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Abstract: Educational systems that separate students into curriculum tracks later may place less
emphasis on socioeconomic family background and allow individuals’ personal skills and interests
more time to manifest. We tested whether postponing tracking from age 11 to 16 results in stronger
genetic prediction of education across a population, exploiting the natural experiment of the Finnish
comprehensive school reform between 1972 and 1977. The association between polygenic score of
education and achieved education strengthened after the reform by one-third among men and those
from low-educated families. We observed no evidence for reform effect among women or those from
high-educated families. The first cohort experiencing the new system had the strongest increases.
From the perspective of genetic prediction, the school reform promoted equality of opportunity and
optimal allocation of human capital. The results also suggest that turbulent circumstances, including
puberty or ongoing restructuring of institutional practices, may strengthen genetic associations in
education.

Keywords: educational tracking; educational attainment; polygenic score; gene–environment
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Replication Package: Instructions for data access and code to reproduce the analysis can be found
at https://github.com/halahti/SocSci23

THE level of educational attainment is one of the most persistent social charac-
teristics between generations. The correlation of years of education between

parents and children is typically around 0.4 in Western Europe (Bjoörklund and
Jäntti 2020; Hertz et al. 2008). Twin decompositions indicate that the strong family-
related effect stems from genetic and shared environmental components (Branigan,
McCallum, and Freese 2013; Freese and Jao 2017; Silventoinen et al. 2020), and
more recently developed molecular genetic methods support this finding (Lee et al.
2018; Okbay et al. 2022). In behavior genetics, it is frequently argued that the high
heritability (within-population variance that is attributable to genetic differences
between individuals) of education may act as an indicator of equality of educational
opportunity (Ayorech et al. 2017; Conley 2016; Harden 2021; Plomin 2019; Selita and
Kovas 2019; Silventoinen et al. 2020). The argument is that in equal environments
free of societal obstacles or privileges, the differences between individuals may
more greatly reflect individual factors. Thus, identifying the environments in which
the genetic prediction of educational attainment is stronger can help us understand
the extent to which educational contexts are meritocratic.
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Previous research has shown that the amount of tracking in school curricula
(i.e., the extent to which students are separated in differing streams, particularly at
younger ages) is robustly related to the association between family socioeconomic
background and children’s educational attainment (Pekkarinen, Uusitalo, and Kerr
2009; Pfeffer 2008; van de Werfhorst 2018; van de Werfhorst and Mijs 2010). In
systems in which students are tracked from an early age, family socioeconomic
position predicts offspring’s educational outcomes more strongly than in later-
tracked systems with more universalist curricula. This is possibly because with
later tracking, children and adolescents have more time to explore their interests
and abilities before being sorted into more specialized tracks. In early-tracked
systems, family resources independent of the child’s characteristics may play a
relatively more pronounced role due to their impact in early education (see also
Mollborn et al. 2014).

In this study, we tested whether an analogous pattern is seen in stronger genetic
predictions of education when tracking is postponed. We utilized the Finnish
comprehensive school reform, conducted between 1972 and 1977, as a natural
experiment. The reform abolished early tracking into academically and vocationally
oriented schools at the age of 11 and replaced it with a system where students attend
the same school until the age of 16. Due to exogenous sorting of individuals between
the old and new systems, this design allowed us to circumvent a common limitation
of many previous analyses of gene–environment interactions, namely the non-
random distribution of genomes across environments (Schmitz and Conley 2017).
Moreover, the gradual enrollment of the reform across the country between 1972
and 1977 allowed us to control for secular trends and regional differences potentially
confounding the estimates on educational attainment. Specifically, we posed three
research questions: (a) How did the school reform modify the association between
the known genetic propensity for educational attainment and achieved education;
(b) Were effects heterogeneous across individuals from different socioeconomic
backgrounds or between men and women; and (c) Did effects vary according to the
proximity of the reform?

The Interplay of Genetics and the Environment in Educa-
tion

Almost all human traits are to some degree heritable with a measurable genetic
component (Polderman et al. 2015; Turkheimer 2000), and education is no exception
to this (Branigan, McCallum, and Freese 2013; Silventoinen et al. 2020). Complex
behavioral and social traits are “polygenic”; that is, they are associated with a
huge number of single nucleotide polymorphisms (SNPs; the most fundamental
unit of variation in DNA). Almost 4,000 SNPs have been identified that relate
to educational attainment (Okbay et al. 2022). Where multiple SNPs have been
identified to associate with a trait, their estimated effect sizes can be summarized
into an index variable called a polygenic score (PGS; see Choi, Mak, and O’Reilly
2020; Mills and Tropf 2020; Mills, Barban, and Tropf 2020). A PGS consists of a
sum of SNP allele counts, weighted by their effect sizes in predicting the outcome,
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obtained from an independent genome-wide association study (GWAS). A PGS
therefore provides an estimate of an individual’s known genetic propensity for a
trait using all SNPs that have been identified to associate with the trait.

The relationship between an individual’s genome and their educational at-
tainment is complex and operates through many pathways, such as psychologi-
cal mechanisms including conscientiousness (Poropat 2009) and cognitive ability
(Malanchini et al. 2020). SNPs associated with education have been identified to
express predominantly in brain tissue and neurons in particular (Lee et al. 2018).
However, genetic effects do not manifest into achieved education in a vacuum but
operate in an environmental context of educational institutions shaped by social
forces. Thus, the sociological study of the interplay between institutional conditions
and individual genotypes presents an exciting opportunity to understand the for-
mation and maintenance of educational inequalities. With PGSs, gene–environment
interactions can be modeled straightforwardly in regression frameworks familiar to
many sociologists.

However, reliable identification of gene–environment interactions has turned
out to be difficult in practice. Analysts must be cautious of endogeneity, as the same
reservations that restrict causal inferences from regression main-effect coefficients
apply to interactions. A spurious gene–environment interaction can arise for various
reasons. First, individuals tend to be distributed in different environments, such
as childhood families, in a way that involves selection on genotypes. Second,
individuals actively navigate toward and create environments that suit their genetic
predispositions. Third, the environmental variable assessed in a gene–environment
interaction analysis may not have a causal influence on the outcome, but may
merely correlate with the causal factor.1

Because the obstacles in drawing causal inferences for interactions, including
gene-environment interactions, are similar as for main effects, solutions can also
be sought from the same direction. Exploiting natural experiments that exert ex-
ogenous effects on individuals, such as policy changes, constitutes one strategy
(Schmitz and Conley 2017). If individuals cannot self-select into old and new policy
regimes, concerns of non-randomly distributed genotypes across categories of envi-
ronmental exposure are reduced. Here, we employed the Finnish comprehensive
school reform as such a natural experiment.

The Finnish Comprehensive School Reform

Between 1972 and 1977, Finland conducted a comprehensive school reform where
the old selective two-track educational system was replaced by a universalist one-
track system.2 The pre-reform system started with a 4-year primary school (“kansak-
oulu”) for all children between the ages of 6–7. At the age of 10–11, individuals
chose either to stay in the primary school or enroll in a general secondary school
(“oppikoulu”). Individuals who stayed in the primary school until the age of 13
continued to a 2–3-year civic school (“kansalaiskoulu”). In the late 1960s, roughly
half of students took the general secondary track and half stayed in primary school
(Pekkala Kerr, Pekkarinen, and Uusitalo 2013; Sysiharju 1969). Follow-up education
(if any) for those finishing civic school was usually in vocational schools. Most of
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those finishing general secondary school continued to a 3-year academic upper
secondary school (“lukio” or “gymnasium”), which opened doors for university
education (Sysiharju 1969).

In the post-reform system, by contrast, all students enrolled in a 9-year com-
prehensive school at the age of 6–7, and everyone followed the same curriculum
until the age of 15–16 years. The new curriculum was academically oriented, and
among the old-system alternatives, resembled the general secondary track more
closely than the practically oriented civic school track. After the comprehensive
school reform, students could continue either to academic upper secondary schools
or vocational schools. Admission was based solely on comprehensive school grades
(Pekkarinen 2008).

Before the school reform, private schools in secondary education (comprising
55 percent of the general secondary track students) charged tuition fees, although
most of the expenses were covered by taxes (Pekkarinen, Uusitalo, and Kerr 2009).
Tuition fees were abolished with the reform, and free-of-charge tuition at all levels
of education was implemented. In addition, the new system introduced greater
special education resources for lower-performing students (Kivirauma and Ruoho
2007).

It should be underlined that, unlike some comprehensive education reforms
implemented in other countries during the same period, this reform did not increase
mandatory schooling or minimum school-leaving age.3 The possible effects shall
thus not be attributable to the amount of mandatory schooling but rather the
qualitative differences between the old two-track and new one-track systems.

The reform was implemented gradually between 1972 and 1977 in six different
regions, as illustrated in Figure 1. The earliest adoption was in Lapland in Northern
Finland and the last in the capital region of Helsinki (for a detailed presentation, see
Pekkarinen, Uusitalo, and Kerr 2009). The municipality-specific implementation
was planned by the National Board of Education and municipalities could not (at
least officially) affect the schedule or curricula in the new system (Aho, Pitkaänen,
and Sahlberg 2006). Students in Grades 1–5 in the implementation year were
transferred to the new system, as well as all subsequent cohorts.

Possible Consequences of the Reform on the Genetic
Prediction of Education

Previous evidence implies that universalist curricula are less reflective of socioe-
conomic background in achievement in education (van de Werfhorst 2018; van
de Werfhorst and Mijs 2010). Pekkarinen and colleagues (2009) observed that the
Finnish comprehensive school reform increased intergenerational income mobility
between sons and fathers, and Valkonen et al. (1996; 1998) found suggestive support
for a decrease in social class background differences in educational attainment. The
mechanism driving the equalizing effect of a universalist curriculum may lie in
that students have more time to show their individual talents regardless of their
families’ resources. Following such reasoning, we may expect that early tracking
is more weakly associated with individually embedded factors such as known
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Figure 1: School reform implementation years across municipalities in Finland. Reproduced with permission
from Pekkarinen (2008)
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genetic propensity to education. Some twin studies have found corresponding
associations between delayed tracking and higher heritability of education (Baier et
al. 2022; Knigge et al. 2022; for a null result, see Mönkediek 2022), as well as higher
heritability after some other equality-increasing school reforms (Colodro-Conde
et al. 2015; Heath et al. 1985). Evidence from twin studies also indicate that the
heritability of many traits (Polderman et al. 2015), including cognitive ability (Briley
and Tucker-Drob 2013; Haworth et al. 2010), is higher later in the life-course than
during childhood and early adolescence, whereas the shared environmental effect
is lower. Thus, if tracks are determined at age 16 instead of 11, we should expect
stronger genetic and weaker family environmental effects through psychological
mechanisms.

The reform-induced change in genetic prediction of education may have a
stronger effect among those from disadvantaged socioeconomic backgrounds. Al-
though the comprehensive school reform affected every student (in contrast to, for
example, school reforms that increase mandatory schooling years, which do not
directly affect those who would have continued education regardless), the change
was arguably larger for those who would have continued in the civic school track
in the pre-reform system. These individuals were more likely to come from less
socioeconomically advantaged families. By contrast, children of higher-educated
parents were more likely to embark on the general track. In the 1960s, 12 percent
of the general-track graduates’ principal providers had academic upper secondary
or university education compared to 4 percent of the overall adult population
(Sysiharju 1969). Pekkala Kerr et al. (2013) observed that the Finnish compre-
hensive school reform increased cognitive test scores especially for individuals
with low-educated parents. Other potential mechanisms for heterogeneous genetic
prediction by socioeconomic background include decreasing economic costs of
education, change in peer groups, and better prospects for future education, which
were likely to disproportionately affect individuals from less socioeconomically
advantaged origins.

The heterogeneous effect by socioeconomic background may also come from
the opposite direction. Opponents of the reform raised concerns that the univer-
sal curriculum would also have an undesirable equalizing effect (Okkonen 2017).
Following the critics’ reasonings, the performance of students who would have en-
rolled in the general secondary track in the old system may have become hindered
by the inclusion of less academically oriented peers in the classroom (Lazear 2001),
or other loss of quality in the previously positively selected learning environments.
As the individuals from advanced socioeconomic backgrounds were more likely
to continue on the general secondary track in the old system, it is possible that the
quality of their education provision was reduced and therefore genetic associations
within this group were weakened.

Relatedly, there has been a discussion of the Scarr–Rowe interaction hypothesis
in education. Such a hypothesis, originating from studies of socioeconomic differ-
ences in cognitive ability (Rowe, Jacobson, and Van den Oord 1999; Scarr-Salapatek
1971; Tucker-Drob and Bates 2016), states that individuals from more advantaged
socioeconomic backgrounds have better possibilities to follow their motivations
and abilities, whereas those with less advantaged backgrounds suffer more from
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environmental obstacles. Applied to education, this implies the genetic prediction
of education should be relatively higher among those with socioeconomically ad-
vantaged backgrounds and the environmental effects higher among individuals
with less advantaged backgrounds. The evidence on such a pattern in education has
been mixed overall, with possible contextual differences (Baier and Lang 2019; Baier
et al. 2022; Erola et al. 2022; Lin 2020). Relatedly, Trejo and colleagues (2018) found
that an education PGS was more predictive for educational attainment among
socioeconomically advantaged high schools.

However, some studies have found a contrasting pattern, where the genetic
associations with education are weaker among those with advantaged socioeco-
nomic backgrounds, supporting the “Saunders”4 hypothesis (Baier et al. 2022; Lin
2020). This hypothesis states that genetic effects are more pronounced in challeng-
ing or uncertain environments (Baier et al. 2022; Saunders 2010). Harden et al.
(2020) found that socioeconomically advantaged schools may offer protection from
a failure in class among students with lower PGS.5 The Saunders hypothesis can
be analogous to a “diathesis-stress” model of gene–environment interactions in
epidemiological and psychopathological literature (Boardman, Daw, and Freese
2013; Manuck and McCaffery 2014). For example, environments with less social
control or more limited personal resources can strengthen the genetic effects of
addictive substance consumption and related harm (Neale et al. 2021; Pasman,
Verweij, and Vink 2019).

In addition to socioeconomic background, gender-specific heterogeneous re-
form effects may be expected. A slight majority of the students in the old general
secondary track were girls; for example, 57 percent in 1964/1965 (Sysiharju 1969).
Thus, the reform possibly brought greater change for curricula of boys on average.
Furthermore, in the new system, the finishing grade point average, on which the
qualification for further education was solely based, was determined between the
ages of 15–16. At this age, boys typically experience the most intense period of
puberty, whereas girls have passed peak puberty (Euling et al. 2008). Puberty
constitutes a candidate for producing an uncertain and challenging environment,
which, following the Saunders/diathesis-stress hypotheses, can magnify genetic
effects among men in particular.

There are also grounds to expect modification in the opposite direction. Studies
from the United States and Finland have observed a strengthening polygenic pre-
diction of education among women across cohorts, which experienced expansion
of their educational opportunities (Herd et al. 2019; Lahtinen et al. 2023). It has also
been argued that the new curriculum content, with increased emphasis on language,
reading, and coursework, favored girls in general. Pekkarinen (2008) found that the
Finnish comprehensive school reform increased the achieved educational level of
women but not men. It is possible that these factors resonate to genetic prediction
in a way that may enhance the genetic associations among women in particular.

Finally, it is possible that the reform’s effect was dependent on the time-related
proximity of its implementation. The “reform intensity” may have been lower
among the first birth cohorts transferred to the new system, as they completed their
first school years following the old curriculum (see Ollikainen 2021; Pekkarinen
2008). However, if the mechanism producing change in genetic prediction is the
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tracking system and later sorting of students, such reform intensity should be
irrelevant because the pioneering cohort already had the two-track system fully
abolished in their secondary educational paths. Moreover, the pioneering cohorts
also had the unique position of being the first to experience new practices, which
had to be established and refined; these practices may have been more defined
for later cohorts. Aligned with the Saunders and diathesis-stress hypotheses, such
instability may lead genetic associations to manifest more strongly at the inception
of the new educational regime.

Educational Stratification in Finland

The association between parental and offspring education (Hertz et al. 2008; Pf-
effer 2008), as well as that between siblings (Graätz et al. 2021; Lahtinen, Mar-
tikainen, and Tarkiainen 2022), in Finland is among the smallest in international
comparisons. This reflects the objectives of the universalist welfare state, where
the reduction of educational differentials by social background has been explicitly
pursued (Kalalahti and Varjo 2020). The cohorts born in the early 1960s experienced
a period of strong educational expansion; the average level of education increased
strongly, particularly among women, whose educational level exceeded that of
men among the studied cohorts (Härkönen and Sirniö 2020; Pekkarinen 2012). The
genetic prediction of education, in turn, increased in Finland across the cohorts
born early in the twentieth century, but was already stabilized among cohorts born
at the turn of the 1960s (Lahtinen et al. 2023). The birth cohorts around the reform
years may have even historically low intergenerational educational reproduction,
with a Spearman’s rank-order parent–child correlation of education around 0.25
(Härkönen and Sirniö 2020; Karhunen and Uusitalo 2017; Lahtinen et al. 2023). It is
even possible that part of the weak intergenerational association may be attributed
to the comprehensive school reform addressed in this study (Pekkarinen, Uusitalo,
and Kerr 2009; Valkonen, Pensola, and Jalovaara 1996).

Data & Methods

Data and Variables

The sample used in this study consists of population-based FINRISK survey rounds
from 1992 (n: 6,024), 1997 (n: 8,387), 2002 (n: 8,775), 2007 (n: 6,216), and 2012
(n: 5,748), collected every 5 years in North Karelia, Northern Savonia, Lapland,
Northern Ostrobothnia, Kainuu, Turku and Loimaa, as well as Helsinki and Vantaa.
These data are pooled together with data from the Health2000 survey (n: 6,693,
with replacement n: 762 during an additional survey round in 2011), which covered
the whole of mainland Finland. These data have been evaluated to represent the
population of their target age well in the areas studied (Aromaa and Koskinen 2004;
Borodulin et al. 2018). These studies included clinical examinations, during which
DNA samples were collected. The response rates vary between 65 percent and 93
percent, with an overall average of 73 percent. The genetic data were put through
quality control and imputation procedures according to SISu v3 reference panel
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protocols (Pärn, Fontarnau, et al. 2018; Pärn, Isokallio, et al. 2018).6 After quality
control, genotyped information was available for 88 percent of all respondents. The
genotyped data were linked to population registers including annual information
on municipality of residence in 1972–1977 when the reform took place as well as
the highest level of education in the household in 1970 and 1975, and the personal
educational degrees obtained by the end of 2019. The linkage was conducted by
statistics officials based on unique personal identity codes, and the research team
analyzed pseudonymized dataset confidentially under supervision in the remote
access environment of Statistics Finland.

We restricted the analysis to genotyped participants in cohorts ±4 years around
the reform in their municipality of residence, including individuals from cohorts
born between 1957 and 1969 and whose municipality of residence in 1972 could be
determined in mainland Finland. This gave us an initial sample of 6,159 individuals.
We excluded those who moved between municipalities with different school reform
implementation years between 1972 and 1977 (n: 78). Finally, to mitigate possible
bias between PGS and the outcome arising from a shared environment between
related individuals, sometimes titled “cryptic relatedness” bias (Choi, Mak, and
O’Reilly 2020; Mills, Barban, and Tropf 2020), we randomly excluded one individual
from pairs sharing more than 0.177 of the variation of their genome (n: 135 excluded).
These exclusions gave us the final sample size of 5,946 individuals.

We measured individuals’ educational achievement as the years of education
based on the expected number of years of schooling after basic level to obtain the
highest degree an individual has. Following the guidelines of the International Stan-
dard Classification of Education 2011 (UNESCO 2012), these were the following: (a)
no qualification beyond basic education (ISCED 0–2): 0 years; (b) upper-secondary
education (ISCED 3): 3 years; (c) specialized vocational qualification (ISCED 4): 4
years; (d) lowest tertiary degree (ISCED 5): 5 years; (e) bachelor’s, or equivalent, in-
cluding basic polytechnic degree (ISCED 6): 6 years; (f) master’s level or equivalent
(ISCED 7): 8 years; and (g) doctoral or licentiate degree (ISCED 8): 12 years.

Figure 2 illustrates included birth cohorts with their respective number of obser-
vations in each reform region. The exposure to the school reform was an indicator
variable defined based on the implementation year of the municipality of residence
and year of birth. Students were transferred to the new system if they were in
the fifth grade (i.e., they turned 11 in the year) during the year of reform imple-
mentation. This means an individual was assigned as exposed to the reform if the
difference between the reform implementation in the municipality of residence and
the year of birth was at least 11 (e.g., those born in 1961 or later were assigned “ex-
posed” if the reform took place in 1972 in their municipality of residence). We also
performed analyses with the exposure variable in three categories: (a) pre-reform
cohorts (4 cohorts in each region); (b) the first cohort in the new system (1 cohort in
each region); and (c) subsequent reform cohorts (3 cohorts in each region).

The PGS of educational attainment was defined according to the GWAS by
Okbay et al. (2022). To avoid overfitting in the genetic data, individuals in our study
sample were removed from the GWAS summary statistics. In addition, individuals
from 23andme were excluded due to the company’s privacy policies. A PGS pro-
vides a summary measure of the known genetic propensity for a trait, multiplying
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1977      94 58 78 66 86 80 79 68 

1976     130 135 132 139 122 135 139 133  

1975    110 138 135 125 128 116 122 132   

1974   215 195 179 212 200 199 193 194    

1973  152 141 136 127 123 111 111 124     

1972 88 80 80 87 86 74 73 86      

Reform 
year 
region 

1957 1958 1959 1960 1961 1962 1963 1964 1965 1966 1967 1968 1969 

Birth cohort 

 

Figure 2:Number of observations by birth cohort and reform region (total N: 5,946). Lighter-shaded cells are
pre-reform cohorts (“non-exposed”), darker-shaded cells are post reform (“exposed”) cohorts

the effect size (obtained from GWAS summary statistics) of a given copy of a SNP
by the number of copies an individual has (0, 1 or 2). We employed the SBayesR
method (Lloyd-Jones et al. 2019) to adjust the PGS for linkage disequilibrium (LD;
correlation between occurrences of SNPs in different loci), using the base GWAS
summary results by Okbay et al., as well as a banded LD matrix provided by the
authors of the GCTB software (Zeng et al. 2020). These re-weighted scores were
then assigned to the individuals using autosomal HapMap3 variants with a minor
allele frequency of at least 0.01 in our data. The PGS is standardized to have a mean
of 0 and standard deviation (SD) of 1.

The Finnish population is genetically homogenous, save for a difference between
the Eastern and Western regions, following approximately the border set in the
historical treaty of Pähkinäsaari in 1323 (Kerminen et al. 2017). To account for
population stratification by genetic ancestry, we adjusted our models for the first 10
principal components of the genome (Price et al. 2006). The reform regions roughly
correspond to this division, with early reform regions mainly consisting of areas in
eastern and later reform regions of the western genetic sphere. Our region-specific
analyses thus further controlled for such population stratification.

To account for the subtle bias that may have arose from, for example, differing
genotyping equipment or differences in participant recruitment between data col-
lections, our models were adjusted for genotyping batch and survey round. We
also measured family education based on the highest education in the household in
1970, and if missing, in 1975, in two categories: all members of the household had
basic education / at least one member had further education.
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Analysis Strategy

Our main parameter of interest was the difference-in-difference (DiD) estimate on
whether the PGS’s effect on achieved education was different before and after the
reform. For these purposes, we performed estimation in two stages. First, we fit
reform region–specific ordinary least squares regressions to estimate the interaction
between PGS and reform status through the following model:

edui = b0 + b1PGSi + b2Re f ormi + b3(PGS ∗ Re f orm)i + b4
′ Controlsi + ϵi (1)

where edui denotes years of education for individual i; b0 is the intercept; PGS
is the polygenic score of education; Reform is an indicator of being exposed to
the school reform; and Controls is a vector of control variables. They include
continuous year of birth, a female indicator, the first 10 principal components of
the genome, data collection round indicators, and genotyping batch indicators. ϵ is
the residual term. We used Huber–White standard errors to account for potential
heteroscedasticity of residuals (Mansournia et al. 2021).

Second, we combined these separate reform region-specific estimates utilizing
the fixed-effect inverse variance–weighted meta-analysis method (Borenstein et al.
2009, chap. 11). We conducted meta-analysis on the pre-reform effect parameter
(b1 of equation 1), post-reform effect parameter (b1+b3 of equation 1)7, as well
as the DiD estimate, which is the interaction parameter b3. Calculating a meta-
analytic DiD by subtracting the meta-analytic post-reform estimate from pre-reform
estimate would create slightly different results. These differences are attributable to
the heteroscedasticity correction of the standard errors, as it affects the parameters’
given weight. Among these two options, we chose a strategy that was generally
more conservative.

The rationale behind resorting to this two-step modeling strategy stems from the
fact that the exposure to the reform was defined based on the combination of year of
birth and reform region. Thus, including both in the model would create very high
(or even full if they are measured categorically and interacted) multi-collinearity
with the reform variable. This would also create complex models with hard-to-
interpret parameters sensitive to lower-order interactions. Estimating within-region
regression also controls for regional differences in education in a flexible manner,
including potential interactive patterns.

After estimating the effect for the whole sample, we assessed heterogeneous
effects by conducting identical estimation stratified by educational family back-
ground (basic education/at least one household member with a further degree
during adolescence) and gender (men/women, excluding the gender indicator
from regression). Finally, we also performed these analyses with an alternate for-
mulation of the reform status including three categories (unexposed/first cohort of
exposure/later cohorts of exposure).

Table 1 presents descriptive statistics of the variables used. The PGS of education
and the achieved years of education had a correlation of 0.29. The average PGS was
slightly lower in regions with earlier adoption of the reform, and the average level
of education was also slightly lower in these regions. This might indicate genetic
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Table 1: Descriptive statistics

Mean SD

PGS of education 0.00 1.0
Years of education beyond basic 4.29 2.4

Correlation: PGS*education 0.29

PGS Years of education
% Mean SD Mean SD

Reform exposure
No 51 0.01 1.0 4.2 2.3
Yes 49 -0.01 1.0 4.4 2.4
Reform exposure (alternative measurement)
No 51 0.01 1.0 4.2 2.3
1st reform cohort 13 0.01 1.0 4.3 2.4
Subsequent cohorts 36 -0.02 1.0 4.5 2.4
Gender
Men 45 0.01 1.0 3.9 2.3
Women 55 0.00 1.0 4.6 2.3
Year of birth
1957 1 -0.12 0.9 3.7 1.8
1958 4 0.03 0.9 3.9 2.2
1959 7 0.01 1.0 4.1 2.2
1960 9 -0.06 1.0 4.0 2.1
1961 11 -0.05 1.0 4.2 2.4
1962 13 0.11 1.0 4.3 2.4
1963 12 -0.05 1.0 4.2 2.4
1964 12 -0.02 1.0 4.4 2.4
1965 10 0.00 1.0 4.5 2.3
1966 9 0.05 1.0 4.5 2.5
1967 6 0.00 0.9 4.5 2.7
1968 4 -0.05 1.0 4.3 2.4
1969 1 0.16 1.0 4.9 2.6
Reform region
1972 11 -0.09 1.0 4.1 2.1
1973 17 -0.06 1.0 4.1 2.2
1974 27 0.00 1.0 4.3 2.3
1975 17 0.07 1.0 4.6 2.5
1976 18 0.01 1.0 4.2 2.4
1977 10 0.08 1.0 4.3 2.8
Highest family education
Only basic 54 -0.13 1.0 3.8 2.1
More than basic 46 0.15 1.0 4.9 2.5

Total (N) 5, 946
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Table 2: The association between one standard deviation change in education PGS and achieved years of
education before and after the comprehensive school reform

Pre-reform Post-reform Difference-in-difference
b 95% CI b 95% CI b 95% CI N

Whole sample 0.59 (0.51; 0.67) 0.68 (0.61; 0.76) 0.08 (-0.03; 0.19) 5,946

By subgroup
Men 0.49 (0.37; 0.61) 0.69 (0.57; 0.80) 0.17 (0.01; 0.34) 2,680
Women 0.66 (0.55; 0.76) 0.67 (0.57; 0.78) 0.01 (-0.14; 0.15) 3,266
Basic family education 0.44 (0.35; 0.54) 0.60 (0.49; 0.71) 0.16 (0.02; 0.31) 3,236
More than basic family 0.67 (0.54; 0.79) 0.64 (0.53; 0.76) −0.04 (-0.21; 0.13) 2,710
education

Inverse-variance weighted (fixed effects) meta-analytic estimates from reform region -specific regressions
including reform indicator, education PGS, and their interactions; adjusted for gender (if not stratified),
year of birth, first ten principal components of the genome, study collection round and genotyping batch.
These reform region -specific regression results are presented in Tables A1 and A2 in the appendix. Possible
inequivalence between difference-in-difference estimates (which is the meta-analyzed interaction coefficient
from reform region–specific regressions) and post-reform minus pre-reform estimates stems from the
heteroscedasticity correction of the standard errors of reform-specific regressions.

population stratification effects across regions, as the reform roughly moved from
north to south and east to west. This further warrants reform-region-specific estima-
tion that implicitly adjusts for such differences. The lower number of observations
in early and late birth cohorts stems from the fact that they are only included in
the analysis of some regions; for example, the 1957 cohort is only included in the
analysis of the region where the reform year was 1972 and cohort 1969 where the
reform year was 1977 (see also Figure 2). The code to reproduce the analysis can be
found at https://github.com/halahti/SocSci23.

Results

Table 2 presents the association between the PGS of education and years of education
before and after the reform, obtained from meta-analyses of reform-region-specific
regressions presented in online supplement Tables A1 and A2. Among the whole
study sample, a 1-SD-higher PGS predicted 0.59 (95% confidence interval [CI] 0.51;
0.67, p=9*10-50) more achieved years of education before the reform and 0.68 (95%
CI 0.61; 0.76, p=6*10-66) more years after it. Thus, the reform saw a small increase in
coefficients, which did not reach any conventional level of statistical significance in
a two-tailed test (DiD estimate = 0.08, 95% CI -0.03; 0.19, p=0.167).

When investigating this change among individuals with differing levels of
educational family background or gender, we observed evidence for an increase
in association between PGS and education among those whose family members
had only basic education (DiD=0.16, 95% CI 0.02; 0.31, p=0.029) and among men
(DiD=0.17, 95% CI 0.01; 0.34, p=0.041). We did not observe changes in the coefficient
of the PGS among those with higher than a basic-level educational background
or among women. We also observed a stronger genetic prediction of education
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Table 3: The association between one standard deviation change in education PGS and years of education
before, during and after the comprehensive school reform

Pre-reform cohorts 1st Reform cohort Subsequent cohorts
b 95% CI b 95% CI b 95% CI N

Whole sample 0.59 (0.51; 0.67) 0.79 (0.64; 0.94) 0.65 (0.56; 0.74) 5,946

By subgroup
Men 0.49 (0.37; 0.61) 0.84 (0.60; 1.09) 0.63 (0.50; 0.76) 2,680
Women 0.66 (0.55; 0.76) 0.72 (0.54; 0.90) 0.65 (0.52; 0.77) 3,266
Basic family education 0.45 (0.35; 0.54) 0.79 (0.57; 1.01) 0.54 (0.42; 0.66) 3,236
More than basic family 0.67 (0.54; 0.79) 0.70 (0.50; 0.89) 0.63 (0.50; 0.77) 2,710
education

Difference-in-difference

1st vs. pre-reform Subseq. vs. pre-reform
b 95% CI b 95% CI

Whole sample 0.17 (0.00; 0.33) 0.05 (-0.07; 0.17)

By subgroup
Men 0.33 (0.05; 0.60) 0.11 (-0.06; 0.29)
Women 0.04 (-0.17; 0.25) -0.01 (-0.17; 0.15)
Basic family education 0.34 (0.10; 0.58) 0.10 (-0.06; 0.26)
More than basic family -0.03 (-0.26; 0.21) -0.04 (-0.22; 0.14)
education

Inverse-variance weighted (fixed effects) meta-analytic estimates from reform region -specific regressions
including status in three categories, education PGS, and their interactions, adjusted for gender (if not
stratified), year of birth, first ten principal components of the genome, study collection round and genotyping
batch. These reform region -specific regression results are presented in Tables A3, A4 and A5 in the appendix.
Possible inequivalence between difference-in-difference estimates (which is the meta-analyzed interaction
coefficient from reform region–specific regressions) and post-reform minus pre-reform estimates stems from
the heteroscedasticity correction of the standard errors of reform-specific regressions.

among individuals with higher than basic family education compared to those
with low family education before the reform (difference in pre-reform estimates
between educational backgrounds was 0.22, 95% CI 0.06; 0.38, p=0.007), but not
after the reform (b=0.04, 95% CI -0.11; 0.20, p=0.581).8 Overall, after the reform,
PGS predicted education in a more homogenous manner across all the studied
subgroups.

Table 3 presents the effects of the comprehensive school reform via an alternative
measure of the reform, namely in three categories: cohorts before the reform (pre-
reform cohorts), the first cohort that was exposed to the reform (1st reform cohort),
and all subsequent cohorts. These are again based on meta-analysis reform-region-
specific regressions presented in Tables A3, A4, and A5 in the online supplement.
The PGS of education was strongly related to years of education among the cohort
that was the first to experience the school reform, among whom a 1-SD-higher PGS
was associated with 0.79 (95% CI 0.64; 0.94, p=5*10-26) additional years of education.
The corresponding figures were lower among cohorts more than 1 year after the
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reform (0.65, 95% CI 0.56; 0.74, p=5*10-44) as well as cohorts before the reform (0.59,
95% CI 0.51; 0.67, p=10-49). The DiD of the coefficient of PGS between the first
reform cohort and pre-reform cohorts was 0.17 (95% CI 0.00; 0.33, p=0.051).

Likewise in the previous analyses, the DiD results presented in Table 3 indicate
a substantial reform effect for the first cohort among those with only basic parental
education (0.34, 95% CI 0.10; 0.58, p=0.006) and among men (0.33, 95% CI 0.05; 0.60,
p=0.019), whereas no evidence for reform effect were observed among those whose
parents had more than basic education or among women.

To test the robustness of these results, Figure A6 in the online supplement
presents an additional analysis where the PGS is interacted with a categorical year-
to-reform variable (ranging between -4 and +3, 0 denoting reform year) in predicting
the years of education. The results of this analysis were consistent with our earlier
results: Among those with only basic parental education and among men, there
were larger coefficients after the reform, and the first reform cohort had clearly
the strongest association. Of note, two cohorts before the reform were positive
outliers among those with more than basic parental education and among women.
However, there was substantial uncertainty in these estimates, as evidenced by their
wide 95 percent CIs, and these results should therefore be interpreted with caution.

Discussion

In this study, we investigated whether the comprehensive school reform, imple-
mented regionally between 1972 and 1977 in Finland and replacing the old two-track
basic educational system with a universal curriculum for all students, affected the
polygenic prediction of educational attainment. Our first research question was
how the universalist curriculum reform modified associations for the known genetic
propensity for educational attainment. We observed weak evidence for a modest
increase in the strength of the association between education PGS and achieved
education among the cohorts exposed to the reform. When investigating this effect
more closely in population subgroups, we found this modest overall effect was
driven by more substantial effects among men and those whose family members
had only basic education. In turn, among women and those from higher-educated
families, we observed no evidence for such an effect. Thus, our results answer our
second research question that heterogeneous effects existed across genders and
socioeconomic backgrounds. Our results provide partial support for the results of
a twin study from the Netherlands (Knigge et al. 2022), which indicated greater
heritability of education when there is less tracking. Our study exploited a design
that allows for stronger causal interpretation, and our strategy of using directly
measured genetic variation allowed for triangulating the previous evidence from
alternative (twin) methods with orthogonal limitations.

We observed that the reform increased genetic prediction among adolescents
whose family members had no education beyond a basic level, but the estimate
of reform effect was close to nil among individuals from higher-educated families.
Correspondingly, we observed a Scarr–Rowe interaction effect—namely stronger ge-
netic prediction among individuals with more advantaged socioeconomic position—
before but not after the reform. This suggests that universalism in educational
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curricula may be one mechanism that explains the context-specific emergence of
the Scarr–Rowe interaction (Baier and Lang 2019; Baier et al. 2022). For example,
perhaps the strongest pattern of a Scarr–Rowe interaction in educational attain-
ment has been found in Germany (Baier and Lang 2019), a context known for its
high level of curriculum tracking. Baier et al. (2022) observed that Germany had
comparatively low heritability of education, attributing it to the strong tracking
in the German educational system (however, for mixed results, see Mönkediek
2022). Additionally, our results may provide (a partial) explanation on previous
twin results in Finland finding lower heritability of education in earlier than later
birth cohorts (Erola et al. 2022; Silventoinen et al. 2004, 2020).

These family background-related observations—an increase in the genetic pre-
diction of education among those with low-educated families as well as the simul-
taneous disappearance of the Scarr–Rowe interaction—can be interpreted in terms
of equality of opportunity. Many behavioral geneticists have advanced a thesis that
higher heritability of education is an indicator of equality of opportunity (Ayorech
et al. 2017; Conley 2016; Harden 2021; Plomin 2019; Selita and Kovas 2019; Silven-
toinen et al. 2020). Correspondingly, a typical interpretation of the Scarr–Rowe
interaction is that those with advantaged origins have less environmental obstacles
in realizing their individual potential. From both of these perspectives, the reform
was successful in improving the equality of educational opportunity in Finland,
which was also an explicit political goal of the reform (Aho, Pitkänen, and Sahlberg
2006; Kalalahti and Varjo 2020). However, a caveat here is that the greatest increase
in genetic prediction may have been short term. The improvement in equality
in educational achievement fits previous evidence on the increase in intergenera-
tional income mobility (Pekkarinen, Uusitalo, and Kerr 2009) and cognitive test
scores among those with less advantaged socioeconomic backgrounds (Pekkala
Kerr, Pekkarinen, and Uusitalo 2013) as a result of this reform.

Because children inherit their genomes from their parents, genetic pathways
produce a straightforward mechanism in the intergenerational transmission of traits.
Thus, there is some tension between the increase in socioeconomic mobility after the
reduction of tracking observed in previous studies (Pekkarinen, Uusitalo, and Kerr
2009; van de Werfhorst 2018; van de Werfhorst and Mijs 2010) and a simultaneous
increase in the genetic prediction of education observed here. High heritability
and low intergenerational persistence of education have been considered indicators
of open societies and equality of opportunity. However, Engzell and Tropf (2019)
found an inverse relationship between the heritability of education and the intergen-
erational educational correlation, suggesting they are not mutually exclusive views
of equality of opportunity. Our results analogously suggest educational policies
that reduce the intergenerational socioeconomic persistence have the potential to
strengthen the genetic prediction of education in a population.

To answer the second research question concerning gender differences, we
observed that the reform strengthened the genetic prediction of education among
men but not women. Following Pekkarinen (2008), one potential mechanism for
these gender-divergent findings lies in puberty. In the new system, the age of grades
and decisions affecting future educational paths coincided with psychologically
the most intense period of puberty among boys, whereas among adolescent girls,
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this phase had started passing (Euling et al. 2008; Koivusilta and Rimpelä 2004;
Pekkarinen 2008). Consistent with the Saunders or diathesis-stress models of
gene–environment interactions (Baier et al. 2022; Boardman, Daw, and Freese
2013; Saunders 2010), puberty may create unstable or capricious circumstances
where the effect of genetic endowments becomes more pronounced. Overall, the
psychological regression at puberty is found to be stronger on average among
adolescent boys than girls (Aalberg and Siimes 2007, 74–82), and previous evidence
indicates that school performance specifically varies more strongly with the puberty
timing among boys than girls (Koivusilta and Rimpelä 2004).

Finally, our third research question concerned whether reform effects vary
according to the proximity of the reform. We observed that the genetic prediction
of education was particularly strong for the first cohort experiencing the reform.
Again, this interaction was driven by the population subgroups of men and those
with lower-educated families. It is possible that the turbulence around the reform,
with lots of practices still seeking their established form, resulted in a stronger
differentiation on individuals by their genetic tendencies. Similar to the gender-
specific results discussed in this section, this is another pattern roughly analogous
to the Saunders or diathesis-stress interaction models.

Methodological Considerations

Strengths of the study include population-representative data with high response
rates for genetically informed datasets and register-based measurements, which
can reduce biases stemming from self-reported data, including social desirability,
subjectiveness, or faulty recall. Employing exogenous variation provided by a
natural experiment helped minimize biases stemming from non-random allocation
of genotypes across environments, which is a common limitation in sociogenomic
research (Morris et al. 2020). The gradual implementation of the school reform
across the country allowed us to control possible secular trends and regional differ-
ences. The Finnish data infrastructure and nature of the policy change provided us
a rare opportunity to test the effects of limiting school tracking with these benefits,
but as always in the case of single-country studies, the generalizability of the results
should be tested in other contexts when a possibility arises.

Despite using exogenous environmental variation, the environmental and ge-
netic components in gene–environment interactions may be confounded. This
is because PGSs may themselves capture environmental or social factors, which
are correlated with genetic variants (Kong et al. 2018; Morris et al. 2020). This
could be due to population-level biasing factors (Freedman et al. 2004) or indirect
genetic effects (also termed “genetic nurture” or “dynastic effects”) whereby the
non-inherited parental genotypes also associate with offspring education to inflate
estimates of direct genetic effects (Kong et al. 2018; Morris, Davies, Hemani, et
al. 2020; Wang et al. 2021). These cases would lead to correlations within the
data whereby individuals with higher PGSs also having more educationally benefi-
cial family environments (causally) independent of their inherited DNA variants.
Previous work has demonstrated that such environmental biases are larger for
educational attainment than many other traits (Howe et al. 2022), and therefore
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it is possible that there remains some bias in the genetic component of our study.
This limitation could be addressed using within-sibship analysis designs, but these
require large samples of siblings that do not exist in the genotyped Finnish cohorts.

Although our main effects were estimated with high statistical precision, robust
discovery of an interaction requires a much larger sample than for a corresponding
main effect (Gelman, Hill, and Vehtari 2020, chap. 16).9 Hence, the power of our
study to estimate interactions may have been limited. Additionally, despite ever-
increasing GWAS sample sizes, the PGSs still contain noise and account for only
part of the total heritability of traits. GWAS summary statistics are usually meta-
analyses of many cohorts in differing environmental circumstances and are likely to
capture SNP effects that manifest uniformly across environments, which can make
them conservative when analyzing gene–environment interactions (Conley 2016).

Factors stemming from the reform’s implementation can bias our results to the
conservative direction. First, as a compromise to the political struggle involved
in the reform, ability groups for students were retained in foreign languages and
mathematics until 1985 (Pekkala Kerr, Pekkarinen, and Uusitalo 2013). Attending
the lowest group closed the doors for further education (Kalalahti and Varjo 2020;
Kauko 2019). Second, teachers were only gradually educated focusing specifically
on the new system (Aho, Pitkänen, and Sahlberg 2006, 49–51). Third, there were
pilot schools that were exposed to the reform earlier than other schools in some
municipalities, which we could not identify from our data. Additionally, delaying
(or in very rare cases, advancing) the school start year of children or repeating a
primary school grade are possible sources of noise in our measurement. Neither,
however, were common during the period studied. In the 1960s, an annual 1.3–1.5
percent of the students in Helsinki had to repeat a grade in primary school (Oinonen
1969, 116). In Oinonen’s (1969, 106–9) data of a large school district, 13 out of 430
students did not start their school together with their expected cohort in 1963 or
1964.

Conclusion

Exploiting the natural experiment of the Finnish comprehensive school reform
between 1972–1977, we found that a decrease in tracking in the schooling system
led to a stronger genetic prediction of educational achievement, particularly among
those with less socioeconomically advantaged family backgrounds. Thus, the
reform was successful in achieving its central goal of increasing socioeconomic
equality in the educational system. This is consistent with results studying the
reform with regards of socioeconomic outcomes (Pekkala Kerr, Pekkarinen, and
Uusitalo 2013; Pekkarinen 2008; Pekkarinen, Uusitalo, and Kerr 2009; Valkonen,
Pensola, and Jalovaara 1996; 1998), expanding it to a novel sociogenetic perspective.

Because educational attainment and equality in it has well-known downstream
effects on a wide variety of factors—relating to, for example, later socioeconomic
achievement (Hout and DiPrete 2006), crime and deviance (Huttunen et al. 2023),
societal integration (Wiborg 2009), political participation (Lindgren, Oskarsson,
and Persson 2019), as well as health and mortality10 (Davies et al. 2018; Lundborg,
Lyttkens, and Nystedt 2016)—the reform provided further promise for increasing
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equality of opportunity in them. In addition—assuming again that increasing
the genetic prediction of education implies better realization of the potential of
individuals—the results suggest the reform not only reduced inequality but simul-
taneously promoted the optimal allocation of human capital, with potentially wider
macro-economic benefits.

These results also highlight the debate regarding whether individuals’ educa-
tional outcomes could be improved by personalized curricula using their genetic
data (Asbury and Plomin 2013; Sabatello 2018). Morris, Davies and Davey Smith
(2020) demonstrated that PGSs are too coarse to be suitable for tailoring, particularly
if predictors such as parental factors or prior achievement are available. Further-
more, our results suggest that more personalized curricula (particularly at early
ages) can be counterproductive in optimizing the realization of capacities. Students’
and their parents’ preferences, test results, or even PGSs cannot be assumed to be
independent from social forces, including socioeconomic resources that shape and
lay constraints on them.

Finally, the results suggest that conditions marked by instabilities and pending
major changes—whether in the form of puberty among adolescents or reform
implementation at the institutional level—may be powerful magnifiers of genetic
effects (see discussion on “dimmers” in Domingue et al. 2020). Future research
could explore and provide a more systematic picture on the potential of turbulent
conditions interacting with the genome in affecting later life success, health, and
well-being. Although the genome as such is one of the most stable factors of an
individual, its consequences need not be insensitive to instability in environmental
conditions.

Notes

1 A fourth type of confounding is also possible. If we examined only a limited set of
alleles in the analysis, the assessed genetic variant may not have necessarily been the
causal variant, but only correlated with it. PGSs use the information across the whole
genome, which alleviates this concern (Schmitz and Conley 2017), although with the cost
of increasing ambiguity on the actual biological mechanisms involved.

2 The suitability of the reform as a natural experiment has been extensively assessed in the
work of Pekkarinen, Uusitalo, and Pekkala Kerr (Pekkarinen 2008; Pekkarinen, Uusitalo,
and Kerr 2009; Pekkala Kerr, Pekkarinen, and Uusitalo 2013).

3 With an exception that a few municipalities still had only a 2-year civic school. However,
the reform changed the proportion of those in school at age 15 only negligibly (Pekkala
Kerr, Pekkarinen, and Uusitalo 2013, 583).

4 Originating from Saunders’ (2010) observation that the advantaged families were able to
protect their offspring from downward mobility even among their lower-ability offspring.

5 Analogous results for a protective effect of socioeconomically advantaged schools have
also been obtained using IQ instead of education PGS (Morris, Dorling, and Davey Smith
2016).

6 At the quality-control stage, individuals with ambiguous gender information, less than
5 percent genotype missingness, ±4 standard deviations of heterozygosity, and non-
Finnish ancestry were removed. Only genetic variants with a missingness of less than 2
percent and Hardy-Weinberg equilibrium p-value greater than 10-6 were retained.
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7 Standard error (se) for the post-reform effect b1 + b3 was estimated with the delta method

as
√

se2
1 + se2

3 + 2 ∗ covariance(b1, b3) .

8 Standard error (se) for difference in coefficients (b) between educational backgrounds
(bhighedu + blowedu) was estimated as

√
se2

highedu + se2
lowedu (Clogg, Petkova, and Haritou

1995, 1276).

9 Zheng et al. (2023) provided an excellent discussion and simulations regarding statistical
power in the context of gene-cohort interactions (which are one type of gene-environment
interactions).

10 Mixed evidence regarding tracking on health/mortality and their inequality has been
found (Böckerman et al. 2021; Delaruelle, van de Werfhorst, and Bracke 2019; Ravesteijn
et al. 2017).
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