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Abstract

Behavior genetics studies how genetic differences among people contribute
to differences in their psychology and behavior. Here, I describe how the
conclusions and methods of behavior genetics have evolved in the postge-
nomic era in which the human genome can be directly measured. First, I
revisit the first law of behavioral genetics stating that everything is herita-
ble, and I describe results from large-scale meta-analyses of twin data and
new methods for estimating heritability using measured DNA. Second, I
describe new methods in statistical genetics, including genome-wide associ-
ation studies and polygenic score analyses. Third, I describe the next gen-
eration of work on gene × environment interaction, with a particular focus
on how genetic influences vary across sociopolitical contexts and exogenous
environments.Genomic technology has ushered in a golden age of new tools
to address enduring questions about how genes and environments combine
to create unique human lives.
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INTRODUCTION

“People vary in ability, energy, health, character, and other socially important traits, and there
is good, though not absolutely conclusive, evidence that the variance of all these traits is in part
genetically conditioned. Conditioned, mind you, not fixed or predestined.” This is how Theodo-
sius Dobzhansky, the great evolutionary biologist, summarized the relationship between genetics
and human behavior in an essay in Science in 1962 (Dobzhansky 1962, p. 112), and not much has
happened in the intervening decades to prove him wrong. Genetics remains as essential to psy-
chological science in the 2020s as it was in the 1960s, because all human psychological differences
are conditioned (“conditioned, mind you, not fixed or predestined”) by one’s genes.

Yet, as in the 1960s, genetics remains controversial within psychological science, and within
society in general, because it is widely misperceived as being a threat to cherished values about
human equality and the potential to improve the human condition (Fox 2019, Panofsky 2014).
As the bioethicist Erik Parens (2004, p. S31) described, “As long as creating an identity for our-
selves entails specifying how we are different from others, a science of human differences will risk
being appropriated to justify claims about why some enjoy more power than others.” Because of
this risk, behavioral genetics has been characterized as “subversive science,” which can “shake the
public’s faith in . . . democratic cornerstones,” including norms of human equality and personal
responsibility (Fox 2019, p.153).

Reflecting the importance of behavioral genetics to psychology, many articles on this topic
have appeared in the pages of theAnnual Review of Psychology. And perhaps reflecting the perceived
subversiveness of discussing genetic effects on behavior, most of the genetics papers published
in this journal since 2010 have focused on the environmental moderation of genetic effects (e.g.,
Bakermans-Kranenburg & van IJzendoorn 2015, Halldorsdottir & Binder 2017, Manuck &

38 Harden



Heritability:
the proportion of
population variation in
a phenotype that is due
to genotypic
differences

Genotype: the unique
genetic makeup of an
organism

Phenotype:
the observable
characteristics of an
organism (e.g., height)

Genome-wide
association study
(GWAS): a method
for testing the
correlations between a
phenotype and a large
number of measured
genetic differences,
most commonly SNPs

Polygenic score:
a single number that
aggregates information
from an individual’s
genotype to estimate
the individual’s
likelihood of showing
a particular phenotype

Gene–environment
interplay: an umbrella
term that captures
various statistical and
biological concepts
about the joint action
of genes and
environments on the
development of
phenotypes

McCaffery 2014, Sharma et al. 2016, Zhang & Meaney 2010). The emphasis of this article is
different.

Here, I will review the major advances made in human behavioral genetics in the past decade,
many of which have been made possible by the advent of cheap, noninvasive, genome-wide mea-
surement of human DNA and by the formation of large, international scientific collaborations.
On the one hand, these advances have ushered in a golden age of genetic research, with new dis-
coveries and new tools arriving every day. On the other hand, these developments pose a serious
challenge to the veracity of much of the published psychology literature, which has focused on
methodologically flawed studies of candidate gene × environment interaction at the expense of
more rigorous studies of genetic main effects. As a result, the field of psychology, which for much
of the twentieth century was a leader in integrating genetics into the social sciences, now risks
falling behind other disciplines in leveraging genetic technology to answer enduring questions
about human development.

The article proceeds in three parts. First, I describe recent developments in the study of her-
itability: what we have learned from twin studies and about twin studies in the past decade. I
further describe newer methods of estimating heritability from genomic data, which have raised
new mysteries about the relationship between genotypes and phenotypes—the question of miss-
ing and hiding heritability. Second, I describe methodological advances in the study of measured
DNA that have emerged in the postgenomic era, in particular, genome-wide association stud-
ies (GWASs). As we will see, results from GWASs have definitively undermined the validity of
vast swathes of psychological research that claimed to find interactions between genetic variants
and environmental context. But at the same time, GWASs have provided researchers with a new
tool—polygenic scores—that can now be productively integrated into a wide variety of psycholog-
ical data sets. Third, I consider the future of research on gene–environment interplay: What can
the newer tools of molecular genetics, particularly when combined with the standard workhorses
of classical behavioral genetics, reveal about environmental influences? This section considers,
in particular, how genetic data can reveal the intergenerational transmission of social privilege,
how genetic influences are refracted through the prisms of sociopolitical and historical context,
and why the next generation of gene × environment interaction studies should focus largely on
exogenous environments, such as interventions and policy reforms.

EVERYTHING IS HERITABLE

Heritability Is a Confusing Word but a Meaningful Concept

Twenty years ago, Eric Turkheimer summarized the already extensive body of twin and fam-
ily research with his first law of behavior genetics: “All human behavioral traits are heritable”
(Turkheimer 2000, p. 160). In other words, if one considers all the ways in which humans differ
in their personality, cognition, emotion, behavior, and social relationships, at least some of the
variation between people is due to the genetic differences between them.

The statement that “all human behavioral traits are heritable” seems straightforward enough.
However, perhaps no concept in the social sciences has been the subject of as much confusion as
heritability (Visscher et al. 2008). On the one hand, the heritabilities of psychological phenotypes
like intelligence have been grossly misinterpreted to mean that those phenotypes are fixed and
unchangeable through social policy or intervention (Goldberger 1979, Jensen 1969); that racial-
ized disparities in a phenotype are due to genetic differences between races (Herrnstein &Murray
1996, Jencks & Philipps 1998); or that the phenotype is best understood at a biological level of
analysis, i.e., at the level of the genome. These conclusions are all false, for reasons that have been
extensively described previously (Goldberger 1979, Jencks & Philipps 1998, Turkheimer 1998).
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On the other hand, heritability is sometimes dismissed as a meaningless or trivial concept that
gives no information about the causal role that genes play in human lives (Lerner 2006, Lewontin
1974, Manski 2011). This, too, is a mistake.

Instead, the concept of heritability is both more limited and more useful than is reflected in
popular discussions about genetic research. The idea of apportioning observed phenotypic vari-
ance into a component due to genotypes was introduced by Ronald Fisher over a century ago
(Fisher 1919), but even in the postgenomic era, “the importance of heritability remains central”
(Visscher et al. 2008, p. 255). In agriculture and animal breeding, the heritability coefficient is an
essential statistic, because it allows one to predict how the average phenotype in a population will
change in response to natural or artificial selection. Indeed, heritability is one component of the
breeder’s equation, R = h2S, where R is the change in the average phenotype across generations
and S is the difference in the average phenotype between parents selected for breeding and the
overall average in their generation. In human genetic research that aims to map specific genes
that contribute to disease risk, the heritability coefficient is also an important statistic, as it is one
factor determining the statistical power to detect significant genetic associations.

Among psychologists who are likely not interested in either selective breeding or genemapping
per se, heritability should nevertheless still be a quantity of interest. One rough analogy for the
heritability coefficient is the Gini index, which is a metric for the level of economic inequality in
a particular country at a particular time. Like heritability, the Gini can range from 0 to 1. A Gini
of 0 means that everyone in the country has exactly equal shares of income; a Gini of 1 means
that all of the income is held by a single person. Like heritability, the Gini coefficient is not static
across time and place; it tells you about what is, not what could be. As the sources of inequality
change with economic and political change, the Gini also changes, as does the heritability of a
phenotype.

Yet, like heritability, the Gini is meaningful despite its dynamic nature. Knowing the extent
to which wealth is concentrated in the hands of a few people tells us something useful about a
particular society, even as one might imagine alternative political economies where wealth could
be distributed differently. Similarly, knowing the extent to which inequality in life outcomes has
been caused by genetic differences among people tells us something useful about a particular pop-
ulation, even as one might imagine alternative societies in which heritability could be different.
Indeed, just as the Gini index provides an invaluable metric for examining how wealth inequality
differs across time and place, so too does the heritability coefficient provide a metric for examining
how the outcome of the genetic lottery differs across time and place. For instance, one paper com-
pared the heritability of educational attainment in Estonia during and after a totalitarian Soviet
regime (Rimfeld et al. 2018a). I consider more studies like this in the section titled The Future of
Gene–Environment Interplay.

Estimating Heritability Using Twins

The first law of behavior genetics was a correct summary of the state of the behavioral genetics
literature when it was written, and there has been nothing published in the intervening decades
to demand serious revision. Rather, the pace of behavior studies has only continued to acceler-
ate. A 2015 review of 50 years of twin studies analyzed data on 17,804 human traits from 2,748
publications, which collectively included over 14 million pairs of twins (Polderman et al. 2015).

The basic logic of the twin model is simple. Identical (monozygotic, or MZ) twins begin life
as a single zygote and are (nearly) identical for their DNA sequence, except for postconception
DNA mutations. Fraternal (dizygotic, or DZ) twins are conceived from two eggs and two sperm,
and thus are no more genetically related than are nontwin full siblings. As both types of twins
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Nonshared
environment (e2):
the extent to which
identical twins raised
in the same home
differ in their
phenotype

are raised together in the same home, the extent to which fraternal twins are more different in
their phenotype (e.g., height, weight, intelligence, disease) than identical twins are is a metric of
how much genetic differences between people cause differences in the phenotype. In technical
terms, multiplying the difference between the MZ twin correlation and the DZ twin correlation
by two yields an estimate of heritability (h2), i.e., the percentage of phenotypic variation within a
population that is due to genetic differences.

Across all the traits studied by Polderman and colleagues (2015), the average heritability was
49%.This estimate is consistent with how textbooks and other sources tend to summarize the be-
havioral genetics literature, indicating that genes and environment make an equal contribution to
human variation. This stylized fact, however,masks considerable heterogeneity across phenotypes
(Figure 1).

Generally, the lay public has fairly accurate intuitions about how heritabilities differ across phe-
notypes.When asked to estimate the heritability of phenotypes ranging from eye color to intelli-
gence to political orientation, the average estimate given by convenience samples (e.g.,Mechanical
Turk participants) was correlated with consensus scientific estimates at r= 0.77 (Willoughby et al.
2019) (Figure 1). Mothers with more than one child, i.e., people who have had the opportunity
to observe within-family differences as they emerge over development, are particularly accurate
in their assessments.

There are, however, exceptions that prove the rule: The heritabilities of breast cancer and
sexual orientation are consistently overestimated, perhaps because of public awareness around
single-gene mutations (e.g., BRCA1/2) that cause breast cancer and of social narratives around
sexual orientation being innate (i.e., the “born that way” argument).

While some phenotypes like breast cancer and sexual orientation are less heritable than pop-
ularly assumed, other psychological phenotypes have been shown in the past decade to be very
strongly heritable, approaching the estimates seen for anthropometric traits. Perhaps most no-
tably, autism spectrum disorders have been shown to be as heritable as height (∼90%) in both a
meta-analysis of twin studies (Tick et al. 2016) and an analysis of large-scale population data in-
cluding over 35,000 twin pairs and over 2million sibling pairs (Sandin et al. 2017).This heritability
is notably high not just because autism spectrum disorders are a psychological, rather than phys-
iological, phenotype, but also because they onset during early childhood. Generally, heritabilities
tend to be small in early childhood and increase with advancing age (Tucker-Drob et al. 2013).
Another phenotype with nearly perfect heritability already in childhood is executive functioning,
defined as a general ability to regulate attention (Engelhardt et al. 2015, Friedman et al. 2008).

Twin Studies Through the Lens of the Nonshared Environment

Very high heritabilities, as estimated from twin studies, imply that MZ (i.e., identical) twins are
nearly perfectly concordant, that is, rMZ � 1. This result can also be expressed in terms of what is
often called the nonshared environment, or e2,which captures the extent to whichMZ twins reared
together in the same home are different from another other (1 − rMZ). The variable e2 captures
the impact of environmental influences that are unique to each person instead of being shared
by family members, as well as randomness and measurement error. Reviewing the twin literature
from the perspective of e2 has the benefit of collapsing the specious nature-nurture debate, as the
systematic effects of both genetics and family-level environments reduce e2.

Informed by philosophical perspectives on free will that emphasize whether or not a person
could have done otherwise, Turkheimer (2011) proposed that e2 be known as the free-will coef-
ficient. Whether one can glean from twin studies any information about a person’s metaphysical
freedom to do otherwise is, to put it mildly, controversial. But even if we put aside metaphysical
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Figure 1

Heritabilities of human phenotypes and lay perceptions of heritability. The figure shows scatterplot and
associated regression line of mean lay estimates of genetic influence for 20 human traits (excepting
colorblindness) in a Mechanical Turk sample of 1,041 participants, along with published estimates of
heritability for these traits from meta-analyses and large-scale twin studies. Data are converted from a 1-to-5
Likert scale to a 0-to-1 variance scale. The correspondence between lay estimates and published estimates is
r = 0.77 (r2 = 0.59). Points are color-coded to their group membership according to the results of a
four-factor solution of all responses. Abbreviation: ADHD, attention-deficit/hyperactivity disorder. Figure
adapted with permission from Willoughby et al. (2019).

discussions about whether people really have free will, identical twins provide a glimpse into how
constrained one’s life path is by one’s starting point in life, which encompasses both having a par-
ticular genotype and being born in a particular time and place. When e2 is low (<20%), people
who begin life at the same starting point tend to show highly similar life outcomes, whereas a high
e2 indicates that there is a large amount of “elbow room” (Dennett 2015) for the emergence of
individuality. The method of estimating e2 in human twin studies parallels experimental research
that uses isogenic animals, including fruit flies (Linneweber et al. 2020), mice (Freund et al. 2013),
and fish (Bierbach et al. 2017), to study the emergence of individuality in behavior.

Not surprisingly, e2 is low for physical traits, like height and eye color, over which people are
presumed to have little agency. But e2 is also low for many psychiatric diseases like schizophrenia,
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Genotyping:
measuring the unique
genetic makeup of an
organism
by measuring some or
all of its DNA
sequences

Single-nucleotide
polymorphism
(SNP): a type of
genetic difference
whereby individuals
differ in a single DNA
nucleotide

bipolar disorder, and autism spectrum disorders; for cognitive abilities like processing speed and
executive functioning (Engelhardt et al. 2016); and for socially relevant outcomes like antisocial
behavior (Krueger et al. 2002) and educational attainment (Branigan et al. 2013). At the same
time, e2 is substantial for other traits and characteristics, like personality (Briley & Tucker-Drob
2017), income (Benjamin et al. 2012), and marital status ( Jerskey et al. 2010). You only have one
life to live, but if you rewound the tape and started anew from the exact same genetic and envi-
ronmental starting point, how differently could your life go? Overall, twin research suggests that,
in your alternative life, you might not have gotten divorced, you might have made more money,
you might be more extraverted or organized—but you are unlikely to be substantially different in
your cognitive ability, education, or mental disease.

Heritability in the Post-Genomic Era

The Human Genome Project, which took over a decade to complete, sequenced a complete
human genome at a cost of approximately $3 billion. Now, a few decades later, the cost of
whole-genome sequencing has plummeted, now being less than $1,000 per person. And the cost
of whole-genome sequencing, which measures every DNA letter in a person’s genome, still far
exceeds the cost of genotyping a person on a genome-wide single-nucleotide polymorphism
(SNP) array. Unlike whole-genome sequencing, a SNP array measures only a fraction of the
genome, focusing on several million genetic variants that commonly vary between humans. SNP
genotyping from noninvasive samples of human saliva is now available for less than $60 per person.

This rapid decrease in genotyping costs has revolutionized the commercial and research land-
scape. Direct-to-consumer genetics companies, such as 23andMe© or Ancestry.com, have now
genotyped millions of people worldwide, providing them with information about health-relevant
genetic variants and geographical ancestry. The explosion of direct-to-consumer genetic testing
has raised critical questions about, for example, how to maintain one’s privacy when one is identifi-
able from genetic data given by one’s relatives, and what consumer safeguards are necessary when
delivering potentially distressing information about one’s parentage, ancestry, or future health.
At the same time, it has already proved a boon to genetic research by giving scientists access to
genetic data on hundreds of thousands—or even millions—of people.

Enormous samples of genetic data have also been amassed by national biobanks, such as the
UK Biobank and the Estonian Biobank. Thus far, the United States has lagged behind other
countries in collecting and disseminating genetic data for the scientific community, but the launch
by the National Institutes of Health of the All of Us research program, as well as the ongoing
Million Veteran Program by the US Department of Veterans Affairs, has the potential to make
it easier to conduct genetic research with American participants without relying on partnerships
with corporations like 23andMe©. For now, the UK Biobank, which collected DNA from 500,000
participants in the United Kingdom, remains a primary source of data for large-scale genomic
research, not only because of its size, but also because it has transparent and straightforward data
access procedures and documentation.

Critics of the field of behavioral genetics have often predicted that the ability to measure the
human genome directly would upend many of the assumptions and conclusions of twin and family
studies (Charney 2012). “Another nine-inch nail for behavioral genetics!” was the title of one
such prematurely triumphant paper (Lerner 2006). Instead, many of the core assumptions and
conclusions of twin research have been validated using newer sources of genomic data.

For instance, a critical assumption of the twin model is that identical twins are not treated more
similarly by parents or by others in their environment, in ways that are relevant for a phenotype,
simply because they are identical twins. One test of this equal-environments assumption is to
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Zygosity: the genetic
relationship between
twins; monozygotic
twins are genetically
identical, whereas
dizygotic twins have
the same genetic
relationship as
nontwin full siblings

Missing heritability:
the gap between the
heritability of a
phenotype estimated
from a twin study and
the variation in a
phenotype accounted
for by measured
genotypes

consider twin pairs who have been misclassified by their parents (a not uncommon occurrence)
and so are believed to be identical when they are, in fact, fraternal, or vice versa. Supporting
the validity of the equal-environments assumption, the phenotypic similarity of twins tracks their
actual genetic relationship, not their perceived zygosity (Conley et al. 2013).

Even more compellingly, genome-wide data can be used for so-called assumption-free meth-
ods that estimate heritability based on measured genetic relatedness (Visscher et al. 2006). One
such method relies on the fact that sibling pairs randomly vary in the extent to which they inherit
the same DNA segments from their parents (referred to as identity-by-descent sharing). The ex-
pectation is that siblings will share 50% of their segregating genetic variance on average, but this
expectation is like the expectation that a coin will land on heads 50% of the time. In reality, any
one pair of siblings can bemore or less genetically similar, and variation across sibling pairs in their
extent of identity-by-descent sharing can be leveraged to estimate heritability directly fromDNA.
Just as a twin model estimates heritability by testing whether dizygotic twins are more different in
their phenotype than monozygotic twins, the assumption-free method for estimating heritability
tests whether sibling pairs who have less identity-by-descent sharing are more different in their
phenotypes than sibling pairs who have more. Other DNA-based methods for estimating heri-
tability leverage small differences in the extent of measured genetic similarity found among pairs
of people who would not typically be considered relatives (Yang et al. 2010): Are pairs of people
who are more genetically similar also more phenotypically similar?

An early study using aDNA-basedmethod estimated the heritability of height to be∼80%, and
it noted that this result was “consistent with results from independent twin and family studies but
using an entirely separate source of information” (Visscher et al. 2006). However, although the
results from DNA-based methods of estimating heritability scale with the estimates from twin
and family studies, the former are typically smaller (Young et al. 2019). This discrepancy between
heritability as estimated from classical twin and family studies and heritability as accounted for
by measured DNA was labeled the missing heritability problem (Manolio et al. 2009). Recent
work has suggested that some of the missing heritability is actually “hiding” in rare variants that
are not typically measured and in the heterogeneity of genetic effects across populations (Tropf
et al. 2017, Wainschtein et al. 2019, Young 2019). Whether missing or hiding, the continued gap
between DNA-based estimates of heritability and estimates from twin/family studies means that
the latter might still be overestimating heritability due to faulty assumptions. But it is no longer
reasonable, contra some predictions, to expect that advances in human genomics will reveal that
the heritability of psychological phenotypes is entirely illusory.

The Tacit Collusion to Ignore Heritability

The DNA revolution has confirmed what we have known for some time: Genetic differences
between people are a nonignorable source of heterogeneity in psychological and behavioral
traits, including cognition, achievement, personality, psychopathology, social relationships, health
behaviors, fertility, and beyond. One corollary of this conclusion is that genetic differences
potentially confound nearly all correlational studies of the relationships between individual
psychological outcomes and people’s environmental contexts. This is because environments are
not purely exogenously imposed on the individual. Rather, they are selected or actively crafted,
either by the individual or by other people (such as parents) who are genetic relatives.

This is not a new observation. The problem of genetic confounding for social science, par-
ticularly for the nonexperimental research designs that are commonly employed in fields such as
developmental and clinical psychology, has been repeatedly and cogently articulated for at least
the past half-century. Yet, as Freese (2008, p. S19) noted,
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Nucleotide: part of
the DNA molecule; a
DNA sequence is
made up of 4 types of
nucleotides, which are
abbreviated G, C, T,
and A

Allele: one of two or
more versions of a
gene; the rarer version
of a gene is the minor
allele

Summary statistics:
list of genetic variants
and association
statistics resulting
from a GWAS that
reflect the strength of
those variants’
association with a
target phenotype

Population
stratification:
systematic differences
in allele frequencies
between groups of
people; uncontrolled
population
stratification can
confound GWASs,
leading to spurious
results

Genetic ancestry:
patterns of genetic
similarity and
dissimilarity in human
populations that are
the result of human
demographic history

Many quarters of social science still practice a kind of epistemological tacit collusion, in which genetic
confounding potentially poses significant problems for inference but investigators do not address it in
their own work or raise it in evaluating the work of others. Such practice implies wishful assumptions
if our world is one in which “everything is heritable.”

Unfortunately, Freese’s (2008) assessment remains true more than a decade later. Perusing the
contents of a single issue of a prominent journal in developmental psychology, for instance, one
will find studies relatingmaternal depression and child intelligence, parental problem drinking and
child sleep, maternal language and child executive function, child perceptions of caregivers and
asthma-related immune function, family turbulence and child internalizing behaviors, parental
structuring and child emotional eating, and maternal postpartum depression and child behavior
problems. All of these studies use data from genetic relatives with only a cursory mention, at best,
of the possibility that observed associations might be due to genetic inheritance. Whether one’s
research goals are to identify targets for intervention or contribute to a basic understanding of
developmental processes, the continued proliferation of research studies with, as Freese (2008,
p. S19) describes it, an “incisive, significant, and easily explained flaw” represents an enormous
waste of scientific resources.

THE ASSOCIATION STUDY IS DEAD; LONG LIVE
THE ASSOCIATION STUDY

Genome-Wide Association Studies

GWASs typically measure hundreds of thousands or even millions of SNPs scattered throughout
the entire genome. SNPs are genetic variants whereby people differ by a single DNA letter, or
nucleotide. Because humans have two copies of every gene, a person might have 0, 1, or 2 copies
of the alternative version of the SNP (i.e., the minor allele). The phenotype of interest—which
could be as obviously biological as height or as socially complex as educational attainment or
depression—is then used in a series of linear regression models, where it is regressed onto each
SNP, one at a time, plus a set of standard covariates like age and sex. This exercise yields a set of
summary statistics, or a set of beta weights representing the strength of the association between
each SNP and the phenotype of interest. Because a GWAS conducts a large number of statistical
tests, statistical significance is defined very strictly: A SNP is not typically considered a “hit” unless
it is associated with the phenotype at p < 5 × 10−8 (what is called genome-wide significance).

Even if genome-wide significant association is detected, a SNP might not cause a phenotype.
Rather, it could be correlated with the phenotype because it is structurally correlated with an-
other (unmeasured) genetic variant that is the causal variant, or because it is correlated with an
environmental factor that varies between human populations or subpopulations, a problem known
as population stratification (Hamer & Sirota 2000). Researchers attempt to correct for population
stratification by restricting their analyses to people who have similar genetic ancestry (e.g., people
who are all of European ancestry). They then compute 100+ principal components that capture
broad patterns of genomic similarity produced by human demographic history and include these
as covariates in GWAS analyses. As a result, GWASs analyze genetic differences within groups of
people that are fairly homogenous with regards to ancestry, and GWAS results are silent regard-
ing the sources of differences between groups that differ in ancestry (e.g., between people with
European versus African ancestry) (Martin et al. 2017). Despite these controls, follow-up work is
necessary to confirm that any GWAS result is actually picking up on any causal signal. Within-
sibling comparisons are particularly useful, as genotypes are randomized to siblings duringmeiosis
(Young et al. 2019).
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As genetic data have become more common (see the section titled Heritability in the
Post-Genomic Era), GWAS research has accelerated rapidly. There have now been large-scale
(N� 30,000–1,500,000) GWASs conducted for a wide variety of phenotypes relevant for psychol-
ogy, including psychiatric diseases, subjective well-being, personality traits, risk-taking behavior,
substance use behaviors, educational attainment, cognitive ability, noncognitive skills, and body
mass index (Buniello et al. 2019).

Overall, GWAS results have yielded two general lessons for psychology. First, traits of interest
to psychologists are massively polygenic, meaning that they are associated with thousands upon
thousands of genetic variants scattered throughout the genome, each of which has a tiny effect.
This has been called the fourth law of behavior genetics (Chabris et al. 2015). Second, the aggre-
gate predictive power of measured genetic variants, in some cases, rivals the predictive power of
traditional social science variables, such as family socioeconomic status (SES) (Lee et al. 2018).
In the subsequent sections, I consider the implications of each of these lessons for the future of
psychological science.

Polygenicity and the Failed Candidate Gene Paradigm

Given what we now know about the effect size of individual genetic variants in relation to psycho-
logical and behavioral traits (R2 � 0.1%), it is clear that psychological studies that interrogated
single candidate genes, such as 5HTTLPR (a variant of the serotonin transporter gene), were
massively underpowered statistically, and their results were false positives (Chabris et al. 2012).
This methodological flaw—insufficient statistical power—is even more pronounced for studies of
candidate gene × environment interaction (cG × E), such as studies of the interaction between
5HTTLPR and life stress on depression (Caspi et al. 2003). As early as 2011, analysts warned that
most positive cG × E findings were false discoveries (Duncan & Keller 2011). In the next decade,
subsequent review and editorial statements about candidate gene and cG × E findings warned
that “it now seems likely that many of the published findings of the last decade are wrong or mis-
leading and have not contributed to real advances in knowledge” (Hewitt 2012, p. 1), and that
“the first decade of cG × E has produced few, if any, reliable results” (Duncan et al. 2014, p. 258).
Most recently, an analysis using preregistered analysis plans and samples as large as ∼400,000
people concluded that there was “no support for historical candidate gene or candidate gene-by-
interaction hypotheses for major depression across multiple large samples” (Border et al. 2019).

Damningly, Border et al.’s (2019) review found that psychology had continued to produce can-
didate gene studies at a steady rate from 2007 through 2016 (the last year analyzed), despite the
fact that such studies did not meet editorial standards at genetics journals and had been rigor-
ously criticized for fatal methodological flaws. Such studies were also prominently featured in the
genetics-focused reviews published in these pages in the past decade. Even now, underpowered
candidate gene studies continue to be regularly submitted to psychology journals. Clear editorial
policies, such as the one enacted by the journal Behavior Genetics (Hewitt 2012), which required
associations with single genetic variants to meet genome-wide significance levels, are necessary
to prevent further proliferation of a discredited research paradigm. Clarity regarding the flaws of
candidate gene research is additionally necessary, because studies on MAOA (the so-called war-
rior gene) and other candidate genes are still used in forensic settings (McSwiggan et al. 2017).
Whether testimony that links propensity to violence to a single genetic variant can be excluded as
scientifically unreliable is now being debated by the New Mexico Supreme Court [State v. Yepez
(2018)].

Psychologists persisted in conducting candidate gene research long after the central flaws
of the methodology had been incisively and convincingly described. What went wrong? The
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proliferation of cG × E research was doubtlessly influenced by more general factors that
contributed to the replication crisis in psychology, such as investigator degrees of freedom and
incentives against publishing null results. In addition, researchers might have been particularly
eager to publish results that confirm their prior belief that genetic associations are ubiquitously
moderated by variations in environmental context, because such results intuitively undermine
ideas about genetic determinism and a nature-versus-nurture binary (Tabery 2014).

In contrast, in the absence of environmental moderation, genetic research on human psy-
chology, particularly on socially valued traits like intelligence and self-control, is widely seen as
subversive, because it is perceived as posing a challenge to “ideals of responsibility and equality so
central to our democratic system” (Fox 2019, p. 164). Consistent with Fox’s theoretical analysis,
scientists who report genetic main effects on intelligence are perceived as having less egalitarian
values—e.g., to be less likely to endorse views like “People and social groups should be treated
equally, independently of ability,” and more likely to endorse views such as “Some people . . .

should be treated as superior” (Hannikainen 2019). The cG × E paradigm allowed researchers
who appreciated the relevance of genetics for human psychology to escape the perceived dan-
ger of producing subversive science, as the method appeared to yield bounteous evidence for
interaction effects in small, easily acquired samples. Older, more rigorous behavioral genetic
methods, in contrast, required large samples, special populations (such as twins), and yielded
statistically significant interaction effects much less consistently (e.g., Tucker-Drob & Bates
2016).

In summary, large-scale GWASs provided definitive evidence that the past two decades of psy-
chological research on candidate gene associations and cG × E interaction effects yielded few real
scientific insights. As psychology begins to move away from these discredited paradigms to more
rigorous approaches (such as the polygenic score analyses described in the next section), it will be
important to guard against letting the field’s enthusiasm for the idea of interaction supersede its
commitment to methodological rigor.

Polygenic Scores Are Social Science Variables

The extremely small effect sizes of associations with individual genetic variants means that the
types of samples that psychologists typically work with (with N ranging from tens to thousands)
are not useful for discovering new genetic variants that are relevant for social and behavioral
phenotypes or for following up the effects of individual variants. However, the effects of genetic
variants scattered throughout the genome can be aggregated together in the form of a polygenic
score. Briefly, polygenic scoring takes the summary statistics from a GWAS and uses them as a
type of scoring key for genetic data from a new (independent) sample of people. A person’s allele
count (0, 1, or 2) at each SNP is multiplied by that SNP’s beta weight from the GWAS, and then
the weighted counts are summed across the genome. The resulting polygenic score is a single
number for each person that reflects an estimate, based entirely on DNA information, of their
likelihood to display the target phenotype.

Because of differences between human populations in genetic ancestry, polygenic scores cre-
ated using GWASs conducted in one population are generally less predictive of phenotypes in
other populations (Duncan et al. 2019). Moreover, average polygenic scores cannot be compared
across different ancestral groups (Martin et al. 2017). Currently, the vast majority of GWASs are
conducted with European-ancestry populations,with large amounts of data coming from just a few
countries, such as the United States and Iceland (Martin et al. 2019). Criticisms of the Eurocen-
trism of genetic research mirror criticisms of psychology’s focus on so-called WEIRD (Western,
educated, industrialized, rich, and democratic) populations (Henrich et al. 2010).
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Within European-ancestry samples, however, some polygenic scores now rival the predictive
power of traditional variables used in social science research.This was powerfully demonstrated by
a GWAS of educational attainment (defined as years of schooling) conducted among 1.1 million
people. In an independent sample of European-ancestry participants from the National Longitu-
dinal Study of Adolescent Health (Add Health), a polygenic score of education-associated genetic
variants was as strongly associated with educational attainment as family income (Lee et al. 2018).
Recognizing that polygenic scores allow researchers an opportunity to integrate genetic measures
in modestly sized samples, many commonly used social science data sets—like Add Health, the
Wisconsin Longitudinal Study, the Health and Retirement Survey, and the Panel Study of Income
Dynamics—havemoved toward releasing polygenic score information to researchers (Okbay et al.
2019).

Unfortunately, the burgeoning predictive power of polygenic scores has led some high-profile
academics to oversell them, referring to polygenic scores as fortune-tellers (Plomin 2018) or as
measures of inborn or innate traits (Murray 2020). These statements reinforce the tendency to
interpret genetic associations as evidence for genetic determinism or genetic essentialism (Dar-
Nimrod & Heine 2011) and are not supported by the evidence. First, the magnitudes of the cor-
relations with even the best polygenic scores, while mirroring the effect sizes typical in social
and behavioral science, are far from the level of prediction accuracy necessary for valid individual
prediction (Morris et al. 2019). Non-heritable variation in the phenotype, sampling error in the
original GWAS used to create the polygenic score (Dudbridge 2013), and differences in sample
composition between the original GWAS sample and the polygenic score sample (Mostafavi et al.
2020) attenuate the predictive power of the polygenic score.

Second, associations with polygenic scores—like the SNP associations detected in GWAS—
can be tapping uncorrected population stratification; that is, they could be driven by environ-
mental differences that systematically covary with genetics. The effect size of polygenic scores
obtained from sibling fixed-effects models (i.e., from within-family designs) is a better measure
of the association free from population stratification, as genes are randomized within sibling pairs
(Trejo & Domingue 2019). Often, for behavioral and social phenotypes like education or child-
bearing, the within-family effect size is about half the between-family effect size (Lee et al. 2018,
Mostafavi et al. 2020).

Third, even the causal effects of genetic variation might depend on transactions with envi-
ronmental processes (Tucker-Drob et al. 2013). For instance, genetically influenced early traits in
children might elicit greater cognitive stimulation from caregivers, which further facilitates the
development of intelligence (Tucker-Drob & Harden 2012). Such “outside the skin” processes
for genotype–phenotype relationships are expected to be the norm for psychological develop-
ment. Other research has found that the polygenic score of a focal person is associated with their
phenotype because it is indirectly measuring the genotype of the focal person’s parent, who is
providing environments relevant for the phenotype. One clever demonstration of this was a study
showing that polygenic scores are less predictive of a person’s educational attainment if they are
adopted than if they are raised by their biological parents (Cheesman et al. 2019). In the case
of adoptees who are not genetically related to their parents, the polygenic score is not revealing
anything about the environment provided by those parents.

In this way, polygenic scores are similar to most variables used in social science research. Con-
sider, for example, a researcher who reports a correlation between a child outcome and family
SES, or who includes SES simply as a covariate in a study of another focal variable. Correlations
with SES are not evidence for a deterministic process: Children who grow up in poverty are not
destined to experience a particular outcome, there is considerable variability in life trajectories
across the SES spectrum, and family SES is expected to function differently across societies and
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historical times. SES is itself a composite variable, typically calculated by combining information
about parental education, income, and occupational status, each of which captures an array of
subordinate processes. Correlations with SES or any of its components reflect a combination, in
largely unknown proportions, of casual processes and confounding by other variables (including
genotype) that themselves systematically vary with SES.Controlling for SES is more difficult than
it might originally appear, as the role of measurement error must be taken into account (Westfall
& Yarkoni 2016). Like SES, a polygenic score is a risk factor that is measured with error, is prob-
abilistically correlated with developmental outcomes, and operates through largely unspecified
mechanisms that are socially and historically contingent.

There are, of course, some differences between polygenic scores and other social science vari-
ables that make them interesting for research purposes.DNA sequence is fixed at conception; thus,
polygenic scores do not change over the course of an individual’s lifespan. As such, they are im-
mune from reciprocal causation. This makes them useful for studying recursive processes, such as
peer influence or academic achievement. For instance, one study examined the peer metagenomic
context to study peer influences on smoking (Sotoudeh et al. 2019). One person’s behavior might
change their peers’ behavior, but it cannot change their peers’ DNA. Consequently, relationships
between peer DNA and one person’s smoking can offer new insights about peer influence. An-
other study used polygenic scores to examine students’ trajectories through the high school math
curriculum. Unlike measures of math ability or interest, which are dynamic and could be affected
by the difficulty of one’s previous math classes, polygenic scores are inert and can thus be used as
molecular tracers to see how students with fixed characteristics progress in their STEM education
(Harden et al. 2019).

The immutability of polygenic scores also makes it possible for researchers to add genetic
information long after the conclusion of the study. For example, people who participated in a
study of early childhood intervention could be genotyped as adults, thus adding a new source of
information about their childhood that is not tainted by recollection biases or errors (see Rietveld
et al. 2013, supplement, for a discussion of this idea).Moreover, a person’s genetic information can
be used to create multiple polygenic scores—as many as there are available GWASs—and these
polygenic scores can be updated as new genetic insights become available, without new contact
with the participants.

Summary

The past two decades of genetic research in psychology have witnessed the explosion of candi-
date gene studies and the (later, slower, but ultimately more enduring) ascension of GWASs. The
latter approach, which has emphasized international collaboration and enormous sample sizes,
has finally yielded replicable insights about which genetic variants are associated with social and
behavioral phenotypes. As the predictive power of polygenic scores begins to rival traditional
social science variables, genetic insights can now be leveraged by psychological scientists in mod-
estly sized samples. Thus, the field is now finally able to address some of the questions about
gene–environment interplay that animated the candidate gene era, particularly when the newer
methods that rely on measured genotypes are combined with the familiar workhorse of behavioral
genetics—the family design. It is to the future of studying gene–environment interplay that I turn
in the final section.

THE FUTURE OF GENE–ENVIRONMENT INTERPLAY

As I described at the beginning of this article, it was already clear in the early 1960s that genetics
conditioned the variation we observe in people’s “ability, energy, health, character, and other
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socially important traits” (Dobzhansky 1962, p. 112). But the scientists working in the 1960s
could have scarcely imagined the tools that we can now bring to bear on studying the genetics
of behavior. The ability to sequence human genomes cheaply, noninvasively, and at scale has
ushered in a golden age of genetics research.

Since the earliest days of genetics, there has been enduring interest in superseding a nature-
versus-nurture binary to understand what has come to be known as gene–environment interplay
(Rutter & Silberg 2002, Rutter et al. 2006). The term gene–environment interplay captures a vari-
ety of ways in which genetic and environmental effects can be dependent on each other, including
epigenetics, gene–environment correlation, and gene × environment interaction. Even more
simply, research designs that include genetic information can be used to study environmental main
effects on behavior. Such insights are not “interplay” as usually conceptualized, but they empha-
size a more general point: that genetic research is not useful solely for understanding biological
effects.

In the following sections, I consider three streams of research on gene–environment interplay,
broadly defined: (a) research that uses genetic information to reveal the ways that social privi-
lege is transmitted across generations; (b) research that considers how genetic influences vary as
a function of sociopolitical or historical context, the life course, and other social structures; and
(c) research that uses exogenous environments (e.g., interventions, policy reforms, and natural
experiments) to understand the mechanisms of genetic effects and heterogeneity in response to
environmental change. Throughout, I focus on examples from genetic research on cognitive abil-
ity and educational attainment but suggest how similar designs could be used for the study of other
psychological phenotypes.

Studying the Genetic Lottery Reveals the Importance of the Social Lottery

The importance of genetic influences is often misinterpreted to mean that family-level environ-
ments, such as school contexts, neighborhood conditions, family SES, and parenting behaviors,
are unimportant. One prominent behavioral geneticist, for instance, summarized twin studies
as demonstrating that parents and schools “matter, but don’t make a difference” (Plomin 2018,
p. 82). This is false. Twin and adoption studies do indeed pose a challenge to a naïve environmen-
talism that presumes that all correlations between parents and children are due to the effects of
the former on the latter. Resemblance among family members for some psychological phenotypes
is, indeed, primarily due to the fact that they are genetically related (Polderman et al. 2015). But
twin studies (in conjunction with molecular genetic studies, which are discussed in more detail
below) provide some of the strongest evidence that families reproduce their social privilege across
generations through environmental mechanisms, not just genetic ones.When it comes to whether
one is poor or rich, educated or uneducated, the family-level environment in which the person was
raised does certainly make a difference.

Evidence from twin and adoption studies.The importance of shared environmental influences
is most clearly apparent for educational attainment, defined as the number of years of schooling
that one completes. People with more education make more money, are more likely to be
employed in prestigious occupations, are more likely to be married and to avoid nonmarital
childbearing, have higher subjective well-being, and live longer (Case & Deaton 2017, Deaton
2013). A meta-analysis of 15 twin studies spanning 10 countries found that 36% of the variance
in educational attainment, on average, was due to environmental factors shared by children raised
in the same home, i.e., the family-level environment (Branigan et al. 2013). In one-third of the
included studies, the proportion of variance attributable to the shared environment exceeded the
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estimated heritability; that is, for many cohorts of people, the social lottery remains even more
important than the genetic lottery in shaping how far they go in school.

Shared environmental influences on educational outcomes are also evident at earlier points
in the educational trajectory. Whereas more basic cognitive abilities like executive functioning
and processing speed are nearly perfectly heritable even in childhood (Engelhardt et al. 2015),
academic skills in reading and mathematics, which are the direct targets of instruction, show sub-
stantial shared environmental variance, even when all participants are drawn from schools in a
single geographical area (Engelhardt et al. 2019, Rimfeld et al. 2018b). In Germany, shared en-
vironmental influences are minimal for cognitive test performance but are substantial in relation
to whether a student is tracked into gymnasium, i.e., the college-preparatory academic track that
permits matriculation to university (Schulz et al. 2017). In societies that reproduce privilege across
generations, the family environment in which one is raised makes a difference in how far one goes
in school.

In contrast to what is seen for educational attainment, most studies find a minimal effect of
shared environmental factors on cognitive abilities, particularly when measured in adulthood. It
has been suggested, however, that this near-zeromain effect of the family-level environmentmasks
the heterogeneity of the effects of the shared environment across the SES spectrum.An early paper
by Turkheimer et al. (2003) analyzed data from a sample of twins with an unusual overrepresen-
tation of children in poverty and found substantial effects of the shared environment on cognitive
ability at age 7. Subsequent research on the genotype × SES interaction effect yielded mixed re-
sults, with several studies finding null effects or even effects in the opposite direction. However,
a meta-analysis of this literature (Tucker-Drob & Bates 2016) found evidence of a significant in-
teraction effect (albeit with a smaller effect size than estimated by Turkheimer and colleagues, an
example of the winner’s curse), particularly in the United States.

The importance of the shared environment for cognitive ability has also been demonstrated us-
ing adoption studies. In particular, population-wide data from Sweden allowed researchers to esti-
mate the impact of the family environment using a unique sample of male-male sibling pairs where
one brother was adopted while the other brother was raised by his biological parents (Kendler et al.
2015). The IQ score of the adopted brother was, on average, ∼4 points higher, an increase that
varied with the education level of the adopting parents.

Evidence from polygenic score analyses. In addition to evidence from classical twin studies
and adoption studies, the advent of polygenic scores has provided evenmore evidence that families
reproduce their social privilege through environmental mechanisms.One particularly noteworthy
study analyzed a large sample of trios (a focal person and both of their parents) from Iceland, using
a design that allows researchers to examine the genetic variants that children inherit from their
parents as well as the genetic variants that they do not inherit (Koellinger & Harden 2018, Kong
et al. 2018). (Recall that humans are diploid organisms with two copies of every gene, only one of
which is randomly transmitted to any child.) If the parental genes that a child does not inherit are
nevertheless associated with the child’s phenotype, this association must be due to environmental
transmission from parent to child, as genetic inheritance has been ruled out by design. This is
exactly what was observed for educational attainment: The nontransmitted parental genotypes
were associated with the child’s educational attainment.

Other research has compared how children with similar polygenic scores fare differently in life
as a function of their social background. A notable study by Belsky and colleagues (2018), which
pooled data from five samples that spanned several countries and birth cohorts, examined how
polygenic scores created from a GWAS of educational attainment predicted intergenerational
social mobility, i.e., whether a person increased or decreased in social class relative to their
parents. They found that higher polygenic scores predicted greater social mobility, even when
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comparing within sibling pairs. As sibling genetic differences are random, the within-family
analysis is compelling evidence that genetic differences between people are causally related to
social mobility. At the same time, children with high polygenic scores who were raised in low-SES
families still ended up worse off, as adults, than children with low polygenic scores who were
raised in high-SES families.

A complementary analysis of overlapping data (from the Health and Retirement Survey) from
an independent group of investigators found additional evidence for an interaction between poly-
genic score and child SES in predicting rates of college graduation, with stronger genetic asso-
ciations evident among high-SES families (Papageorge & Thom 2020). [The direction of this
interaction is consistent with twin studies of G × SES interactions (Tucker-Drob & Bates 2016).]
A college degree, in turn, was a strong predictor of labor market earnings at all levels of the poly-
genic score.

An interaction between polygenic score and social privilege was also evident in a study that
we conducted on the relationship between educational attainment polygenic scores and progress
through the high school math curriculum (Harden et al. 2019). On average, higher polygenic
scores were associated with tracking tomore advancedmath classes at the transition to high school
and with greater persistence in math across all four years of high school, even when controlling for
family SES and math course grades in the previous year. However, students at socioeconomically
advantaged schools (those primarily serving families with higher levels of parental education) were
buffered from dropping out of math even if they had relatively low polygenic scores. Together,
these studies reveal environmentally rooted inequities in the extent to which genetic differences
between people are translated into human capital and socioeconomic attainments.

Summary and future directions. In summary, recent behavioral genetic studies on educational
attainment and social mobility illustrate that genetic research can actually provide strong evidence
for the power of social privilege. As mentioned in the Introduction, a recurrent fear about behav-
ioral genetic studies is that they will be used to naturalize and justify social inequalities (Columbia
Law Sch. 2017, Parens 2004), but recent studies have, in fact, spotlighted how social privilege is
replicated across generations via environmental mechanisms.

Genetic Influences in Sociopolitical and Historical Context

The biologist Richard Lewontin was one of the twentieth century’s most vehement critics of be-
havioral genetics. In a still widely cited paper, Lewontin (1974) took aim at twin studies and,
more generally, at linear regression models, path analysis, and the analysis of variance. He criti-
cized the results of twin models, because they depend on the particular distribution of genes and
environments in the population being studied, for having a “historical (i.e., spatiotemporal) lim-
itation”; the “spatiotemporally local analysis of variance” was described as “useless,” in contrast
to the “global analysis” of “functional relations,” i.e., mechanisms of gene action (Lewontin 1974,
pp. 403, 410).

Lewontin was correct, of course, that behavioral genetic methods are local analyses that make
statements about specific populations of people living in a specific time and place; but the biolo-
gist’s trash has turned out to be the psychologist’s and sociologist’s treasure. Nearly a half-century
after Lewontin’s critique, it is now clear that analyzing genetic associations with human psycho-
logical outcomes in spatiotemporally local samples has yielded interesting insights about how such
associations differ across historical and sociopolitical context—and how they do not.

Onemajor theme that has emerged from historical and cross-national comparisons of twin data
is that heritabilities are generally higher at times and places that provide large amounts of social
opportunity. Four recent papers, in particular, support this idea. First, data from the World Bank
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on national differences in intergenerational social mobility, defined by the parent-child correlation
in years of schooling,werematched to results from twin studies of educational attainment (Engzell
&Tropf 2019). In countries with lower social mobility (such as Italy and the United States), shared
environmental variance in educational attainment was higher (and heritability was lower) than in
countries with higher social mobility (such as Denmark). Second, an earlier paper compared just
two twin samples and similarly concluded that “family background buys an education inMinnesota
but not Sweden” ( Johnson et al. 2010).

Third, within the United States, the association between polygenic score and educational at-
tainment differed by birth cohort and gender. In an older birth cohort (born 1939–1940), the
genetic association was stronger for men than for women. However, as structural constraints on
women’s access to education diminished over the course of the twentieth century, the gender
difference in the predictive power of the polygenic score similarly diminished; that is, social op-
portunity led to stronger genetic associations.

Fourth, analyses of data from Estonia show a similar pattern, albeit over a more dramatic social
transition (Rimfeld et al. 2018a). The heritability of educational attainment, as estimated based on
measured DNA rather than twin data, was compared for Estonians who came of age during and
after the Soviet regime. In comparison to earlier cohorts who were raised in a totalitarian govern-
ment that provided little social opportunity, later cohorts of Estonians showed higher heritability
of educational attainment.

Together, these results reveal that more open societies—e.g., those with intergenerational so-
cial mobility, gender equality in education, and nontotalitarian government—are typically associ-
ated with stronger effects of genetics and weaker effects of the family social background.Whether
or not inequalities tied to genetics are more palatable than inequalities tied to family social class
is a different question. As political philosopher John Rawls stated, “once we are troubled by the
influence of either social contingencies or natural chance on the determination of distributive
shares, we are bound on reflection to be bothered by the influence of the other. From a moral
standpoint the two seem equally arbitrary” [Rawls 1999 (1971), pp. 64–65].

The Next Generation of Gene × Environment Studies: Improving Causal
Inferences About Environmental Effects

In contrast to the macro-environmental contexts that I reviewed in the previous section, most
previous G × E studies have examined more micro-level environments that vary within a popu-
lation, such as urbanicity, family environment, peer context, school privilege, etc. However, vari-
ation in these environments is typically not exogenous to an individual’s genotype, complicating
attempts to estimate the causal effects of specific environments in observational data. Estimating
G × E in the presence of gene–environment correlation is challenging and can lead to false pos-
itive results (Keller 2014, van der Sluis et al. 2012, Van Hulle et al. 2013). More generally, the
problem of wresting causal inferences from correlations among variables is still a problem even
when the variable is entered as part of an interaction term (Fletcher & Conley 2013, Keller 2014).

To overcome this problem, future psychological research on G × E should seek to surmount
its reliance on endogenous environmental variation and instead integrate experimental and
econometric methods that allow for more rigorous inferences about causality. That is, researchers
should focus on natural experiments and quasi-experimental designs, such as instrumental vari-
ables, differences-in-differences, or regression continuity designs, which leverage quasi-random
variation in environmental exposure (Schmitz & Conley 2017). Alternatively, they should inte-
grate genetic data into fully randomized experiments, such as randomized controlled trials of
psychological interventions (Burt et al. 2019). Psychologists have been interested in integrating
genetics into intervention studies before (Bakermans-Kranenburg & van IJzendoorn 2015),
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but previous attempts at such an integration were stymied by insufficient statistical power and
a reliance on the flawed candidate gene paradigm. It is imperative for the next generation of
gene × intervention (G × I) research to improve its measurement of the genome, whether by
using polygenic scores or by using twin/family designs. Here, I will describe three examples of
G × E research that focus on exogenous environmental exposures and high-quality measures of
the genome and that showcase the promise of this approach.

In the first example, researchers used the Vietnam draft lottery to examine an interaction be-
tween genetic risk and military service on smoking behavior and health (Schmitz & Conley 2016).
Notably, the environment variable (E) that was entered into the analysis was not military service
itself, which is nonrandomly associated with socioeconomic background and other potentially
omitted variables; rather, researchers used an instrumental variable, date of birth, that governed
eligibility for the military draft. Among draft-eligible men, a polygenic score created from an in-
dependent GWAS of smoking initiation predicted ever being a smoker, being a heavy smoker, and
having smoking-related health problems such as cancer. This genetic association was not evident
among draft-ineligible men, suggesting that some aspect of exposure to military service activated
a genetic risk for smoking. Interestingly, a significant main effect of draft eligibility on smoking
was not detected, illustrating howmodest or null average treatment effects might mask substantial
gains for particularly at-risk populations (Bakermans-Kranenburg & van IJzendoorn 2015, Kent
et al. 2010, Yeager et al. 2019).

In the second example, researchers examined the effects of a policy reform in the United King-
dom that increased the years of compulsory schooling (Barcellos et al. 2018). Because the reform
applied only to students who were born after a certain date, there was quasi-random assignment
to the reform, which could be exploited to estimate its causal effect. On average, the educational
reform reduced body size. However, this salutary treatment effect was particularly strong for peo-
ple at high genetic risk for obesity, as measured by a polygenic score created from a GWAS of
body mass index.

As the policy reform preferentially benefitted people at high risk for obesity, it effectively nar-
rowed genetically associated health disparities. This outcome is not a foregone conclusion: Policy
reforms could, instead, operate equally across genotypes or could even exacerbate pre-existing
genetically associated disparities (e.g., produce a Matthew effect) (Merton 1968). Closing gaps
between subpopulations to achieve greater equality of outcome is frequently a goal of interven-
tion and policy (Ceci & Papierno 2005), but in the absence of genetically informed analyses such as
those conducted by Barcellos and colleagues (2018), whether gaps between people at high versus
low genetic risk are closed or widened is typically unknown by policy evaluators.

A third example of the next generation of G × E research examined interactions between
polygenic scores created from a GWAS of alcohol dependence and a randomized intervention
in adolescence, the Family Check-Up (Kuo et al. 2019). The Family Check-Up is designed to
improve parents’ management of their children’s problem behavior by improving the accuracy of
parental appraisals and providing training in skills such as limit setting and supervision (Dishion
& Kavanagh 2003). Among people who had been randomized to the treatment condition of the
Family Check-Up as adolescents (15 years prior to follow-up), polygenic scores were no longer
associated with rates of alcohol dependence.

This G × I result unites two previously separate lines of research that had independently
converged on similar environmental mechanisms. Specifically, twin research has found that the
genetic influences on externalizing behaviors are weaker in conditions of higher social control,
such as in families with high parental monitoring, whereas genetic influences are higher in con-
ditions that provide greater social opportunity for norm-violating behavior, such as involvement
with deviant peer groups (Barr & Dick 2019; Cooke et al. 2015; Dick et al. 2001, 2007; Harden
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et al. 2008; Mann et al. 2016; Slutske et al. 2019). At the same time, previous research on the Fam-
ily Check-Up identified parental monitoring and involvement with deviant peers as mechanisms
of treatment effects on problem behavior (Kuo et al. 2019). Together, these converging lines of
inquiry suggest that parental monitoring is an environmental switch that can disrupt the pathway
between genotype and alcohol dependence phenotype. Future research could mine similar points
of convergence between existing interventions and the behavioral genetic literature.

CONCLUSION

The study of how genes contribute to individual differences in human psychology will proba-
bly always be an object of fascination and fear. The field of behavioral genetics connects some
of our most cherished aspects of human identity and our most prized accomplishments to an ac-
cident of birth that preceded our conscious awareness. This fascination and fear fuel continuing
controversies over statistical parameters like heritability and over the legitimacy of conducting
behavioral genetic research at all. In the past few decades, there have been incredible technolog-
ical advances that have made it possible to measure the human genome directly. This genomic
technology has not, as some people feared, vindicated a biodeterministic view of human develop-
ment. As described in this article, genetic studies have provided some of the strongest evidence
for the continued importance of the social environment for the human life course. At the same
time, neither has genomic technology invalidated the central methods and conclusions of human
behavioral genetics. Instead, the future of behavior genetics is both more nuanced and more sci-
entifically interesting than the picture painted by its ardent champions or its vociferous critics.
Never before have behavior geneticists had such a wide array of powerful tools; never before have
the methodological and theoretical challenges of connecting DNA to human thoughts, feelings,
behaviors, and identities been more apparent.

SUMMARY POINTS

1. Genetic differences between people matter for every aspect of their thinking, feeling,
and behavior. Psychological characteristics and behaviors are typically influenced by very
many genes.

2. We can now measure the human genome cheaply and easily. Results from genomic re-
search have validated many of the assumptions of traditional behavioral genetics, and
family studies are more important than ever.

3. Studies on candidate gene × environment interactions, as well as studies that corre-
late aspects of child development with aspects of environments provided by biological
relatives, continue to be popular within psychology. These studies are often method-
ologically flawed, are unlikely to yield true insights, and can waste valuable scientific
resources.

4. Advances in genotyping technology, open science practices, massive sample sizes, and
large-scale international collaborations have finally begun to yield replicable knowledge
about specific genes associated with human psychology and behavior. This knowledge
can most readily be put to use by psychological researchers in the form of polygenic
scores.

5. Genetic research has provided strong evidence that families reproduce their social privi-
lege across generations via environmental mechanisms. It has also shown that the effects
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of the natural lottery of genetic inheritance play out differently across historical eras,
sociopolitical contexts, and other social structures.

6. Future psychological research on gene × environment interaction should prioritize ex-
perimental and econometric methods that allow for stronger inferences about the causal-
ity of environments. This approach has the potential to answer critical questions about
who is being served by existing interventions and how genetic differences are translated
into complex human outcomes.

7. Instead of shunning genetics out of fear that it will subvert cherished values about human
equality, or embracing a socially dangerous and scientifically flawed biodeterminism,psy-
chologists have a new opportunity to use the tools of the postgenomic age to improve
human health and well-being.
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