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Abstract: Parental education is the strongest measured predictor of offspring education, and thus
many scholars see the parent–child correlation in educational attainment as an important measure
of social mobility. But if social changes or policy interventions are going to have dynastic effects, we
need to know what accounts for this intergenerational association, that is, whether it is primarily
environmental or genetic in origin. Thus, to understand whether the estimated social influence of
parental education on offspring education is biased owing to genetic inheritance (or moderated
by it), we exploit the findings from a recent large genome-wide association study of educational
attainment to construct a genetic score designed to predict educational attainment. Using data from
two independent samples, we find that our genetic score significantly predicts years of schooling in
both between-family and within-family analyses. We report three findings that should be of interest
to scholars in the stratification and education fields. First, raw parent–child correlations in education
may reflect one-sixth genetic transmission and five-sixths social inheritance. Second, conditional
on a child’s genetic score, a parental genetic score has no statistically significant relationship to
the child’s educational attainment. Third, the effects of offspring genotype do not seem to be
moderated by measured sociodemographic variables at the parental level (but parent–child genetic
interaction effects are significant). These results are consistent with the existence of two separate
systems of ascription: genetic inheritance (a random lottery within families) and social inheritance
(across-family ascription). We caution, however, that at the presently attainable levels of explanatory
power, these results are preliminary and may change when better-powered genetic risk scores are
developed.
Keywords: status attainment; genotype; gene-by-environment; parental education; heritability

researchers studying educational attainment merely want to describe the extent
to which children resemble parents on this dimension of stratification, they need
not concern themselves with the mechanisms by which such an intergenerational
correlation is obtained. However, if scholars seek to explain how this social fact
comes into being and, furthermore, wish to know whether policies that affect the
distribution of education in one generation will have distributional consequences in
the next generation, then whether the observed parent–child correlation in education reflects social inheritance or genetic inheritance should be of utmost importance.
If family resemblance in educational attainment is socially oriented, then changes in
the distribution of education in one generation will have important implications for
the distribution of education in the next (holding fertility constant—an important
factor in how educational changes present dynastic effects [Mare and Maralani
2006; Mare 1997]). However, if the intergenerational process is primarily due to the
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transmission of genes related to educational outcomes, then policies to equalize education would need to be applied continually (i.e., across generations) as long as the
distribution of underlying genotype and the genotype–phenotype relationship hold
steady. Furthermore, the extent to which the distribution of education is related to
genetics and not environmental inputs may also have important implications for
understanding other phenomena, such as income, health and happiness, or return
to schooling. In short, even if researchers are uninterested in the genetic architecture
of educational attainment, it is still important to know how the genotype–education
relationship may bias the estimation of purely social models.
To provide additional motivation for studying the omnibus genetic influence
on stratification outcomes such as education or income (i.e., heritability), some
sociologists have persuasively argued that we should abandon raw or adjusted
mobility rates (or intergenerational earnings elasticities) as measures of openness
and meritocracy. Rather, Guo and Stearns (2002) and Nielsen (2006, 2008), among
others, argue that we should compare the genetic component to the common environmental component of social status as determined by twin and other kin-based
variance decomposition models. In this paradigm, it is not the overall correlation
between siblings, for instance, that measures the relative openness or closure of a
stratification system (cf. Björklund, Eriksson, and Jäntti 2002; Corcoran et al. 1992;
Hauser and Sewell 1986; Hauser, Sheridan, and Warren 1999; Kuo and Hauser 1995;
Olneck 1976; Page and Solon 2003; Warren and Hauser 1997; Warren, Sheridan,
and Hauser 2002) but rather the proportion of that correlation that is due to shared
genotype. That is, fundamentally unjust societies are evidenced by low heritability
estimates where the genetic potential of the population is not fully realized because
social factors are primarily responsible for phenotypic variation (Turkheimer et
al. 2003). In this view, a meritocratic society would display a high genetic component to achieved social position and a low common (read: familial) environmental
component. According to this argument, policy should aim to enhance sorting on
innate characteristics and not the social advantages or disadvantages that may be
conferred on us by our conditions of birth and upbringing (Heath et al. 1985).1
With these concerns in mind, ascertaining the proportion of a quantitative
trait—such as IQ, education, or income—that is due to genetic variation has long
been of interest to a wide range of social and behavioral scientists, despite the
controversy surrounding such estimates (e.g., see Breen, Plomin, and Wardle 2006;
Plomin, Owen, and McGuffin 1994, 1997; Plomin and Spinath 2004; Plomin 2009;
Purcell 2002; Rodgers, Rowe, and Buster 1999; Rodgers, Buster, and Rowe 2001).
Among human populations where experimentation is not possible, the workhorse
of such analyses has been the twin or extended twin design, where the average
relatedness of various kin pairs is correlated with their phenotypic similarity to
ascertain the effect of shared genotype on a given outcome (Zaitlen et al. 2013). The
reigning critique of this approach is that it is difficult to eliminate the possibility
that increased similarity between, say, monozygotic twins as compared to dizygotic
twins is due to more similar (exogenous) environments and not just their greater
genetic similarity (Goldberger 1978, 1979; for a defense, see Barnes et al. 2014;
Conley et al. 2013; Scarr and Carter-Saltzman 1979).
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A recent meta-analysis that specifically examines the heritability of educational
attainment across 36 different cohorts finds a heritability of ∼40 percent, though
there is significant variation among the individual studies (Branigan, McCallum,
and Freese 2013). For example, a study of Italian twins finds a heritability of ∼50
percent (Lucchini, Della Bella, and Pisati 2013). However, another recent paper
uses U.S. data from the National Longitudinal Survey of Adolescent Health and,
after accounting for assortative mating, obtains a genetic component of educational
attainment of just under a quarter (Nielsen and Roos 2011). Sacerdote used a data
set of Korean adoptees in the United States where assignment to families was
random to examine the intergenerational correlation on important socioeconomic
indicators such as educational attainment and income. Education (specifically
probability of graduating from a four-year college) and income were inherited more
strongly by biological children than by adopted children. However, the inheritance
of health-related behaviors was similar across the two groups.
One of the most important limitations of this research is that genetic (and environmental) contributions to offspring educational attainment remain unmeasured;
genotype—a measured variable—is not included. As such, we cannot directly assess
each component (i.e., genetic and environmental endowments) along with parental
(or other) characteristics to see how intergenerational genetic and environmental
correlations may mediate each other. Furthermore, in both twin and adoptee study
designs, we cannot separate out genetic effects from prenatal environment. In the case of
adoptees, it may be that the important contributions of birth mothers are related
to the uterine environment (including her diet and behavior during pregnancy)
and not her genetic bequest. Such a possibility is raised by the robust literature
showing that prenatal environment matters dearly to children’s development and
ultimate socioeconomic success (see, e.g., Almond, Chay, and Lee 2005; Almond
and Mazumder 2011; Black 2007; Conley and Bennett 2000; Torche and Echevarría
2011). Without a direct measure of genotype, extant research is not able to answer
the question of whether observed associations across generations are largely social
or biological in nature and whether social and genetic inheritances mediate or
moderate each other’s influence.
Moderation of genotype by environment has long been an interest of social
scientists. By way of example, Turkheimer et al. (2003) find that among lowincome children, the heritability of IQ is lower than it is for higher-income children.
Likewise, Guo and Stearns (2002) show that the heritability of IQ is lower for
blacks than for whites. In both cases, the researchers interpret this to mean that
environmental disadvantages—such as a lack of parental resources, poor schooling
conditions, or simple racism—prevent the full realization of genetic potential. In
other words, there is an implied conditionality such that potential intellectual ability
is inherited but requires environmental conditions of human capital investment
to be realized in the form of IQ (or educational attainment or income, for that
matter; cf. Becker and Tomes 1994; Behrman, Pollak, and Taubman 1995; Behrman,
Rosenzweig, and Taubman 1996). If such genotype-by-environment interaction
effects hold true, this would augur policy interventions that target groups defined
by social categories—socioeconomic status (SES) or race—to equalize genetic effects
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(i.e., level the playing field; Bearman 2013; Fletcher and Boardman 2013; Mitchell et
al. 2013).2
The article proceeds as follows: Availing ourselves of two data sets with molecular genetic markers as well as educational information for parents and offspring (the
Framingham Heart Study and the Health and Retirement Study), we first estimate
overall latent heritability of education using an approach that relies on unrelated
individuals (genomic-relatedness-matrix restricted maximum likelihood estimation [GREML]). We then utilize results from independent genome-wide studies of
education to calculate a genomic risk score (GRS) for those two samples. Finally,
we ascertain whether the inclusion of this genomic risk score substantially alters
parameter estimates for parental education variables on offspring education and
whether this genomic risk score moderates the effect of other, sociodemographic
variables. In the following, we detail this novel approach to interrogating genetic
mediation and moderation in models of educational inheritance.

The Age of Molecular Markers
The recent collection of genetic markers from respondents of large and representative samples of adults has opened up an opportunity for researchers to directly
confront and measure one of the two main “lurking” variables that threaten to
bias traditional models of socioeconomic attainment (the other perhaps being the
influence of cultural practices that are also transmitted across generations). Many
novel approaches are possible as a result of the direct measurement of individual
genetic variation. In the present study, we deploy two.
First, rather than fixing the values of genetic relatedness (e.g., 1 for monozygotic
twins and 0.5 for dizygotic twins) in the twin based models, genome-wide similarity
among biological siblings has provided comparable estimates of heritability without
the strong assumptions that accompany the twin model (Visscher, Medland, and
Ferriera 2006). More importantly, this same approach has been extended to pairs of
unrelated persons in the population (Yang, Benyamin, and McEvoy 2010). Briefly,
an estimate of genetic similarity is computed between any two individuals. This
measure of identity by state (IBS) is then compared to phenotypic similarity of
each pair of unrelated persons to estimate heritability. This approach, referred to as
GREML, has been deployed for a variety of phenotypes, including height (Yang et
al. 2010), schizophrenia (Purcell et al. 2009), smoking (Belsky et al. 2013a), asthma
(Belsky et al. 2013c), body mass index (Belsky et al. 2012), educational attainment
(Rietveld et al. 2013), and political and economic preferences (Benjamin et al. 2012).
The most important shortcoming of GREML estimates is that they still focus on
a latent quantity (heritability) that cannot be used to directly test whether genotype
mediates or moderates observed phenotypic relationships across generations. To do
that, we need a measured—rather than latent—indicator of genotype. One method
would be to test each measured allele separately, but this approach is seriously
hobbled by the combination of weak effects of individual alleles on something as
complex, distal, and polygenic as educational attainment. Instead, the solution at
present is to collapse all the information from thousands or millions of markers
into a single scalar that can then be easily deployed. This scale is known as a GRS
sociological science | www.sociologicalscience.com
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and requires extremely large sample sizes that vastly exceed those available to any
single social scientific study.
To address this sample size challenge, Rietveld et al. (2013) recently conducted
a genome-wide association study of 126,559 individuals from 54 distinct cohorts
to search for genetic variants that may be associated with educational attainment.
Rietveld et al. conducted what is called a genome-wide association study (GWAS),
an atheoretical approach to gene discovery where hundreds of thousands of single
nucleotide polymorphisms (SNPs) are tested for association with an outcome of
interest one by one using an ordinary least squares (OLS) regression framework.
The GWAS focused on individuals of European descent to avoid issues related to
population stratification—that is, nonrandom association of environments with
genetic variation due to ancestry. Although three SNPs were identified as being
significant (after correcting for multiple testing) and replicated in an independent
sample, the greater significance of this study is that it allows for the construction
of a polygenic risk score for educational attainment. A common approach to
constructing such GRSs is to take a weighted sum of SNPs, where the weights are
given by the estimated coefficients from the OLS regressions in the GWAS (For other
examples of GRS deployment, see, e.g., Belsky et al. [2012], Belsky et al. [2013a],
Belsky et al. [2013c], Benjamin et al. [2012], Purcell et al. [2009], Visscher, Yang,
and Goddard [2010], Yang et al. [2010].) While only three alleles reached what
statistical geneticists call genome-wide significance (p < 5 × 10−8 ) and replicated
in the independent samples, these explained a trivial amount of the total variance
in years of schooling or college attendance. Relaxing the significance threshold
for SNPs included in the genetic risk score for educational attainment continually
increases the predictive power. When all SNPs are taken into account, this single
scalar can explain between 2 and 3 percent of the variance in years of schooling.
This suggests that to the extent that it is associated with genotype, educational
attainment—as we might expect—is driven by many small effects across the entire
genome. This finding has further been replicated in new samples with stricter
controls and the deployment of sibling fixed effects models (Rietveld et al. 2014).
Furthermore, these risk scores have been shown to add predictive power over and
above measured family history—at least in the health domain (Belsky, Moffitt, and
Caspi, 2013b).
Two and a half percent is a relatively small contribution to our understanding of
educational outcomes, especially when compared to the published meta-analyses
that find that genetic factors account for up to 40 percent of the variation (Branigan
et al. 2013). There are several important explanations for this so-called missing
heritability (de Los Campos et al. 2013), including estimation error in the coefficients
from the GWAS and sample size. With this caveat in mind, we turn to the aims of the
present study. We build on Rietveld et al. (2013, 2014) by examining intergenerational
models of educational attainment that include genetic endowment in both the
parental and offspring generations. This is motivated by the assumption that if
genetic factors mediate the relationship between parent and offspring educational
attainment, then controlling for these genetic factors (via the polygenic risk score)
should significantly lower the coefficient on parental education. This is a direct
test of the genetic transmission hypothesis that improves on adoption and kinship
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studies, which may confound prenatal effects with genetic ones, as well as studies
that control for IQ, which itself is affected by social environment (and may be
partially endogenous to educational attainment itself).
We also investigate whether the effects of offspring genotype interact with the
socioeconomic conditions of the parental household—specifically with maternal
education. That said, an ideal test would be examine if the underlying genotype
interacts with exogenous environmental shocks, such as school or tax policy interventions (Fletcher and Conley 2013). We know of no natural experiment that can be
utilized within these data. Thus it remains possible that any significant interaction
effects we discover are not true gene-by-environment effects but rather gene–gene
interactions between measured genotype and unmeasured genotype of parents
or the offspring. To mitigate this possibility, we also directly test for interaction
effects between parental educational genotype and offspring educational genotype.
Although this does not guarantee that our measured environmental variables are
truly environmental (and not simply proxies for unmeasured genetic factors), such
analysis should give us a sense of whether such confounding is likely to be driving
our results.

Data
The data for the present study come from the second- and third-generation respondents of the Framingham Heart Study (FHS) as well as from the Health and
Retirement Study (HRS). We describe the specifics of the genotyping for each data
set in Appendix A in the online supplement. We show descriptive statistics and
baseline regression models compared to the white sample of the 2012 General Social
Survey (GSS) for comparative purposes. The GSS is well known to social scientists
and has been described extensively elsewhere (Davis and Smith 1992). We focus
only on non-Hispanic whites for two reasons: FHS is a predominantly white sample
to begin with, and more importantly, the polygenic risk score was obtained from a
consortium that included only respondents of European heritage. Because there
are different allele frequencies and greater genetic diversity among those of African
descent (Tishkoff et al. 2009), it is challenging to develop polygenic scores for white,
black, and Latino respondents that have the same measurement quality. Given this
measurement issue in conjunction with the population differences in educational
attainment, we chose to focus exclusively on a subsample of non-Hispanic and
white respondents from both studies. Although it is not a goal of our current study,
we encourage future researchers to extend our results via cross-ethnic replication.
Our within-family models of full-sibling differences obviate any confounding of ethnic, cultural, or other inherited environmental forces, on one hand, and genotypic
effects, on the other.

Results
Table 1 shows descriptive statistics for these three samples. The most obvious
difference between the populations is with respect to age. The GSS shows a mean
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Table 1: Descriptives for Variables Used in Analysis by Sample
2012 GSS
Mean
SD
Resp. highest grade completed
Mother’s highest grade completed
Father’s highest grade completed∗
Female sex
Age
Year of survey
Raw educational polygenic risk score
Raw maternal educ. polyg. risk score
Raw paternal educ. polyg. risk score†
N
Number of families
∗
†

14.25
12.29
12.23
0.54
49.05

2.79
3.12
3.74
0.50
17.1

1,052
1,052

FHS

HRS

Mean

SD

Mean

SD

15.08
13.66
14.41
0.50
39.49

2.06
2.26
3.04
0.50
7.67

−9.70E-06
−9.89E-06
−9.65E-06
968
460

7.21E-06
7.51E-06
7.12E-06

13.42
10.40
10.02
0.58
68.17
2, 006.90
1.49E-06

2.46
3.01
3.46
0.49
10.50
2.20
7.68E-06

6,186
4,867

N for this variable in the HRS is only 5,807.
N for FHS for this variable is 741 individuals from 241 families.
age of roughly 50 years (49.05) with considerable variability (SD = 17.10 years).
The third-generation respondents of the FHS who are included in our sample (i.e.,
have valid responses on both the social and genetic variables of interest as well as
valid data on their parents) are just under a decade younger at 39.49 years of age on
average, with concomitant lower variability as well (SD = 7.67 years). Meanwhile,
the HRS sample is much older, by design, with a mean age of 68.17 years and a
standard deviation of 10.5 years by virtue of its cohort design (we randomly select
a wave for each respondent). While the age distribution does vary considerably,
the sex ratio is almost the same, ranging from 50 to 58 percent female across the
samples. Finally, the mean education levels also vary between the different studies
for a variety of reasons, including attrition, region, age, and cohort effects. The
FHS displays the highest mean education levels for both the respondents and their
parents. This may be due to the fact that Massachusetts is a state with high average
educational levels as compared to the nation writ large. For example, the mean
rate of college graduation was highest in Massachusetts of all the states in the
United States at 38.2 percent in 2009; meanwhile, the nation as a whole had a mean
bachelor degree attainment rate of 27.9 percent (U.S. Census Bureau 2012). These
state differences—along with cohort effects (namely, that the GSS sample is older)—
probably account for the higher parental education levels in the FHS sample. Finally,
due to their belonging to an older birth cohort, the HRS respondents have the lowest
education levels, and their parents have completed just over 10 years of schooling
on average. Because others have demonstrated differences in our ability to detect
genetic associations for different birth cohorts (Boardman, Blalock, and Pampel
2010), it is important to consider these environmental and compositional differences
in the two studies.
In Table 2, we show the bivariate relationships between our variables. In both
samples, parental education is highly correlated among spouses (i.e., parents). In
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Table 2: Correlations among Genetic and Education Variables in FHS & HRS Samples

Framingham Heart Study (N = 741)

Resp.
Educ.

Mother
Educ.

Father
Educ.

Resp.
Score

Respondent’s highest grade completed
Mother’s highest grade completed
Father’s highest grade completed
Respondent’s educational genetic score, standardized
Mother’s educational genetic score, standardized
Father’s educational genetic score, standardized

1
0.35
0.32
0.16
0.08
0.11

1
0.53
0.24
0.24
0.16

1
0.13
0.15
0.09

1
0.59
0.60

1
0.37
0.38
0.17

1
0.61
0.08

1
0.08

1

Mother
Score

1
0.22

Health and Retirement Study (N = 6,186)
Respondent’s highest grade completed
Mother’s highest grade completed
Father’s highest grade completed
Respondent’s educational genetic score, standardized

the FHS sample, we see that the spousal correlation among parents is 0.53; for HRS,
it is even higher at 0.61. Moreover, in the FHS sample—for which we have parental
genotype—the correlation of parental educational genetic risk scores is 0.22—that
is almost half of the total phenotypic correlation in years of schooling between
parents. This sizable genetic correlation in educational propensity stands in contrast
to the much more modest share of educational assortative mating that has been
associated with genome-wide (i.e., overall rather than specific) genetic correlation
between spouses in two recent articles (cf. Domingue et al. 2014; Guo et al. 2014)
and suggests that deployment of genetic risk scores may reveal genotypic bases of
assortative mating that are not adequately captured by simple marker-by-marker
analysis or by comparisons of overall genetic similarity. The correlation of parental
genotypes has implications for heritability estimates from twin studies because
random mating is a crucial assumption in such models used to estimate the genetic
component of traits. Namely, positive assortative mating on the relevant genetic
loci leads to downward bias in heritability estimates while negative assortative
mating leads to upward bias.
While assortative genetic mating affects latent estimation of heritability using
twin or extended twin designs, it should not affect GREML, which focuses on
unrelated individuals. In Table 3, we present GREML estimates of heritability for
the two samples to provide a benchmark against which to measure the effect of the
genomic risk score we have computed. GREML estimates pairwise genome-wide
relatedness values are calculated; as is standard in the literature, only pairs that are
less than 2.5 percent related are retained, to eliminate any cryptically related pairs
from the sample. Using this estimated measure of relatedness, genetic similarity
can be compared to phenotypic similarity (in this case, years of schooling). The
GREML heritability estimate is a proportion of the total variance accounted for by
the genetic variance based on the genotyped SNPs. These results are shown in bold.
sociological science | www.sociologicalscience.com
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Table 3: Genomic-Relatedness-Matrix Restricted Maximum Likelihood Estimation (GREML)-based Estimates
of the Heritability of Years of Schooling, by Sample
Framingham Heart Study (N = 932)
V(G): Variance in genotype

3.81
(1.68)
3.28
(1.64)
7.09
(0.33)
0.54
(0.23)
−1, 377.16
−1, 382.52
10.73
0.001

V(e): Residual error
V(P): Variance in phenotype
V(G)/V(P)
logL
logL0
Likelihood Ratio Test
p-value (df = 1)
Health and Retirement Study (N = 6,186))
V(G): Variance in genotype

1.20
(0.59)
4.90
(0.49)
6.10
(0.16)
0.20
(0.09)
−7, 700.68
−7, 703.49
5.62
0.009

V(e): Residual error
V(P): Variance in phenotype
V(G)/V(P)
logL
logL0
Likelihood Ratio Test
p-value (df =1)
Note: Standard errors in parentheses.

For the FHS sample, we estimate a high but noisy heritability of 0.54. For the HRS,
which has a much bigger sample size, the estimate is more precise and lower at 0.20.
Both of these estimates are statistically significantly different from zero and fall
well within the distribution of heritabilities found by Branigan et al. (2013) in their
meta-analysis of twin-based estimates. Because these heritabilities are unaffected
by nonrandom mating at the parental level, we use them as our benchmarks against
which we assess the predictive power of the measured genotype (GRS) we construct
for each sample.
We now turn to the central question of the article: to what extent do measured
parent–child correlations in educational attainment reflect genetic inheritance? In
model 1 for FHS in Table 4, we can see that each additional year of maternal
education is associated with approximately 0.35 years of additional schooling
among third-generation white FHS respondents. Model 2 demonstrates the effect
sociological science | www.sociologicalscience.com
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Table 4: Regression Models of Respondent’s Total Years of Completed Education with Standard Errors Robust
to Clustering on Family ID, by Sample
Framingham Heart Study
Female sex
Age
Mother’s highest grade completed

(1)

(2)

(3)

(4)

(5)

(6)

0.36†
(0.12)
0.01
(0.01)
0.35†
(0.03)

0.38†
(0.13)
−0.01
(0.01)

0.35†
(0.12)
0.01
(0.01)
0.34†
(0.03)
0.12∗
(0.07)

0.38†
(0.13)
−0.01
(0.01)

0.35†
(0.12)
0.01
(0.01)
0.35†
(0.03)

0.17∗
(0.08)
14.88†
(0.44)
0.02
0.01

0.02
(0.07)
9.37†
(0.64)
0.14

0.35†
(0.12)
0.01
(0.01)
0.34†
(0.03)
0.16∗
(0.08)
−0.06
(0.09)
9.48†
(0.64)
0.15

0.27†
(0.07)

Respondent’s educ. genetic score, std.
Mother’s educ. genetic score, std.
Constant
R2
R2 for score w/out other controls
Health and Retirement Study
Female sex
Age
Survey year
Mother’s highest grade completed

9.34†
(0.62)
0.14

14.88†
(0.45)
0.03
0.02

9.50†
(0.63)
0.15

(1)

(2)

(3)

−0.32†

−0.40†

(0.06)
−0.01∗
(0.00)
0.02
(0.01)
0.30†
(0.01)

(0.03)
−0.04†
(0.00)
0.00
(0.01)

−0.30†
(0.06)
−0.01†
(0.00)
0.02
(0.01)
0.28†
(0.01)
0.33†
(0.03)
−43.16
(26.44)
0.16

Resp. educational genetic score, std.
Constant
R2
R2 for score w/out other controls

−34.61
(26.71)
0.14

0.41†
(0.03)
−84.04†
(28.04)
0.05
0.03

Note: ∗ p < 0.05; † p < 0.01.
Framingham Heart Study N=968; 460 Families. Health and Retirement Study N=6,186; 4,867 Families.
of the polygenic risk score as calculated by Rietveld et al. (2013) and applied to
the present FHS sample. Without age and sex controls, the GRS alone produces an
R2 of 0.019, similar to the result reported by Rietveld et al.. Model 3 presents the
key test for our question of whether the omission of genotype leads to specification
error in the estimation of the effect of maternal education on offspring education.
When we include both mother’s education and offspring’s genotype, we find that
both are significant predictors of offspring education. While the point estimate for
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the genetic score of the respondent drops in magnitude significantly (by 55 percent)
with the inclusion of maternal education as a measure (suggesting that some of the
“genetic” effect may be due to its correlation with maternal education), we do not
find that the parameter estimate for maternal education drops substantially—only
3.33%. If the proper scaling factor is 5 (i.e., the true heritability is ∼20 percent, as it
is for the more precisely estimated HRS sample and other samples used by prior
research [Rietveld et al. 2013], and shared genetic similarity of parent and child is
50 percent), then one-sixth of the observed intergenerational correlation is due to
genes and five-sixths is due to environmental influences (among whites in the FHS).
We return to this calculation in the discussion section.
For now, we turn to the question of whether maternal genotype rather than
offspring genotype is the key omitted variable. To test this possibility, we add
parental genotype to the model to see if it has a direct effect on offspring educational
attainment alone as well as net of parental education and offspring genotype and/or
whether it explains part of the effect of parental education. In model 4 of the FHS
data in Table 4, we show that the mother’s genetic risk score predicts offspring
education when we only control for sex and age (or without those controls). The
R2 for the model with only maternal risk score and no other controls is 0.008, less
than half that of the offspring genetic risk score. However, it is worth noting that
in models 5 and 6, we find no evidence that, net of observed maternal education
(and/or offspring genotype), maternal genotype matters.
When we perform a similar exercise with data from the HRS, we find that a
corroborating story emerges. In this data set, we do not have the genotypes of
the parents, so we can only answer the question of whether offspring genotype
biases or is biased by observed maternal education. The story that emerges is much
the same. Both maternal education (model 1) and respondent genotype (model
2) predict offspring education when run separately. In model 1, each additional
year of maternal schooling results in three-tenths of an additional year of school for
the offspring. Likewise, in model 2, we see that a 1 standard deviation change in
genetic score of the offspring is associated with 0.41 additional years of schooling.
The score is more predictive for the HRS than for the FHS sample (R2 = 0.026).
Despite a slightly larger effect for genotype and a slightly smaller effect for maternal
education, when we compare across models in the HRS, the story is much the same
as it was for the FHS sample. Namely, comparing models 2 and 3, we see that
the coefficient for genotype drops by about a third in magnitude when maternal
education is held constant—a slightly smaller drop than seen for the FHS data.
Likewise, when we compare the coefficients for maternal education in model 1 to
those with GRS controlled for in model 3, we find that it has dropped by 3.8 percent.
Here, if we scale up to 20 percent heritability (a factor of 7.58 given the score’s R2
when run alone) and 50 percent relatedness, this would mean 14.4 percent of the
intergenerational association between one parent and her offspring in educational
attainment can be accounted for by genetic factors.
In Table 5, we test the Turkheimer hypothesis that genetic endowment interacts
with parental SES—in this case, maternal education—such that among those offspring from lower-SES families, the effect of genotype is muted. Column 1 shows
the baseline model reproduced from Table 2. Column 2 reports estimates with
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Table 5: OLS Regression Models of Respondent’s Total Years of Completed Education with Interaction Effects,
with Standard Errors Robust to Clustering on Family ID, by Sample
Framingham Heart Study
Female sex
Age
Mother’s highest grade completed
Respondent’s educational genetic score, standardized

(1)

(2)

(3)

0.35†
(0.12)
0.01
(0.01)
0.34†
(0.03)
0.12∗
(0.07)

0.35†
(0.12)
0.01
(0.01)
0.34†
(0.03)
−0.28
(0.46)
0.03
(0.03)

0.37†
(0.12)
0.01
(0.01)
0.34†
(0.03)
0.10
(0.06)

Respondent’s educ. genetic score * Mother’s highest grade completed
Respondent’s educ. genetic score * Mother’s educ. genetic score, std.
Constant
R2
Health and Retirement Study
Female sex
Age
Survey year
Mother’s highest grade completed
Respondent’s educational genetic score, standardized

9.34†
(0.62)
0.14

9.55†
(0.63)
0.15

(1)

(2)

−0.30†
(0.06)
0.01
(0.03)
0.03∗
(0.01)
0.28†
(0.01)
0.33†
(0.03)

−0.30†
(0.06)
−0.01†
(0.03)
0.03∗
(0.01)
0.28†
(0.01)
0.27†
(0.10)
0.01
(0.01)
−43.60
(26.45)
0.16

Respondent’s educ. genetic score * Mother’s highest grade completed

−34.61
(26.71)
0.14

Constant
R2

0.15†
(0.05)
9.32†
(0.64)
0.15

∗ p < 0.05; † p < 0.01.
Framingham Heart Study N=968; 460 Families. Health and Retirement Study N=6,186; 4,867 Families.
an interaction effect between maternal education and offspring genotype. This
interaction term is not significant for either the FHS or HRS samples. It is, of course,
possible that we are underpowered to detect an effect that is present, especially if
the moderated effect is small in magnitude. However, we do not see any evidence
of large interaction effects, as has been claimed in prior, twin-based studies.3
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For model 3 of the FHS data, we estimate a parental genotype–offspring genotype interaction effect directly. Parental genotype is the latent lurking variable in
prior studies that claim gene–environment interaction effects between genotype and
social class (Turkheimer et al. 2003); therefore this is an important test in conjunction
with our null result in column 3. And indeed, here we find that the only significant
interaction effect in all the models is between maternal genotype and offspring
genotype. This suggests that growing up with a genetically advantaged (or disadvantaged) mother enhances the effects of one’s own standing in the genetic lottery.
The coefficient is positive such that a child born to a genetically average mother
who, by the luck of recombination, has a genotype that is 1 standard deviation
above the mean for the offspring generation will complete on average 0.10 more
years of schooling than the child at the mean of the genotype distribution. However,
if that same child was born to a mother who herself was also 1 standard deviation
above the mean in the genetic lottery, the child’s advantage would be more than
a quarter year of schooling. (If we control for the main effect of maternal GRS in
this model, it is not significant, and the strength of the interaction effect actually
increases from 0.15 to 0.16; results are available upon request from the authors.)
Note that this is net of how many years of schooling the mother actually completed;
that is, it is likely an interaction with her native cognitive or noncognitive ability
(which itself predicts education), not her achieved educational (social) status. This
result (though not reproducible in HRS without parental genotype data) suggests
that there is a positive development feedback loop created when a gifted child
has a gifted mother with whom to interact, independent of her actual educational
attainment.
Finally, it could be the case that alleles are nonrandomly distributed across
social groups, making the genetic effect spurious. For example, imagine group A
has higher education on average than group B for historical, cultural, or economic
reasons. Meanwhile, group A also scores higher on the polygenic risk score for
education for random reasons of genetic drift. It could appear that the polygenic
risk score causes educational attainment when it is really just acting as a proxy for
socially observable differences. To address this concern, we run sibling fixed effects
models. By comparing full siblings from the same family, concerns about genetic–
environmental confounding are obviated because the differences in polygenic risk
score between siblings stem wholly from random processes in reproduction. We
do not have sibling data in the HRS, so we confine this analysis to the FHS sample.
In Table 6, we break the overall regression out into within- and between-family
components.4 When we add the risk score to a within-family model in column
1, it is significant and adds 1.24 percentage points of explained variation to the
R2 . When we confine estimation of the effect of the GRS to the between-family
component in model 2, we find that the R2 for the score alone is 2.29 percent. This
finding is due to the fact that because there is nonrandom mating at the parental
level, the sibling correlation is higher than 0.5 (i.e., there is more variance in GRS
across families than within them).
A different story emerges when we look at the effect of the coefficient itself.
Here we find that the point estimate from the within-family regression is larger
than in the between-family regressions. Within families, we see that for each addi-
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Table 6: Within-Family, Between-Family Regression Models of Respondent’s Total Years of Completed Education with Standard Errors Robust to Clustering on Family ID

Female sex
Age
Respondent’s educational genetic score, standardized
Constant
R2
R2 for score w/out other controls

(1)
Within

(2)
Between

(3)
Total

0.44†
(0.15)
0.04
(0.02)
0.32†
(0.11)
12.90†
(0.85)
0.04
0.01

0.41∗
(0.20)
−0.01
(0.01)
0.27†
(0.09)
15.06†
(0.90)
0.04
0.02

0.38†
(0.13)
−0.01
(0.01)
0.27†
(0.07)
14.88†
(0.45)
0.03
0.02

Note: ∗ p < 0.05; † p < 0.01.
Framingham Heart Study N=968; 460 Families.
tional standard deviation in GRS relative to one’s sibling, the educationally more
endowed sibling completes 0.32 more years of schooling. But comparing unrelated
individuals across families, the difference in schooling is only 0.27 years. In other
words, it may be the case that any reinforcing effect on social stratification that the
between-family distribution of genetic ability has on the reproduction of educational
attainment across generations due to genetic assortative mating is compensated
for by the greater effect of genetic endowment on schooling within families (i.e.,
between siblings) (cf. Domingue et al. 2014). How can we understand this greater
effect within families? It may be the result of niche formation. Observed differences
among siblings in ability may lead parents to reinforce those differences (Conley
2004). Alternatively, siblings themselves may pursue a strategy of differentiation
that leads to an accentuation of genetic differences. Indeed, the sibling intraclass
correlation in the FHS data is lower for education (0.43) than it is for the genetic risk
score (0.59).
Finally, as a robustness check, in Table 7, we run the same models as those
presented Table 4, but include father’s information in addition to mother’s. When
we include father’s GRS in the FHS sample, where it is available, it is not significant
(nor is mother’s GRS in this model). Likewise, the coefficient on father’s actual
educational attainment on offspring educational attainment rises (although negligibly) when offspring, maternal, and paternal genotypes are held constant. In
the HRS sample, the effect of paternal education drops slightly (in line with the
drop to maternal education) when offspring genotype is held constant. In sum,
the confounding of paternal education by off (Goldberger 1978) spring genotype is
comparable to the same pattern as maternal education.
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Table 7: OLS Regression Models of Respondent’s Total Years of Completed Education with Standard Errors
Robust to Clustering on Family ID, by Sample; Fathers’ Characteristics Included
FHS
Female sex
Age

HRS

(1)

(2)

(3)

(4)

0.55†
(0.14)
0.01
(0.01)

0.53†
(0.14)
0.01
(0.01)

0.25†
(0.04)

0.24†
(0.04)
0.24∗
(0.11)
−0.14
(0.11)
0.13†
(0.04)
0.00
(0.09)
8.65†
(0.90)
0.17

−0.33†
(0.06)
0.00
(0.00)
0.02
(0.01)
0.17†
(0.01)

−0.31†
(0.06)
0.00
(0.00)
0.02
(0.01)
0.17†
(0.01)
0.32†
(0.03)

0.17†
(0.01)

0.17†
(0.01)

−26.95
(26.80)
0.18

−35.35
(26.54)
0.20

Survey year
Mother’s highest grade completed
Respondent’s educational genetic score, standardized
Mother’s educational genetic score, standardized
0.13†
(0.04)

Father’s highest grade completed
Father’s educational genetic score, standardized

8.45†
(0.74)
0.16

Constant
R2

Note: ∗ p < 0.05; † p < 0.01.
Framingham Heart Study N=741; 358 Families. Health and Retirement Survey N=5,807; 4,619 Families.

Discussion
We have argued here that knowing the extent to which an outcome is associated
with genotypes (i.e., heritability) does—contrary to Goldberger and Manski’s (1995)
blanket negation—have social and policy implications. First, to the extent that an
important outcome is related to a measureable genotype, we can know how to
target interventions more precisely. If we wish to reduce inequality in educational
outcomes, knowing individuals’ genetic propensity for educational attainment may
help identify populations that are more or less in need of schooling interventions.5
(Second, to the extent that an outcome is related to genotypes, this implies that there
may be trade-offs between efficiency-maximizing policies and equality-promoting
ones under the present societal equilibrium [Heath et al. 1985].) Lastly, and most
relevant to the present analysis, the extent to which a phenotype is the result of a
genotype has policy implications. If the observed effect of parental education on
offspring schooling is largely due to intergenerationally correlated environments,
then altering the distribution of education in the parental generation will also affect
the distribution in the filial generation. However, if the intergenerational association
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is due to genetic characteristics, then even totally equalizing education in a given
generation will have little effect on the next generation.
With these rationales in mind, we are the first researchers to deploy a polygenic
risk score to model the transmission of educational attainment from parents to
children. This approach avoids the confounding of genetic effects with prenatal
environmental effects from which adoption studies suffer. Also, this approach
complements twin models, which suffer from limits with respect to external validity
and may confound exogenous pre- or postnatal environmental factors that covary
with genetic relatedness. Finally, deploying explicitly measured genotype in models
allows us to do a formal mediation analysis that is not possible in the variance
portioning exercises inherent to the twin or adoption studies. By comparing across
models of intergenerational educational inheritance with and without genotype
controlled for, we are able to come to some tentative conclusions. First, when we
include offspring genotype to control for spurious effects of parental education
due to parent–offspring similarity in genetic educational endowment, we find in
two different data sets that the coefficient for maternal education (our focus) or
paternal education (adjunct analysis) is indeed slightly attenuated. The amount of
attenuation is trivial, and a Hausman test reveals it not to be significantly different
from zero. However, if we accept the point estimates as accurate and make a
few other assumptions (see Appendix B in the online supplement for a thorough
discussion of these), such as an overall heritability of education of 0.2 and that
parents and offspring share half of their genes, then we can say that our best estimate
is that one-sixth of the observed, raw mother–child correlation in education is due
to genetic transmission. This is not a trivial amount of misspecification in social
science models, nor is it a fatal amount.
Furthermore, because almost half of the variation in the polygenic risk score
is within families, and the effect of this measure of “innate” ability is almost as
predictive within families as between them (and because the magnitude of the
parameter estimate is actually larger for within-family models), genetic stratification
is not an accurate description of the interplay between genes and social status. The
Bell Curve argues that meritocracy and assortative mating lead to a system of class
stratification that is based on innate (i.e., genetic) endowment (Herrnstein and
Murray 1994). If this were true, social policy to promote equal opportunity would
be counterproductive—at least on efficiency grounds—because each individual will
have reached the level of social status best suited to the individual’s native abilities.
Meanwhile, by selectively breeding with others of similar genetic stock, parents
would reinforce their offsprings’ advantages or disadvantages. Putting aside the
weakness of their empirical analysis, such a putative vision would call into question
the notion that intergenerational correlations in SES variables—such as income,
occupation, or education—reflect a lack of meritocratic openness in a given society.
However, in our analysis, we find that despite a moderate degree of assortative
mating on educational genotype (r = 0.22 among FHS parents and 0.22 among
HRS spouses), the within-family differences in genetic stock that generate observed
social mobility (i.e., sibling or parent–child differences) partially counteract any
between-family effects of the distribution of genetic stock, educational attainment,
and assortative mating at the parental level. While assortative mating means
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that there is indeed greater variance between families on genotype than within
families (the sibling r in FHS is 0.59), the actual strength of the effect (which is
greater within families) may be due to the fact that small differences in endowment
between siblings generate a very elastic social response of differentiation within the
household. That is, siblings may engage in niche formation that accentuates the
differences in genotype, or it may be the case that parents differentially invest and
create larger differences as the endowments of their various offspring are revealed
to them through interaction over the course of childhood. In other words, the
randomness of recombination and segregation of alleles during sexual reproduction
along with the within-family accentuation of endowment effects serve to help
counteract any cross-familial social sorting by genotype to help “reset” the genetic
playing field for the next generation.
Lastly, parental genotype has no net effect on offspring educational attainment
once genetic transmission (i.e., offspring genotype) and parental years of schooling
are controlled for. That is, parents’ genes are not leading to social advantages above
and beyond their own schooling. The counterfactual of genetically advantaged
parents having not attained schooling themselves being able to nonetheless pass
on educational advantages to their children culturally (i.e., above the abilities they
pass on genetically) does not appear to hold true.
An important caveat to all this analysis is that heritability—that is, genetic
effects—is, of course, highly contingent on social structure, whether measured
latently through kin correlations or directly by a GRS. Indeed, heritability is not
a fixed parameter across time and place but is always a “local perturbation analysis” estimate, as cogently argued by Feldman and Lewontin (1975:1163) 35 years
ago. That said, we still believe it is useful to understand the relationship between
genotype and phenotype even in partial equilibrium when it comes to important
social outcomes like educational attainment—even if only to know how biased our
measured relationships among putatively social variables are. Our estimates then
become the fodder for future analysis of waning or waxing articulation between
social and genetic reproduction.

Notes
1 However, this line of argument conflates genetics with merit. For example, if social
sorting in the educational system (or labor market) took place based on eye color, it
would be close to 100 percent heritable/genetic, yet few would argue that this form of
assignment would be meritocratic, because meritocracy also assumes a legitimacy to
the characteristics by which we sort individuals into roles—not merely a biological or
natural basis to those characteristics. Admitting students to the University of California,
Berkeley based on basketball shots would be fair—in the sense that everyone might
know the rules beforehand and be subject to the same constraints in a task that is easily
observable with minimal measurement error—but few would agree that this would be
meritocratic, because there would be a mismatch between the institutional raison d’être
of the university as an institution and the sorting mechanism.
2 However, if we ascertain genetic influence (i.e., heritability) latently through twin comparisons (as prior scholars largely do), it is difficult to know if a reduced or enhanced
heritability for a given group is due to differences in (1) differential effects of prenatal
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conditions (cf. Conley and Strully 2012) or (2) differences in the level of variation in
genotype (numerator) or the denominator (phenotype), or (3) whether, instead, it is
truly a difference only in the covariance between genotype and phenotype by subgroup.
However, if we measure genotype directly—as we do here—we can interrogate the
distribution (i.e., variance) of genotypic propensity toward educational attainment by
subgroup and the variance in phenotype by subgroup, and we can estimate interaction effects between genotype and subgroup (i.e., test whether the covariance between
genotype and phenotype differs). Thus here we provide a much more direct test as
to whether the “natural” genetic tendencies of one group—say, women or those from
low-SES families—are repressed by social structure.
3 Of course, had we found a significant interaction with maternal education, it could
have been the case that this putatively environmental measure we are interrogating was
actually acting as a proxy for unmeasured parental genotype. In an ideal world, we
would have an exogenous environmental source of variation in parental education and
would interact offspring genotype with this instrumented measure of parental education.
Of course, it is hard to envision what such an instrumental variable would be that would
not violate the exclusion restriction (i.e., have no direct effect on offspring education
other than through years of schooling of the parent). In lieu of this idealized study design,
we control for maternal genotype in our models and do not find a significant offspring
genotype–parental phenotype interaction. If we had found a significant interaction
effect, endogeneity concerns would warrant caution in interpreting this as a true gene–
environment interaction. Given our finding is in favor of the null hypothesis, such
concerns are secondary.
4 In the FHS sample, we see that overall, family background explains ~43 percent of
the variation in educational attainment—a figure that corresponds to what others have
found (Conley and Glauber 2008; Hauser, Sheridan, and Warren 1999; Kuo and Hauser
1995; Olneck 1976; Teachman 1987; Warren, Sheridan, and Hauser 2002).
5 Of course, how responsive a given genotype is to educational interventions—that is,
the returns to human capital investments—is a different question than how predicted
education is by a linear genotypic measure.

References
Almond, D. and B. Mazumder. 2011. “Health Capital and the Prenatal Environment: The
Effect of Ramadan Observance during Pregnancy.” American Economic Journal–Applied
Economics 3(4):56–85. http://dx.doi.org/10.1257/app.3.4.56.
Almond, D., K. Y. Chay, and D. S. Lee. 2005. “The Costs of Low Birth Weight.” Quarterly
Journal of Economics 20(3):1031–83.
Barnes, J. C., Wright, J. P., Boutwell, B. B., Schwartz, J. A., Connolly, E. J., Nedelec, J. L., and
Beaver, K. M. 2014. Demonstrating the validity of twin research in criminology. Criminology 52(4):588–626. http://dx.doi.org/10.1111/1745-9125.12049.
Bearman, P. S. 2013. “Genes Can Point to Environments That Matter to Advance Public
Health.” American Journal of Public Health 103(S1):S11–13. http://dx.doi.org/10.2105/
AJPH.2013.301550.
Becker, G. S. and N. Tomes. “Human capital and the rise and fall of families.” Pp. 257–298 in
Human Capital: A Theoretical and Empirical Analysis with Special Reference to Education, 3rd
ed. Chicago: University of Chicago Press, 1994.

sociological science | www.sociologicalscience.com

99

February 2015 | Volume 2

Conley et al.

The Effect of Parental Education on Offspring
Behrman, J. R., R. A. Pollak, and P. Taubman. 1995. From Parent to Child: Intrahousehold
Allocations and Intergenerational Relations in the United States. Chicago: University of
Chicago Press.
Behrman, J. R., M. R. Rosenzweig, and P. Taubman. 1996. “College Choice and Wages:
Estimates Using Data on Female Twins.” Review of Economics and Statistics 78(4):672–85.
http://dx.doi.org/10.2307/2109954.
Belsky, D. W., T. E. Moffitt, R. Houts, G. G. Bennett, A. K. Biddle, J. A. Blumenthal, J. P.
Evans et al. 2012. “Polygenic Risk, Rapid Childhood Growth, and the Development of
Obesity.” Archives of Pediatrics and Adolescent Medicine 166(6):515–21. http://dx.doi.
org/10.1001/archpediatrics.2012.131.
Belsky, D. W., T. E. Moffitt, T. B. Baker, A. K. Biddle, J. P. Evans, H. Harrington, R. Houts et al.
2013a. “Polygenic Risk and the Developmental Progression to Heavy, Persistent Smoking
and Nicotine Dependence: Evidence from a 4-Decade Longitudinal Study.” JAMA
Psychiatry 70(5):534–42. http://dx.doi.org/10.1001/jamapsychiatry.2013.736.
Belsky, D. W., T. E. Moffitt, and A. Caspi. 2013b. “Genetics in Population Health Science:
Strategies and Opportunities.” American Journal of Public Health 103:e1–11. http://dx.
doi.org/10.2105/AJPH.2012.301139.
Belsky, D. W., Sears, M. R., Hancox, R. J., Harrington, H., Houts, R., Moffitt, T. E., Sugden, K.
et al. 2013c. “Polygenic Risk and the Development and Course of Asthma: An Analysis of
Data from a Four-Decade Longitudinal Study.” The Lancet Respiratory Medicine 1(6):453–61.
http://dx.doi.org/10.1016/S2213-2600(13)70101-2.
Benjamin, D. J., D. Cesarini, M. J. H. M. van der Loos, C. T. Dawes, P. D. Koellinger, P. K. E.
Magnusson, C. F. Chabris et al. 2012. “The Genetic Architecture of Economic and Political
Preferences.” Proceedings of the National Academy of Sciences of the United States of America
109(21):8026–31. http://dx.doi.org/10.1073/pnas.1120666109.
Björklund, A., T. Eriksson, and M. Jäntti. 2002. “Brother Correlations in Earnings in Denmark,
Finland, Norway and Sweden Compared to the United States.” Journal of Population
Economics 15(4):757–72. http://dx.doi.org/10.1007/s001480100095.
Black, S. E. 2007. “From the Cradle to the Labor Market? The Effect of Birth Weight on Adult
Outcomes.” Quarterly Journal of Economics 122(1):409–39. http://dx.doi.org/10.1162/
qjec.122.1.409.
Boardman, J. D., C. L. Blalock, and F. C. Pampel. 2010. “Trends in the Genetic Influences
on Smoking.” Journal of Health and Social Behavior 51(1):108–23. http://dx.doi.org/10.
1177/0022146509361195.
Branigan, A. R., K. J. McCallum, and J. Freese. 2013. “Variation in the Heritability of
Educational Attainment: An International Meta-Analysis.” Social Forces 92(1):109–40.
http://dx.doi.org/10.1093/sf/sot076.
Breen, F. M., R. Plomin, and J. Wardle. 2006. “Heritability of Food Preferences in Young Children.” Physiology and Behavior 88(4):443–47. http://dx.doi.org/10.1016/j.physbeh.
2006.04.016.
Conley, D. 2004. The Pecking Order: Which Siblings Succeed and Why. New York: Pantheon.
Conley, D. and N. G. Bennett. 2000. “Is Biology Destiny? Birth Weight and Life Chances.”
American Sociological Review 65(3):458–67. http://dx.doi.org/10.2307/2657467.
Conley, D. and R. Glauber. 2008. “All in the Family? Family Composition, Resources, and
Sibling Similarity in Socioeconomic Status.” Research in Social Stratification and Mobility
26(4):297–306. http://dx.doi.org/10.1016/j.rssm.2008.08.003.
Conley, D. and K. Strully. 2012. “Birth Weight, Infant Mortality, and Race: Twin Comparisons
and Genetic/Environmental Inputs.” Social Science and Medicine 69(5):768–76.

sociological science | www.sociologicalscience.com

100

February 2015 | Volume 2

Conley et al.

The Effect of Parental Education on Offspring
Conley, D., E. Rauscher, C. Dawes, P. K. Magnusson, and M. L. Siegal. 2013. “Heritability and the Equal Environments Assumption: Evidence from Multiple Samples
of Misclassified Twins.” Behavior Genetics 43(5):415–26. http://dx.doi.org/10.1007/
s10519-013-9602-1.
Corcoran, M., R. Gordon, D. Laren, and G. Solon. 1992. “The Association between Men’s
Economic Status and Their Family and Community Origins.” Journal of Human Resources
27(4):575–601. http://dx.doi.org/10.2307/146076.
Davis, J. A. and T. W. Smith. 1992. The NORC General Social Survey:A User’s Guide. Thousand
Oaks, CA: Sage. http://dx.doi.org/10.4135/9781483345246.
De Los Campos, G., A. I. Vazquez, R. Fernando, Y. C. Klimentidis, and D. Sorensen. 2013.
“Prediction of Complex Human Traits Using the Genomic Best Linear Unbiased Predictor.”
PLoS Genetics 9(7):e1003608. http://dx.doi.org/10.1371/journal.pgen.1003608.
Domingue, B., J. Fletcher, D. Conley, and J. D. Boardman. 2014. “Genetic and Educational
Assortative Mating among US Adults.” Proceedings of the National Academy of Sciences
of the United States of America 111(22):7996–8000. http://dx.doi.org/10.1073/pnas.
1321426111.
Feldman, M. W. and R. C. Lewontin. 1975. “The Heritability Hang-Up.”
190(4220):1163–68. http://dx.doi.org/10.1126/science.1198102.

Science

Fletcher, J. M. and J. D. Boardman. 2013. “Integrating Work from Genetics and the Social
Sciences: An Introduction.” Biodemography and Social Biology 59(1):1–3. http://dx.doi.
org/10.1080/19485565.2013.774630.
Fletcher, J. M. and D. Conley. 2013. “The Challenge of Causal Inference in Gene–Environment
Interaction Research: Leveraging Research Designs from the Social Sciences.” American Journal of Public Health 103(S1):S42–45. http://dx.doi.org/10.2105/AJPH.2013.
301290.
Goldberger, A. S. 1978. “The Genetic Determination of Income: Comment.” American
Economic Review 68(5):960–69.
———. 1979. “Heritability.” Economica 46(184):327–47. http://dx.doi.org/10.2307/
2553675.
Goldberger, A. S. and C. F. Manski. 1995. “Review Article: The Bell Curve by Herrnstein and
Murray.” Journal of Economic Literature 33(2):762–776.
Guo, G. and E. Stearns. 2002. “The Social Influences on the Realization of Genetic Potential
for Intellectual Development.” Social Forces 80(3):881–910. http://dx.doi.org/10.1353/
sof.2002.0007.
Guo, G., L. Wang, H. Liu, and T. Randall. 2014. “Genomic Assortative Mating in Marriages
in the United States,” edited by Margaret M. DeAngelis. PLoS ONE 9(11):e112322.
Hauser, R. M. and W. H. Sewell. 1986. “Family Effects in Simple Models of Education,
Occupational Status, and Earnings: Findings from the Wisconsin and Kalamazoo Studies.”
Journal of Labor Economics 4(3):s83–115. http://dx.doi.org/10.1086/298122.
Hauser, R. M., J. T. Sheridan, and J. R. Warren. 1999. “Socioeconomic Achievements of
Siblings in the Life Course: New Findings from the Wisconsin Longitudinal Study.”
Research on Aging 21(2):338–78. http://dx.doi.org/10.1177/0164027599212008.
Heath, A. C., K. Berg, L. J. Eaves, M. H. Solaas, L. A. Corey, J. Sundet, P. Magnus, and W. E.
Nance. 1985. “Education Policy and the Heritability of Educational Attainment.” Nature
314:734–36. http://dx.doi.org/10.1038/314734a0.
Herrnstein, R. J. and C. A. Murray. 1994. The Bell Curve: Intelligence and Class Structure in
American Life. New York: Free Press.
sociological science | www.sociologicalscience.com

101

February 2015 | Volume 2

Conley et al.

The Effect of Parental Education on Offspring
Kuo, H. H. D. and R. M. Hauser. 1995. “Trends in Family Effects on the Education of Black
and White Brothers.” Sociology of Education 68:136–60. http://dx.doi.org/10.2307/
2112779.
Lucchini, M., S. Della Bella, and M. Pisati. 2013. “The Weight of the Genetic and Environmental Dimensions in the Inter-generational Transmission of Educational Success.” European
Sociological Review 29(2):289–301. http://dx.doi.org/10.1093/esr/jcr067.
Mare, R. D. 1997. “Differential Fertility, Intergenerational Educational Mobility, and Racial
Inequality.” Social Science Research 26(3):263–91. http://dx.doi.org/10.1006/ssre.
1997.0598.
Mare, R. D. and V. Maralani. 2006. “The Intergenerational Effects of Changes in Women’s
Educational Attainments.” American Sociological Review 71(4):542–64. http://dx.doi.
org/10.1177/000312240607100402.
Mitchell, C., S. McLanahan, J. Brooks-Gunn, I. Garfinkel, J. Hobcraft, and D. Notterman.
2013. “Genetic Differential Sensitivity to Social Environments: Implications for Research.”
American Journal of Public Health 103(S1):S102–10. http://dx.doi.org/10.2105/AJPH.
2013.301382.
Nielsen, F. 2006. “Achievement and Ascription in Educational Attainment: Genetic and
Environmental Influences on Adolescent Schooling.” Social Forces 85(1):193–216. http:
//dx.doi.org/10.1353/sof.2006.0135.
———. 2008. “The Nature of Social Reproduction: Two Paradigms of Social Mobility.”
Sociologica 3.
Nielsen, F. and J. M. Roos. 2011. “Genetics of Educational Attainment and the Persistence of
Privilege at the Turn of the 21st Century.” Working Paper.University of North Carolina.
Chapel Hill.
Olneck, M. R. 1976. On the Use of Sibling Data to Estimate the Effects of Family Background,
Cognitive Skills, and Schooling: Results from the Kalamazoo Brothers Study. Madison, WI:
Institute for Research on Poverty, University of Wisconsin.
Page, M. E. and G. Solon. 2003. “Correlations between Brothers and Neighboring Boys
in Their Adult Earnings: The Importance of Being Urban.” Journal of Labor Economics
21(4):831–56. http://dx.doi.org/10.1086/377021.
Plomin, R. 2009. “The Nature of Nurture.” P. 61 in Experience and Development: A Festschrift
in Honor of Sandra Wood Scarr, edited by K. McCartney and R. A. Weinberg. New York:
Taylor and Francis.
Plomin, R. and F. M. Spinath. 2004. “Intelligence: Genetics, Genes, and Genomics.” Journal of
Personality and Social Psychology 86(1):112 http://dx.doi.org/10.1037/0022-3514.86.
1.112.
Plomin, R., M. J. Owen, and P. McGuffin. 1994. “The Genetic Basis of Complex Human
Behaviors.” Science 264(5166):1733–39. http://dx.doi.org/10.1126/science.8209254.
Plomin, R., D. W. Fulker, R. Corley, and J. C. DeFries. 1997. “Nature, Nurture, and Cognitive
Development from 1 to 16 Years: A Parent–Offspring Adoption Study.” Psychological
Science 8(6):442–47. http://dx.doi.org/10.1111/j.1467-9280.1997.tb00458.x.
Purcell, S. 2002. “Variance Components Models for Gene–Environment Interaction in Quantitative Trait Locus Linkage Analysis.” Twin Research 5(6):554–71. http://dx.doi.org/
10.1375/136905202762342026.
Purcell, S. M., N. R. Wray, J. L. Stone, P. M. Visscher, M. C. O’Donovan, P. F. Sullivan, P. Sklar
et al. 2009. “Common Polygenic Variation Contributes to Risk of Schizophrenia and
Bipolar Disorder.” Nature 460(7256):748–52.

sociological science | www.sociologicalscience.com

102

February 2015 | Volume 2

Conley et al.

The Effect of Parental Education on Offspring
Rietveld, C. A., S. E. Medland, J. Derringer, and J. Yang. 2013. “GWAS of 126,559 Individuals Identifies Genetic Variants Associated with Educational Attainment.” Science
340(6139):1467–71. http://dx.doi.org/10.1126/science.1235488.
Rietveld, C. A., D. Conley, N. Eriksson, T. Esko, S. E. Medland, A. A. E. Vinkhuyzen, J.
Yang et al. 2014. “Replicability and Robustness of Genome-Wide Association Studies for
Behavioral Traits.” Psychological Science 25(11):1975–86. http://dx.doi.org/10.1177/
0956797614545132.
Rodgers, J. L., D. C. Rowe, and M. Buster. 1999. “Nature, Nurture and First Sexual Intercourse
in the USA: Fitting Behavioural Genetic Models to NLSY Kinship Data.” Journal of Biosocial
Science 31(1):29–41. http://dx.doi.org/10.1017/S0021932099000292.
Rodgers, J. L., M. Buster, and D. C. Rowe. 2001. “Genetic and Environmental Influences on
Delinquency: DF Analysis of NLSY Kinship Data.” Journal of Quantitative Criminology
17(2):145–68. http://dx.doi.org/10.1023/A:1011097929954.
Scarr, S. and L. Carter-Saltzman. 1979. “Twin Method: Defense of a Critical Assumption.”
Behavior Genetics 9(6):527–42. http://dx.doi.org/10.1007/BF01067349.
Teachman, J. D. 1987. “Family Background, Educational Resources, and Educational Attainment.” American Sociological Review 52(4):548–57. http://dx.doi.org/10.2307/
2095300.
Tishkoff, S. A., F. A. Reed, F. R. Friedlaender, C. Ehret, A. Ranciaro, A. Froment, J. B. Hirbo et
al. 2009. “The Genetic Structure and History of Africans and African Americans.” Science
324(5930):1035–44. http://dx.doi.org/10.1126/science.1172257.
Torche, F. and G. Echevarría. 2011. “The Effect of Birthweight on Childhood Cognitive Development in a Middle-Income Country.” International Journal of Epidemiology 40(4):1008–18.
http://dx.doi.org/10.1093/ije/dyr030.
Turkheimer, E., A. Haley, M. Waldron, B. D’Onofrio, and I. I. Gottesman. 2003. “Socioeconomic Status Modifies Heritability of IQ in Young Children.” Psychological Science
14(6):623–28. http://dx.doi.org/10.1046/j.0956-7976.2003.psci_1475.x.
U.S. Census Bureau. 2012. “Educational Attainment by State: 1990 to 2009.” Table 233.
http://www.census.gov/compendia/statab.
Visscher, P. M., S. E. Medland, and M. A. R. Ferreira. 2006. “Assumption-free estimation of
heritability from genome-wide identity-by-descent sharing between full siblings.” PloS
Genetics 2(3):e1. http://dx.doi.org/10.1371/journal.pgen.0020041.
Visscher, P. M., J. Yang, and M. E. Goddard. 2010. “A Commentary on ‘Common SNPs
Explain a Large Proportion of the Heritability for Human Height’ by Yang et al. (2010).”
Twin Research and Human Genetics 13(6):517–24. http://dx.doi.org/10.1375/twin.13.
6.517.
Warren, J. R. and R. M. Hauser. 1997. “Social Stratification across Three Generations: New
Evidence from the Wisconsin Longitudinal Study.” American Sociological Review 62(4):561–
72. http://dx.doi.org/10.2307/2657426.
Warren, J. R., J. T. Sheridan, and R. M. Hauser. 2002. “Occupational Stratification across the
Life Course: Evidence from the Wisconsin Longitudinal Study.” American Sociological
Review 67(3):432–55. http://dx.doi.org/10.2307/3088965.
Yang, J., B. Benyamin, and B. P. McEvoy. 2010. “Common SNPs Explain a Large Proportion of
the Heritability for Human Height.” Nature Genetics 42(7):565–69. http://dx.doi.org/
10.1038/ng.608.
Zaitlen, N., P. Kraft, N. Patterson, B. Pasaniuc, G. Bhatia, S. Pollack, and A. L. Price. 2013.
“Using Extended Genealogy to Estimate Components of Heritability for 23 Quantitative

sociological science | www.sociologicalscience.com

103

February 2015 | Volume 2

Conley et al.

The Effect of Parental Education on Offspring
and Dichotomous Traits.” PLoS Genetics 9(5):e1003520. http://dx.doi.org/10.1371/
journal.pgen.1003520.

Acknowledgements: This article builds on Rietveld et al.’s (2013) GWAS meta-analysis
on educational attainment. The data used in study 2 were accessed under section 4
of the Data Sharing Agreement of the SSGAC. Some of the authors who contributed
to the Rietveld et al. (2013) paper also contributed directly to this article and are
therefore listed as authors. Per SSGAC policy, remaining authors on the original GWAS
meta-analysis are listed below as collaborators. The views presented in this article may
not reflect the opinions of these collaborators.
Dalton Conley: Department of Sociology, New York University. E-mail: conley@nyu.edu.
Benjamin W. Domingue: Institute of Behavioral Science, University of Colorado Boulder.
David Cesarini: Center for Experimental Social Science, Department of Economics, New
York University.
Christopher Dawes: Wilff Family Department of Politics, New York University.
Cornelius A. Rietveld: Erasmus School of Economics and Erasmus University Rotterdam
Institute for Behavior and Biology, Erasmus University.
Jason D. Boardman: Institute of Behavioral Science and Department of Sociology, University of Colorado Boulder.

sociological science | www.sociologicalscience.com

104

February 2015 | Volume 2

Conley et al.

The Effect of Parental Education on Offspring

Collaborators: Remaining authors on the original GWAS meta-analysis are as follows:
Abdel Abdellaoui, Arpana Agrawal, Eva Albrecht, Behrooz Z. Alizadeh, Jüri Allik,
Najaf Amin, John R. Attia, Stefania Bandinelli, John Barnard, François Bastardot,
Sebastian E. Baumeister, Jonathan Beauchamp, Kelly S. Benke, David A. Bennett, Klaus
Berger, Lawrence F. Bielak, Laura J. Bierut, Jeffrey A. Boatman, Dorret I. Boomsma,
Patricia A. Boyle, Ute Bültmann, Harry Campbell, Lynn Cherkas, Mina K. Chung,
Francesco Cucca, George Davey-Smith, Gail Davies, Mariza de Andrade, Philip L. De
Jager, Christiaan de Leeuw, Jan-Emmanuel De Neve, Ian J. Deary, George V. Dedoussis,
Panos Deloukas, Jaime Derringer, Maria Dimitriou, Gudny Eiriksdottir, Niina Eklund,
Martin F. Elderson, Johan G. Eriksson, Daniel S. Evans, David M. Evans, Jessica
D. Faul, Rudolf Fehrmann, Luigi Ferrucci, Krista Fischer, Lude Franke, Melissa E.
Garcia, Christian Gieger, Håkon K. Gjessing, Patrick J. F. Groenen, Henrik Grönberg,
Vilmundur Gudnason, Sara Hägg, Per Hall, Jennifer R. Harris, Juliette M. Harris,
Tamara B. Harris, Nicholas D. Hastie, Caroline Hayward, Andrew C. Heath, Dena
G. Hernandez, Wolgang Hoffmann, Adriaan Hofman, Albert Hofman, Rolf Holle,
Elizabeth G. Holliday, Christina Holzapfel, Jouke-Jan Hottenga, William G. Iacono,
Carla A. Ibrahim-Verbaas, Thomas Illig, Erik Ingelsson, Bo Jacobsson, Marjo-Riitta
Järvelin, Min A. Jhun, Peter K. Joshi, Astanand Jugessur, Marika Kaakinen, Mika
Kähönen, Stavroula Kanoni, Jaakkko Kaprio, Sharon L. R. Kardia, Juha Karjalainen,
Robert M. Kirkpatrick, Ivana Kolcic, Matthew Kowgier, Kati Kristiansson, Robert
F. Krueger, Zóltan Kutalik, Jari Lahti, Antti Latvala, Lenore J. Launer, Debbie A.
Lawlor, Sang H. Lee, Terho Lethimäki, Jingmei Li, Paul Lichtenstein, Peter K. Lichtner,
David C. Liewald, Peng Lin, Penelope A. Lind, Yongmei Liu, Kurt Lohman, Marisa
Loitfelder, Pamela A. Madden, Tomi E. Mäkinen, Pedro Marques Vidal, Nicolas W.
Martin, Nicholas G. Martin, Marco Masala, Matt McGue, George McMahon, Osorio
Meirelles, Andres Metspalu, Michelle N. Meyer, Andreas Mielck, Lili Milani, Michael
B. Miller, Grant W. Montgomery, Sutapa Mukherjee, Ronny Myhre, Marja-Liisa Nuotio,
Dale R. Nyholt, Christopher J. Oldmeadow, Ben A. Oostra, Lyle J. Palmer, Aarno Palotie,
Brenda Penninx, Markus Perola, Katja E. Petrovic, Wouter J. Peyrot, Patricia A. Peyser,
Ozren Polašek, Danielle Posthuma, Martin Preisig, Lydia Quaye, Katri Räikkönen, Olli
T. Raitakari, Anu Realo, Eva Reinmaa, John P. Rice, Susan M. Ring, Samuli Ripatti,
Fernando Rivadeneira, Thais S. Rizzi, Igor Rudan, Aldo Rustichini, Veikko Salomaa,
Antti-Pekka Sarin, David Schlessinger, Helena Schmidt, Reinhold Schmidt, Rodney
J. Scott, Konstantin Shakhbazov, Albert V. Smith, Jennifer A. Smith, Harold Snieder,
Beate St Pourcain, John M. Starr, Jae Hoon Sul, Ida Surakka, Rauli Svento, Toshiko
Tanaka, Antonio Terracciano, A. Roy Thurik, Henning Tiemeier, Nicholas J. Timpson,
André G. Uitterlinden, Matthijs J. H. M. van der Loos, Cornelia M. van Duijn, Frank
J. A. van Rooij, David R. Van Wagoner, Erkki Vartiainen, Jorma Viikari, Veronique
Vitart, Peter K. Vollenweider, Henry Völzke, Judith M. Vonk, Gérard Waeber, David
R. Weir, Jürgen Wellmann, Harm-Jan Westra, H.-Erich Wichmann, Elisabeth Widen,
Gonneke Willemsen, James F. Wilson, Alan F. Wright, Lei Yu, Wei Zhao.

sociological science | www.sociologicalscience.com

105

February 2015 | Volume 2

