288 0453 9,926,283
Age group: 50-59 0.212 0409 7,306,357
Age group: 60-69 0.011  0.106 391,987
Male 0.604 0.489 34,428,971
Education level: Compulsory 0.212 0409 7,314,987
Education level: Secondary 0.447 0.497 15,406,896
Education level: Tertiary 0.340 0.474 11,707,088
Firm size 1,690 4,283 34,428,971
Annual total earning, 2015 EUR 27,319 30,515 34,428,936
Months worked in a year 11.680 1.241 34,428,971
Monthly total earning, 2015 EUR 2,330 2,585 34,428,936
Firm quality index 0.365 0.771 15,699,075

Worker productivity index 0122 0.990 16,162,338
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Table A.4: AKM summary statistics and variance decomposition

The table reports summary statistics and variance decomposition following AKM estimations. The
dependent variable in AKM estimation is log monthly earnings calculated as the ratio of total annual
earnings by number of months worked. The sample includes employees aged between 20 and 60, with
monthly earnings above 50% of national median monthly income, working in firms with at least 5
employees and for at least four months in a calendar year. The estimations control for calendar year
indicators, education level, cubic polynomial in age, as well as interactions of calendar year and age
polynomial with education level. For further details, see Section 1.2.

Dependent variable: log monthly earnings
1987-2003 2004-2019
Standard deviation of outcome 0.5003 0.4614

N largest connected set 16 862 428 15 435 023
N singletons 275 680 374 028
N estimation sample 16 586 748 15 060 995
Panel A: Summary of parameter estimates
N worker FE 1881715 1842564
N firm FE 126 605 50 430
Std. dev. of worker FE 0.2969 0.3208
Std. dev. of firm FE 0.1067 0.1027
Std. dev. of Xb 0.3416 0.2437
Std. dev. of residual 0.1587 0.1561
Corr(worker FE, firm FE) 0.1054 0.2496
RMSE 0.1693 0.1669
Adjusted R2 0.8846 0.8681
Panel B: Share of outcome variance attributed to
Worker FE 0.3547 0.4868
Firm FE 0.0458 0.0499
Cov(worker FE, firm FE) 0.0269 0.0778
Xb and associated covariances (0.4712 0.2703
Residual 0.1014 0.1153




X

Table A.5: Descriptive statistics by EA-PGI level

The table reports descriptive statistics among tertiary-educated individuals (N = 32,364) by deciles of EA-PGI. Columns (1)-(3) report sample means in 1st,
2nd-9th and 10th decile of EA-PGI, respectively. Column (4) reports difference in sample means and standard error of the difference in parentheses for the
2nd-9th decile relative to 1st decile, respectively. Column (5) reports difference in sample means and standard error of the difference in parentheses for the 10th
decile relative to 1st decile, respectively. Column (6) reports total sample count for each variable considered. All estimates control for first ten genetic principal
components.

Sample means Diff.
1st decile 2nd-9th deciles 10th decile  2nd-9th deciles 10th decile
1) ) ©) 4) (5) (6)
Male 0.267 0.341 0.402  0.074*** (0.011) 0.135*** (0.013) 32,364
Birth year 1977.2 1977.3 1977.6  0.170 (0.231)  0.455 (0.272) 32,364
Mother edu: compulsory 0.332 0.250 0.175 -0.082*** (0.010) -0.157*** (0.012) 32,364
Mother edu: secondary 0.413 0.355 0.258 -0.059*** (0.011) -0.155*** (0.013) 32,364
Mother edu: tertiary 0.247 0.386 0.554 0.139*** (0.011) 0.307*** (0.013) 32,364
Mother edu: missing 0.008 0.009 0.012  0.001 (0.002)  0.005 (0.003) 32,364
Father edu: compulsory 0.351 0.278 0.196 -0.073*** (0.010) -0.155*** (0.012) 32,364
Father edu: secondary 0.388 0.314 0.218 -0.074*** (0.011) -0.170*** (0.012) 32,364
Father edu: tertiary 0.220 0.366 0.551 0.147*** (0.011) 0.332*** (0.013) 32,364
Father edu: missing 0.042 0.042 0.035 0.001 (0.005) -0.007 (0.005) 32,364
Age at graduation 24.506 24.854 25.245  0.349*** (0.054) 0.740*** (0.063) 32,364
Graduation: years since predicted graduation 2.256 2.211 2126 -0.045 (0.049) -0.131* (0.058) 32,364
Age at first job 26.332 26.448 26.739  0.116 (0.072)  0.407**+* (0.085) 31,015
First job: years since predicted graduation 3.588 3.302 3.092 -0.286** (0.071) -0.496** (0.084) 31,015
Annual average income at first job 11,729 12,811 14,208  1,082%*** (242)  2,478*** (285) 32,364
AKM firm FE of first job 0.217 0.236 0.268 0.019 (0.022)  0.052* (0.026) 16,860
AKM firm FE at t=15 0.407 0.462 0.527  0.055 (0.035) 0.120**  (0.043) 8,004




Table A.6: Worker productivity and EA-PGI

The table reports estimation results from a regression of of worker productivity index on EA-PGI of
interacted with education level. All regressions control for first ten genetic PCs, gender, year of birth,
calendar year and biobank indicators. Column (1) reports the baseline results. Column (2) additionally
controls for detailed field of education (3-digit) indicators. Column (3) adds interaction between level
and detailed field of education. Column (4) adds indicators for academic institution identifiers. Stan-
dard errors reported in parentheses.

Dependent variable: Worker productivity index

1) 2) 3) 4)
Secondary education x EA-PGI  0.017* 0.010 0.011 0.007
(0.007)  (0.007)  (0.007) (0.007)
Tertiary education x EA-PGI 0.115***  0.086***  0.082*** 0.016*
(0.007)  (0.007)  (0.007) (0.006)
Level Yes Yes Yes Yes
Field No Yes Yes Yes
Level x Field No No Yes No
Institution ID No No No Yes
Obs. 31,866 31,709 31,702 31,574
Avg. obs. per cell 15,933 352 145 23
Adj R2 0.198 0.251 0.256 0.330
RMSE 0.836 0.808 0.806 0.765

*p < 0.05,** p <001, p < 0.001

xii



Table A.7: Years of education and EA-PGI, unconditional and conditional on
parental EA-PGI among parent-offspring trios

The table reports estimation results from regression of predicted years of education (given highest qual-
ification) on EA-PGI, unconditional and conditional on parental EA-PGI in parent-offspring trios. The
top panel reports baseline estimations without controlling for parental EA-PGI. The bottom panel re-
ports estimates conditional on parental EA-PGI. Column (1) uses full sample of parent-offspring trios
(N = 12,871), including the cases where parental genotypes were imputed from parent-offspring duos
and siblings. Column (2) uses subset of directly genotyped parent-offspring trios (N = 4,586). All esti-
mations control for first ten genetic principal components, gender, year of birth, and biobank indicators.
Standard errors reported in parentheses.

Dependent var: predicted years of education

All family trios  Directly genotyped trios

1) (2)
Baseline without parental EA-PGI
Own EA-PGI 0.553*** 0.570***
(0.016) (0.027)
Constant 14.691%** 13.741%**
(0.491) (1.058)
Obs. 12 871 4 586
Controlling for parental EA-PGI
Own EA-PGI 0.413%** 0.441%**
(0.026) (0.040)
Mother EA-PGI  0.128*** 0.110%**
(0.021) (0.030)
Father EA-PGI  0.093*** 0.095%**
(0.021) (0.030)
Constant 14.641* 13.717%**
(0.482) (1.028)
Obs. 12 871 4 586
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Table A.8: Cumulated lifetime income, own and parental EA-PGI, regression results
The table reports estimation results from regression of cumulated lifetime income on own and
parental EA-PGI. Columns (1)-(3) report the baseline estimates without controlling for parental EA-PGL
Columns (4)-(6) report estimates conditional on parental EA-PGI. Columns (1) and (4) use full sample
of parent-offspring trios (N = 12,871), columns (2) and (5) - subset of trios with secondary-educated
offspring (N = 5,063) and columns (3) and (6) - subset of trios with tertiary-educated offspring (N =
7,808). All estimates control for first ten genetic principal components, gender, birth year, calendar year,
and biobank indicators. Income discounted to obtain its present value upon graduation (see Section 1.2
for additional information). Standard errors reported in parentheses.

Dependent variable: Cumulated income

Baseline Controlling for parental EA-PGI
Pooled Secondary Tertiary Pooled Secondary Tertiary
(1) (2) 3) (4) ) (6)
Own EA-PGI 13724  -7721 15602 7398 -3613 5048
(1804) (2132) (2546) (2746) (3478) (3833)
Mother EA-PGI 1769 -5 002 4 658
(2163) (2680) (3016)
Father EA-PGI 8211 -1702 12113
(2375) (2795) (3370)
Constant 414 682 270156 507 419 411300 270147 501 314
(61295) (58545)  (84159) (61302) (57824)  (84234)
Obs. 12871 5063 7 808 12871 5063 7 808

Table A.9: Cumulated lifetime income by own and parental EA-PGI levels

The table reports adjusted lifetime income (up to 25 years since graduation) by EA-PGI percentiles,
conditional on parental EA-PGI. Columns (1)-(3) use full sample of parent-offspring trios with tertiary-
educated offspring (N = 7,808). Columns (4)-(6) use subset of directly genotyped parent-offspring trios
with tertiary-educated offspring (N = 2,704). Columns (1) and (4) report cumulated lifetime income at
10th and 90th percentiles of own EA-PGI, holding maternal and paternal EA-PGI constant. Columns
(2) and (5) report cumulated lifetime income at 10th and 90th percentiles of maternal EA-PGI, holding
own and paternal EA-PGI constant. Columns (3) and (6) report cumulated lifetime income at 10th and
90th percentiles of paternal EA-PGI, holding own and maternal EA-PGI constant. Average lifetime
income adjusted by regressing cumulated income on the set of own, maternal and paternal EA-PGI
and controlling for first ten genetic principal components, gender, year of birth, calendar year, and
biobank indicators. Income discounted to obtain its present value upon graduation (see Section 1.2 for
additional information). Standard errors reported in parentheses.

Dependent variable: Cumulated income

All family trios Directly genotyped trios

Own EA-PGI Mother EA-PGI Father EA-PGI Own EA-PGI Mother EA-PGI Father EA-PGI
(1) ) 3 4 ®) (6)

10th percentile 339 181 339 879 330 699 350 648 342 498 336 264
(5 690) (4311) (4 459) (9782) (6842) (6792)
90th percentile 352 172 351 466 360 946 350 086 358 149 364 690
(5 198) (4 500) (5 126) (8547) (6833) (7 444)
90-10 gap 12991 11587 30 247 -562 15 650 28 426
(9 866) (7 502) (8 414) (16 426) (10 933) (11 639)
Obs. 7 808 7 808 7 808 2704 2704 2704
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Table A.10: Cumulated lifetime income of secondary-educated individuals by EA-
PGI level, conditional on parental EA-PGI among parent-offspring trios

The table reports adjusted lifetime income (up to 25 years since graduation) by EA-PGI percentiles. The
estimation sample is restricted to parent-offspring trios with secondary-educated offspring (N = 5,063).
Column (1) reports the estimates in the baseline specification without controlling for parental EA-PGI.
Columns (2)-(4) report average cumulated lifetime income by own, maternal and paternal EA-PGI per-
centiles, respectively, conditional on parental EA-PGI. Average lifetime income adjusted by regressing
cumulated income on EA-PGI and controlling for first ten genetic principal components, gender, year
of birth, calendar year, and biobank indicators. Income discounted to obtain its present value upon
graduation (see Section 1.2 for additional information). Standard errors reported in parentheses.

Dependent variable: Cumulated income

Baseline Controlling for parental EA-PGI
Own EA-PGI Own EA-PGI Mother EA-PGI Father EA-PGI
(1) ) 3) 4)
EA-PGI percentiles
10th 265 492 259 961 261 546 257 400
(2782) (4 621) (3938) (3954)
20th 262 054 258 352 259 384 256 677
(2 229) (3 323) (3 036) (3 029)
30th 259 582 257 195 257 866 256 156
(2 022) (2 568) (2 532) (2503)
40th 257 496 256 219 256 508 255710
(2017) (2184) (2 240) (2 223)
50th 255 614 255 338 255 320 255 311
(2 150) (2 154) (2161) (2159)
60th 253 639 254 413 254 078 254 906
(2 405) (2 459) (2274) (2294)
70th 251 508 253 416 252 817 254 471
(2775) (3 057) (2 566) (2 624)
80th 248 921 252 206 251177 253 929
(3311) (3978) (3130) (3 216)
90th 245 621 250 661 249 103 253 149
(4 074) (5294) (4 008) (4 253)
Obs. 5063 5063 5063 5063
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Table A.11: Cumulated lifetime income by own EA-PGI level, education, genotype
sample and weighting scheme

The table reports adjusted lifetime income (up to 25 years since graduation) by own EA-PGI percentiles.
Panel A uses full analysis sample (N = 51,056 in pooled, N = 18,692 in secondary-educated and N =
32,364 in tertiary-educated subsamples), while Panel B uses sample of parent-offspring trios (N = in
pooled, N = 5,063 in secondary-educated and N = 7,808 in tertiary-educated subsamples). Columns
(1), (3) and (5) report unweighted estimates. Columns (2), (4) and (6) report weighted estimates using
inverse probability weights. Average lifetime income adjusted by regressing cumulated income on EA-
PGI and controlling for first ten genetic principal components, gender, year of birth, calendar year, and
biobank indicators. Panel B additionally controls for maternal and paternal EA-PGI. Income discounted
to obtain its present value upon graduation (see Section 1.2 for additional information). Inverse proba-
bility weights are estimated to balance the sample according to year of birth and graduation year (fully
interacted with highest education level and gender), and rural area indicator fully interacted with gen-
der. Standard errors reported in parentheses.

Dependent variable: Cumulated income

Pooled Secondary Tertiary
Unweighted Weighted Unweighted Weighted Unweighted Weighted
1) ) ©) (4) (5) (6)
Panel A: Genotyped sample
10th percentile 309 659 291728 262 386 257 996 346 194 331362
(1 306) (1286) (1429) (1501) (1944) (1920)
50th percentile 329 893 308 756 255 422 249 549 368 728 350 947
(857) (832) (1116) (1157) (1137) (1105)
90th percentile 350 418 325930 248 358 241029 391 585 370700
(1591) (1525) (2 120) (2185) (2 006) (1938)
Obs. 51 056 51 056 18 692 18 692 32 364 32 364
Panel B: Family trio sample (conditional on parental EA-PGI)
10th percentile 303 725 304 546 259 961 263 787 339181 345 745
(3906) (4 417) (4 621) (5261) (5 690) (6 559)
50th percentile 313 190 313 886 255338 258 422 345 639 351212
(1697) (1981) (2154) (2 388) (2 320) (2 755)
90th percentile 322 764 323 347 250 661 252 986 352172 356 750
(3934) (4 502) (5294) (5717) (5198) (6114)
Obs. 12 871 12 871 5063 5063 7 808 7 808
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Table A.12: Predictive power of EA-PGI for years of education

The table reports estimation results from regression of predicted years of education (given highest qual-
ification) on EA-PGI. Column (1) reports estimates without EA-PGI, and column (2) - with EA-PGI. All
estimations controls for gender fully interacted with year of birth indicators, biobank indicator and first
ten genetic principal components. Standard errors reported in parentheses.

Dependent variable: predicted years of education

(1) (2)
EA-PGI 0.530%**
(0.008)
Constant 14.984*** 14.979***
(0.202) (0.194)
Obs. 51,056 51,056
R2 0.086 0.158
Adj. R? 0.085 0.157
Incremental R? 0.071

*p < 0.05,* p <0.01,** p < 0.001
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