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Abstract
The work included in this dissertation represents empirical inquiries into three areas of
cause and consequence for individual differences in human intelligence: How molecular genetic data can be used to draw inference about environmental mechanisms, how
intelligence relates to information processing in the brain, and whether intelligence is
meaningfully malleable by parental influence into adulthood. Study 1 uses polygenic
scores derived from a large GWAS of educational attainment to demonstrate “genetic nurture”, through which the unique genetics of parents can give rise to passive
gene-environment correlation that affects their offspring’s years of education. Study
2 explores the observation that faster reaction time (RT) on elementary cognitive
tasks (ECTs) is associated with higher g. By partitioning stimuli into perceptual and
decisional stages of information flow, we show through both additive-factors logic and
diffusion modeling that g is expressed uniquely in the decisional, but not perceptual,
stage of processing. Finally, Study 3 examines the sources of variance in IQ in a fully
adult sample of adoptive and biological families to provide new evidence about the
extent of IQ’s malleability. We find that the environment fostered by the parents
explains less than 3% of the variance in their offspring’s IQ scores in adulthood. In
sum, the converging operations afforded by twin and adoption studies, GWAS, and
ECTs can address crucial questions of causal inference in human intelligence.
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INTRODUCTION
Human intelligence is arguably the most well-studied construct in modern psychology, and one of the most important in human life. Over a century of research has
led to incremental consensus regarding the structure, stability, heritability, and suite
of real-world consequences of differences in mental ability. The finding that cognitive
abilities form a multi-level hierarchy with a general factor, referred to as Spearman’s
g (Spearman, 1904), for example, has been described as the most replicated finding in all of psychology (Carroll, 1993). IQ tests are the modern tool of choice for
best capturing variance in this general factor, and modern measures of IQ have been
demonstrated as highly stable: both internally, with split-half reliability averaging
around .90, and across time, with a mean correlation coefficient across testing sessions of about .85 (Hunt, 2011). This high reliability is necessary to understand how
g is also able to predict a broad suite of outcomes, ranging from the speed of pressing
a button on a laboratory task to adult income and health. Large sample studies and
meta-analyses have replicated findings that childhood IQ scores are strong and reliable predictors of educational attainment (Roth et al., 2015), occupational (Schmidt
& Hunter, 1998) and socioeconomic success (Strenze, 2007), social mobility (McGue
et al., 2020), health (Whalley & Deary, 2001), and many other demands of everyday life (Gottfredson, 1997b). Although the link between childhood IQ and these
complex outcomes may be causally complicated by variables both intermediate and
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antecedent, childhood measures of IQ are nevertheless statistically associated with
these important outcomes and others.
Intelligence is also highly heritable, with five decades of twin studies showing that
genomic variation explains about 20 percent of the variance in cognitive ability in
infancy, up to over 60 percent in adulthood (Polderman et al., 2015). In addition to
this large genetic influence, experts now agree that the rearing environment conferred
onto a child by her parents almost invariably has less effect on her IQ than the genes
they confer, and that much of the remaining association between IQ and environmental measures is itself genetically mediated (Plomin, DeFries, Knopik, & Neiderhiser,
2016). The modern genetic technique of genome-wide association has revealed that
many genetic variants of individually small effect can collectively explain substantial
variation in cognitive phenotypes in extremely large samples, and individual scores
derived from these effects are now able to predict up to 13 percent of variance in
educational attainment and 10 percent in IQ (Lee et al., 2018).
Somewhere along the causal path between genes and behavior, IQ also makes predictions about the mechanistic expression of intelligence in the brain. This mechanistic
approach, which originates from cognitive psychology, typically provides information
about how IQ is related to simple tasks that draw on the basic requirements of human
cognition—that is, retrieving the meaning of a word, holding a piece of information in
short-term storage, or evaluating relative size of two numbers. One of the most replicated findings in this area is that IQ is associated with both speed and accuracy of
response on these tasks (Jensen, 2006). These so-called “elementary cognitive tasks”
(ECTs) are useful to the information-processing approach to intelligence, which at-
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tempts to unite individual differences in the expression of intelligence in the real world
to individual differences in execution of these elementary tasks (Hunt, 2011).
That IQ is a demonstrably valid and reliable construct has not diminished the
debate in the behavioral sciences about how it should be most usefully studied and
summarized. These differences in perspective can be seen in the wide variety of definitions given by psychologists for the word, which vary from lists of correlations
(purported both causal and consequential) to the wholly descriptive and conceptual.
For example, some researchers define intelligence only on psychometric grounds:
. . . What we mean by intelligence is general cognitive functioning (g) as
assessed in the psychometric tradition of a general factor derived from a
battery of diverse cognitive ability tests. (Plomin & Petrill, 1997, p. 56)
Others define intelligence by simply summarizing its various properties and predictions:
. . . “The total intellectual repertoire of behavioral responses” [...] “some
general property or quality ... of the brain” [...] “reaction-time and physiological measures” [...] “many different information-processing abilities”
and “the rate with which learning occurs or the time required for learning.” (Carroll, 1997, p. 41)
Still others provide what may be a more practical, useful, and coherent definition:
. . . Intelligence is a very general mental capability that, among other
things, involves the ability to reason, plan, solve problems, think abstractly, comprehend complex ideas, learn quickly, and learn from experience. It is not merely book-learning, a narrow academic skill, or test-taking
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smarts. Rather, it reflects a broader and deeper capability for comprehending our surroundings—“catching on,” “making sense” of things, or
“figuring out” what to do. (Gottfredson, 1997a, p. 13)
These three quotes were all published in the same special issue of the journal
Intelligence, which was meant to represent the state of consensus about human intelligence in December 1994 (Gottfredson, 1994). The summaries offered in this famous
“Mainstream Science on Intelligence” illustrate how difficult it can be to accurately
describe this powerful construct that dominates so much of human life in a consistent and coherent manner. Psychologists then, as now, define intelligence differently
depending on the vantage point from which they wish to examine its causes and
consequences.
Ian Deary has provided a useful framework for integrating these different views
that draws upon an earlier summary by Earl Hunt:
The study of intelligence has historically revolved around three questions:
what does intelligence do, what causes it, and how should it be measured?
(Hunt, 1983, p. 146)
This distinction amongst these three “aims of reasoned analysis—prediction, explanation, and description” (Burt, 1940, p. 227) is helpfully reformulated by Deary as
“looking up from” and “looking down on” human intelligence (Deary, 2000). “Looking
up” refers to all of the ways in which mental ability scores are able to predict and explain differences in outcomes between individuals, such as in educational attainment,
job success, or health outcomes. “Looking down” is therefore the set of antecedents
that give rise to the measurable construct: The suite of biological, genetic, and cognitive mechanisms that have brought out these differences between individuals. At
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the center of the arrows implied by the direction of causation is the descriptive (e.g.,
psychometric) aspect of intelligence—perhaps “looking in.”
This framework forms the basis for the three projects represented in this dissertation germane to a unified understanding of human intelligence, each of which
capitalizes on unique tools, methods and samples to inform a causal interpretation
of phenomena upstream and downstream from intelligence: 1) the use of molecular
genetic data and twin samples to reveal evidence for environmental causation on phenotypes; 2) the use of experimental cognitive paradigms to examine the role of IQ in
the flow of information processing; and 3) the use of adoptive families with longitudinal data to explore the genetic and environmental sources of variance in adulthood
IQ. In sum, these studies present a broad scope of methodology and design that offers
three complementary views of the causes and consequences of human intelligence at
different focal lengths.

STUDY 1
The role of parental genotype in predicting offspring years of
education: Evidence for genetic nurture
Emily A. Willoughby1 , William G. Iacono1 , Aldo Rustichini2 , Matt McGue1 , and
James J. Lee1
1

Department of Psychology, University of Minnesota, Minneapolis, MN

2

Department of Economics, University of Minnesota, Minneapolis, MN

Abstract
Similarities between parent and offspring are widespread in psychology; however,
shared genetic variants often confound causal inference for offspring outcomes. A
polygenic score (PGS) derived from genome-wide association studies (GWAS) can be
used to test for the presence of parental influence that controls for genetic variants
shared across generations. We use a PGS for educational attainment (EA3; N ≈ 750
thousand) to predict offspring years of education in a sample of 2517 twins and both
parents. We find that within families, the dizygotic twin with the higher PGS is more
likely to attain higher education (unstandardized β = 0.32; p < .001). Additionally,
however, we find an effect of parental genotype on offspring outcome that is independent of the offspring’s own genotype; this raises the variance explained in offspring
years of education from 9.3% to 11.1% (∆R2 = 0.018, p < .001). Controlling for
parental IQ or socioeconomic status substantially attenuated or eliminated this effect
of parental genotype. These findings suggest a role of environmental factors affected
by heritable characteristics of the parents in fostering offspring years of education.

6

INTELLIGENCE: GENETIC & COGNITIVE DATA

7

Introduction
Children typically develop traits and behaviors that are influenced by both the genes
and the family environment they have inherited from their parents. Decades of twin
and adoption studies have dramatically shifted our understanding of the factors that
drive parent-offspring associations, including the discovery that the shared family environment provided by parents contributes less to the development of most behavioral
traits than do the shared genetic factors (Polderman et al., 2015; Turkheimer, 2000).
Despite the elusive nature of shared environment effects, pinpointing their sources
remains a tantalizing challenge for many researchers. The ability to do so reliably has
been bolstered by advances in quantitative genetics, which have made it possible to
detect and measure genetic influences on complex behaviors at the molecular level. In
particular, genome-wide association studies (GWAS) enable us to aggregate the tiny
effects of many genetic variants into a polygenic score, which functions as an index
of genetic propensity towards a phenotype of interest (Dudbridge, 2013). Here, we
use polygenic scores to test the hypothesis that both parent and offspring genes contribute to offspring behaviors in a manner consistent with environmental mechanisms
of intergenerational transmission.
Relevant to this transmission is the observation that genetic propensities are often associated with environmental experiences, a phenomenon known collectively as
gene-environment correlation (rGE). Children usually grow up with relatives whose
own genes help to create an environment that influences the development of the children’s traits or behaviors. For example, musically gifted children may inherit both
genes and an environment conducive to developing musical ability—such as instru-
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ments and lessons—from their parents (Plomin, DeFries, & Loehlin, 1977). Evidence
that parents drive such “passive” gene-environment correlation comes from studies
of adopted families and of children of twins, which both control for genetic influence
in different ways. Since adopted children do not share genes with their parents, a
correlation between parent and offspring traits is likely mediated by the environment
that the parents create. This approach has uncovered an effect of home environment
on cognitive development (Plomin, Loehlin, & DeFries, 1985) and educational attainment (Sacerdote, 2007) of children in adopted families. The children-of-twins design
compares the offspring of adult identical twins as a way to clarify whether measures
of family environment directly influence child outcomes or are genetically mediated
(D’Onofrio et al., 2003). This method has produced evidence that the relationship
between parental divorce and offspring drug use is genetically mediated, while divorce
plays a direct environmental role in the development of offspring emotional problems
(D’Onofrio et al., 2006).
While these are valuable methods, their utility is limited by a number of factors,
including practical difficulties in assembling large samples of families with the relevant
structure (e.g., adoption). GWAS, by contrast, provide a toolkit for direct quantification of genetic transmission from parents to offspring at the individual level. This is
enabled by the massively polygenic architecture of many complex outcomes, and that
individual scores based on aggregate single-nucleotide polymorphisms (SNPs) associated with these outcomes have substantial predictive value. One of the outcomes that
has been studied most successfully in these ways is educational attainment (measured
in total years of education, or “EduYears”). The most recent GWAS of educational
attainment, which included 1.1 million individuals, identified 1,271 significant SNPs
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(Lee et al., 2018). A polygenic score (PGS) constructed from this large sample is now
able to predict 11–13 percent of the variance in educational attainment and 7–10 percent of the variance in cognitive ability, exceeding all previous benchmarks (Selzam
et al., 2017; Sniekers et al., 2017), and providing further evidence that educational
attainment is a viable proxy for cognitive ability.
The PGS constructed from these studies are reliable enough to draw inferences
about sources of environmental variation that are often inconclusive in twin and
adoption studies. As of early 2018, these scores have been used to predict outcomes
in offspring consistent with a causal role of the environment fostered by the parents.
Kong et al. (2018), the first to demonstrate “genetic nurture” with a PGS, found
that almost 30 percent of the offspring PGS’s correlation with their educational attainment is due to the environment provided by their parents, as inferred from a
significant effect of the non-transmitted portion of the parents’ genomes (Kong et al.,
2018). Bates et al. (2018) subsequently produced a similar finding in a sample of
genotyped twins and their parents using a virtual-parent design, which additionally
found that a family’s inherited socioeconomic status (SES) was significantly related
to both parents’ and offspring’s polygenic scores (Bates et al., 2018). These studies
were followed by Belsky et al. (2018), which was the first to provide evidence for
such environmental transmission using a PGS derived from EA3 data in a sample of
siblings and their parents (Belsky et al., 2018). Liu (2018) replicated the genetic nurture effect of parents’ genome on offspring outcome and additionally examined this
effect with grandparents, finding no evidence that the non-biological transmission of
educational attainment persists beyond one generation (Liu, 2018).
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These studies have shed valuable light on questions surrounding the non-genetic
pathways of intergenerational transmission of outcomes, and in doing so have raised
others of import and interest. For example, it remains largely unexplored whether and
to what extent other social outcomes and parent/offspring phenotypes—for example,
IQ and “soft” skills—follow a similar pattern of non-genetic transmission. Additionally, the family characteristics and processes that could mediate the effects of genetic
nurture remain mostly unexplored.
We replicate the “genetic nurture” effect in a relatively rare kind of dataset consisting of both monozygotic and dizygotic twins and (typically) both parents, all of
whom are genotyped. In doing so, we seek to address the outstanding questions about
genetic nurture with the following logic. In the simplest quantitative-genetic model,
the portion of the parent genotype that leads causally to the measured trait—their
“true” genetic value—affects the educational attainment of the children through the
true genetic value of the offspring, which is inherited fully from the parents. This
model predicts that offspring polygenic scores would completely mediate the effect
of the parent polygenic scores. However, a unique contribution of parental PGS to
offspring outcomes would suggest that parental genotypes affect something about the
environment that influences the offspring’s outcome; this causal path would therefore act apart from and in addition to the parents’ contribution to the offspring’s
genotype. Other parental phenotypes, such as socioeconomic status, can be used as
covariates to test for a significant reduction in the partial regression coefficient of
parental PGS. This finding would be consistent with a causal role of parental PGS
on these covariates, which may be good measures of the environmental variables that
could in turn affect offspring outcomes (Figure 1.1).
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To conduct a direct test of this model, we use EA3-derived polygenic scores from
pairs of monozygotic and dizygotic twins and both of their parents, enabling the
investigation of two fundamental questions. First, do polygenic scores predict educational attainment and related phenotypes within families, such that the dizygotic
twin with the higher polygenic score will also tend to have attained the highest education? If genetic nurture is operating, then a population GWAS will overestimate a
given SNP’s “true” regression coefficient—that is, the regression coefficient induced
by its average effect of gene substitution (Fisher, 1941; Lee and Chow, 2013) and
linkage disequilibrium with other causal sites. The reason for the overestimation is
that an individual’s SNP genotype is confounded by the genotypes of the parents,
which affect some parental phenotype that in turn affects the trait being studied in
the GWAS. In a within-family setting, however, two siblings with different PGS values
are expected to differ phenotypically by an amount given solely by the true effects;
this is because the confounding factor of parent genotype is fixed to be the same for
all siblings begotten by a given pair of parents. Thus, if the PGS is derived from a
GWAS of a trait subject to genetic nurture, the predictive power of the PGS should
decline when it is applied within families.
Second, does accounting for parental PGS improve the prediction of offspring
years of education over and above how well offspring PGS predicts this outcome,
and do environmental factors correlated with parental PGS explain this increment in
prediction?
We address these research questions in an investigation of genetic nurture for years
of education using molecular-genetic techniques on large samples.
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Methods
Sample
The current project is based on the results of a genome-wide association study conducted by the Minnesota Center for Twin and Family Research (MCTFR). The sample under investigation represents 4,478 genotyped individuals of European ancestry
with polygenic scores (PGS) for years of education (Miller et al., 2012). Comprising
this sample are sets of parents and offspring from a total of 1,223 families, including
2,032 parents (1,093 mothers and 939 fathers) and 2,446 twins (830 dizygotic, 55
percent female; 1,616 monozygotic, 53 percent female). Parent predictors and outcomes are calculated as the mean of mother and father on a given variable score; e.g.,
EduYears PGS.

Measures
Participants were genotyped on 527,829 SNPs using the Illumina Human660W-Quad
array (see Miller et al. (2012) for additional details on sampling, assessment, quality
control, and imputation performed on the MCTFR sample). A polygenic score (PGS),
often called the polygenic risk score in disease prediction, is calculated from a set of
SNPs that are tested in the initial sample for association with a trait of interest (see
Appendix A-1; Vilhjálmsson et al., 2015). Parent and offspring polygenic scores for
years of education are used to predict outcomes using multivariate regressions, as was
done by Belsky et al. and Liu. A finding of the parent PGS having a significant partial
regression coefficient is equivalent in interpretation to the finding of non-transmitted
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alleles having a significant partial regression coefficient in the method of Kong et al.
and Bates et al. (Appendix A-7). Note that such a finding cannot be the result of
ameliorating the noisiness of the offspring PGS, as the weights in both the parent and
offspring PGS are derived from the same GWAS with the same sampling errors (see
Appendix A-4 and accompanying Figure A.13).
Polygenic scores for two non-behavioral phenotypes, derived using the same prediction methods as for EduYears, are used as negative controls to test the assumption
that the hypothesized effect of genetic nurture on years of education is unique to
its PGS, and is not simply the result of attenuating the noise in the offspring PGS
due to GWAS sampling error. Therefore, if the addition of parent PGS for EduYears
is found to add significant incremental variance to offspring years of education, we
would predict that a non-behavioral parent PGS would add a nonsignificant increment
in predicting their accompanying offspring phenotypes. We used a physical PGS for
body-mass index (BMI; body mass divided by the square of body height, kg/m2 ) and
height for all participants in our sample. These scores are derived from UK Biobank
summary statistics (Loh, Kichaev, Gazal, Schoech, & Price, 2018).
Outcome variables are represented by a variety of behavioral and physical phenotype data for both parents and offspring. Behavioral phenotypes include educational
attainment, assessed as years of education for offspring (ranging from 11 to 20) and
level of education for parents (coded on a 1–5 scale with 1 = less than high school
up to 5 = professional degree), self-reported high school grades reported on a 0 to
4 grade point average (GPA) scale, IQ scores for both parents and offspring, family
socioeconomic status (SES; represented by a composite made up of family income,
parent education level, and parent occupation level on a z-score scale), and soft skills
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(represented by a composite of personality measures of conscientiousness, capacity to
be hard-working, and self-control on a z-score scale). This soft skill measure is included to explore to what extent a polygenic score for years of education significantly
predicts a non-cognitive behavioral phenotype that is plausibly related to educational
success. Socioeconomic status z-scores were available for 1,221 families.
Offspring were assessed for some phenotypes at different ages. Years of education
were recorded at an age typical for having completed education (M age = 29, SD =
1.4). High school GPA was assessed at age 17 for all offspring. IQ scores were assessed
using an abbreviated form of either the Weschler Adult Intelligence Scale–Revised
(WAIS-R; Wechsler, 1981) for participants age 16 years and older (47.1 percent of
sample), or the Weschler Intelligence Scale for Children–Revised (WISC-R; Wechsler,
1974) for those younger than 16 (52.9 percent of sample), for an overall mean IQ
assessment age of 14.4 (SD = 2.9) for offspring in the sample. BMI and height were
measured directly for both parents and offspring in the MCTFR sample, and offspring
were assessed at age 17.
Phenotype data and polygenic scores are standardized for all analyses. Appendix
A-2 details our exclusion criteria, standardization and bootstrap resampling.

Results
Polygenic scores as predictors of individual outcome
The pattern of correlations found among IQ, years of education, and family socioeconomic status for parents and offspring (Table 1.1) is consistent with existing literature
on the relationships between these and related variables (Gottfredson, 1997b; McGue,
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Rustichini, and Iacono, 2017; Schmidt and Hunter, 2004), though the causality underlying these relationships is still debated (Strenze, 2007; von Stumm and Plomin,
2015).
Individual-level predictions of EduYears polygenic scores on the four outcome
phenotypes are robust and significant at the p < .001 level. Variance explained by
polygenic scores in years of education (R2 = .093), IQ (R2 = .082) and GPA (R2 =
.071) is similar to predictions made for cognitive phenotypes in validation samples
studied by Lee et al. (2018). Although the effect of PGS on soft skills (R2 = .028)
is modest, it nevertheless demonstrates that EduYears PGS is predictive for noncognitive behavioral phenotypes, a phenomenon noted in an earlier study (Belsky et
al., 2016). An intercept for years of education of 14.79 indicates that the average PGS
in the sample is associated with 14.79 years of education (equivalent to 2.79 years of
college), and a slope of 0.51 (SE = 0.06) represents a gain of about one-half year of
education for each standard deviation increase in PGS.

Predictions within twinships
EduYears PGS is a reliable predictor for individual outcomes, but within-family predictions can account for possible effects of the shared environment by examining
whether sibling genetic differences are associated with differences in sibling outcomes.
Dizygotic twins in the present sample (total pairs = 415) are the same age, the same
sex, and grew up in the same family environment, but only share an average of
half of their genetic material identically by descent, and therefore have different polygenic scores for educational attainment. This makes these pairs useful for determining
whether the random difference in variants associated with educational attainment in-
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herited from the parents is a significant predictor of difference in outcome, thereby
controlling for population stratification and passive gene-environment correlation effects (Lee, 2012). Within-twinship predictions are made for EduYears polygenic score
on outcome phenotypes years of education, IQ, GPA, and soft skills by using the difference score of each pair of dizygotic twins’ PGS as the predictor for the difference
score of each of the four outcome variables. For independence of comparisons, the results of these regressions are compared against individual predictions for monozygotic
twins only (total pairs in sample = 808).
In Table 1.2, the intercept and slope for each outcome variable, regressed on
EduYears PGS, is shown alongside the standard error (SE) for both individual (MZ
twins only) and within-twinship (DZ twins only) predictions. The PGS of individual
(MZ) twins is a similarly robust predictor of each phenotype as in the full sample
of all twins. Interestingly, the within-family coefficient for high school GPA tends
to be larger than the individual-level coefficient. This might be because DZ twins
will mostly attend the same school, and GPA comparisons between students who
attend the same school are more meaningful than comparisons between students who
attend different schools. Only the within-twinship prediction for soft skills fails to
reach statistical significance. This indicates that within the same dizygotic twinship,
the twin with the higher EduYears PGS is significantly more likely to have a higher
GPA, more years of education, and a higher IQ. These findings are highlighted in
Figure 1.2, which compares the size and significance of the standardized regression
coefficients for an individual’s PGS in predicting years of education, GPA, IQ and
soft skills to the within-twinship coefficients for the same predictor and outcomes.
These findings are consistent with similar within-twinship comparisons conducted in
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an earlier study (Belsky et al., 2018). Appendix A-6 provides further discussion of
these within-family comparisons and their interpretations (Appendix Figure A.14).

Parent polygenic scores and offspring outcomes
To test for direct effects of parental influence on offspring outcomes, we include
parental EduYears PGS (mean of mother and father) along with offspring EduYears
PGS as predictors of offspring outcomes. We found that parental EduYears PGS adds
significant incremental R2 to offspring EduYears PGS in predicting actual years of
education attained by the offspring, raising total variance explained in outcome from
9.3 percent to 11.1 percent (∆R2 = 0.018, p < .001; Table 1.3). While the offspring’s
β coefficient of 0.566 (SE = 0.06) on its own translates to approximately 6.8 months
of education gained for every standard deviation gained in the offspring’s EduYears
PGS, the parents’ β estimate of 0.477 (SE = 0.099) in the full model predicts a
gain of nearly 6 months in educational attainment of the offspring for every standard
deviation of parents’ EduYears PGS. IQ, GPA, and soft skills show a more modest
association with parent PGS (all ∆R2 < .009). These results indicate that parents’
genetic value for educational attainment uniquely predicts their children’s educational
achievement, in a way that is not explained by children’s own genetic value, consistent
with the hypothesized operation of genetic nurture. Our estimate of genetic nurture
affecting EduYears is larger than that of other studies (Appendix Table A.19), but
not by enough to suggest substantial heterogeneity, as all studies are consistent with
a ratio of direct causal effect to nurture-confounded coefficient exceeding 0.6. Note
that such a ratio is also consistent with the ratio of our within-family and individual-
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level coefficients (Figure 1.2) and the estimate of the EA3 authors, who used a more
indirect method.
Polygenic scores and their accompanying phenotypes for two non-behavioral traits,
body-mass index (BMI) and height, are used as negative controls. While it is intuitively plausible that parents’ genetic value associated with a complex behavioral
phenotype could change their children’s environment in important ways, it would be
difficult to explain an effect of similar size on a physical property such as height. Offspring polygenic scores for height explain approximately 33.4 percent of the variance
in actual height measured at age 17 in this sample of twins, and polygenic scores for
BMI explain approximately 13.4 percent of the variance in BMI. In contrast to the 1.8
percent added by parental EduYears PGS, the parental PGS for both height and BMI
add essentially 0.0 percent of incremental variance to offspring outcomes (coefficient
p = .665 and coefficient p = .511 for height and BMI, respectively). A comparison
of offspring and offspring + parent PGS models for height and BMI is shown in Figure 1.3. This pattern of results, where the increment added to offspring outcome by
parent PGS is much larger and less likely to be due to chance for EduYears than it is
for BMI or height, provides further evidence that the parents’ genes associated with
educational attainment are influencing aspects of the offspring’s environment that
lead to differences in actual educational attainment.

Socioeconomic status and other parental phenotypes as covariates
If parents’ genes are changing something about their offspring’s environment, it may
be possible to detect this by adding covariates to the model and determining whether
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the coefficient of the parent PGS declines, as expected if the covariates are on the
causal path from the parent PGS to offspring EduYears (Lee, 2012; Pearl, 2009).
Family socioeconomic status (SES) and parent IQ are two possible mediators. When
each of these variables is added to the model where offspring PGS and parent PGS are
both significant predictors of offspring years of education, the β coefficient declines
and the p-value increases for the parent PGS coefficient, but not for the offspring’s
own PGS. The effect is particularly dramatic for family socioeconomic status, which
reduces both the coefficient and the ∆R2 of parent PGS to close to zero on its own. We
again used the physical phenotypes of height and BMI as negative controls. Figure 1.4
shows that for both height and BMI, the addition of the parental characteristics as
covariates does not appreciably change the effect size and significance of parental PGS
as a predictor, consistent with the use of these as negative controls detailed in Figure 1.3. Appendix Table A.18 details the persistence of parental PGS as a significant
predictor of offspring outcomes across a number of different parental characteristics
as covariates.

Discussion
Through the use of polygenic scores constructed from the largest GWAS of educational attainment yet conducted (Lee et al., 2018), we have provided evidence of
causal mechanisms underlying the relationship between genotype and phenotype by
examining the effects of these scores in a sample of families. While it is well known
that genes can affect an individual’s environment (Plomin, 1994; Plomin & Bergeman, 1991), and that observed environmental effects on phenotypes may be at least
partially under genetic control (Vinkhuyzen, Van Der Sluis, De Geus, Boomsma, &
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Posthuma, 2010), the study of these effects has historically been confined to traditional twin and family designs. The application of GWAS results to data from family
units of parents and their twin offspring permits causal inference to be drawn from
within-family prediction models that are robust against confounding. This design also
enables us to use mean polygenic scores of mothers and fathers to predict offspring
outcomes, thereby testing for the presence of genetic nurture. These techniques, which
make use of “triangulation” (Munafò & Davey Smith, 2018) to elucidate an effect,
have produced evidence consistent with environmental causation.
Our results indicate a difference in magnitude of the effects of “genetic nurture” on
different outcomes. For example, while polygenic score associations with education
and IQ are of similar magnitude, trans-generational effects of parental genome on
offspring outcomes—that is, “genetic nurture”—are smaller for IQ than for education.
Although this is possibly a chance difference, this pattern of influence is consistent
with the body of literature on how families affect children’s outcomes, particularly
the well-established finding from fifty years of twin studies that shared environment
effects are substantial for educational attainment but are often negligible for IQ.
The 2015 twin study meta-analysis conducted by Polderman et al., for example,
reports shared environment as explaining an average of 27 percent of the variance
in educational attainment. By contrast, they report the average shared environment
effect of “intellectual functions” at 12.3 percent (Polderman et al., 2015). At the
same time, it is noteworthy that the within-twinship association of PGS with IQ is
attenuated by roughly 50 percent of the individual-level effect (Figure 1.2). Given
that our polygenic scores are constructed from a GWAS of years of education rather
than IQ, it is unclear how this ought to be interpreted from this data set. This finding
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should be investigated analytically and empirically in future research, taking note of
changes in the magnitudes of heritable and environmental influences on IQ with age.
Socioeconomic status (i.e., a composite of parental education, income, and occupational status) emerges as a plausible explanation for the effect parents are able
to have on their children’s educational attainment. The finding that socioeconomic
status and its correlates have substantial effect on the stratification of cognitive and
educational outcomes is well-established in the behavior genetics literature, and they
have recently been found to account for the majority of shared environment variance in education and IQ (Engelhardt, Church, Paige Harden, & Tucker-Drob, 2019).
Moreover, there are some plausible pathways between parental SES and offspring educational attainment: higher-SES parents may, among other things, be able to provide
financial assistance to their offspring in obtaining a college education.
The use of BMI and height as negative controls adds further credence to the genetic
nurture interpretation of the effect of parental genome on offspring years of education.
The near-zero effect sizes for genetic nurture on these phenotypes as compared to years
of education is consistent with the latter being a real effect. The causal pathway from
parental attributes to offspring education is plausible, straightforward, and consistent
with our covariate analysis of SES and other parental traits that may mediate genetic
nurture. A similar pathway for BMI or height is difficult to conceive and certainly
less straightforward: It is hard to imagine what mechanism would connect parental
genetics to the height or BMI of their offspring other than simple genetic inheritance.
For example, the height of a parent might change over time, since people tend to
become slightly shorter as they age, but the propagation of any such change to the
offspring’s height seems highly unlikely. However, it is important to note that the
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existence of such a pathway might be more plausible in a population that has not
developed in a modern environment where caloric intake is arguably excessive, and
very likely at saturation in its ability to influence development. As such, nutrition is
unlikely to be a mitigating issue for this finding in this population of Minnesotans,
but care should be taken in generalizing the utility of these negative controls to other
populations.
Though genomic methods can mitigate certain drawbacks of twin and adoption
studies, these tools have their own limitations. Missing heritability is a perennial
problem in GWA studies, and while each subsequent GWAS has shown that sample size dovetails with predictive value, we are still only able to explain a maximum
of 13 percent of the variance in educational attainment with a polygenic score at
this time. True causal inference is always difficult to establish in correlational genetic studies and our presented results, while consistent with a causal explanation of
parental environment on offspring outcome, are no exception. Socioeconomic status
as a mediating variable of this posited influence is a complex phenotype and could be
correlated with any number of variables that contribute to a causal effect on offspring
outcome, such as parents’ level of education. Additionally, the generalizability of our
findings is limited by the single point in time at which phenotypes such as IQ were
measured in offspring. It remains an open question whether and to what extent the
effects of “genetic nurture” persist or change across childhood into adulthood, with
previous literature suggesting that development plays a complex role in establishing genetic and environmental contributions to cognitive phenotypes (Tucker-Drob,
Briley, & Harden, 2013).
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The use of genome-wide association studies has opened up new possibilities in testing for the presence of environmental effects on phenotypes, and EA3 polygenic scores
are our best genetic predictors of years of education yet constructed. By examining the
net effect of genetic variants across generations, we can now directly test decades-old
predictions about the passive interplay between genes and environment (Lee, 2012;
Plomin and Bergeman, 1991; Plomin et al., 1977; Scarr and McCartney, 1983). The
available data may present further opportunities to detect gene-environment interaction, reciprocal sibling effects, the effects of ontogenetic development on genetic
nurture, and bidirectional parent-offspring transmission, as well as to further understand the nature of parental phenotypes, such as socioeconomic status, and whether
and to what extent they causally influence offspring phenotypes. In sum, we have
provided direct quantitative-genetic evidence consistent with an enduring effect that
parents can have on the educational outcomes of their children.
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0.02 0.75 –2.48–2.41
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104.4 11.69 73.0–144.5
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0.60
[.57, .62]
2.65 0.91 1.00–5.00
—

M
SD
Range
0.00 1.00 –2.48–2.26

Correlations
5
0.24
[.20, .28]
0.73
[.71, .75]
0.24
[.20, .28]
0.25
[.21, .29]
—
6
0.30
[.27, .34]
0.24
[.20, .29]
0.48
[.45, .51]
0.33
[.30, .37]
0.29
[.25, .32]
—

7
0.44
[.41, .47]
0.31
[.27, .35]
0.29
[.26, .33]
0.42
[.39, .45]
0.31
[.27, .34]
0.36
[.32, .39]
—

8
0.27
[.23, .31]
0.23
[.19, .28]
0.23
[.19, .27]
0.27
[.24, .31]
0.26
[.22, .30]
0.35
[.31, .39]
0.53
[.50, .56]
—

9
0.20
[.17, .24]
0.15
[.11, .20]
0.08
[.04, .13]
0.17
[.13, .21]
0.16
[.12, .20]
0.17
[.13, .21]
0.43
[.39, .46]
0.58
[.55, .60]
—

Note: All correlations are significant at the p < .001 level, and 95% confidence intervals are given in brackets. All parental values
represent mean of mother and father. Polygenic scores, SES, and soft skills are standardized for all prediction models. Soft skills
score is represented by a z-score composite of conscientiousness, capacity to be hard-working, and self-control scores.
1
Parental education is coded as “level of education”, with 1 = less than high school and 5 = professional degree (see Methods:
Measures).
2
Offspring education is coded as “total years of education”

Variable
1. Socioeconomic
status (SES)
2. Parental
EduYears PGS
3. Parental IQ
score
4. Parental
education1
5. Offspring
EduYears PGS
6. Offspring IQ
score
7. Offspring
education2
8. Offspring
GPA
9. Offspring soft
skills

Table 1.1: Descriptive statistics and correlations among polygenic scores and all analyzed phenotypes
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Table 1.2: Individual and within-twinship regression coefficients (unstandardized) for EduYears PGS on four behavioral outcome phenotypes

Phenotype
Individual predictions
Years of education
IQ
GPA
Soft skills
Within-twinship predictions
Years of education
IQ
GPA
Soft skills

Intercept (SE)
14.79 (0.06)
102.73 (0.43)
3.04 (0.03)
0.04 (0.04)

β estimate (SE)
0.51
4.16
0.21
0.15

(0.06)
(0.47)
(0.04)
(0.03)

0.32
2.24
0.24
0.10

(0.11)
(0.72)
(0.05)
(0.07)

Note: Individual predictions are based on the subset of the sample comprising only monozygotic twins (N pairs = 808), and within-twinship predictions on dizygotic twins (N pairs = 415), to ensure independence of
observations. Within-twinship predictions are based on difference scores
and have intercepts forced to zero.
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Table 1.3: Comparison of variance explained in six phenotypes by offspring polygenic score to variance explained by offspring PGS in addition to parent PGS

Offspring outcomes
Behavioral phenotypes
Years of education
IQ
GPA
Soft skills1
Physical phenotypes
Height1
BMI1

Offspring PGS alone
Total R2

Model
Offspring + parent PGS
Parental ∆R2 (p-value) Total R2

.093
.082
.071
.028

.018
.004
.008
.005

(< .001)
(.041)
(.004)
(.012)

.111
.085
.078
.033

.334
.134

< .001 (.665)
< .001 (.551)

.334
.134

Note: Behavioral phenotypes are predicted for offspring and parent using EduYears PGS. Physical phenotypes are predicted for offspring and parent using height and BMI PGS, respectively.
Parent values represent the mean of mother and father. Total R2 for both offspring-only model
and offspring + midparent model are significant at the p < .001 level.
1
Indicates standardized phenotypes (z-scores).
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Figure 1.1: Path diagram representing hypothesized causal and mediating pathways

PARENT
PARENT
PGS
PGS

OFFSPRING
PGS

PARENT
true genetic
value

OFFSPRING
true genetic
value

OFFSPRING
years of
education

SES, IQ,
education?

Note: The true genetic value of the parents, which is imperfectly captured in a polygenic score,
causally influences the offspring’s genotype. The parents’ genes may influence the offspring trait
through parental characteristics such as socioeconomic status, IQ, and education.
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Figure 1.2: Comparison of β coefficients of offspring PGS on outcomes between individual predictions
and within-sibships
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p < .001

p < .001
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β of EduYears PGS

p = .003

Prediction
Individual (MZ only)

p < .001

Within−twinship (DZ only)

p = .002

0.2

p < .001
p = .145
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0.0
EduYears

GPA

IQ

Soft skills

Outcome phenotype
Note: Individual predictions are represented for monozygotic twins (N pairs = 808) and withinsibship comparison between pairs of dizygotic twinship (N pairs = 415). Outcome phenotypes include
years of education, high school GPA, IQ score, and soft skills. Error bars represent ±1 standard error.
All values are standardized.
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Figure 1.3: Bar plot comparison of β coefficients of offspring and midparent PGS on outcome phenotypes
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Note: Standardized beta coefficients represent offspring PGS alone on outcome phenotypes, offspring
PGS when midparent PGS is added to the regression model, and midparent PGS in this multivariate
model. EduYears PGS is predictor for EduYears, IQ, GPA, and SOFT phenotypes; height PGS and
BMI PGS are predictors for height and BMI phenotypes, respectively. Error bars represent ±1
standard error.
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Figure 1.4: Line graphs comparing the effects of parent characteristics as covariates on (a) the
incremental variance explained and (b) size of the standardized β coefficient of parental PGS
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STUDY 2
Parsing information flow in speeded cognitive tasks: The role
of g in decision and perception time
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Abstract
Although the correlation between general cognitive ability (g) and performance on
speeded cognitive tasks is well-established, there is need for a better understanding
of how successive stages of processing contribute to this relationship. Previous research suggests that g is primarily associated with the rapidity of decision-making
rather than perceptual processing of stimuli; the implication is that g should statistically interact with a manipulation affecting the difficulty of the decision process,
while simultaneously failing to interact with a perceptual manipulation. We applied
Sternberg’s method of additive factors to test this hypothesis in two reaction-time
tasks, each of which systematically manipulated the demands on perceptual acuity
and decision-making. With a total of 773 participants, we found evidence of an interaction between a short-form measure of g and the decisional—but not perceptual—
manipulations. This pattern was found in both number-comparison (Experiment 1)
and tone-comparison (Experiment 2) tasks. Additionally, diffusion modeling of the
Experiment 1 results revealed that the diffusion rate (v) is associated with g and
affected by a semantic attribute of the stimulus (numerical magnitude) but not a
perceptual attribute (contrast); the non-decision time (Ter ) is not associated with g
and shows the opposite pattern of selective influence. Taken together, these findings
add to the evidence for a theoretical framework partitioning reaction time into several
processing stages, of which only the decision-making stage is associated with g.
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Introduction
In the laboratory, the correlation between measures of g and reaction time (RT) on
elementary cognitive tasks is typically between –0.2 and –0.4 (Jensen, 2006), with
higher-g individuals also tending towards more accurate and less variable responses
(Deary, Der, & Ford, 2001; Hunt, 2005; Sheppard & Vernon, 2008).
A unified neurophysiological theory that accounts for the g-RT relationship has
yet to achieve consensus, but the development of such a theory would be advanced
by pinpointing the processing stage between initial sensory perception of a stimulus
and action in response to it that is most related to g. Because stages of information
processing have distinct properties and probable mechanisms (Luce, 1986; Pashler,
1998), isolating the stage where the correlation is most pronounced could help link
individual differences to low-level mechanistic causes (Chabris, 2007; Deary, Penke,
& Johnson, 2010).
In the following sections, we will briefly review some of the key concepts and
findings regarding the connection between mental ability and distinct stages of information processing.

Discrete stages of processing
One approach to a mechanistic interpretation of the g-RT relationship has been to rely
on models that partition RT into discrete processing stages and investigate whether g
is negatively correlated with some of these stages but not others (e.g., Lee & Chabris,
2013). Models invoking distinct stages may be an approximation of a more complex
reality (Song & Nakayama, 2009), but nevertheless provide a useful starting point
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(Pashler, 1998; Roberts & Sternberg, 1993; Sanders, 1998). For example, we can ask
whether higher-g subjects are faster not because they “see” faster or “move” faster,
but because they are faster at what must be done in-between.
To this end, one of the most successful models partitions RT into a non-decision
residual stage and a stochastic “diffusion” stage where the decision between two
choices is generated (Ratcliff & McKoon, 2008; Ratcliff & Rouder, 1998). During the
process of diffusion, a state variable representing the accumulated weight of evidence
undertakes a continuous random walk between two boundaries that represent each
response choice in the task, and terminates when one of these boundaries is reached.
Crucially, it has been shown that the g-RT relationship is specifically a correlation
of g with the rate of the diffusion process, rather than with the non-decision residual
time (Lee & Chabris, 2013; Ratcliff & Mckoon, 2011; Ratcliff, Thapar, & McKoon,
2010; Schmiedek, Oberauer, Wilhelm, Süß, & Wittman, 2007; Schmitz & Wilhelm,
2016; van Ravenzwaaij, Brown, & Wagenmakers, 2011). Some studies have found
that g is also associated with the non-decision time, but the sign of the association
in such cases has been inconsistent and the magnitude weaker (Lerche et al., 2020;
Wagenmakers, 2009). It is natural to identify the diffusion stage with the decisionmaking or response-selection stage postulated in other paradigms, such as additivefactor and dual-task experiments, and indeed this has been been found to be the case
(Lee & Chabris, 2013; Sigman & Dehaene, 2005).
The diffusion model turns out to provide a neat explanation of the “worst performance rule,” which states that the relationship between g and RT is strongest
when participant performance is summarized by their slowest responses (Coyle, 2003;
Ratcliff, Schmiedek, & McKoon, 2008; Schubert, 2019). An intuitive diffusion-model

INTELLIGENCE: GENETIC & COGNITIVE DATA

35

explanation of this empirical regularity can be obtained by thinking of the decisionmaking process during a given trial as a discrete random walk. As a subject’s diffusion
rate declines, the probability of taking a step toward the correct boundary starts to
approach 0.5.1 This will lead to large variability in the duration of the walk; during the
worst trials the walk will weave between the two boundaries for a long time, the next
step often reversing the last. In contrast, the walk of a subject with a high diffusion
rate will step toward the correct boundary with high probability at each time point
and thus not vary much in duration across trials. All this leads to a large difference
between these two subjects in the respective durations of their longest walks.
Note that under the diffusion model, the worst performance rule is not expected to
hold in all tasks and samples, as individual differences in response caution (boundary
separation) and non-decision time produce variability in RT unrelated to the diffusion
rate during the decision-making stage (Ratcliff et al., 2010; Wagenmakers, 2009). A
recent example may be Dutilh et al. (2017). Variation in other determinants of speed
may even produce a null correlation between g and RT. Such cases, however, seem to
be rare. Both the g-RT negative correlation and the worst performance rule (i.e., an
even stronger negative correlation between g and slower times) are reasonably robust
phenomena, and indeed the ability of diffusion modeling to reveal the advantage of
the higher-ability subjects in exceptional cases is a strength of this approach.
These insights are well-supported by neurocognitive investigations of g, particularly in studies of event-related potentials (ERPs). The P3 component of the waveform invoked by a discrimination task—such as the detection of a low-probability
1

In the literature on attention and performance, what we call the “diffusion rate” is usually called
the “drift rate” (e.g., Ratcliff & McKoon, 2008). We prefer “diffusion rate” because in other fields
the term “drift” is often applied to the random rather than any directional component of a stochastic
process.
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stimulus within a sequence of higher-probability stimuli—is typically interpreted as
the summation of distributed brain activity that occurs following the evaluation of
stimuli but prior to the motor response (Kok, 2001). Both the amplitude (Bazana
& Stelmack, 2002; Troche, Houlihan, Stelmack, & Rammsayer, 2009) and latency
(Kapanci, Merks, Rammsayer, & Troche, 2019; Schubert, Hagemann, & Frischkorn,
2017) of the P3 component are strongly predicted by g. One recent study, for example, found that much of the variance in cognitive ability can be predicted by the
ERP components most intimately related to stimulus evaluation, memory updating,
and response selection. Furthermore, this study found that the ERP components reflecting sensory processing are relatively invariant between higher- and lower-ability
individuals (Schubert et al., 2017). The worst performance rule holds true for ERP
research as well, which finds that the slowest quantile of P3 latencies correlate most
strongly with a measure of g (Saville et al., 2016).
Taken together, these associations are consistent with an interpretation of g as
specifically associated with a stage of information processing that occurs after stimulus presentation but before motor response, when decisions are made.

Task complexity
The moderation of the g-RT correlation by task difficulty is relevant to stage models
of task performance because such a statistical interaction is expected if the stage
affected by the manipulation of the task is the one specifically associated with g. A
greater magnitude of the g-RT correlation in more difficult task conditions has typically been borne out in previous research (Hunt, Lunneborg, & Lewis, 1975; Jensen,
1987). When task difficulty is systematically manipulated, g is found to be more
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predictive of performance at higher levels of difficulty; this is observed when performance is measured by mean RT and by diffusion rate (Schmitz & Wilhelm, 2016).
The greater association between g and performance is often thought to break down at
very high levels of task complexity, as then there may be great variation across trials
and subjects in high-level factors such as strategy and motivation, but one recent
study has found that diffusion rate can explain variance in g even for some extremely
complex tasks where one trial may take up to 7 seconds to complete (Lerche et al.,
2020). Furthermore, ERP research finds that the magnitude of the association between g and P3 latency increases with more demanding task conditions (Kapanci
et al., 2019).
Even more explicit support for a stage model of g and RT, however, can come from
finding a way to increase task difficulty that does not slow down lower-g subjects more.
We explain the rationale of this statement below.

The present study
One partitioning approach that has not been employed as extensively in recent work
is the method of additive factors (Sternberg, 1969, 2011). The logic of this method
can be conveyed by analogy to a trip home from work composed of distinct stages: (1)
a ride on the subway from station A near your workplace to station B closer to your
house, and (2) a trip in your car from the parking lot of station B to your house. Now
suppose that we have two “manipulations,” one that affects the first stage exclusively
and another that affects the second in similar fashion. The first might be a slowing of
the train’s peak velocity by 10 mph; the second might be roadwork forcing drivers to
take an alternative route. If the first manipulation lengthens your trip by x minutes
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when imposed by itself and the second manipulation similarly lengthens your trip by
y minutes, then it is clear that the effect of both manipulations imposed on the same
trip is x + y minutes. But now suppose that we have a third manipulation that also
lengthens the first stage, except by z minutes when imposed by itself. Now it is clear
that the first and third manipulations imposed on the same trip may not necessarily
cause a simple additive delay of x + z minutes. For example, if both manipulations
affect the train’s velocity, then there will be a super-additive statistical interaction.
Imagine the effect of slowing down by 10 mph on the total duration of your trip when
your baseline speed was 70 mph—as opposed to its effect when you have already
slowed down from 70 to 40 mph.
The findings reviewed earlier generally support a unified model of g as specifically
associated with a stage of task performance that can be prolonged by demanding
finer discrimination to reach a decision. There is a gap in the literature, however,
in demonstrating the simultaneous absence of an interaction between g and some
experimental manipulation. This is what is required by the method of additive factors
to show that RT is composed of at least two stages, only one of which is executed
more rapidly by higher-g subjects. This paucity may be attributable to the natural
practice of manipulating stimulus attributes that are relevant to the decision that
the individual must make (e.g., which of two numerals is larger in magnitude). By
manipulating an attribute that is incidental to the main task, it is possible to place
the effect of the manipulation at a separate stage of processing and thereby test the
broad theoretical claim that g is more strongly associated with particular components
of information processing. This method has clear advantages in its relative simplicity
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and ease of administration, making it a good candidate for collecting data from a
larger sample than is normally possible with neurophysiological approaches.
With a sample of over 700 participants, we employed the logic of additive factors
in which stimuli are systematically manipulated in terms of both content (e.g., numerical magnitude) and ease of sensory resolution (e.g., contrast with the background).
Together with a short-form measure of cognitive ability, this design enabled us to test
simultaneously for a significant interaction between g and decision-related task difficulty and for the absence of such an interaction between g and perceptual difficulty.
We additionally applied diffusion modeling to test the prediction that these manipulations should selectively affect one component of the diffusion RT decomposition
(the perceptual manipulating affecting non-decision time, the decisional manipulation
affecting diffusion rate) and one component only (Figure 2.5).
By testing this hypothesis across two experiments employing visual and auditory stimuli, respectively, we intended to demonstrate that the stage specificity of
the g-RT association is insensitive to sensory modality and to strengthen a general
understanding of the connection between g and the production of speeded responses.

Experiment 1: Number comparison
Our goal in this study was to employ additive-factors logic to compare the effects of
two manipulations on task performance. Both manipulations were intended to slow
down performance, but only one was intended to achieve this slowdown by varying the
difficulty of discriminating the trial stimulus from other members of the stimulus set.
The second manipulation, by contrast, varied the difficulty of perceiving the stimulus.
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The first experimental paradigm focuses on visual processing of numerals displayed
on a computer screen. We chose a number-comparison task from the field of numerical
cognition, where detailed mechanistic models of robust phenomena have already been
proposed (Cohen Kadosh & Dowler, 2015; Dehaene, 2007). In such a task, participants
are given a target digit that is invariant across all trials. In any particular trial, they
must respond via keypress whether the stimulus digit is less than or greater than the
digit.
For the perceptual manipulation, we varied the contrast of the numerals against
the background across four levels; lower contrast produces slower responses. This manipulation was intended to target an early stage of visual processing that should occur
temporally prior to any processing of semantic content. That this manipulation would
target an early stage of visual processing is supported by many lines of converging
evidence (Campbell, Maffei, & Piccolino, 1973; De Valois, Albrecht, & Thorell, 1982;
Hubel & Wiesel, 1968; Sigman & Dehaene, 2005).
For the decisional manipulation, we varied the magnitude of the displayed numeral. This manipulation has been shown to have robust slowdown effects when the
stimulus digit is numerically closer to the target (Moyer & Landauer, 1967). For example, if the target digit is 5, mean RT will tend to be slower for stimulus digits 4
and 6 than they are for 1 or 9. This phenomenon is plausibly explained by a mechanistic neuronal code whereby numerosity is represented by the firing of a population
of “numerosity detectors” (Dehaene, 2007). Each of these neurons fires to a certain
preferred numerosity, but they will also fire with less enthusiasm for nearby numerosities. For example, a layer of 5 -detector neurons may still fire weakly for the stimuli
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preferred by the 4 - and 6 -detector neurons, but is less likely to fire for the preferred
numerosity of more distant neurons.
Previous research has shown that a stage of processing distinct from initial perception is affected by the numerical magnitude of the stimulus digit in the numbercomparison task (Corallo, Sackur, Dehaene, & Sigman, 2008; Sigman & Dehaene,
2005, 2006, 2008). A framework of information processing in which g is more strongly
associated with this “central” stage predicts that a manipulation targeting this stage
will show a significant interaction with cognitive ability, in that more intelligent individuals will be less slowed down by more difficult stimuli. This understanding of g also
predicts that the perceptual manipulation—how difficult the numerals are to visually
resolve—will interact with neither cognitive ability nor the central manipulation.

Materials and method
As per the recommendation of Simmons, Nelson, and Simonsohn (2012), we report
how we determined our sample size, all data exclusions, all manipulations, and all
measures in both Experiments 1 and 2. Details are available in Appendix B: Participant and data exclusion criteria.

Participants
Participants were recruited through the University of Minnesota undergraduate psychology recruitment pool. A total of 773 participants (M = 19.7, SD = 1.6; 74.2
percent female) took part in the experiment over a 3-year period. For details of participant selection, see Appendix B: Participant selection.
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Apparatus and stimuli
Stimuli were presented on an IBM-compatible computer running the E-Prime software
(Schneider, Eschman, & Zuccolotto, 2001) to control stimulus presentation and to
collect data. Details of stimulus presentation and characteristics are described in
Appendix B: Stimulus presentation.
The cognitive test consisted of a short-form assessment chosen for its reliability,
confirmed loading on g, and relative quickness. We used the ICAR-16, a 16-item,
multiple-choice short form of the full International Cognitive Ability Resource assessment (https://icar-project.com/), a public-domain assessment tool (Condon &
Revelle, 2014). The ICAR-16 is a reliable, validated assessment tool intended to be
completed quickly. For item details and reliability analyses, see Appendix B: ICAR-16
reliability. Participants were not given a strict time limit, and all completed it within
30 minutes. Henceforth we call the ICAR-16 score “IQ.”
The stimulus was a single-digit number between 1 and 9 excluding 5, which appeared at the center of the computer screen following a fixation cross and a randomized foreperiod. Each pair of stimuli equally distant from 5 (e.g., 4 and 6) were
coded as equivalent in numerical distance (“Distance”). There were thus four levels
of Distance. Each displayed digit additionally varied in its visual contrast against an
off-white background on the computer screen (“Contrast”). Four levels of Contrast
were used, ranging from light to dark grey.

Design and procedure
The number-comparison task requires that participants respond as quickly and accurately as possible to whether a stimulus digit is less than or greater than an invariant
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target digit, which was 5 in our implementation for Experiment 1. Participants were
instructed to press the Q key on the keyboard if the number that appeared onscreen
was less than 5, and the W key if the number is greater than 5. A keypress terminated
the trial, prompted brief feedback (correct or incorrect), and initiated the next trial.
The stimulus digits (1 through 9 excluding 5) were randomized across trials. Additionally, the four levels of Contrast were also randomized across trials to produce a
total of 16 Distance × Contrast combinations. Participants first completed 30 practice trials, then 3 blocks of 50 trials, each of which were separated by short breaks.
A given combination of digit and level of Contrast could only appear a maximum of
three trials in a row in order to mitigate the unwanted influence of stimulus repetition
(e.g., Kraut & Smothergill, 1978).

Analysis
All data were analyzed in R (R Core Team, 2013). ANCOVA was conducted using
the aov and ezANOVA functions of the base Stats (v3.6.2) and EZ (v4.4-0) packages,
respectively, and ηp2 was calculated via the EtaSq function of the DescTools (v0.99.37)
package.
Trials were dropped if their times were below 100 ms or more than 5 SDs from that
participant’s mean RT. Trials resulting in an incorrect response were also dropped in
analyses of raw RT. Participants with too few entries per condition were dropped from
final analysis (see Appendix B: Data filtering for details of data-exclusion criteria).
The method of additive factors depends on finding statistical interactions between experimental manipulations or naturally varying traits associated with a common information-processing stage (and, conversely, an absence of interactions between
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manipulations or traits associated with distinct stages). We tested for the presence
or absence of these interactions in our implementation using IQ as a continuous
between-subjects covariate in ANCOVA. Following the suggestions of reviewers, we
also conducted two alternative analyses: (1) a comparison of slopes in the regression
of RT on IQ at each level of a given manipulation and (2) linear mixed modeling.
Experimental manipulations have been shown to affect the diffusion parameters in
an intelligible manner (e.g., Voss, Rothermund, & Voss, 2004), which means that the
effects of Contrast and Distance on these parameters in our own experiment and their
associations with g may be used to affirm any positive results of our additive-factors
analysis. Although our study design was crafted with the method of additive factors
in mind, diffusion-model parameters were calculated for each participant and for each
condition, in an attempt to provide converging evidence for our overall stage model.
The diffusion parameters are Ter , the duration of the non-decision residual stage that,
when mapped onto other decompositions, theoretically includes both sensory processing and motor response; a, the width of separation between decision boundaries,
which captures the participant’s speed-accuracy tradeoff; and v, the rate at which the
decision process would travel from the starting point (a/2) to the correct decision
boundary in the absence of stochastic fluctuations (Ratcliff & McKoon, 2008). Since
in our model only the decision process is associated with g, we treated Ter and v as
individual-difference variables, hypothesizing only the latter to be correlated with g.
Whenever possible, we computed Bayes factors in support of the null hypothesis
for each effect reported in a table (Jeffreys, 1961). For effects reported from correlations and regressions, we used the method of Bayesian t-statistic conversion described
in Rouder, Speckman, Sun, Morey, and Iverson (2009). For effects reported from
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AN(C)OVA designs, we used the F -statistic conversion described in Rouder, Morey,
Speckman, and Province (2012). Both methods are implemented in the “BayesFactor”
R package. We used the default prior for each reported Bayes factor.
We used the EZ method (Wagenmakers, van der Maas, & Grasman, 2007) to estimate the diffusion parameters for each participant and each Contrast × Distance cell
using the RT moments of mean, variance, and proportion correct. EZ and its closely
related successor, EZ2 (Grasman, Wagenmakers, & van der Maas, 2009), have been
shown to be robust methods of diffusion modeling that do not perform appreciably
worse than various other methods (Dutilh et al., 2019; van Ravenzwaaij & Oberauer,
2009). Due to the small number of trials per condition, we set the participant’s error
rate to .001 in any condition characterized by perfect performance.
To address the concern that each participant was given too few trials per cell for
accurate diffusion modeling, we also performed an alternative analysis in which the
sample was divided into quintiles on the basis of IQ and the EZ2 method applied to the
average RT moments (mean, variance, error rate) of each quintile. The nonlinearity
of the diffusion model means that the estimates of the diffusion parameters obtained
in this way may not equal the average diffusion parameters of the individuals in the
group. Nevertheless, in studies where fits to averaged data can be compared to the
average fits to the data of individuals, similar results have been obtained (e.g., Ratcliff,
Thapar, Gomez, & McKoon, 2004a; Ratcliff, Thapar, & McKoon, 2001, 2004b).
The chief difficulty with a small number of trials is an inadequate number of errors.
Dividing our sample into quintiles ensured that in the number-comparison task every
Contrast × Distance cell was associated with a nonzero average error rate. To further
alleviate the problem of few trials per cell, we took advantage of EZ2’s capacity to
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constrain parameters across different cells. Specifically, we constrained a quintile’s
a parameter to be equal across cells and fixed the starting point of the diffusion
process to a/2. These are plausible constraints because an individual is not expected
to adjust speed-accuracy tradeoff in advance of stimulus onset or show a response bias
in our symmetrically arranged tasks. We also constrained the v and Ter parameters
to depend linearly on the levels of the experimental manipulations. That is, if i is the
level of Contrast and j the level of Distance (level 1 being the most difficult and level
4 the least), then the quintile’s v parameter for cell ij was constrained to be

v(i, j) = v0 + vC i + vD j.

(1)

The quintile’s Ter parameter for cell ij was analogously constrained to

Ter (i, j) = T0 + TC i + TD j.

(2)

The intercept can be seen as a measure of individual differences, although we will report unanticipated results complicating this interpretation. The coefficients with the
subscripts C and D reflect the sensitivity of the parameter to the respective experimental manipulations. The application of across-cell constraints allows, in essence,
all trials performed by the individuals in the quintile to contribute to the estimation
of the diffusion parameters.
To perform statistical inference, we created 1,000 bootstrap resamples of each task
dataset, each individual being represented by 48 RT moments (mean, variance, and
error rate for each of 16 Contrast × Distance cells). In each bootstrap replicate, the
average moments of each IQ quintile were recalculated and its diffusion parameters

INTELLIGENCE: GENETIC & COGNITIVE DATA

47

re-estimated. If the resampled subjects in a quintile committed no errors at a given
Contrast × Distance combination, the error rate was set to 0.003 in accordance with
the Wagenmakers et al. (2007) edge correction.
For statements of significance, we use an alpha level of .001 for all analyses; pvalues between .001 and .05 are referred to as “nominally significant”.

Results
Of the 773 total participants, 768 had valid data for the number-comparison task.
Mean proportion correct on IQ was 0.62 (SD = 0.20), above the population average
but well within the expected range for a college-student population.
To calculate simple correlations between IQ and the RT moments, each participant’s moments were calculated by collapsing the two lowest and two highest levels
of both Contrast and Distance, and then averaging the moments of these collapsed
conditions. This was done so that intra-individual variability (a participant’s variance
in RT across trials) was not inflated by the different means of the conditions, while
ensuring each cell included a moderate number of trials. The sample average of mean
RT across all conditions of the number-comparison task was 0.535 s (SD = 0.07 s);
mean accuracy rate was 97.95 percent.
As predicted, higher-g individuals were both faster and less variable at the numbercomparison task. The correlation between overall RT (across all conditions) and IQ
was r = −.323 (p < .001), well within the predicted range of –.20 to –.40 (Jensen,
2006) for similar paradigms. Proportion correct did not correlate significantly with
IQ (r = .036, p = .323); intra-individual variance correlated modestly with IQ at
r = −.108 (p = .003).
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Effects of experimental manipulations
Repeated-measures ANOVA revealed a main effect of Distance (F3,2301 = 1, 303.68,
p < .001) and a main effect of Contrast (F3,2301 = 613.13, p < .001). Evidence for
an interaction between Contrast and Distance was modest (F9,6894 = 2.44, p = .009).
Means and standard deviations of RT and proportion correct across levels of difficulty
are shown in Table 2.4.
We tested our core hypothesis that IQ interacts with the Distance, but not Contrast, manipulation through ANCOVA, a comparison of regression slopes, and linear
mixed-modeling.

ANCOVA. Given large main effects of both manipulations, is there any evidence of
g statistically interacting with one rather than the other? We examined this question
by testing for an interaction of IQ with both manipulations and by determining how
the slope in the regression of RT on IQ varies (or not) with the level of a given
manipulation.
With cognitive ability as a continuous between-subjects covariate, we tested for its
interaction with within-subjects factors of both Distance and Contrast. This resulted
in a significant interaction between IQ and Distance (F3,2298 = 12.17, p < .001),
but not between IQ and Contrast (F3,2298 = 1.79, p = .146); in other words, higher-g
individuals are less slowed down by the more difficult levels of Distance, but are slowed
down just as much as lower-g individuals by the more difficult levels of Contrast.
Effect sizes for ANCOVA terms are given in the form of partial eta-squared (ηp2 ), the
ratio of variance associated with each effect (plus that effect and its associated error
variance). ANCOVA effects and associated statistics are shown in Table 2.5.
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The Bayes factors for each interaction are overwhelmingly consistent with all of
our predictions. A null interaction between the manipulations is favored by nearly
20 thousand to one. The interactions of the manipulations with IQ (shown in bold
in Table 2.5) are also as predicted. When the manipulation is Distance, it is now
the alternative hypothesis that is favored, by nearly a million to one. When the
manipulation is Contrast, support for the null is more than 120 to 1.

Comparison of regression slopes. One useful way to visualize the effect of a
continuous covariate across levels of difficulty manipulations is through the visual
inspection of regression slopes. The implication of a significant interaction between
cognitive ability and the Distance manipulation in ANCOVA is that the magnitude
of the slope in the regression of RT on IQ should monotonically increase as Distance
becomes more difficult. Indeed, this is what we found. When IQ is standardized across
the sample, unstandardized beta coefficients (SE) are –0.030 (0.002), –0.026 (0.002),
–0.024 (0.002), and –0.023 (0.001) for the hardest, hard, easy, and easiest Distance
conditions, respectively. The steeper slopes at the higher levels of difficulty indicate
that cognitive ability confers more of an advantage on the speed of response the more
difficult the condition. In other words, every standard deviation increase in ICAR-16
score is associated with a mean RT that is 30 milliseconds faster at the most difficult
level of Distance, but only 23 milliseconds faster at the easiest level. The change of
slope over the Contrast manipulation shows little evidence for monotonic increase
(Figure 2.6).

Linear-mixed modeling. We conducted linear-mixed modeling (LMM) as a supplement to ANCOVA to evaluate interactions in nested data with fixed and random
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effects. We conducted LMM with the lmer function of R’s ‘lme4’ package over number
comparison data by specifying fixed effects of distance and perceptual difficulty with
IQ as a continuous between-subjects covariate. Additionally, we specified block (1,
2 or 3) and stimulus digit (1–4 and 5–9) as random effects. This revealed a similar
pattern of results as those obtained through ANCOVA (Table 2.6).
LMM produces a similar pattern of effects as obtained through ANCOVA. Extracting the random variation due to block and digit produces similarly-sized main
effects of Contrast and Distance, and no convincing evidence of any higher-order interactions. The interactions of interest, the terms of each manipulation with IQ, are
similar to the ANCOVA interactions. The strong evidence for an IQ × Distance interaction is as expected (p < .001). Although LMM produces very weak evidence of
an IQ × Contrast manipulation (p = .019), given its associated Bayes factor (favoring
a null interaction by 13 to one) and the overall similarity in effects to ANCOVA, this
is unlikely to reflect a meaningful pattern in the data.

Diffusion modeling
We computed diffusion-model parameters using two methods. First, a straightforward
application of EZ diffusion equations to each participant’s data provided diffusion rate
(v) and non-decision time (Ter ) at the individual level. However, the validity of these
parameter estimates is questionable due to the low number of trials and very low error
rate for each condition. We therefore also aggregated the data into quintiles based on
IQ and applied the EZ2 method to each quintile.

EZ diffusion: Individual-level analysis. Diffusion-model parameters were calculated for each participant and for each condition. As with intra-individual variability,
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population diffusion parameters were calculated by aggregating distance and contrast manipulations into two collapsed levels of each. As expected, diffusion rate v
correlated significantly with IQ across all conditions at r = .292 (p < .001); higher-g
individuals are substantially faster at reaching the correct decision boundary. Nondecision residual time, Ter , correlated modestly with ICAR-16 score (r = −.076,
p = .036). However, it is important to note that non-decision time is strongly affected
by error rates; given the low error rates across the number task, the error inflation
added by an arbitrary edge correction limits the interpretability of the IQ-Ter correlation at the individual level.
Rate of diffusion also differed substantially and monotonically across the four levels
of the Distance manipulation, with a mean rate of diffusion of v = 0.368 (SD = 0.130)
for the hardest condition and v = 0.520 (SD = 0.149) for the easiest condition.
Diffusion rate was close to invariant across levels of the Contrast manipulation, at
v = 0.441 − 0.454 (SD = 0.147 − 0.153) across all four difficulty levels. Interestingly,
we observed an almost opposite pattern for non-decision time (Ter ), with a nearly
monotonic increase across levels of Contrast but a lack of such clear pattern over
levels of Distance (Table 2.4).
Mean (95% CI) diffusion rate and non-decision time over levels of Distance and
Contrast are compared in Figure 2.7.
These mean differences were confirmed with repeated-measures ANOVA over the
four levels of difficulty for both v and Ter , revealing a large main effect of Distance
on diffusion rate (F3,2301 = 1, 055.19, p < .001) and a moderate effect of Contrast
(F3,2301 = 6.07, p < .001), which corresponds to a ηp2 of .579 (generalized η 2 = .173)
for Distance and a ηp2 of .008 (generalized η 2 = .001) for Contrast on diffusion rate.

INTELLIGENCE: GENETIC & COGNITIVE DATA

52

At the same time, the effect of difficulty level on non-decision time, Ter , is represented
by an F -value of 213.87 (p < .001) over levels of Contrast and an F -value of 62.24
(p < .001) for Distance, with Contrast associated with a ηp2 of .218 (generalized η 2 =
.040) for Ter and Distance associated with a ηp2 of .320 (generalized η 2 = .012). This
is a clear indicator that the level of difficulty is much more powerfully influencing
the rate of evidence accumulation over levels of Distance than for levels of Contrast,
consistent with our main hypothesis that central processing occurs in a separate stage
from sensory processing.

EZ2 diffusion: Quintile-level analysis. If anything, the quintile-level analysis
supported our hypotheses even more impressively (Table 2.7).
We unexpectedly found that the effect of Distance on diffusion rate seems to increase with IQ. It will be interesting see to whether this relationship between diffusion
rate and IQ generalizes to number-comparison tasks using a wider numerical range
of stimuli. In any event, because of this relationship, the intercept in Equation 1 is
not an appropriate measure of individual differences because to fit the actual data
points the intercepts of different quintiles may have to cross over and no longer reflect
the order of diffusion rates obtaining over actual levels of difficulty. We therefore used
v0+vD as our measure of individual differences because this corresponds to an actual
diffusion rate—that of the easiest level of Distance. As can be seen in Table 2.8, this
measure increased significantly with IQ quintile (p < .01). The Bayes factor did not
strongly support the alternative, but it must be recalled that the use of quintiles leads
to a loss of statistical power with respect to individual differences.
If vD increases with IQ, then its value in the lowest IQ quintile is a conservative
measure of how strongly Distance affects the diffusion rate. This value was signifi-

INTELLIGENCE: GENETIC & COGNITIVE DATA

53

cantly different from zero (p < .001). The Bayes factor overwhelmingly favored the
alternative.
vC did not seem to vary substantially across quintiles, and its average was not
significantly different from zero. The Bayes factor of more than twenty to one indicated
strong support for the null.
Neither TD nor TC seemed to vary with IQ, leaving T0 an acceptable measure of
individual differences in non-decision time. T0 showed no association with IQ, and the
Bayes factor of more than twenty to one indicated strong support for the null.
We estimated TD to be a remarkably small 3 milliseconds. We had great statistical
power to detect an effect of the experimental manipulation, and the Bayes factor of
nearly five to one provided only modest support for the null. Nevertheless we can be
quite confident that any effect of Distance on non-decision time, however significant in
a large enough sample, is quite small. In contrast, TC was very significantly different
from zero (p < .001) with a Bayes factor overwhelmingly favoring the alternative.
In summary, our quintile-level analysis provided precise and elegant support for a
model where g is associated with a processing stage selectively influenced by Distance
and not at all associated with a processing stage selectively influenced by Contrast.

Discussion: Experiment 1
Findings across Experiment 1 supported the predictions of our core hypothesis. The
strong main effects of both Contrast and Distance difficulty manipulations on mean
reaction times, a significant interaction between cognitive ability and the Distance
manipulation, along with the simultaneous absence of evidence for an interaction between cognitive ability and the Contrast manipulation, are all consistent with general
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intelligence being associated with the semantic understanding of numerical quantity
rather than the visual processing of numeral form. This conclusion is supported by a
similar pattern of results for linear mixed modeling, as well as an observed monotonic
increase in the association between IQ and RT over levels of difficulty for the Distance
but not the Contrast manipulations. Regardless of its application to individuals or
quintiles, the diffusion model further supports our main hypothesis, with Distance
showing a much stronger effect than Contrast on diffusion rate (a correlate of g) and
the two manipulations showing the opposite pattern of effects on non-decision time
(a parameter not strongly correlated with g).

Experiment 2: Tone comparison
Tasks of frequency comparison are commonly employed in studies of cognitive ability,
and greater accuracy and speed at distinguishing tones of differing frequency have
been found a correlate of g on an order similar to sensory discrimination tasks in
general (Deary, 2000; Deary, 1994). Many of the paradigmatic features of individual differences studies of sensory discrimination tasks, such as the use of masking
techniques and inspection time, reveal similarities in the role of g in tasks of visual and auditory discrimination (Raz, Willerman, Ingmundson, & Hanlon, 1983).
For example, research into the distributional features of P300 amplitude or latency
as correlates of g have been demonstrated for the frequency discrimination of tones
(Bazana & Stelmack, 2002; Troche et al., 2009).
Within the past decade, researchers have also begun applying visual perception
tasks to their conceptual auditory equivalents in order to investigate the diffusion
modeling of pitch discrimination of tones. For example, Mulder et al. (2013) devel-
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oped an auditory version of the traditional random-dot motion paradigm, in which
differences in pitch correspond to motion and tones correspond to dots. By administering both the visual version of the task and their auditory version to participants,
the authors were able to compare the fit of a full drift diffusion model and compare
across tasks. They found large correspondence in speed-accuracy tradeoffs for both
visual and auditory versions of the task, with some evidence that diffusion rates were
generally larger for the tone modification.
Experiment 2 makes use of tone frequency differences to conceptually mirror a
variant of Sigman and Dehaene (2005)’s number-comparison task. In investigations
of dual-task and psychological refractory period phenomena, Sigman and Dehaene
(2006) and Sigman and Dehaene (2008) have developed an analogous version of this
task that makes use of “high frequency” tones of 880 Hz and “low frequency” tones
of 440 Hz to roughly analogize number comparison to tone discrimination. Although
simultaneously varying the loudness of tones has not been employed as extensively
in the literature, we apply four variations of tone amplitude to vary a perceptual
quality that is ancillary to the main task of pitch comparison. In sum, the relevant
literature suggests that a conceptual application of the number comparison task to
auditory stimuli is useful for investigating individual differences as well as task-related
differences in sensory and information processing.

Materials and method
Participants
Experiment 2 was administered to the same sample of psychology undergraduates at
the University of Minnesota as detailed for Experiment 1. Due to occasional software
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failure unique to administration of auditory stimuli, we retained valid data from 758
participants for Experiment 2. For a detailed explanation of participant selection and
data filtering criteria, refer to Appendix B: Participant and data exclusion criteria.

Apparatus and stimuli
Computers, monitors and software used in Experiment 2 were all identical to those
in Experiment 1.
The auditory stimuli task manipulates auditory perception by using tones that
vary in both pitch and loudness as stimuli that are intended to be roughly analogous
to the numerical quantity and contrast of the number task. Tone frequencies were
chosen to be well within the range of human comfort as per previous studies using
tones for similar research (Sigman & Dehaene, 2005) and ranged from 440 Hz to 880
Hz. Tones varied in loudness from barely audible (3 dB) to a normal quiet speaking
voice (50 dB). Additional details of stimulus presentation and characteristics are
described in Appendix B: Stimulus presentation.

Design and procedure
The structure and design of Experiment 2 is similar to the number-comparison task.
Following a randomized foreperiod delay between 1200 and 1900 ms, two tones are
presented sequentially to the participant through the set of headphones connected
to the computer. The first tone is the target, which is positioned at the center of
the distribution of stimulus frequencies (660 Hz) and at normal speaking volume (50
dB). The second tone is the stimulus, which can be any combination of frequency and
loudness from the set of 16 options, excepting the target frequency of 660 Hz. The
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participant is instructed to respond as quickly and accurately as possible by pressing
the “Q” key on the keyboard if the second tone is higher in pitch than the target
tone, and the “W” key if the stimulus tone is lower in pitch. A keypress terminates
the trial and initiates brief feedback (correct or incorrect) before continuing to the
next trial.
As with the visual stimuli of Experiment 1, eight total stimulus frequencies were
used, four above and four below the target frequency; in this condition “distance”
is coded as distance from the target frequency for four levels of “distance” and a
total of 16 different conditions per participant. The four levels of both loudness and
frequency distance are randomized and counterbalanced across trials, which, after
data filtering (Appendix B: Data filtering), produced a roughly equal number of all
possible combinations of each frequency distance and loudness for each participant.
Each stimulus frequency and loudness level can appear a maximum of three trials in
a row. Participants first complete 30 practice trials, then 3 blocks of 50 trials each
which are separated by short breaks.

Analysis
All analyses for Experiment 2 were conducted in R, and methods of ANCOVA and
EZ diffusion modeling were performed identically to those detailed for Experiment
1. Additional analysis detail, including reliability tests and the application of the EZ
diffusion model, are presented in Appendix B: Analysis detail.
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Results
As with Experiment 1, population statistics for reaction time parameters were calculated by collapsing the two lowest and two highest levels of both loudness and
frequency distance manipulations, and then aggregating the means of these collapsed
conditions. This was done so that intra-individual variability is not inflated by the
different means of the conditions, while ensuring each cell includes enough correct
trials that aggregates are robust against different error rates of the conditions. Mean
reaction time for correct trials across all conditions of the tone comparison task was
0.602 s (SD = 0.187 s); mean intra-individual variability was 0.068 s (SD = 0.376 s).
Individual reaction time trials were removed if they were faster than 0.100 s or slower
than 5 SDs above that individual’s mean (indicating distraction on that trial). Mean
accuracy rate was substantially lower than that for the number-comparison task, at
93.3 percent (SD = 6.25 percent) across all conditions, and ranged from worse than
chance (45.6 percent) to perfect accuracy.
As predicted, higher-g individuals were both faster and less variable at the tone
comparison task. The correlation between overall reaction time (across all conditions)
and ICAR-16 score was r = −.257 (p < .001), well within the predicted range of –.20
to –.40 (Jensen, 2006) for similar ECT paradigms. In this case, proportion correct
also correlated significantly with ICAR-16 score (r = .307, p < .001); intra-individual
variance correlated modestly with ICAR-16 score at r = −.125 (p = .001).

Effects of experimental manipulations
The main effect of the frequency Distance manipulation was similarly strong to its
comparable quality of numerical distance from Experiment 1; the main effect of the
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Loudness manipulation was significant but smaller than its comparable “Contrast”.
“Distance” is considered here to be the increment in frequency distance of the target
tone from the stimulus tone; e.g., a stimulus tone of one increment both above and
below the target frequency would have a distance of 1. Repeated-measures ANOVA
revealed a main effect of F3,2265 = 611.57 (p < .001) over the four levels of frequency
Distance, and a main effect of F3,2265 = 42.15 (p < .001) over the four levels of
Loudness. Additionally, we found moderate evidence of an interaction between the
Loudness and the frequency Distance manipulations (F9,6795 = 2.88, p = .002). These
effects and their associated statistics are summarized in Table 2.10.
As in Experiment 1, we conduct tests of our main hypothesis via ANCOVA,
comparison of regression coefficients, and linear-mixed modeling.

ANCOVA. We tested for the presence of an interaction between IQ and difficulty
levels of both manipulations. We found moderate evidence of a significant interaction
between IQ and the “frequency distance” manipulation (F3,2262 = 3.52, p = .014),
and no evidence of an interaction with the Loudness manipulation (F3,2262 = 0.84,
p = .472). Additionally, we found moderate evidence of an interaction between the
Loudness and the frequency Distance manipulations (F9,6786 = 2.88, p = .002), but
weaker evidence for a three-way interaction between manipulations and IQ (F9,6786 =
1.65, p = .095).
It is worth noting that the lower variance in RT achieved by the Loudness manipulation, which results in a comparatively weak main effect of Loudness, limits the
interpretability of its lack of interaction with IQ. Nevertheless, the IQ × Loudness
interaction remained non-significant after correction for sphericity (p = .462), while
the IQ × Distance interaction retained nominal significance (p = .038).
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Comparison of regression slopes. As in the number comparison task, we can
compare regression slopes for the effect of RT on cognitive ability over each level of
difficulty in both manipulations. We see a similar although weaker pattern of monotonic increase for the frequency distance manipulation to that observed for numerical
distance in the number comparison task. For the frequency Distance manipulation,
unstandardized beta coefficients (SE) for standardized IQ score are –0.052 (0.005),
–0.046 (0.004), –0.044 (0.003), and –0.041 (0.003) for the hardest, hard, easy, and
easiest conditions, respectively. The steeper slopes at the higher levels of difficulty
indicate that cognitive ability confers more of an advantage on the speed of response
the more difficult the condition, such that a standard deviation increase in ICAR-16
score is associated with a mean RT that is 52 milliseconds faster at the most difficult
level of Distance, but only 41 milliseconds faster at the easiest level. The Loudness
manipulation shows little evidence for a similar pattern, with beta coefficients (SE)
of –0.047 (0.004), –0.044 (0.004), –0.046 (0.004), –0.046 (0.004) across the hardest,
hard, easy, and easiest conditions, respectively (Figure 2.8).

Linear-mixed modeling. Linear mixed modeling, in which we control for additional random effects of block number and stimulus digit, is largely consistent with
ANCOVA results (Table 2.11). Block (1, 2 or 3) and frequency (analogous to stimulus
digits 1–4 and 6–9 in Experiment 1) are specified as random effects terms.
This revealed a similar but stronger pattern of results than those obtained through
ANCOVA (Table 2.10). Although the main effect of the Loudness manipulation is
reduced to an F -ratio of only 8.48, the alternative hypothesis is nevertheless favored
by a Bayes factor of over six thousand to one. Our hypotheses are well supported by
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an IQ × Distance interaction (alternative favored by nearly a million to one) and the
lack of evidence for an IQ × Loudness interaction (null is favored by over 500 to one).

Diffusion modeling
As in the number comparison task, we computed diffusion model parameters by both
applying EZ diffusion equations to each participant’s data provides diffusion rate (v)
and non-decision time (Ter ) as individual differences measures, and by applying EZ2
over IQ quintiles which allows for the use of aggregated error rates.

EZ diffusion: Individual-level analysis. Diffusion model parameters were calculated for each participant and for each condition. As with intra-individual variability,
population diffusion parameters were calculated by aggregating distance and contrast manipulations into two collapsed levels of each. As expected, diffusion rate
v correlated significantly with IQ across all conditions at r = .349 (p < .001);
higher-g individuals are substantially faster at reaching the correct decision boundary. Non-decision residual time, Ter , did not correlate significantly with ICAR-16 score
(r = −.034, p = .351; Table 2.10).
As in the number comparison task, rate of diffusion differed substantially and
monotonically across the four levels of the Distance manipulation, with a mean rate
of diffusion of v = .007 for the hardest condition, v = .010 for the hard condition,
v = .012 for the easy condition and v = .014 for the easiest condition. Diffusion
rate was close to invariant across levels of the Loudness manipulation, at v = .010,
v = .011, v = .011, and v = .011 across the hardest, hard, easy and easiest levels,
respectively, of the Loudness comparison. Mean (95 % CI) diffusion rate and nondecision time over levels of Distance and Loudness are compared in Figure 2.9.
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As with the number task, these mean differences are confirmed with repeated
measures ANOVA over the four levels of difficulty for both v and Ter , revealing a
strong main effect of Distance on diffusion rate (F3,2262 = 1, 908.38, p < .001) and a
strong but smaller effect of Loudness (F3,2262 = 60.47, p < .001), which corresponds
to a ηp2 of .717 (generalized η 2 = .276) for Distance and a ηp2 of .074 (generalized η 2 =
.009) for Loudness on diffusion rate. At the same time, the effect of difficulty level on
non-decision time, Ter , is represented by an F -value of 18.69 (p < .001) over levels of
Loudness and an F -value of 173.20 (p < .001) for Distance, with Loudness associated
with a ηp2 of .024 (generalized η 2 = .004) for Ter and Distance associated with a ηp2
of .187 (generalized η 2 = .024). The finding that Ter is affected more strongly over
Distance than for Loudness represents somewhat of a departure from the comparable
analysis in the number task; however, it is clear from Figure 2.9 that this effect is due
primarily to the large effect on Ter in the hardest level of Distance difficulty. Though
the effect on Ter is less pronounced over Loudness than for Contrast in the number
task, it is nevertheless clear that the effect is monotonic over levels of Loudness with
a more equivocal pattern over Distance.

EZ2 diffusion: Quintile-level analysis. EZ2 diffusion parameters were calculated for the tone comparison task following the steps outlined for Experiment 1 (EZ
diffusion). In aggregating error rates over IQ quintiles and applying across-cell constraints, we can make inferences from diffusion modeling that are less affected by the
unreliability that may be introduced by small numbers of trials per condition.
The pattern of diffusion rate (v) and non-decision time (T ) over IQ quintiles
is more equivocal for the tone task than the number task. Although diffusion rate
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over levels of Distance (vD ) shows the expected pattern, there is also evidence that
Loudness affects diffusion rate weakly, rather than non-decision time (Table 2.12).
This departure from the number task is further evidence by the significant average
diffusion rate over IQ quintile for Loudness (vL ), as well as the lack of evidence for
an effect of the average non-decision time over quintiles for Loudness (TL ). Together,
modeling diffusion parameters over IQ quintile appears to support a weak role of
diffusion rate over levels of Loudness as well as a stronger role over levels of Distance
(Table 2.13). The implications of this finding are further explored in the Discussion
for Study 2.

Discussion: Experiment 2
Although the overall pattern of effects is weaker than for Experiment 1, we nevertheless see a similar pattern of effects and non-effects in the tone comparison task.
ANCOVA, a comparison of RT × IQ slopes over manipulations, and linear-mixed
modeling all indicate a frequency Distance × IQ interaction while failing to support
a similar interaction for Loudness. However, due to the unanticipated weak effect of
Loudness relative to the strong effect of Distance, we caution interpretation of its
lack of interaction with IQ as valid. Additionally, estimation of diffusion modeling
parameters offers equivocal support for our main hypothesis. Although diffusion rate,
a correlate of g, shows a strong monotonic increase over levels of Distance with less
evidence for monotonic change over levels of Loudness, non-decision time shows evidence of its being affected by both Distance and Loudness manipulations. Applying
EZ2 diffusion parameters over IQ quintiles leads to a similar pattern of equivocal
effects of IQ on non-decision time over levels of both Distance and Loudness.
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Discussion
Through a number of different analytical approaches, we have demonstrated that the
stream of information processing is susceptible to decomposition where one or more
stages are not in fact correlated with g. By applying the method of additive factors,
we have found selective influence in a manipulation that appears to substantially
affect participants’ reaction time but does not interact with g. General intelligence,
as measured by a short-from test of cognitive ability that is associated with overall
reaction time within the range of the predicted magnitude, is correlated with the
speed of a stage affected by a stimulus feature that increases the difficulty of the
discrimination called for by the task, but not with a stage affected by an incidental
stimulus feature that varies the difficulty of stimulus perception.
Comparison of results across levels of difficulty for decision and perception stages
of processing indicate a clear pattern that invokes g as being specifically correlated
with central processing rather than the processing of sensory features incidental to the
main task, such as the loudness of a tone or the visual contrast of a symbol. With the
acknowledgements of the caveats present in Experiment 2, both experiments produce
a similar pattern of results across the various manipulations. Together, they suggest
that the relationship between g and the flow of information is similar in basic attention
and performance regardless of the sensory modality. The feature of problem-solving
common to both sensory paradigms may be that they both involve the capacity to
evaluate abstract quantities against one another.
Despite this consistent pattern of similarities in effects and significance testing
through a variety of analyses, we acknowledge a number of considerations that should
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be addressed in future studies. The sample of participants, though large by historical
standards of the study of reaction time, is restricted to college students and is overrepresented by female participants. The paradigms themselves were also limited by
time constraints that reduced available trials for each of the relevant conditions, when
more trials per condition likely would have reduced unwanted inter-trial variance. Few
trials per condition, together with low error rates particularly in the number task,
additionally limits the strength of comparisons that rely on the comparison of diffusion model parameters across levels of difficulty. Furthermore, it is important to
acknowledge the limitations and assumptions inherent in an additive factor model
of information processing. For example, the assumption that each additive stage of
processing is uniquely affected only by its own source of variance can produce inconsistencies under certain paradigmatic approaches, such as the use of a difference
score as an individual difference variable (e.g., Rey-Mermet, Gade, Souza, Bastian, &
Oberauer, 2019). It is unlikely that models invoking distinct processing stages would
map perfectly onto the reality of cognitive architecture (Song & Nakayama, 2009).
Indeed, a larger sample of trials and participants in our study may have eventually
revealed a smaller significant interaction between IQ and the contrast/loudness manipulations, which in some cases may be suggested by the data (see Table 2.10). That
g’s salience in different stages of processing exists on a continuum, rather than in
uniquely separable discrete phases, would be consistent with a modern understanding of the human brain as a flexible but partially modular organ (Bertolero, Teo, &
D’Esposito, 2015).
This proposed gradation between perceptual and decisional discrimination may
be especially evidenced by the pattern of results observed for the tone task. Although
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the interaction between frequency distance and IQ was significant at the p < .001
level, the interaction between frequency distance and loudness manipulations was
additionally small but significant (p = .002). This pattern is further reflected in
diffusion modeling of the tone task, wherein diffusion rate was affected by levels
of distance as well as levels of loudness. Together, these results suggest that the
perceptual and decisional distinctions were not as clear-cut as they appeared to be
in the number task, giving rise to an intuitive “fuzzy” processing stage that requires
both perceptual and decisional discrimination. Future research on g’s differential role
in the processing stages of auditory stimuli would be useful to better clarify the
distinctiveness of these stages.
Nevertheless, these flaws and limitations form the basis of our rationale for conducting multiple analyses, which have produced largely converging lines of evidence.
The assumptions of additive factors differ from those of the diffusion model, and one
result of this is that the method of additive factors does not depend so strongly on the
number of trials. Through the application of distributional features of reaction time to
a diffusion model, we demonstrate consistency with the additive-factors results: The
rate of diffusion correlates substantially with cognitive ability, while non-decision time
does not; additionally, the rate of diffusion varies substantially over the levels of difficulty for the stimulus feature that manipulates the “decision”, but not the sensory,
component of the task.
Previous findings, which make use of the “psychological refractory period” (PRP)
to demonstrate that limitations in response selection will lengthen reaction times, are
also consistent with our results and add to the theoretical picture. Lee and Chabris
(2013), for example, have shown that participants can visually parse two numerals

INTELLIGENCE: GENETIC & COGNITIVE DATA

67

presented in rapid sequence, but can only compare their magnitude to a target numeral in serial fashion—and that the length of this second stage, but not the first,
is dependent on g. In other words, the stage associated with g begins after some
preliminary (i.e., perceptual) processing has already been done. The fact that the
g-associated stage is serial is perhaps suggestive of the stochastic decision process engaging a global brain network rather than a small portion. However, other researchers
have not found this association with the PRP and mental ability (e.g., Troche, Indermühle, Leuthold, & Rammsayer, 2015), and this interpretation remains an open
question.
A previously proposed hypothesis is that the mechanism of the g-RT relationship
represents global nerve-conduction speed in the brain (e.g., Reed & Jensen, 1991).
However, if this were the case, we would expect to see that g is correlated equally
with all stages of processing rather than being chiefly represented in one stage. That
the g-RT relationship does not represent global nerve-conduction speed is consistent
with recent findings from a large genome-wide association study (GWAS) of educational attainment, an effective proxy phenotype of cognitive ability. With over 1.1
million genotyped participants, Lee et al. (2018) discovered over 1,200 novel genetic
variants linked to variation in educational outcome, many of which enrich gene sets
defined by brain development and function. It was perhaps surprising that gene sets
defined by myelination or expression in oligodendrocytes was conspicuously absent
from these results. After all, myelination renders the action potential saltatory and
thereby increases its velocity along the axon by an order of magnitude. One might
have thought that the precise speed which which an action potential travels from
the axon initial segment to the boutons should have some impact on information
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processing—especially in light of the fact that reaction time in simple cognitive tasks
is negatively correlated with cognitive performance.
However, findings such as ours and the “serial bottleneck” are consistent with the
idea that myelination, which may certainly affect the speed at which sensory organs
transduce and transmit information to the brain, is not a good sole explanation for
why intelligence and faster reaction time are linked. This interpretation is also consistent with other experimental studies which (e.g.) find that nicotine administration
decreases response latencies without affecting IQ (Schubert, Hagemann, Frischkorn,
& Herpertz, 2018). All in all, it seems that the bottleneck facing a neuron deeper in
the brain than the perceptual areas lies much more in how to integrate the inputs
that it receives over a short interval than in whether any given input arrives a bit
sooner or later. If this is indeed the correct inference to make from the failure of
oligodendrocyte-expressed genes to account for an enriched share of heritability, it
seems to us a potentially important insight into the nature of biological computation.
Modelers interested in the g-RT relationship thus might look more toward differences
in processing speed that arise from network properties such as number of neurons or
synaptic properties, instead of axonal conduction velocity.
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Table 2.4: Means (SDs) across both manipulations’ levels of difficulty for variables in Experiment 1

Manipulation
RT (s)
Contrast
Hardest
Hard
Easy
Easiest
Distance
Hardest
Hard
Easy
Easiest

Proportion
correct

Drift
rate (v)

Non-decision
time (Ter )

0.563
0.535
0.519
0.518

(0.098)
(0.094)
(0.093)
(0.093)

.978
.979
.979
.979

(.050)
(.050)
(.051)
(.049)

0.426
0.435
0.434
0.436

(0.141) 0.370 (0.079)
(0.145) 0.346 (0.077)
(0.143) 0.331 (0.078)
(0.145) 0.332 (0.080)

0.575
0.543
0.514
0.504

(0.105)
(0.095)
(0.087)
(0.080)

.954
.977
.990
.993

(.071)
(.050)
(.031)
(.025)

0.347
0.411
0.467
0.506

(0.125) 0.357 (0.085)
(0.129) 0.342 (0.083)
(0.133) 0.333 (0.078)
(0.135) 0.346 (0.071)
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Table 2.5: Summary of RT effects and associated statistics for Experiment 1

Variables
Correlations
IQ & RT
IQ & Acc
IQ & v
IQ & Ter
Main effects
Contrast
Distance
Dist:Cont
Covariate effects
IQ:Cont
IQ:Dist
IQ:Cont:Dist

DF

Test stat

p-value

766
766
766
766

t = −9.45
t = 0.99
t = 8.46
t = −2.10

< .001
.323
< .001
.036

2301 F = 613.13
2301 F = 1303.68
6903
F = 2.44

< .001
< .001
.009

2298
2298
6894

Effect

BF

r = −.323 1.2 ×10−17
r = .036
15.1
r = .292 3.8 ×10−14
r = −.076
2.8
ηp2 = .444
ηp2 = .630
ηp2 = .003

1 ×10−308
∼ 0
1.8 × 104

F = 1.79
.146 ηp2 = .002
F = 12.17 < .001 ηp2 = .016
F = 1.55
.123
ηp2 = .002

122
3 × 10−5
2.4 ×10−26

Note: Degrees of freedom reported above are DFd for ANCOVA results; DFn = 3 for all effects of
either Contrast or Distance and DFn = 9 for interactions that include both Contrast and Distance.
Effects and associated statistics relevant to core hypotheses are bolded. IQ = ICAR-16 score; v =
diffusion rate; Ter = non-decision time; Acc = percent correct trials; Dist = numerical distance
from target; Cont = visual contrast of numeral against background.
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Table 2.6: ANOVA summary of linear mixed model effects in Experiment 1

Variables
IQ
Distance
Contrast
IQ:Distance
IQ:Contrast
Distance:Contrast
IQ:Distance:Contrast

Groups F -value
1
4
4
4
4
16
16

p-value

BF

91.07 < .001
68.56 < .001
95.39 < .001
13.78 < .001
3.31
.019
1.86
0.053
1.89
0.048

1.5 × 10−18
3.8 × 10−40
3.5 × 10−56
3 × 10−6
13.2
1 × 106
8 × 105

Note: Random effects terms are included for subject ID, block (1–3), and stimulus digit (1–4 and
6–9). Effects and associated statistics relevant to core hypotheses are bolded.
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Table 2.7: Diffusion parameters estimated from average moments of IQ quintiles for Experiment 1

IQ quintile
Bottom
Second
Middle
Fourth
Top

v0
0.166
0.203
0.182
0.211
0.203

vD

vC

a

0.050
∼0
0.050
0.001
0.067
0.001
0.059 −0.002
0.072 −0.005

0.142
0.124
0.117
0.119
0.113

T0

TD

TC

392
5
393 −1
385
3
391
1
387
4

−17
−15
−14
−16
−15

Note: The unit of the Ter parameters is milliseconds. v = diffusion rate; a = boundary separation;
T = non-decision time; subscripts 0, D and C indicate the intercept, the coefficient of Distance,
and the coefficient of Contrast, respectively, in the modeling of the diffusion parameter as an affine
function of the two manipulations.
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Table 2.8: Statistical inferences with respect to key quantities in the diffusion modeling of IQ quintiles
for Experiment 1

Quantity

Estimate (SE)

95% CI p-value

Slope in regression
0.014 (0.005)
(0.002, 0.023)
of v0 + vD on IQ
vD of bottom
0.050 (0.008)
(0.029, 0.061)
IQ quintile
Average vC
−0.001 (0.002)
(−0.004, 0.004)
over all quintiles
Slope in regression −0.006 (0.001) (−0.009, −0.003)
of a on IQ
Slope in regression −0.001 (0.005)
(−0.010, 0.010)
of T0 on IQ
Average TD
3 (1)
(0, 6)
over all quintiles
Average TC
−16 (1)
(−17, −13)
over all quintiles

BF

< .01

0.79

< .001

8 × 10−7

.62

22

< .001

0.003

.82

24

.07

4.6

< .001

2 × 10−35

Note: The independent variable in the regressions was the number of the IQ quintile (1 through
5). v = diffusion rate; a = boundary separation; T = non-decision time; subscripts 0, D and C
indicate the intercept, the coefficient of Distance, and the coefficient of Contrast, respectively, in
the modeling of the diffusion parameter as an affine function of the two manipulations.
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Table 2.9: Means (SDs) across both manipulations’ level of difficulty for variables in Experiment 2

Manipulation
RT (s)
Loudness
Hardest
Hard
Easy
Easiest
Distance
Hardest
Hard
Easy
Easiest

Percent
correct

Diffusion
rate (v)

Non-decision
time (Ter )

0.616
0.598
0.595
0.598

(0.209) .917 (.128) 0.312 (0.173) 0.344 (0.158)
(0.220) .934 (.115) 0.339 (0.174) 0.327 (0.166)
(0.230) .944 (.104) 0.348 (0.168) 0.320 (0.160)
(0.213) .940 (.112) 0.341 (0.171) 0.315 (0.232)

0.682
0.613
0.567
0.543

(0.257) .842 (.149) 0.203 (0.133) 0.374 (0.178)
(0.210) .938 (.099) 0.314 (0.151) 0.314 (0.200)
(0.197) .973 (.072) 0.392 (0.156) 0.301 (0.185)
(0.173) .981 (.063) 0.432 (0.151) 0.316 (0.153)
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Table 2.10: Summary of RT effects and associated statistics for Experiment 2

Variables
Correlations
IQ & RT
IQ & Acc
IQ & v
IQ & Ter
Main effects
Loudness
Distance
Dist:Loud
Covariate effects
IQ:Loud
IQ:Dist
IQ:Loud:Dist

DF

Test stat p-value
t = −7.32
t = 8.86
t = 10.22
t = −0.89

< .001
< .001
< .001
.375

2265 F = 42.15
2265 F = 611.57
6795
F = 2.88

< .001
< .001
.002

754
754
754
754

2262
2262
6786

F = 0.84
F = 3.52
F = 1.65

Effect

BF

r = −.257
r = .307
r = .349
r = −.032

1.5 ×10−10
1.6 ×10−15
1.7 ×10−20
16.5

ηp2 = .053 5.4 ×10−24
ηp2 = .448 4.6 ×10−307
746.5
ηp2 = .004

.472 ηp2 = .001
.014 ηp2 = .005
.095
ηp2 = .002

488
9.4
8

Note: Degrees of freedom reported above are DFd for ANCOVA results; DFn = 3 for all effects of
either Loudness or Distance and DFn = 9 for interactions that include both Loudness and Distance.
Effects and associated statistics relevant to core hypotheses are bolded. IQ = ICAR-16 score; v =
diffusion rate; Ter = non-decision time; Acc = percent correct trials; Dist = frequency distance
(Hz) from target; Loud = loudness (dB).
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Table 2.11: ANOVA summary of linear mixed-model effects for Experiment 2

Variables
IQ
Distance
Loudness
IQ:Distance
IQ:Loudness
Distance:Loudness
IQ:Distance:Loudness

Groups F -value
1
4
4
4
4
16
16

p-value

BF

51.07 < .001 2.7 × 10−10
98.59 < .001
5 × 10−58
8.48 < .001
6.6 × 10−3
11.40 < .001 9.4 × 10−5
0.76
.516
547
1.07
.381
2.3 × 108
0.75
.660
2.1 × 109

Note: Random effects terms are included for subject ID, block (1–3), and the specific frequency of
each tone used. Effects and associated statistics relevant to core hypotheses are bolded.
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Table 2.12: Diffusion parameters estimated from average moments of IQ quintiles in Experiment 2

IQ quintile
Bottom
Second
Middle
Fourth
Top

v0

vD

vL

a

0.036
0.054
0.036
0.035
0.048

0.037
0.065
0.079
0.078
0.078

0.006
0.003
0.009
0.010
0.008

0.153
0.135
0.126
0.128
0.135

T0

TD

TL

291 −5
4
303 11 −5
331
6 −1
327
7 ∼0
258 15 ∼0

Note: The unit of the Ter parameters is milliseconds. v = diffusion rate; a = boundary separation;
T = non-decision time; subscripts 0, D and L indicate the intercept, the coefficient of frequency
Distance, and the coefficient of Loudness respectively, in the modeling of the diffusion parameter as
an affine function of the two manipulations.
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Table 2.13: Statistical inferences with respect to key quantities in the diffusion modeling of IQ
quintiles in Experiment 2

Quantity

Estimate (SE)

95% CI

p-value

BF

Slope in regression
0.010 (0.004)
(0.003, 0.018)
of v0 + vD on IQ
vD of bottom
0.040 (0.007)
(0.025, 0.054)
IQ quintile
Average vL
0.007 (0.001)
(0.004, 0.009)
over all quintiles
Slope in regression −0.004 (0.003) (−0.009, 0.001)
of a on IQ
Slope in regression −0.004 (0.010) (−0.025, 0.016)
of T0 on IQ
Average TD
7 (2)
(2, 11)
over all quintiles
Average TL
∼0 (1)
(−3, 2)
over all quintiles

< .01

0.68

< .001

1 × 10−4

< .001

8 × 10−6

.11

7

.69

23

< .01

0.27

.78

24

Note: The independent variable in the regressions was the number of the IQ quintile (1 through 5).
v = diffusion rate; a = boundary separation; T = non-decision time; subscripts 0, D and L indicate
the intercept, the coefficient of frequency Distance, and the coefficient of Loudness, respectively, in
the modeling of the diffusion parameter as an affine function of the two manipulations.
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Figure 2.5: Visual representation of stages of a reaction time task

Time
Stimulus
onset

Response

5 > 3 > 5?

e

encoding,
transformation
duration

d

decision duration

r

response output
duration

Total RT = e + d + r
Note: Visual represents hypothesized stage and each stage’s association with diffusion model
parameters. Ter , the non-decision reaction time component, consists of the sum of encoding time
Te (first panel) and response output time Tr (third panel), such that Ter = Te + Tr .
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Slope of RT (s) on IQ (z−score)

Figure 2.6: The slope in the regression of RT (s) on IQ, as a function of Contrast or Distance difficulty
level in Experiment 1

−0.024

−0.027

Manipulation
−0.030

Contrast
Distance

Hardest

Hard

Easy

Easiest

Difficulty
Note: IQ is standardized. Error bars represent ±1 standard error.
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Figure 2.7: Mean diffusion rate (v) and non-decision time (Ter ) at each level of difficulty for both
manipulations in Experiment 1

Manipulation

Non−decision time (Ter) mean

0.50

Drift rate (v) mean

0.37

Contrast
Distance

0.36

0.45

0.35

0.40

Manipulation
Contrast
Distance

0.35
Hardest

Hard

Easy

Difficulty

Easiest

0.34
0.33
Hardest

Hard

Easy

Difficulty

Note: Error bars represent 95% confidence intervals for each level.

Easiest

83

INTELLIGENCE: GENETIC & COGNITIVE DATA

Figure 2.8: Regression coefficients of RT (s) on IQ across levels of difficulty for both manipulations
in Experiment 2

Slope of RT (s) on IQ (z−score)

−0.040

−0.045

−0.050

Manipulation
Distance
Loudness

−0.055

Hardest

Hard

Difficulty

Easy

Easiest

Note: IQ is standardized. Error bars represent ±1 standard error.
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Figure 2.9: Mean diffusion rate (v) and non-decision time (Ter ) at each level of difficulty for both
manipulations in Experiment 2

Manipulation

Non−decision time (Ter) mean

0.45

0.37

Drift rate (v) mean

0.40

Distance
Loudness

0.35

0.35
0.30

0.33

Manipulation

0.25

Distance
Loudness

0.20
Hardest

Hard

Easy

Difficulty

Easiest

0.31
0.29

Hardest

Hard

Easy

Difficulty

Note: Error bars represent 95% confidence intervals for each level.

Easiest
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Abstract
Adoption studies are often considered the gold standard in assessing the extent to
which family environment affects general intelligence (g). While some adoption studies
have found that such environmental effects on IQ have greatly diminished by late
adolescence, others have found a significant effect of adoption on offspring IQ at
the end of the rearing period. However, it has remained unclear whether this effect
would persist through adulthood in adopted offspring, and little is known about
the environmental mechanisms through which such an effect would operate. In a
sample of 483 adoptive and biological families with now-adult offspring (M age = 32
years), we found that the shared environment and gene-environment (G-E) covariance
together account for only 4 percent of the IQ variance in adulthood. At the same
time, we estimated the narrow-sense heritability of IQ to be 42 percent in adulthood.
While Wechsler Vocabulary scores in both childhood and adulthood reveal a weak but
significant effect of parental environment, tests for “genetic nurture” with polygenic
scores for educational attainment failed to reveal a unique effect of parent genetics on
either offspring IQ or Vocabulary in adulthood. Together, these findings provide novel
insight from adult adoptive families into the fadeout of shared environment effects on
general intelligence, with more equivocal results for Vocabulary.
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Introduction
Intelligence is one of the most heritable of all human behavioral traits, with an estimated 75 percent of its variance owing to genetic factors for adults in developed
nations (Neisser, 1996). When related individuals reared together show strong correspondence of some phenotype of interest, this correspondence is usually due to a combination of genetic similarity, shared environmental experiences, and the correlation
between the two. Adoption studies, on the other hand, have the ability to disentangle
genetic and environmental sources of variance built right into the design because the
adopted individuals do not share genetic variance with their families (Plomin, DeFries, Knopik, & Neiderhiser, 2013). For this reason, researchers consider adoption
to be one of the most powerful ways to test for the environmental malleability of
intelligence (Horn, Loehlin, & Willerman, 1979; Plomin & DeFries, 1980).
Observational studies of adopted children and adolescents have consistently found
a significant positive effect of their rearing environment on their developing IQs. The
role of the rearing environment can be examined both through the correlations between the IQs of adopted individuals with their adoptive family members and through
the difference between their IQs and those of their biological relatives remaining in
their original rearing environments. Since samples of adopted individuals with known
biological parents are rare, much of our current understanding comes from correlations
between adoptive relatives; however, several studies looking at the “treatment effect”
of adoption have nevertheless found consistent results. For example, a meta-analysis
conducted by van Ijzendoorm, Juffer, and Poelhius (2005) reported that adoption
generally improves the IQs of children relative to their biological parents. One such
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classic study found that while the mean IQ of 63 mothers with adopted-out children was around 86, the mean IQ of their adopted children was about 108 at age 13
(Skodak & Skeels, 1949).
The question of persistence is perhaps the most important in considering the effects of the rearing environment on IQ, especially since other types of studies have
documented a “fadeout” of environmental improvements over time (e.g., Protzko,
2015). The high adulthood heritability of IQ does not necessarily preclude a meaningful boost in IQ afforded by environmental interventions: A heritability of .75, after
all, leaves 25 percent of the variance accounted for by the environment, and an increase of a standard deviation in environmental quality would amount to an increment
of several IQ points, a substantial gain that would have many benefits (Burks, 1938).
Kendler and colleagues have used a cosibling control design to examine the effect of the
rearing environment on IQ in a sample of 436 adoptive-biological sibships (Kendler,
Turkheimer, Ohlsson, Sundquist, & Sundquist, 2015). These 18–20 year old adopted
Swedish conscripts showed a mean gain in 4.41 IQ points relative to their biological
siblings, who were raised by the original biological family. This finding, which they
replicated in a larger sample of half-sibs (with a mean gain of 3.18 IQ points associated with adoption), is a strong indicator that IQ is, to some extent, affected up to
late adolescence by the family environment. These results are consistent with those
from the classic cross-fostering study of 14-year-old French children by Capron and
Duyme (1989).
Studies such as these do suggest that although this effect is small relative to the
genetic effects on IQ, it is not zero; however, the size of this effect diminishes substantially after adolescence. Sandra Scarr, a pioneer of modern IQ adoption studies, was
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perhaps the first to note this fadeout phenomenon (e.g., Scarr & Weinberg, 1978).
With respect to the tapering correlations in IQ between children and their adoptive
parents as the child matured, observed in the Minnesota Adolescent Adoption Study,
she remarked:
We interpret the results to mean that younger children, regardless of their
genetic relatedness, resemble each other intellectually because they share
a similar rearing environment. Older adolescents, on the other hand, resemble one another only if they share genes. Our interpretation is that
older children escape the influences of the family and are freer to select
their own environments. Parental influences are diluted by the more varied
mix of adolescent experiences. (Scarr & Weinberg, 1983, p. 264)
Scarr’s observation would form the basis of a set of hypotheses regarding geneenvironment correlation (rGE) and its three types of expression: passive, active, and
evocative (often referred to as “reactive”) (Plomin et al., 1977; Scarr & McCartney,
1983). While traditional twin and adoption studies of heritable human traits typically
strive to estimate how much variation in a phenotype is due to differences among
genotypes, Scarr’s popularization and exploration of this new terminology sought to
move the focus onto processes as they occur over time, rather than static estimates
at a given time point. Consequently, this exploration has led to many new questions
about developmental processes and trajectories.

Gene-environment correlation
Today, gene-environment correlation is widely recognized among IQ researchers, with
some authors estimating that its effects might account for up to 30 percent of the
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variance in adult IQ (Johnson, Penke, & Spinath, 2011). And while the heritability
of IQ gradually increases over the lifespan, research has also shown that this may
be explained in part by a concordant increase in active gene-environment correlation
(Haworth et al., 2010). A larger role of active gene-environment correlation over the
life course may also explain the high genetic correlation between childhood and adult
IQ inferred from GWAS even as the heritability of IQ increases (Sniekers et al., 2017).
In this paper we will examine passive gene-environment correlation, a form of such
correlation that we can detect with the data and methods available to us. It is easy to
think of possibilities for passive gene-environment correlation in biological families;
for example, a child may inherit from her parents both genes for high verbal ability
and access to the means to use this ability—such as encouragement in learning to
read by her highly verbal parents—which may increase the child’s verbal ability over
time.
A formalization of this notion is a path model with directed edges going from
the parental phenotypes to the phenotype of their offspring (Figure 3.10). Such a
model was fit to data by Loehlin, Horn, and Willerman (1997) among others and
discussed by Loehlin (2002) and Lee (2012). If the phenotype is verbal ability, say,
then a nonzero path coefficient means that a highly verbal parent exerts a positive
environmentally mediated effect on the offspring’s own verbal ability. This mechanism
results in passive gene-environment correlation because of the activated chain of paths
from offspring genetic value, to parent genetic value, to parent phenotype, and finally
to the trait-affecting family environment (Figure 3.10). In a study of both biological
and adoptive parent-offspring sets, one can use biometrical methods to estimate the
extent of passive gene-environment correlation induced by this mechanism.
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More recently, researchers have begun using the modern toolkit of genome-wide
association studies (GWAS) to test for the presence of gene-environment correlation
at the molecular level. For example, a polygenic score (PGS) constructed from the 1.1million-participant GWAS of educational attainment can predict 11–13 percent of the
variance in years of education, and has now been used to successfully demonstrate the
presence of passive gene-environment correlation—known now as “genetic nurture”—
in a variety of twin and family studies. Such studies have tested for genetic nurture
by examining the effect on the offspring outcome of portion of the parental genome
that is not redundant with the offspring’s (Bates et al., 2018; Kong et al., 2018),
or by the roughly equivalent method of testing for a significant partial regression
coefficient of the parent PGS (Belsky et al., 2018; Liu, 2018; Willoughby, McGue,
Iacono, Rustichini, & Lee, 2019).

Current study
At the Minnesota Center for Twin and Family Research (MCTFR), the Sibling Interaction and Behavior Study (SIBS) has become the longest-running longitudinal study
of adopted siblings in the world. The current SIBS assessment wave will comprise the
first study of cognitive ability in an adoption fully-genotyped sample composed of
both parents and sibling pairs of individuals well into adulthood. With polygenic
scores for cognitive performance and several measures of IQ from both childhood and
adulthood, we aimed to test the following hypotheses. First, we conducted biometric
decomposition to estimate heritability and possible gene-environment correlation and
parental-transmission effects on the IQ scores of adult adoptive offspring. Second,
we investigated whether parental PGS significantly predict IQ-related outcomes for
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adopted offspring in either childhood or adulthood and, if so, what parental characteristics are potentially driving this effect.

Methods
Participants
Participating families were originally assessed on IQ measures between 1998 and 2004
as part of the Sibling Interaction and Behavior Study (SIBS) (McGue et al., 2007),
a sample of adoptive and biological families recruited by the Minnesota Center for
Twin and Family Research (MCTFR). Adoptive and biological families were identified
from adoption agencies and Minnesota birth records, and are composed of at least
one parent and two offspring who were adolescents at the time of intake (M age =
14.9 years, SD = 1.6). Study eligibility was limited to those families living within
driving distance of the research lab and having adolescent offspring within five years
of age of each other. In addition, adolescents in adoptive families were required to
have been placed for adoption before reaching two years of age (M = 4.7 months, SD
= 3.4 months). At least one parent from each participating family was interviewed to
establish family eligibility, most of whom agreed to participate in the study (63 percent
of the adoptive families and 57 percent of the biological families). Valid measures of
IQ are available from this intake sample for 461 mothers, 46 fathers, 690 adoptive
and 538 biological offspring. The ethnic composition of offspring in this sample is
additionally unique; while 95 percent of biological offspring and parents are white, 21
percent of the adoptive offspring are white, 66 percent are Asian, and 13 percent are
other ethnicities.
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Eligible parents and sibling pairs from this sample began their third follow-up
assessment in 2017 via phone interview, mailed survey, or online survey. At the end of
this follow-up in summer 2020, at least one family member from a total of 483 families
had participated in current IQ assessment including 412 parents, 413 adoptive, and
340 biological offspring, who now average 31.8 years of age (SD = 2.7) and are all
fully adult (minimum age = 24.7 years; maximum age = 40.5 years). Comparison of
non-participants to current participants on intake measures suggests a small amount
of attrition associated with IQ (Appendix Table C.27). An overview of the sample at
intake and follow-up 3 is shown in Table 3.14.

Measures
In addition to the measures described below, age, years of education, and highest
degree achieved were also included in some analyses, along with family socioeconomic
status (SES), which is computed as a standardized composite of Hollingshead job
status, years of education, and income. Total valid entries, means and standard deviations for each scale and demographic measure for mothers, fathers and offspring for
adoptive and biological families are given in Appendix Table C.28.

Cognitive ability scales
All eligible offspring and one parent from each family were assessed on IQ at intake.
IQ scores were assessed using an abbreviated form of either the Wechsler Adult Intelligence Scale–Revised (WAIS-R) (Wechsler, 1981) for participants age 16 years and
older (26.7 percent of sample), or the Wechsler Intelligence Scale for Children–Revised
(WISC-R) (Wechsler, 1974) for those younger than 16 (73.3 percent of sample). Avail-
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able measures at intake include age-scaled Verbal, Performance and Total IQ, as well
as age-scaled subtest scores for Vocabulary, Information, Block Design, and Picture
Completion.
At follow-up 3, offspring were again administered the Vocabulary subtest; both
parents and offspring were administered the ICAR-16, a measure of general intelligence. The ICAR-16 is a 16-item short form of the International Cognitive Ability
Resource assessment, a public-domain cognitive assessment tool created by Condon
and Revelle (2014). This reliable measure (see Appendix Tables C.29, C.30 and C.31)
of cognitive ability is useful as a short-form stand in for general intelligence.
The only relevant outcome measure that differed significantly (p < .01) between
white and Asian subsamples was rearing SES, which was higher for families with
Asian children (Cohen’s d = .46; see Appendix Table C.32 for other comparisons).
Adopted and biological offspring differed significantly in ICAR-16, Information and
PGS; these differences are shown in Appendix Table C.33.
IQ scales, SES, educational attainment and PGS were significantly intercorrelated
across the full sample (Appendix Table C.34), as well as within both parents and
biological and adoptive offspring separately (Appendix Tables C.35 and C.36).

Polygenic scores
Participating individuals were genotyped on 527,829 SNPs using the Illumina Human660WQuad array; see Miller et al. (2012) for additional details on sampling, assessment,
quality control, and imputation performed on the MCTFR sample. A polygenic score
(PGS), often called the polygenic risk score in disease prediction, is calculated from a
set of SNPs that are tested in the initial sample for association with a trait of interest.
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We used a PGS for years of education (EduYears) derived from Lee et al. (2018). See
Appendix C: Polygenic scores for methodological detail on PGS construction.
These PGS for parent and offspring were used to predict offspring outcomes, as
was done in previous studies (Belsky et al., 2018; Liu, 2018; Willoughby et al., 2019).
A finding of the parent PGS having a significant partial regression coefficient is equivalent in interpretation to the finding of non-transmitted alleles having a significant
partial regression coefficient (e.g., Bates et al., 2018; Kong et al., 2018).
For analyses using PGS, bootstrap resampling over families was used to compute
standard errors and p-values in order to ensure that the statistical inferences are not
affected by the non-independence of offspring from the same family. Bootstrapping
was computed over 200 iterations.

Biometric modeling
To estimate variance components, including the heritability, we adapted Keller et al.
(2009)’s Cascade model to include adoptive relationships (Figure 3.10). After applying
Fisher’s z-transformation, we adjusted parameter estimates to minimize the squared
differences between the empirical correlations and theoretical (model-predicted) correlations. Each sum of squared differences term was weighted by the reciprocal of its
variance (N − 3, where N is the number of pairs in the correlation). We constrained
any variance to be non-negative. To perform statistical inference, we took bootstrap
resamples of our families and re-estimated the parameters iteratively. Additionally, we
constrained the dominance genetic variance to equal zero. Since there is compelling
theory and evidence for most genetic variance being additive (Hill, Goddard, & Visscher, 2008; Maki-Tanila & Hill, 2014), and the point estimate of this parameter was
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usually zero for most IQ phenotypes, we constrained this parameter to zero in order to
improve statistical inference about other parameters. Note that a negligible value of
the dominance genetic variance is perfectly consistent with declines in IQ as a result
of inbreeding (Jensen, 1983; Joshi et al., 2015; Schull & Neel, 1965) and a sizable total
non-additive genetic variance; the latter may consist of several higher-order variance
components with small coefficients in the expressions for the correlations between
non-twin relatives (Lynch & Walsh, 1998).
Decomposition of variance terms presented in Table 3.16 were computed from
these parameters. Refer to Appendix C: Methods for more detail.

Results
Measures of IQ taken at follow-up 3 were reasonably stable over time for both offspring
and parents (all p < .001). For offspring, ICAR-16 scores (follow-up 3) correlated
with intake Total IQ at r = .46, with intake Verbal IQ at r = .38, and with intake
Performance IQ at r = .36. These values were generally similar within mothers and
fathers. Offspring Vocabulary scores taken at intake correlated with their Vocabulary
scores at follow-up 3 at r = .53. Appendix Tables C.34, C.35 and C.36 show full
correlation tables between these and other intake measures of IQ for full sample, each
parent, and adopted and biological offspring.

Familial correlations
At intake, parent-offspring correlations were significant and moderately sized only
in biological families, with two exceptions (Table 3.15). Picture Completion showed
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very low correlations between all relatives except father and biological child (r = .30).
Vocabulary was an exception in that the correlations between adoptive relatives were
also moderate in size.
At follow-up 3, familial correlations for the ICAR-16 are largely consistent with
the expected patterns of correlations between biological and adoptive relatives for a
heritable trait little affected by shared environment (Table 3.15). The correlations between biological relatives are significant and moderate in size, whereas those between
adoptive relatives are consistently smaller. Vocabulary, by contrast, shows surprisingly
persistent correlations between both adoptive and biological relatives in adulthood.
The correlations specifically between parent and offspring are displayed in Figure 3.11.
To model the expected correlation for each type of relationship, we adapted the
expressions for the correlations between relatives from Keller et al. (2009) to include
adoptive relationships. The model allows for parent-to-offspring transmission through
both genetic (biological families only) and environmental (both family types) pathways. The model also allows for assortative mating and environmental effects shared
by siblings reared together that are not induced by the phenotypes of their parents.
Observed and model-predicted correlations for each relationship pair are shown in
Table 3.15, with 95% CIs for observed correlations in Appendix Table C.37. We evaluated model fit for each scale with the standardized root mean residual (SRMR), a
summary of the magnitude of difference between observed and predicted correlations
where “good fit” is generally considered to be < .08 (Hu & Bentler, 1999). Note
that we follow the recommendation of McDonald (2010) to report each individual
discrepancy. Model fit was good for most IQ measures with the exception of the Pic-
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ture Completion and Block Design subtests, which contributed to the high SRMR for
Performance IQ. Across all cognitive ability measures, the mean SRMR was .06.

Variance decomposition
For intake measures, variance decomposition for each ability measure revealed substantial contributions of genetics. The column parental environment in Table 3.16
refers to the proportion of variance in the offspring test score attributable to any environmentally mediated effects of the parental test scores. The largest such proportion
can be seen for Vocabulary. This suggests that parents with large vocabularies can
have a positive effect on the vocabularies of their children, perhaps by exposing them
to more words. The percentage of the variance attributable to the parental scores,
however, is quite modest (.04). The column sibling environment in Table 3.16 refers
to the proportion of variance in the offspring test score attributable to aspects of the
environment shared by siblings reared in a common home, other than the parental
phenotypes, and it can seen that estimates of this parameter are uniformly small.
When a trait is both heritable and affected by the parental phenotypes through
some environmental mechanism, then we have a case of passive gene-environment
correlation. The column “G-E covariance” in Table 3.16 gives the proportion of the
variance attributable to this correlation. A relatively large proportion of the variance
in Vocabulary (.12) is the result of G-E covariance.
At follow-up 3, variance decomposition revealed a strong effect of genetics on
ICAR-16 scores with little evidence for contributions of the familial environment.
Vocabulary scores showed a moderate influence of parental environment (.10) and,
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unexpectedly, a smaller genetic contribution than is seen for the same measure at
intake.

Parent polygenic scores and offspring outcomes
EduYears PGS were generally less predictive for Asian than for white offspring, and
standardized mean PGS were significantly different between these ethnicities (Cohen’s
d = .87; see Appendix Table C.32), as well as between adopted (21 percent white) and
biological (95 percent white) offspring (Cohen’s d = –.27; see Appendix Table C.33).
Despite these mean differences, EduYears PGS remained strongly predictive (p <
.001) of all IQ phenotypes except Performance IQ and Picture Completion in both
adoptive and biological offspring (Appendix Table C.40). Nevertheless, to account
for the possibility of biased predictions introduced by population stratification, all
subsequent analyses with PGS by adoption status are restricted to white biological
offspring and Asian adopted offspring.
In an aggregated sample consisting of all white participants (offspring and both
parents), an R2 of .154 in our prediction of Verbal IQ with a PGS surpasses all
previous benchmarks known to us (Allegrini et al., 2019; Lee et al., 2018; Rietveld
et al., 2014; Savage et al., 2018; Selzam et al., 2017; Sniekers et al., 2017), and an
R2 of .114 for Total IQ is near the upper end of previous predictions (Appendix
Table C.39). However, we acknowledge that our sample is not large by the standards
of PGS validation.
PGS in a sample of adoptive and biological families allow us to test for the possibility of placement effect, a common criticism of behavioral-genetic studies where
detractors argue that biometrical estimates from adoptive samples (e.g., of twins
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reared apart) would be unreliable if adopted offspring were selectively placed with
their adoptive families based on some perceived similarity (Loehlin et al., 1997). In
our sample, midparent PGS is correlated with biological offspring PGS at r = .66
[95% CI .58, .72], while the correlation between midparent and offspring PGS in
adoptive families is not significantly different from zero for both the Asian sample of
adoptees (r = –.04; 95% CI: –.16, .08), and in the smaller white sample (N = 83) of
adoptees (r = .07; 95% CI: –.14, .28). This provides some evidence that the adoptees
were placed randomly in their homes, making the adoption process equivalent to a
randomized experiment well suited for causal inference. See McGue et al. (2007) for
more discussion of this point with respect to the SIBS sample.

Genetic nurture
As in previous studies (e.g., Belsky et al., 2018; Liu, 2018; Willoughby et al., 2019), we
tested for direct effects of parental influence on offspring outcomes by including the
midparent (average of mother and father) EduYears PGS along with offspring PGS
as predictors of offspring outcomes. We conducted this test separately in biological
and adoptive families, as genetic nurture (passive gene-environment correlation) can
only occur in adoptive families where offspring are placed non-randomly. A summary
of standardized regression coefficients and bootstrapped standard errors for offspring
PGS alone, offspring PGS in midparent model, and midparent PGS in midparent
model (genetic nurture) are shown for each measure of IQ in Figure 3.12. Table 3.17
includes total explained variance (R2 ) for each measure under both models, along
with the ∆R2 added by midparent PGS.
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In white biological families, no evidence of genetic nurture was found for any IQ
phenotype at the threshold p < .01, with the largest effect of midparent PGS seen
for offspring Information (p = .017; Figure 3.12). We also failed to detect any genetic
nurture acting on those tests with significant biometrical evidence of parental effects
(e.g., Vocabulary at intake), although the signs are usually in the right direction
(Figure 3.12). One exception to this is the ICAR-16, for which midparent PGS has a
negative albeit nonsignificant effect. Surprisingly, no genetic nurture is detected even
for years of education, although the smaller number of biological families probably
limited our statistical power to detect gene-environment correlation in the PGS analysis. Extended results for each phenotype in biological families are shown in Appendix
Table C.41.
Adoptive families showed similarly little evidence of an effect of midparent PGS
on offspring outcomes, with offspring years of education measured in adulthood as
the one exception. For years of education, midparent PGS contributes an additional
3.7 percent of variance (p = .009) above and in addition to offspring’s own PGS
(6.6 percent; p = .009). Although these predictions are of moderate significance,
they are nevertheless consistent with recent findings from the same adoptive sample of parenting effects on offspring years of education (Anderson, Iacono, Saunders,
& Willoughby, 2020). Extended results for each phenotype in adoptive families are
shown in Appendix Table C.42.

Discussion
While the high heritability of IQ is now well known, the question of whether and to
what extent general intelligence is malleable by the influences of parental environ-
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ment has remained a topic of great interest in behavior genetics. IQ has been subject
to a large number of twin and adoption studies, many of which have found a small
but significant effect of parental transmission up until late adolescence (e.g. Kendler
et al., 2015). Despite this focus, it has remained unclear whether this effect remains
persistent into middle adulthood, as well as through what mechanisms such an effect may be operating. With a unique sample of now-adult biological and adoptive
genotyped families, we fail to find evidence for a persistent effect of parenting on
general intelligence in adulthood. Furthermore, by testing for parental effects with
polygenic scores for years of education, we could not identify a unique effect of parent
PGS on offspring IQ measured in both childhood and adulthood in either adoptive
or biological families.
While this result for general intelligence is strong, the evidence for parenting effects on Wechsler IQ subtests is more equivocal. Biometric decomposition reveals
a moderate but significant effect of gene-environment covariance on Vocabulary in
childhood. While a similarly-sized G-E covariance is observed for childhood Total IQ,
this effect has completely disappeared in adulthood; the same cannot be said unambiguously for Vocabulary, which retains weak evidence in adulthood for a persistent
parenting effect. This result, however, is not supported by an analysis of midparent
PGS in adding unique variance above offspring’s PGS to their Vocabulary scores in
adulthood. This test for “genetic nurture” produces no evidence for an effect of parent PGS on offspring Vocabulary in biological families, which adds an increment not
significantly different from zero in predicting Vocabulary scores in both childhood (p
= .40) and adulthood (p = .31). Parent PGS similarly did not achieve significance in
predicting offspring Vocabulary in adoptive families at both time points. Together,
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these results suggest that the small parent-offspring correlations for Vocabulary in
adult adoptive families are unlikely to reflect a direct causal role of parenting on
fostering vocabulary development in their children.
Nevertheless, we acknowledge that this indeterminate evidence does not conclusively answer the question of parenting effects on Vocabulary. Indeed, either interpretation of the validity of parenting effects on Vocabulary would be consistent with
existing proposals. Vocabulary is a particularly interesting facet of human intelligence for this reason; while such a test may intuitively seem to reflect only culturallyobtained word knowledge—and, indeed, it has been shown to be the most “culturallyloaded” (Georgas, van de Vijver, Weiss, & Saklofske, 2003) of all Wechsler subtests—
Vocabulary has also emerged as the IQ subtest that shares the most genetic variance
with general intelligence (Johnson et al., 2007). If substantial and persistent parenting
effects on offspring Vocabulary reflect the reality of how verbal ability develops over
time, this would be consistent with proposals that have posited gene-environment correlation as the driving mechanism of parenting influence on offspring verbal ability
(e.g. Kan, Wicherts, Dolan, & van der Maas, 2014).
Our study is limited by a number of factors that may contribute to this lack of
definitive evidence for Vocabulary in the present sample. The current wave of SIBS
assessments, though reasonably large by the standards of historical adoption studies,
may be underpowered for reliable estimates of variance components for Vocabulary.
Additionally, the lack of diversity in IQ measures at follow-up 3 makes it impossible to
directly compare the effects of Vocabulary to other WAIS-R subtests that were only
administered to this cohort in childhood. In particular, it is difficult to know why the
heritability of Vocabulary at follow-up 3 is surprisingly low (e.g. Capron & Duyme,
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1996; DeFries et al., 1979; Johnson et al., 2007; Rijsdijk, Vernon, & Boomsma, 2002)
without additional WAIS-R subtests administered at follow-up 3 to compare. It is
also unclear why biological families in our sample lack evidence for genetic nurture
for years of education. Although this lack of effect may be due merely to the smaller
sample of biological families, it remains inconsistent with previous studies (Belsky
et al., 2018; Liu, 2018; Willoughby et al., 2019). However, the lack of evidence for
genetic nurture on IQ is consistent with previous applications of these methods, which
have generally been less successful in demonstrating this effect for IQ than for years
of education (e.g. Willoughby et al., 2019). Although educational attainment is highly
genetically correlated with IQ (Lee et al., 2018), a PGS for cognitive ability would be
better suited to demonstrating evidence for or against the presence of genetic nurture
on IQ phenotypes.
Despite these limitations, this study brings a number of novel insights to the ongoing discussion of genetic and environmental contributions to IQ. Our PGS for educational attainment provide what is, at moment of writing, the largest R2 estimates
for any cognitive phenotype (.113 for Total IQ; .154 for Verbal IQ). These scores also
enable a unique test for the so-called “placement effect,” wherein adoptees (typically
twins reared apart) are thought by some skeptics to resemble their adoptive parents
prior to placement, thus biasing biometrical estimates. By demonstrating a total lack
of evidence (p ≈ .5) for a correlation between parents and adoptive offspring in polygenic scores, we provide support for the validity of at least some adoption studies in
establishing causal inference.
Another strength of our study is the use of parents and offspring to estimate the
heritability of intelligence. Such designs are less susceptible than twin studies to non-
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additive genetic variance inflating estimates of the narrow-sense heritability (Lynch &
Walsh, 1998). The broad-sense heritability, including both additive and non-additive
sources of genetic variance, is less useful a measure than the narrow-sense heritability
for a number of reasons. For instance, although the broad-sense heritability is well
estimated by the correlation between monozygotic twins reared apart, it is the narrowsense heritability to which PGS predictions should converge as GWAS grow in size
and reduce the so-called missing heritability. Our estimate of .42, for an IQ test with a
reliability of .64, is fully consistent with previous parent-offspring studies supporting
a narrow-sense heritability between .4 and .6 (Björklund, Eriksson, & Jäntti, 2010;
Black, Devereux, & Salvanes, 2009; DeFries et al., 1979; Loehlin et al., 1997; Plomin,
Fulker, Corley, & DeFries, 1997; Scarr, 1997). It is also consistent with estimates of
the narrow-sense heritability obtained by applying the genomic-relatedness method
to GWAS data (Davies et al., 2011), although this method is limited to capturing only
the heritability attributable to genetic variants above a certain allele frequency (Lee
& Chow, 2014; Yang et al., 2010). A recent study assaying all variants with a minor
allele frequency greater than .00002 estimated the heritability of a fluid-reasoning
test to be .39 (Evans et al., 2018, Supplementary Table 10). All of these results are
consistent with any missing heritability being merely undiscovered rather than truly
missing; traditional biometrical studies and GWAS are in good agreement.
Perhaps most importantly, our unique sample of families with fully adult offspring
enables the first investigation of parenting effects on IQ in adopted offspring over the
age of 30. Generalizations about how genetic and environmental effects on intelligence
change with age tend to rely heavily on studies of the young and the elderly (Hunt,
2011; Mackintosh, 2011) and thus our study contributes to a better sampling of the
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entire life course. And while our Vocabulary results are somewhat difficult to interpret,
the lack of evidence for parenting effects on general intelligence in adulthood is far
clearer. By examining parent-offspring resemblance in a sample of offspring that are
among the oldest of any adoption study of IQ to date, we have effectively tested for the
presence of parenting effects that would have persisted for more than a decade after
the conclusion of the typical rearing period. No such persistence is found to occur in
our sample. By using both biometric decomposition of variance and a test of genetic
nurture with polygenic scores, we make use of a highly unique sample to provide
converging lines of null evidence disfavoring the hypothesis that parenting effects on
IQ have meaningfully persisted into adulthood. Although molecular methods have
profoundly changed the face of behavior genetics, it is clear that adoption studies,
which have been a cornerstone of the field throughout the 20th century, can continue
to bear new fruit in the search for causal bases to psychological traits.
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Table 3.14: Description of SIBS sample

Sample
Parents
Mothers
Fathers
Adopted offspring
Female
Male
Biological offspring
Female
Male

Number of
individuals

M age at
M age at
intake (SD) follow-up 3 (SD)

578
404

46.6 (4.2)
48.2 (4.4)

63.9 (4.8)
65.4 (4.7)

235
127

15.2 (2.2)
14.8 (1.8)

32.5 (2.8)
31.6 (2.5)

186
120

14.9 (1.9)
14.8 (1.8)

31.5 (2.5)
31.1 (2.6)

Note: Number of individuals listed represents those with valid scores for the ICAR-16 at follow-up
3. Valid N for each intake measure are shown in Appendix Table C.28.
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Table 3.15: Observed and model-predicted correlations for each measure of IQ

Parent correlations
Sibling correlations
Mom/ Dad/ Mom/ Dad/ Dad/ Bio/ Adopt/ Adopt/
bio
bio adopt adopt Mom bio
bio
adopt SRMR
Intake measures
Performance IQ
Observed .28
Expected .28
Verbal IQ
Observed .35
Expected .35
Total IQ
Observed .36
Expected .34
Block Design
Observed .32
Expected .32
Picture Completion
Observed .09
Expected .09
Vocabulary
Observed .39
Expected .38
Information
Observed .23
Expected .24

.10
.41
.25

.12
.12

–.08
.10

.08
.08

.26
.30

.27
.13

.08
.11

.41
.46

.07
.07

.19
.19

.40
.40

.43
.42

.24
.16

.07
.12

.04

.05
.46
.43

.09
.11

.16
.20

.30
.30

.34
.39

.30
.16

.09
.11

.41
.28

.14
.14

–.10
.10

.03
.03

.28
.31

.32
.11

∼0
.07

.30
.18

.04
.04

.01
.13

.13
.13

.07
.11

.19
.06

.02
.05

.44
.50

.07
.09

.26
.21

.37
.37

.39
.40

.24
.13

.04
.07

.28
.33

.04
.04

.15
.13

.34
.34

.37
.34

.15
.17

.13
.14

.11

.08

.05

.02

Follow-up 3 measures
ICAR-16
Observed
Expected
Vocabulary
Observed
Expected

.02
.27
.24

.31
.33

–.03
–.01

.10
.08

.19
.19

.27
.30

.05
.06

.07
.05

.33
.30

.45
.42

.18
.20

.32
.32

.37
.37

.24
.30

.16
.21

.25
.18

.04

Note: Expected correlations are derived from the best-fitting estimates of the biometrical
parameters. SRMR refers to the standardized root mean residual. See Appendix Table C.37 for
95% CIs for observed family correlations.
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Table 3.16: Decomposition of variance [95% CI] for each measure of IQ

Intake
Performance IQ
Verbal IQ
Total IQ
Block Design
Picture Completion
Vocabulary (intake)
Information
Follow-up 3
ICAR-16
Vocabulary (FU3)

A
Heritability
(h2 )

Parental
environment

Sibling
environment

.26
.36
.32
.32
.08
.37
.28

.02
.03
.04
.03
.02
.04
.02

.01
.01
.00
.00
.00
.00
.01

[.14,
[.26,
[.20,
[.19,
[.00,
[.27,
[.19,

.40]
.46]
.45]
.45]
.21]
.49]
.39]

.42 [.21, .64]
.12 [.00, .25]

C

[.01,
[.00,
[.01,
[.01,
[.00,
[.01,
[.00,

.07]
.10]
.10]
.07]
.06]
.09]
.06]

.01 [.00, .03]
.10 [.03, .23]

[.00,
[.00,
[.00,
[.00,
[.00,
[.00,
[.00,

.02]
.02]
.02]
.01]
.01]
.01]
.03]

.00 [.00, .02]
.00 [.00, .03]

G-E
covariance
.06
.10
.11
.09
.01
.12
.05

[.01,
[.04,
[.04,
[.03,
[.00,
[.05,
[.01,

.11]
.14]
.15]
.13]
.04]
.16]
.08]

.03 [.00, .07]
.08 [.00, .13]

E
Non-shared
environment
.65
.51
.53
.56
.89
.47
.64

[.57,
[.41,
[.44,
[.49,
[.83,
[.39,
[.59,

.71]
.60]
.62]
.63]
.92]
.57]
.71]

.55 [.49, .62]
.70 [.59, .81]

Note: 95% CIs are computed from each parameter’s 200 bootstrap iterations for each scale.
Non-shared environment is computed by subtracting the heritability, parental environment, sibling
environment, and gene-environment (G-E) covariance from 1. For full parameter estimates, see
Appendix Table C.38. Column values add up to 1, total phenotypic variance.

110

INTELLIGENCE: GENETIC & COGNITIVE DATA

Table 3.17: Comparison of variance explained in measures of IQ by offspring PGS to variance explained by offspring PGS in addition to the increment added by midparent PGS

Offspring PGS
Adopt

Midparent PGS

Bio

Adopt

Bio

N

R2

N

R2

∆R2

∆R2

Total IQ

257

.038∗∗∗

269

.079∗∗∗

.002

.005

Verbal IQ

257 .043∗∗∗

269

.130∗∗∗

∼0

.011

Performance IQ

257

.018∗

269

.007

.004

∼0

Block Design

257

.023∗

269

.024

.003

∼0

Vocabulary

257

.029∗∗

269

.097∗∗∗

.004

.002

Pic. Completion

257

.003

269

.006

.002

.002

Information

257

.042∗∗∗

269

.116∗∗∗

.001

.014∗

Vocabulary

167

.017

187

.073∗∗∗

.001

.005

ICAR-16

149

.093∗∗∗

166

.059∗∗∗

.004

.011

EduYears

152

.066∗∗

173

.022

.037∗∗

.001

Offspring outcome
Intake

Follow-up 3

Note: Results are displayed separately for white offspring in biological and Asian offspring in
adoptive families. Midparent PGS represents the mean of mother and father. Analyses are
constrained to portion of sample with valid parent and offspring PGS for each phenotype.
∗∗∗
: p < .001, ∗∗ : p < .01, ∗ : p < .05.
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Figure 3.10: Path diagram illustrating variance components and effects

w

w
P – Phenotype
PFa – Father’s phenotype
PMo – Mother’s phenotype
PBC – Biological child’s phenotype
PAC – Adopted child’s phenotype
Biometric Components (variance)
A – Additive genetic
F – Parent environmental effect
S – Sibling environment
E – Non-shared environmental effect
Path Coefficients
p – direct paternal transmission
m – direct maternal transmission
w – gene-environment covariance
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Note: Example family consists of a father, a mother, one biological offspring, and one adopted
offspring. Values for paths are as labeled except for the dashed paths from the genetic value of the
parent to the genetic value of the biological offspring, which are fixed to 1/2 according to standard
genetic theory.
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Figure 3.11: Parent-offspring similarity in IQ for biological and adopted families at follow-up 3
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Figure 3.12: Bar plot showing the standardized beta coefficients of offspring EduYears PGS on
offspring outcome phenotypes compared to midparent PGS
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Note: All beta coefficients shown are from the the same multivariate model for both adoptive and
biological families. In these models, the midparent PGS beta can be considered equivalent to the
size of the genetic nurture effect, although this magnitude has different meanings between adoptive
and biological families. ∗∗∗ denotes p < .001, ∗∗ : p < .01, ∗ : p < .05 of the predictor (offspring or
midparent PGS). Error bars represent ±1 standard error.

CONCLUSIONS
In sum, the projects represented in this dissertation investigate the causes and consequences of human intelligence through three perspectives. Each project encompasses a
suite of hypotheses and methods that are unique to addressing the individual research
questions of each study, while simultaneously providing complementarity in developing a consilient view of human intelligence as a whole. I will now briefly overview the
key findings from each study and the foundations they set for a future program of
research.
Study 1 investigates the genetic and environmental contributions to behavioral
outcomes through the use of molecular genetic data. We use polygenic scores derived
from the largest genome-wide association study of educational attainment to date (Lee
et al., 2018) to predict complex behavioral outcomes in a unique sample of families
that include both parents and dizygotic (415 pairs) and monozygotic (808 pairs) twin
offspring. These scores are able to predict up to 13 percent of the variance in years of
education and up to 10 percent in IQ, with which it is highly genetically correlated.
This high-resolution genetic data enables us to estimate the effect of the portion of
the parental genome that is not transferred to offspring. In our sample, this “genetic
nurture” effect is represented by a unique and significant ≈1.8 percent increment
of variance in offspring years of education added by parental PGS in addition to
offspring’s own PGS. Furthermore, the validity of this effect is supported by the
finding that the prediction of the offspring’s own PGS is attenuated within dizygotic
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twinships, which would be predicted if the parent’s PGS is changing something about
the home environment that then goes on to affect offspring years of education. By
testing the effects of several covariates in this multivariate model, we find family
socioeconomic status and parent IQ almost entirely mediate the unique effect of parent
PGS. This provides indirect but parsimonious evidence (Lee, 2012; Pearl, 2009) that
the parental genome affects offspring education through these parental characteristics
(Figure 1.1).
Study 2 turns the focus from genetics to the mechanistic expression of intelligence in the brain in a laboratory experiment of reaction time. With almost 800
total participants, we demonstrate that the method of additive factors (Sternberg,
1969, 2011), a cognitive psychology model that has been largely ignored by differential psychologists, is useful for partitioning the flow of information processing of
perceptual and decisional components of stimuli. This is achieved by systematically
manipulating the perceptual and decisional difficulty of stimuli, leading to the finding
that general intelligence is correlated with reaction speed across levels of decisional,
but not perceptual, difficulty. Furthermore, we apply diffusion modeling techniques
(Grasman et al., 2009; Wagenmakers, 2009) to reaction time moments to estimate
rate of diffusion and non-decision time across participants. This yields a picture of
information processing that is consistent with the model of additive factors: Rate of
diffusion, which is substantially correlated with g (r = .29; p < .001), varies over
levels of difficulty for the decisional, but not the perceptual, manipulation. Likewise,
non-decision time, which is essentially uncorrelated with g (r = –.08; p = .04), shows
the opposite pattern of selective influence. Together, these approaches indicate that
the primary role of intelligence in information processing is in the stage dedicated to
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evaluating options and selecting a choice—such as which of two numerals represents
the larger value—and not in the logically preceding stage that evaluates and encodes
the perceptual properties of the stimulus, such as the shapes and lines that comprise
the numeral.
In Study 3, we return to classic behavior genetic designs with an adoption study
of intelligence in a sample of offspring over the age of 30. Adoption studies, which are
considered by many behavior geneticists to be the gold standard for causal inference in
complex behavior, are powerful methods of testing for the malleability of intelligence
(Horn et al., 1979; Plomin & DeFries, 1980). The unique sample of participants in
Study 3 consists of 306 biological and 362 adoptive offspring and their families, who
were first measured on IQ when offspring were young adolescents; in the current study
they are retested when offspring average age 32. This longitudinal study is therefore
excellently poised to address proposals that the IQ gains sometimes conferred by
adoption persist past the conclusion of the rearing period (e.g., Kendler et al., 2015).
Using an adaptation of Keller et al. (2009)’s twin and family “Cascade” model to
include adoptive relationships, estimation of variance components for IQ at time 1
and time 2 reveals an almost negligible effect of the shared parental environment (1
percent; 95% CI: 0, 3 percent) and gene-environment covariance (3 percent; 95% CI: 0,
7 percent) on adulthood IQ, with the remaining variance split almost equally between
genetic and non-shared environmental factors. We additionally test for genetic nurture
with polygenic scores and find no evidence for passive rGE on IQ in adulthood. While
previous researchers have noted that this fadeout effect of adoption on IQ is starting
to occur in adolescence (e.g., Scarr & Weinberg, 1978), our results suggest that the
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effects of adoption on IQ scores of children eventually diminish nearly to zero by
middle adulthood.
Altogether, the picture of human intelligence that emerges from these three papers is one that both looks up from the human intelligence construct as well as looks
down at it (Deary, 2000). The primary focus of Study 1 is to examine the ultimate
antecedent of psychometric intelligence—that is, the genetic variance captured in a
polygenic score—to “look up” at its manifestations in the world. By utilizing novel
methodology that has come to us from researchers such as Lee et al. (2018), who
have looked very far down indeed into the genetic architecture of human intelligence,
we can use a PGS to predict a range of real-world outcomes including educational
achievement and non-cognitive “soft” skills, as well as make predictions that include
parental characteristics such as SES that affect the downstream outcomes of their
children. Study 2, with its attempt to understand descriptive relationships among
psychometric g in terms of basic information processing components, “looks down”
into the mechanistic properties of reaction time and its relationship to intelligence.
Rather than explicitly looking up or down, Study 3 looks “in” on the nature of intelligence from both perspectives, by using polygenic scores and adoptive correlations
in IQ to estimate sources of variance in adulthood.
The problem of causal inference in human behavioral data is perhaps the greatest
and most exciting challenge in modern psychology. Today, many of the new tools and
techniques that behavior genetics has brought to bear are focused on the slivers of
environmental variance that we occasionally detect in genetically-sensitive designs.
While effects such as “genetic nurture” are fascinating, the elephant in the room
demands acknowledgement. When it comes to human intelligence, the vast majority of
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known explained variance originates from the genetic substrate that has been endowed
to us from millions of years of natural selection. Large GWAS of cognitive phenotypes
have now given us an unprecedented view into the functions of gene products as they
operate in neuron generation and synaptic communication (e.g., Lee et al., 2018),
but little is known about their direct causal link to information processing as it is
measured in elementary cognitive tasks. A future program of research that turns a
lens toward cognitive ability that is calibrated at this level of focus may be among
most lucrative in the coming years for broadening and deepening our understanding
of human intelligence.
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APPENDICES
Appendix A: Supplementary material for The role
of parental genotype in predicting offspring years
of education: Evidence for genetic nurture
Here we supplement the main text with additional methodological details, results of
secondary analyses, and conceptual discussion.

Calculation of the polygenic scores (PGS)
A polygenic score (PGS), often called the polygenic risk score in disease prediction,
is calculated from a set of SNPs that are tested in the initial GWAS sample for
association with a trait of interest. Effect sizes are estimated for each marker to
construct a PGS in a replication sample. The basic definition of the PGS is
Ŝ =

m
X

β̂j Gj ,

j=1

where Ŝ is the individual’s polygenic score, β̂j is the weight of SNP j as derived from
the GWAS training sample, and Gj is the individual’s count of the reference allele at
SNP j.
Polygenic scores for years of education (EduYears) in the current study were derived from downloadable EA3 summary statistics using the LDpred software package,
which uses the correlations between SNPs estimated in an external reference panel to
convert the univariate regression coefficients making up the GWAS summary statistics to what are effectively partial regression coefficients (Vilhjálmsson et al., 2015).
We used the MCTFR white parents as the reference panel. Following the EA3 authors
(Lee et al., 2018), we set the LDpred shrinkage parameter equal to unity—the highest
possible value and the one leading to the least shrinkage of the PGS weights. The
developers recommend trying a grid of values and choosing the one leading to the
best prediction accuracy in the validation sample, but we eschewed this optimization
in order to avoid any possibility of “double dipping.” Because the MCTFR was part
of EA3, data from the target MCTFR sample were removed from the SSGAC GWAS
before weights were derived.
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Analysis details
Data were analyzed and figures were created in R (Ahlmann-Eltze, 2017; Wickham,
2016; Wickham, François, Henry, & Müller, 2018; Wilke, 2019). Only those individuals
with data indicating white European ancestry were included in analyses. Participants
with alternate or missing ethnicity data were excluded; a PGS declines in accuracy
when used in a population different from the one studied in the training sample. All
polygenic scores were standardized prior to data analysis. In cases where β coefficients were compared for different phenotypes, these coefficients were standardized
by multiplying the slope by the standard deviation of the predictor over the standard deviation of the outcome variable. In all cases where two regression models were
compared and assessed for significant differences, all missing data were removed for
each variable present in the models, ensuring that while the compared samples were
sometimes smaller as a result, the models were necessarily fitted to the same datasets
for these comparisons.
Bootstrap resampling over twin pairs was used to compute standard errors and
p-values for offspring predictions in order to ensure that the statistical inferences are
not affected by the non-independence of twins from the same family. Bootstrapping
was computed over 100 iterations.

The correlation between midparent and offspring PGS
As a quality-control check on our genotyping and polygenic scoring, we calculated the
correlation between the midparent and offspring PGS. The value of this correlation
in
p
the population is theoretically predicted to be somewhat greater than 1/2; it will
be exactly this value in the absence of assortative mating. A derivation of this fact
can be found in elementary texts e.g., Gillespie, 2004. We found a sample correlation
of 0.73 (Table 1.1), in very good accord with the theoretical prediction.

An apparent effect of genetic nurture cannot be explained by
unreliability of the offspring PGS
Figure 1.1 shows that in the absence of an environmentally mediated effect of the
parent PGS on the offspring phenotype, the offspring PGS d-separates the parent
PGS from the offspring phenotype (Lee et al., 2018; Pearl, 2009); consequently, in a
regression model predicting the offspring phenotype with the PGS of both parent and
offspring, only the offspring PGS should have predictive power. It has been suggested
to us that this reasoning may be flawed if the PGS is noisy as a result of sampling
error in the GWAS, because in this case the parent PGS might compensate for the
unreliability of the offspring PGS. This suggestion seems to be inspired by standard
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psychometric theory, in which the predictive validity of a composite measuring a
single common factor increases with the number of measurements contributing to the
composite (McDonald, 1999).
This suggestion is in fact incorrect, as we now demonstrate.

Negative controls with unreliable PGS do not show the behavior of EduYears
Perhaps the simplest argument against the unreliability of the offspring PGS as an
explanation of our findings is that we did not observe a comparable pattern in our
negative-control phenotypes (Figure 1.3).
Genotyping/imputation are highly accurate
To the extent that the offspring’s SNP genotypes are called incorrectly as a result of
genotyping/imputation error, the use of the parents’ SNP genotypes may indeed increase the prediction R2 . Genotyping/imputation is typically quite accurate, however,
and the closeness of our sample correlation between midparent and offspring PGS to
its theoretical value (see the previous section) confirms this accuracy in our own case
(Miller et al., 2012). Consequently, any improvement in the prediction R2 for this
reason should be quite small. We henceforth do not treat this possibility further.
Simulation of training GWAS, polygenic scoring, and out-of-sample validation does not show incremental predictive value of parent PGS
We conducted simulations to test the soundness of our argument that the weights
in the parent PGS are distorted by exactly the same sampling errors and so cannot
lead to an improvement in the prediction of the offspring phenotype. In simple simulations based on a genome where all pairs of causal sites are unlinked and in linkage
equilibrium, we found conclusively that the addition of the parent PGS does nothing
to ameliorate GWAS sampling error (results not shown). To examine the more realistic case of linkage and LD, we conducted more complex simulations based on the
MCTFR genetic data.
To minimize computational burden, we only used chromosome 1. We randomly
selected 1,520 SNPs present in the intersection of our MCTFR imputed dataset and
the 1000 Genomes Phase 3 European reference panel to be the causal sites affecting
the simulated phenotype; this density is consistent with the total number of SNPs
affecting EduYears, as estimated in a recent paper (Zhang, Qi, Park, & Chatterjee,
2018). To ensure the clear predictive validity of the PGS, we gave these SNPs a
normal distribution of per-standardized-allele effects consistent with a contribution
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to heritability equaling 0.15. We postmultiplied the correlation matrix of the SNPs
(estimated in 1000 Genomes) by the vector of per-standardized-allele effects (a sparse
vector with 1,520 nonzero entries) to obtain the vector of per-standardized-allele
univariate regression coefficients. In more detail, we assumed the negligibility of any
correlation between SNPs in different LD blocks defined by the method of Berisa
and Pickrell (2016) and concatenated the results of postmultiplying the correlation
matrix of an individual block with the effect vector of just the SNPs in that block.
To simulate GWAS sampling error, we took a random draw from the multivariate
normal distribution with a mean vector of zero and a covariance matrix equal to the
LD correlation matrix scaled by the reciprocal of the simulated GWAS sample size.
We then added this random draw to the vector of per-standardized-allele univariate
regression coefficients to obtain a vector of simulated GWAS summary statistics. Note
that this method is similar to the second method employed by O’Connor and Price
(2018, Supplementary Note, pp. 22–23). We examined three different GWAS sample
sizes: 30 thousand, 100 thousand, and 300 thousand. For each distinct size of the
GWAS training sample, we resampled the identities and effect sizes of the causal
SNPs.
To generate simulated phenotypes, we used GCTA (Yang, Lee, Goddard, & Visscher, 2011) to take the dot product of each MCTFR individual’s imputed genotypes
and the causal effects. For each distinct GWAS sample size, we simulated 200 replicates. Note that the replicates varied the non-genetic residuals of the individuals but
retained the same causal SNPs and their effect sizes.
We combined the simulated summary statistics with an LD reference panel consisting of the MCTFR parents to obtained LDpred PGS weights for all ∼39,000
genotyped SNPs on chromosome 1 in the MCTFR dataset.2 We set the prior shrinkage parameter to unity—as in our real data analysis, although a different value might
have led to a higher prediction R2 . We then used PLINK 1.9 (Chang et al., 2015) to
calculate each individual’s PGS on the basis of these weights.
In the validation stage of the simulation, we estimated the coefficients of two
regression models. The first model used only the offspring’s own PGS as a predictor
of the offspring phenotype. The second model used the PGS of the offspring, mother,
and father. A significant increment in the prediction R2 as a result of adding the
mother and father PGS would show that the noisiness of the offspring PGS can
indeed be ameliorated by the use of the parent PGS as additional predictors.
2

In our real data analysis, we used a PGS based on genotyped SNPs because imputed data in the
MCTFR dataset are not available for non-whites, whom we plan to study in other projects. Even
though the genotyped SNPs are a subset of all common SNPs, the predictive power of a PGS based
on genotyped SNPs is still close to maximal because the genotyped SNPs tag nearly all common
genetic variation (Vattikuti, Guo, & Chow, 2012; Yang et al., 2010).
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The results of our simulation are summarized in Appendix Figure A.13. There
are some anomalies, but overall the results demonstrate the implausibility of GWAS
sampling error as an explanation of what appears to be genetic nurture.
• As expected, the baseline prediction R2 increased with each (approximate)
tripling of GWAS sample size (4.0, 6.4, and 7.5 percent of the phenotypic variance respectively).
• At the smallest simulated sample size (30,000), the increment in the prediction
R2 (adjusted for number of predictors) from the addition of the parent PGS was
statistically significant (P < 10−7 ). We do not have an explanation of this result.
Regardless, the unadjusted increment in the prediction R2 was quantitatively
quite small, amounting to an additional 0.3 percent of the phenotypic variance.
Recall that in our real data analysis of EduYears, the addition of the midparent
PGS led to an increment of 1.8 percent.
• At the intermediate sample size (100,000), the increment in the prediction R2
(adjusted for number of predictors) did not reach statistical significance (P =
0.75) and was quantitatively small (0.1 percent).
• At the largest sample size (300,000), the increment in the prediction R2 (adjusted for number of predictors) did reach nominal statistical significance (P =
0.04) but was actually negative; without adjustment for number of predictors,
the increment was a positive but minuscule 0.03 percent.
The simulation results thus fail to support the notion that, in the absence of
genetic nurture, the use of the parent PGS as covariates can substantially improve
the prediction R2 .

An apparent effect of genetic nurture in our data is unlikely
to be the result of population stratification
In the first submitted version of this manuscript, we employed the GWAS summary
statistics of the GIANT Consortium (Locke et al., 2015; Wood et al., 2014) to construct our height and BMI PGS. In all of our initial analyses, regardless of the phenotype, we set the LDpred shrinkage parameter to 0.3, as we found this value to produce
the maximal validation R2 for EduYears. In response to a reviewer’s suggestion to
refrain from optimization of the shrinkage parameter, we set it to unity for the revised
manuscript and thereby found that the incremental predictive power of the parent
PGS increased significantly and substantially in the case of height. In the course of
investigating this anomaly, we found that the distribution of the height PGS (with the
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shrinkage parameter equal to unity) was extremely right-skewed with a substantial
second mode, quite unlike that of the normally distributed EduYears PGS. Because
of the central limit theorem, a skewed multimodal distribution is extremely unlikely
in the absence of population stratification. That is, our sample probably represents
at least two cryptic subpopulations with very different averages of the height PGS.
Two groups have recently shown that the height GWAS on which we initially
relied (Wood et al., 2014) was subject to a form of population stratification such
that alleles apparently associated with height have higher frequencies in Northern
Europe (Berg et al., 2019; Sohail et al., 2019). Suppose, for the sake of argument
(but not unrealistically), that our sample of Minnesota families contains a subset
with unusually high Scandinavian ancestry (Bryc, Durand, Macpherson, Reich, &
Mountain, 2015; Han et al., 2017). If compared to other individuals with the same
values of the height PGS, the Scandinavians will be shorter because their height PGS
reflects to some extent their ancestry rather their genetic potential for height. But
since the parent PGS provides additional information about ancestry, the parents of
the Scandinavians will have a higher PGS than the parents of the non-Scandinavians,
and thus the parent PGS can provide a correction of the overprediction. That is, the
partial regression coefficients of offspring and parent PGS will have opposite sign—
specifically, the parent PGS having a negative sign—because a high parent PGS
indicates Scandinavian ancestry. This was exactly the borderline-significant pattern
observed in our first submission, and the pattern became stronger upon switching the
LDpred shrinkage parameter from 0.3 to 1 (perhaps because more aggressive shrinkage
somewhat purifies the PGS of population stratification in the original GWAS).
For this reason we decided to use different GWAS as the data sources for our anthropometric PGS. Specifically, we used the UK Biobank summary statistics provided
by Loh et al. (Loh et al., 2018). Besides offering the advantage of larger sample size,
these GWAS used a more homogenous population and applied to their single cohort
a linear mixed model to deal with residual confounding. It has been shown that these
height summary statistics are largely free from the population stratification present in
the GIANT Consortium summary statistics that we initially employed (Wood et al.,
2014). And indeed, when the PGS derived from these statistics was used to predict
height in our MCTFR sample, we no longer observed a statistically significant partial
regression coefficient of parent PGS in the case of height (Figure 1.3; p = .67). We
also did not observe a statistically significant partial regression coefficient of parent
PGS in the case of BMI (p = .55).
The question then arises as to whether population stratification can explain the
significant incremental predictive power of the parent PGS in the case of EduYears.
We think this is extremely unlikely to be the case. First, the GIANT Consortium’s
GWAS of height shows a mean chi-square statistic of 2.92 and a rather large LD Score
regression intercept of 1.28 (Sohail et al., 2019, Appendix Table 5). Despite a larger
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mean chi-square statistic of HapMap3 SNPs in EA3 (3.81), the LD Score regression
intercept in that GWAS is only 1.11 (Lee et al., 2018). Furthermore, to construct our
PGS, we used a version of the EA3 summary statistics without the contribution of
23andMe, which would tend to reduce whatever stratification is present in the full
meta-analysis, because a larger proportion comes from the homogeneous UK Biobank
cohort and none at all from the likely heterogeneous 23andMe sample. Second, we have
applied some of the analyses in the Sohail and Berg papers to the downloadable EA3
summary statistics and found no evidence of severe population stratification (results
not shown). For example, when applying the tSDS analysis to EA3, the results look
extremely similar to those in the UKB panel of Sohail et al.’s Figure 3a and not at
all like those in the GIANT panel.
In summary, we discontinued the use of the summary statistics from the GIANT
Consortium to construct our height and BMI PGS and switched to the UK Biobank
summary statistics provided by Loh et al. The latter summary statistics are based
on a larger and more homogenous sample. The resulting PGS show absolutely no
evidence of parent genetics providing incremental predictive power.

Within-family prediction and incremental effect of parent PGS
as complementary strategies
Because the operation of genetic nurture implies both a within-family effect smaller
than implied by the population GWAS results and a significant partial regression
coefficient of the parent PGS, it might seem that the demonstration of both consequences is redundant. Here we point out why these two items of evidence are not
redundant but rather complementary.
A within-family effect smaller than implied by the population GWAS follows from
an environmentally mediated effect of parent genotype, but the converse is not true.
That is, there are alternative explanations of a smaller within-family effect. One such
explanation is assortative mating. In one of many striking passages in The Genetical
Theory of Natural Selection, R.A. Fisher wrote
[i]n human stature, for example, the correlation found between married
persons is sufficient to ensure that each gene tending to increase the
stature must be associated with other genes having a like effect, to an
extent sufficient to make the average excess [i.e., univariate regression coefficient] associated with each gene substitution exceed its average effect
[i.e., within-family effect] by about a quarter. (Fisher, 1930, p. 31)
The possibility that assortative mating explains the EduYears discrepancy has been
examined extensively (Lee et al., 2018). Since assortative mating was not found to
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be a plausible explanation for the whole of the discrepancy, the EA3 authors suggested the mechanism of genetic nurture3 . The approach of EA3 does rely on the
critical assumption that the phenotypic correlation between mates is the result of a
preference for mates with either higher or similar values of EduYears, which leads in
turn to the phenotypic correlation being larger than the correlation between the true
polygenic scores. There are some hints in the literature that this assumption may be
incorrect—that, perhaps because EduYears is merely a downstream effect of some
other trait affecting assortment, spousal genetic similarity actually exceeds similarity
with respect to phenotypic EduYears (e.g., Robinson et al., 2017).
The upshot of all this is that the conditional significance of the parent PGS as
a predictor of offspring phenotype is by no means a redundant piece of evidence in
the prosecution of parent genotype for affecting EduYears through an environmental
mechanism.
Appendix Figure A.14 compares the within-family effects of the PGS on our four
outcomes to the between-family coefficients (i.e., the coefficient in the regression of the
twinship mean outcome on the twinship mean PGS). The between-family coefficients
in Appendix Figure A.14 are larger than the individual-level coefficients in Figure 1.2
of the main text, but this is to be expected. If the individual-level coefficient is
not equal to the within-family coefficient, then the individual-level coefficient is not
necessarily equal to the between-family coefficient either (Selzam et al., 2019). In
any case, the qualitative interpretation of Appendix Figure A.14 is the same: the
between-family coefficient for EduYears is larger than its corresponding within-family
coefficient, pointing to some combination of assortative mating and genetic nurture.

Magnitude of genetic nurture as estimated in different studies
Previous studies of genetic nurture have used estimation procedures slightly different
from ours. We now comment on the relationship between these procedures so as to
determine the extent to which our estimate of genetic nurture is consistent with those
obtained by previous studies.
The first published study of genetic nurture, by Kong et al. (2018), used families of
genotyped parent-offspring trios. They partitioned each parent’s PGS into a portion
that was transmitted to the offspring and a portion that was not so transmitted.
Note that the offspring’s own PGS is simply equal to the transmitted portions of
both parents.
3

Interestingly the EA3 authors failed to find a discrepancy in the case of height of the magnitude
predicted by Fisher, although later research has found evidence of assortative mating for height by
other means (Yengo et al., 2018). The shortfall may possibly be attributable to natural selection
(Bulmer, 1971).
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In a multiple regression of the offspring’s phenotype on both transmitted and
nontransmitted PGS, let θT be the coefficient of the transmitted portion and θNT
the coefficient of the nontransmitted portion. Kong et al. took δ := θT − θNT to be
the causal effect of the offspring PGS on the offspring phenotype, free from inflation
ascribable to genetic nurture. To see the justification of this, first let γ denote the
effect of the parent PGS operating through genetic nurture. Then
(offspring PGST )δ + (parent PGST + parent PGSNT )γ
= (offspring PGST )δ + (parent PGST )γ + (parent PGSNT )γ
= PGST (δ + γ) + (parent PGSNT )γ.
It thus follows that θT is equal to δ + γ and θNT to γ alone. The difference θT − θNT is
indeed the direct causal effect of the PGS on the phenotype. Kong et al. then took δ/θT
as the percentage of the PGS regression coefficient in the prediction of the phenotype
attributable to the direct causal effect. The denominator, θT , will not be exactly equal
to the univariate PGS regression coefficient because of a slight correlation between
PGST and PGSNT induced by assortative mating, but the two quantities will be quite
close.
In our own work, we first regressed the offspring phenotype on just the offspring’s
own PGS and subsequently on both the offspring and midparent PGS. We used the
estimates obtained in this way (Table 1.3) to compute a quantity equivalent to δ/θT as
follows. We placed in the numerator the coefficient of offspring PGS in the regression
model predicting the offspring phenotype with both offspring and midparent PGS, as
this is also an estimate of the direct causal effect. We placed in the denominator the
sum of the numerator and half the coefficient of midparent PGS; it is evident from
the first line of the equation above that the coefficient of midparent PGS is equal to
2γ, and thus our denominator is equivalent to Kong et al.’s θT .
Appendix Table A.19 shows our estimated ratio as well as the others published to
date. Our estimate of 0.613 is the one that assigns the largest role to genetic nurture.
Standard errors are not available for any of these estimates; if these were to be calculated, statistically significant heterogeneity would possibly be found. Nevertheless,
even after we allow for some heterogeneity, all estimates are consistent with at least
60 percent of the correlation between the PGS and EduYears being attributable to
the direct causal effect of the offspring’s own PGS on their own EduYears.

Effects of genotypes belonging to ancestors more remote than
the parents
The relationship between the midparent PGS and whatever parental traits may be
affecting the offspring EduYears may not be purely causal but rather itself reflect
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genetic nurture to some extent. That is, the parents themselves may have received
both genotypes and trait-affecting environments from the uncontacted grandparents
in our pedigrees. Here, we explore this possibility in greater depth and argue that
the majority of the confounding due to genetic nurture is attributable to the parental
generation rather than the grandparental and more remote generations. Our discussion below abuses notation in that symbols used previously may now have different
meanings.
The direct causal effect of offspring genotype on offspring trait can be represented
by
α

offspring PGS −
→ offspring trait,
whereas parental confounding can be represented by
1

α

δ

offspring PGS ←
− parent PGS −
→ parent trait →
− offspring trait.
If genetic nurture perpetuates itself across generations, then we have grandparental
confounding that can be represented by
1

1

α

offspring PGS ←
− parent PGS ←
− grandparent PGS −
→
δ

δ

grandparent trait →
− parent trait →
− offspring trait.
In this path-diagrammatic representation, we have assumed invariance of the causal
background across generations. That is, we have assumed that the effect of genotype
on phenotype (α) and the direct effect of parent on offspring trait (δ) is the same
from one generation to the next. We have also assumed that there is no direct effect
of grandparent trait on offspring trait. Some recent evidence favors this assumption
(Liu, 2018).
Although we are assuming that the parent trait that affects the offspring trait
is the same as the offspring trait itself (i.e., EduYears), our argument still follows if
the parent and offspring trait show a strong genetic correlation and comparable heritabilities. These conditions in fact hold if the parent trait is indeed SES, a composite
including EduYears and income (Hill et al., 2016). Furthermore, including parent
EduYears by itself as a covariate does eliminate the statistical significance of parent
PGS as a predictor (Appendix Table A.18).
It is well known that the slope in the regression of offspring PGS on midparent
PGS is equal to unity (e.g., Gillespie, 2004). Calling the parental generation the first
generation, the grandparental generation the second, and so on, we now prove that
the slope in the regression of the average PGS of one’s 2k ancestors in generation k
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on the average PGS of one’s 2k+1 ancestors in generation k + 1 is always unity.
k

2
1 X
PGSk := k
PGS of ancestor i in generation k
2 i=1
k

2
1 X1
= k
(PGS of ancestor i’s mother + PGS of ancestor i’s father)
2 i=1 2
k+1

=

2
1 X

2k+1

PGS of ancestor j in generation k + 1

j=1

:= PGSk+1 ,
where we ignore orthogonal zero-mean terms representing Mendelian segregation.
Since we have been able to go from the top to bottom line without the introduction
of any terms or factors, it follows that regression of PGSk on PGSk+1 indeed has a
slope of unity.
An analogous argument shows that if the direct effect of the midparent phenotype
on offspring phenotype is δ, then the effect of the average ancestor’s phenotype in
generation k + 1 on that in k is also δ.
By the path-tracing rules, the direct effect of offspring PGS on the offspring trait
makes the contribution
α × Var(offspring PGS)
to the total covariance between offspring PGS and offspring trait, the confounding in
the parental generation makes the contribution
αδ × Var(parent PGS),
and the confounding in the grandparental generation makes the contribution
αδ 2 × Var(grandparent PGS).
In general, the contribution of confounding in the kth previous generation is
αδ k × Var(average PGS of ancestors in generation k).
If mating is random, then the variance of the PGS in generation k + 1 is smaller than
that in generation k by the factor 1/2. If assortative mating is such that the PGS of
spouses are perfectly correlated, then the variance stays the same from one generation
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to the next. In what follows, we assume a compromise shrinkage factor of 3/44 . Thus,
if the gene-environment correlations extend indefinitely into the past, then the total
covariance between offspring PGS and offspring trait is the infinite geometric series
 k
∞
X
3
α
.
α δ
=
4
1 − (3δ)/4
k=0
Since the variance of the offspring PGS has been set to unity, this is also the expression
for the coefficient of the offspring PGS in the prediction of the offspring trait.
Suppose that genetic nurture leads to an inflation of the PGS direct effect α by
about a third (Appendix Table A.19). Setting the geometric series equal to 4α/3 and
solving for δ, we get the solution 1/3. Thus,
3
α(1/3)(3/4)
=
(1/3)α
4
of the inflation attributable to genetic nurture is the result of gene-environment correlation in the parental generation and only 1/4 to the grandparental and more remote
generations. This conclusion is not particularly sensitive to the postulated size of the
total inflation due to genetic nurture. If we set the geometric series equal to 5α/3,
consistent with a nearly 70-percent inflation, then 60 percent of the total inflation is
attributable to the parental generation.
A remaining issue is whether a direct effect of parent trait on offspring trait implied
by our calculation above (1/3) is plausible. One adoption study with plausibly random
assignment of adoptees to parents found that the partial regression coefficient of
rearing mother’s EduYears in the prediction of adopted offspring’s EduYears is 0.097
with a standard error of 0.027; the covariates in this model included the logarithm
of parents’ income, although the latter was not significant (Sacerdote, 2007). (The
comparable coefficient in biological families was found to be about three times larger.)
The effect implied by genetic nurture of 1/3 thus seems a bit higher than what we
might expect from this adoption study.

4

This assumption actually does not affect the partitioning of the inflation attributable to genetic
nurture across generations, although it does affect other quantities that may be derived from this
model, such as the value of δ.
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Years of education
β (SE) p-value ∆R2

Offspring outcome
Height
β (SE) p-value ∆R2
BMI
β (SE) p-value

Parent PGS alone
Offspring PGS
0.16 (0.04) < .001
—
0.57 (0.03) < .001
—
0.35 (0.03) < .001
Parent PGS
0.20 (0.04) < .001 .018
0.01 (0.03)
.705 ∼ 0
0.02 (0.03)
.552
Parent PGS + IQ
Offspring PGS
0.17 (0.04) < .001
—
0.57 (0.03) < .001
—
0.35 (0.03) < .001
Parent PGS
0.11 (0.05)
.015 .005
0.02 (0.03)
.624 ∼ 0
0.00 (0.03)
.952
Parent PGS + EduYears
Offspring PGS
0.19 (0.04) < .001
—
0.57 (0.03) < .001
—
0.34 (0.03) < .001
Parent PGS
0.04 (0.04)
.243 .005
0.01 (0.03)
.624 ∼ 0
0.00 (0.03)
.998
Parent PGS + SES
Offspring PGS
0.19 (0.04) < .001
—
0.56 (0.03) < .001
—
0.33 (0.03) < .001
Parent PGS
0.04 (0.04)
.266 .001
0.02 (0.03)
.536 ∼ 0
0.01 (0.03)
.711
Parent PGS + EduYears + SES
Offspring PGS
0.19 (0.04) < .001
—
0.57 (0.03) < .001
—
0.34 (0.04) < .001
Parent PGS
0.03 (0.04)
.490
∼0
0.01 (0.03)
.695 ∼ 0
0.00 (0.03)
.983
Parent PGS + IQ + EduYears
Offspring PGS
0.19 (0.04) < .001
—
0.57 (0.03) < .001
—
0.35 (0.03) < .001
Parent PGS
0.03 (0.04)
.536
∼0
0.01 (0.03)
.685 ∼ 0
0.00 (0.04)
.916
Parent PGS + IQ + EduYears + SES
Offspring PGS
0.20 (0.04) < .001
—
0.57 (0.03) < .001
—
0.35 (0.03) < .001
Parent PGS
0.02 (0.04)
.747
∼0
0.01 (0.03)
.683 ∼ 0
–0.02 (0.04)
.668
Note: The parent attributes used as covariates in a given set of regression models are given in italics. The two
beneath each model specification give the partial regression coefficients and so forth of the named predictor.
Regression coefficients are standardized.

Model

—
∼0
rows

—
∼0

—
∼0

—
∼0

—
∼0

—
∼0

—
∼0

∆R2

Table A.18: The persistence of parent PGS as a significant predictor in regression models predicting offspring phenotypes using different
parent characteristics as covariates
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Table A.19: Estimated magnitudes of genetic nurture from all published studies

Study
Kong et al. (2018)
Bates et al. (2018)
Belsky et al. (2018)
Liu (2018)
Present study

N

δ/θT

21,637
2,335
804
3,149
2,517

0.701
0.629
NA
0.803
0.613

Note: N , the number of families with a genotyped child and at least one genotyped parent; δ/θT ,
the estimated percentage of the offspring PGS’s correlation with offspring EduYears that is
attributable to the direct causal effect of offspring PGS on offspring EduYears. The study by
Belsky et al. reports an effect in the same direction as the others (i.e., δ̂/θ̂T < 1), but genetic data
in its sample was available from mothers only.
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0.02

0.04

0.06

Offspring PGS only
Offspring, father, and mother PGS

0.00

Adjusted percentage of variance

0.08

Figure A.13: Simulation coefficients for regression model including offspring’s PGS and model including offspring, mother, and father PGS

30,000

100,000

300,000

GWAS training−sample size

Note: Each bar height corresponds to the average over 200 simulation replicates of the prediction
R2 adjusted for the number of predictors (one vs. three). The error bars enclose 95% confidence
intervals. The lack of a conspicuous difference between bar heights within the same sample size
indicates that the parent PGS does not provide any substantial increment to the R2 in the absence
of the “genetic nurture” effect, even if the offspring PGS is noisy as a result of sampling error in the
training GWAS.
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Figure A.14: Comparison of β coefficients of offspring PGS between and within twinship

0.5

Prediction

p < .001

Between−twinship (DZ mean)

EduYears PGS (standardized beta)

Within−twinship (DZ difference)

0.4

p < .001

p < .001
p < .001

0.3

p < .001
p = .001

p < .001

0.2

p = .123

0.1

0.0
EduYears

GPA

IQ

SOFT

Outcome phenotype

Note: Comparison represents β coefficients of offspring PGS on outcomes between dizygotic twinship
(mean) and within dyzgotic twinship (difference) for years of education, high school GPA, IQ score,
and soft skills (N pairs = 415). Error bars represent ±1 standard error. All values are standardized.

Appendix B: Supplementary material for Parsing
information flow in speeded cognitive tasks: The
role of g in decision and perception time
Comparison of effects across both tasks
If the decision and perceptual components of both the number and tone comparison
tasks represent global information-processing stages, it would logically follow that
the effects can be compared in an aggregate model of both tasks. This allows us to
investigate the question of whether IQ interacts with Decisional difficulty (numerical
distance + frequency distance), while simultaneously failing to interact with Perceptual difficulty (numeral contrast + tone loudness).
A total of 752 participants had valid data for the ICAR-16 and both number
and tone comparison tasks. Individual mean reaction times correlated strongly across
tasks (r = .594, p < .001), as did individual diffusion rate v (r = .491, p < .001). Nondecision time Ter was more variable but nevertheless correlated across tasks (r = .304,
p < .001). Despite high accuracy in the number comparison task, error rates between
tasks also correlated modestly (r = .155, p < .001).
We evaluated the interaction of IQ with both types of manipulation through analysis of covariance, comparison of regression slopes, and linear-mixed modeling on
combined data of both tasks. Mean RTs were collapsed first for manipulation levels
for each task and then aggregated across tasks.
ANCOVA and regression slopes
Aggregate ANCOVA reveals a small but reliable interaction between IQ and the Decisional manipulation (F3,2250 = 7.32, p < .001). By contrast, no evidence was observed
for a simultaneous significant interaction between IQ and the Perceptual manipulation (F3,2250 = 1.51, p = .210). Task revealed a powerful main effect of F1,750 = 162.81
(p < .001) on RT, along with nominally significant interactions between Decisional
and Perceptual manipulations (F9,6750 = 2.55, p = .007) and IQ × Perceptual ×
Decisional levels (F9,6750 = 2.10, p = .026). No significant evidence for higher-order
interactions of IQ with manipulation and Task were observed. These effects and their
associated statistics are shown in Appendix Table B.20.
A comparison of regression slopes of RT (s) on IQ (standardized) with both tasks
aggregated reveals strong visual evidence in favor of our hypothesis that IQ interacts with a Decisional, but not Perceptual, manipulation, regardless of the sensory
modality of the stimuli (Appendix Figure B.15). With IQ scores standardized across
the sample, each level of Distance is associated with unstandardized beta coefficients
159
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(SE) of −0.038 (0.003) for the hardest level, −0.033 (0.002) for the next-hardest
level, −0.032 (0.002) for the easier level, and −0.031 (0.002) for the easiest level. This
equates to an advantage conferred by each standard deviation gain in IQ to a reduction in mean RT of about 39 ms for the hardest Decisional level, with a reduction
of only 31 ms for the easiest level. Over levels of Perceptual difficulty, the hardest
condition conferred an RT reduction per each SD of IQ of 35 ms (SE = 2 ms), which
is scarcely different from the advantage conferred at the easiest Perceptual level (33
ms, SE = 2 ms).
Linear mixed-modeling
A similar pattern of effects results from linear mixed-modeling, in which we include
task as a fixed effect term and random effects terms for block (1–3) and stimulus
digit/tone frequency (1–4 and 6–9), as well as interactions for IQ with Task, IQ
with Decisional difficulty × Task, and IQ with Perceptual difficulty × Task. This
results in strong main effects of both types of manipulation, with no evidence for a
Decisional × Perceptual interaction outside of Task. Crucially, this model produced
clear evidence of an interaction of IQ with Decisional difficulty (F = 66.00, p < .001)
in the simultaneous absence of evidence for an interaction of IQ with Perceptual
difficulty (F = 0.85, p = .465). IQ also significantly interacted with Task and played
a role in several higher-order interactions with Task and both manipulations. These
effects and their associated statistics are shown in Appendix Table B.21.
To visualize the results of this LMM, we used the sjPlot package in R to plot
regression models for both types of manipulation as ordered variables. This enables
the visual inspection of the magnitude of difference in slope of RT on IQ between
Decisional and Perceptual manipulations (Appendix Figure B.16). While evidence
for an IQ × Decisional interaction is strong across tasks, it remains unclear if the
numeral contrast and tone loudness perceptual manipulations are truly analogous.
For example, the three-way interaction between IQ, Perceptual and Task is significant
in the linear mixed model (p < .001) but not in ANCOVA (p = .308), thus limiting
the interpretability of these analyses across both tasks.

Participant and data exclusion criteria
Participant selection
Seven hundred seventy-three participants took part in the experiment over a 3-year
period. We originally intended to recruit 300 participants, a number based on power
analyses as follows. Given the typical range of correlation found between cognitive
ability scores and mean RT between −.20 and −.40 (Jensen, 2006), 300 participants
would confer power of at least 80 percent to detect a correlation as small as r = −.16
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with a Type I error rate of .05, and as small as r = −.20 with a Type I error rate of
.01. With an r = −.25 and 300 participants, we would have over 99 percent power
with a Type I error rate of .05 and 97 percent power with a Type I error rate of
.01. Power analyses for within-subject ANOVA requires sample parameters that were
relatively unknown at the beginning of data collection. This uncertainty led us to
maximize our sample size by taking advantage of a related project that uses the same
tasks designed for the current study in addition to an online personality questionnaire.
As a consequence, our data collection continued through March 2020 and officially
terminated as a consequence of COVID-19 restrictions prohibiting further recruitment
for in-person studies, resulting in a net sample of 773 participants (74.2 percent female,
24.6 percent male, 1.2 percent other/prefer not to say).
Given the well-established finding that speeded task performance begins to decline
in early adulthood (Thompson, Blair, & Henrey, 2014), participants were recruited
from only the 18–24 age range (M = 19.7, SD = 1.6), were comfortable understanding English instructions (to ensure full understanding of tasks as well as the cognitive
assessment materials), and had normal or corrected-normal vision and hearing (to ensure full perceptual detection of the stimuli). Participants were recruited through the
Psychology Department at the University of Minnesota Twin Cities, and were offered
the choice between $10 and course credit for completing a session. An additional $5
was offered as incentive to the higher performer in a randomized, anonymous pair at
the end of data collection to encourage maximal effort at the tasks.
Written consent was obtained from each participant before beginning the experiment. Experiments were approved by the University of Minnesota Institutional Review Board in accordance with the ethical principles of the Belmont Report.
Data filtering
We aimed to filter our data as little as possible in order to capture the full range of
variability in response times and accuracy across our participants. Nevertheless, some
minor filtering criteria were applied to ensure the reliability and validity of the data.
Although it is standard to exclude very fast RTs between 100 ms and 200 ms (Whelan,
2008) for reaction time data as these likely do not reflect the process of interest, Luce
(1986) argued that valid RTs have a minimum value of at least 100 ms, which can
be considered the bare minimum of time needed for physiological processes such as
stimulus perception and for motor responses. We have therefore excluded trials faster
than 100 ms.
The best method of trimming slow responses has been a subject of debate in reaction time research. Ratcliff (1993) argued that eliminating RTs above an absolute
point of cutoff would reduce power in cases where individual response variability was
relevant to the effect of interest; in such cases, eliminating slow outliers based on each
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individual’s distribution would better preserve real data. Given our lack of a priori
assumptions of the effects of variability on our analyses of interest, particularly in
modeling diffusion rate as a predictor of cognitive ability, we have opted for a conservative method of eliminating individual trial outliers that fall above five standard
deviations above that individual’s mean. No data transformations were applied to our
RT data.
Number comparison task. The number comparison task yielded a total of 116,400
individual trials across 776 participants prior to filtering. Two participants were removed from data analysis for having unusually slow mean response times after the
application of data filtering criteria described below; these mean RTs of 1.86 s and
2.47 s were over 10 standard deviations above the sample mean, indicating that the
processes under investigation were not being reliably assessed in these participants.
Of the remaining 774 participants, none were removed for other reasons, yielding an
initial 116,100 response trials prior to filtering. Only 5 individual trials were excluded
for being below 0.100 s. A total of 2,371 incorrect trials were excluded from analysis.
Slow outliers were trimmed at 5 standard deviations above each individual’s reaction
time mean, which excluded an additional 408 individual trials.
Tone comparison task. For this task, 764 participants generated a total of 114,600
trials prior to filtering. Five participants were excluded from data analysis; four had
too few correct RT trials per condition to participate in ANCOVA and other analyses,
and one participant was excluded for having a total mean percent correct trials below
chance (46.57 percent correct). No participant means were judged as too slow for
inclusion, as even extremely slow means and large individual variances fell within the
normal sample distribution. Participant exclusion yielded a total of 113,850 unfiltered
trials for 759 participants. A total of 31 individual trials below 0.100 s and a total of
7,470 incorrect trials were excluded from further analyses. Slow outliers were trimmed
at 5 standard deviations above each individual’s reaction time mean, which excluded
an additional 633 individual trials. These criteria netted a final sample of 105,716
valid and correct tone task trials across 759 individuals.
ICAR-16 sample test. 773 participants took the short-form cognitive assessment.
No participants were excluded based on unusual scores; for example, the one person
who scored 0 out of 16 possible items was included because the time taken to complete
the test was not unusually fast for this individual and a score of 0 was well within
the normal distributional range of scores. No participants yielded incomplete data on
the 16 items. However, several participants did not complete both the ICAR-16 and
the tone or number comparison tasks; only participants who had both valid ICAR16 and valid number comparison data were included in number comparison analyses
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of cognitive ability, and only those who had valid ICAR-16 and tone comparison
data were included in tone comparison analyses. A total of 768 individuals had valid
cognitive assessment scores and number comparison scores, 754 had valid cognitive
assessment and tone comparison data, and 752 had valid cognitive assessment, number
comparison, and tone comparison data. For measure reliability analyses (Appendix B:
Reliability), the full sample of available valid data for each measure is analyzed.

Analysis detail
EZ diffusion model
Diffusion parameters v = diffusion rate, Ter = non-decision time, and a = boundary
separation are calculated by adapting the EZ diffusion equations from Wagenmakers
(2009). These parameters can be derived from equations that make use of distributional characteristics of RT data: Proportion of correct responses (Pc ), the mean RT
for correct responses (M RT ), and variance of RT over correct responses (V RT ).
The “EZ2” method was developed by Grasman et al. (2009) to introduce improvements to the EZ model. EZ2 differs from EZ in that the starting point is allowed to
vary and parameters can be constrained across conditions. It also can make use of
the differential values of variance and means for all (correct and incorrect) trials and
for correct trials only. EZ2 can therefore use the starting values obtained through EZ
and this more detailed summary of RT moments to attempt to minimize the sum of
the squared errors between observed values and those predicted by EZ2 to achieve
better estimates of the parameters of interest across different conditions (Wagenmakers, 2009). EZ2 parameters for this project were computed with software package
described in and developed by Grasman et al. (2009).5
Limitations. We acknowledge a number of limitations inherent in the application
of the diffusion model to our data. First, the EZ/EZ2 methods are unable to compute
parameters when a participant (or a group mean) performs with perfect accuracy,
perfectly chance (.50 for a 2-choice task) accuracy, or perfect inaccuracy for a given
condition. In such cases, Wagenmakers et al. (2007) recommend an edge correction
equivalent to one half of an error dependent on number of trials n for that condition.
However, in cases where error rates are low and the number of trials per condition
is small, such an edge correction severely biases estimates of non-decision time. We
applied a more stringent edge correction of .001 in our application of EZ to model
individual differences. This is a more potent limitation for moments obtained in the
number-comparison task, where error rates are very low. Several authors (Grasman
et al., 2009; Lerche & Voss, 2018; Wagenmakers et al., 2007) note that for data sets
5

See also: raoul.socsci.uva.nl/EZ2
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with low error rates, up to 250 trials per condition are optimal for accurate parameter
estimates. In the tradeoff between number of trials per subjects and total sample
size, we prioritized sample size in order to increase the statistical power to falsify our
additive-factors prediction of a null interaction between IQ and a given experimental
manipulation.
It is interesting to note that despite these limitations in our data, mean diffusion
rates and non-decision times over conditions yielded good reliability statistics (Appendix B: Reliability) and that the ICAR-16 scores in our sample predict individual
diffusion rates over conditions approximately as well as RTs on their own, particularly
in the tone task. We take the results of our diffusion-model analyses as supporting
but insufficient evidence of our main hypothesis.

Reliability analyses
ICAR-16 sample test
Detailed item analysis for the ICAR-16 sample test is presented in Condon and Revelle (2014). The sample test consists of 16 items taken from the full 60-item ICAR
test, each of which comprises one of four item types or subtests. These four subtests
are summarized as letter and number sequences (LN), matrix reasoning (MR), 3D rotation (R3D) and verbal reasoning (VR). These comparisons are shown in Appendix
Table C.29. The observed decline in reliability in our sample is likely due to restriction
of range, as all participants were university students.
Additionally, we computed split-half reliability, skewness and kurtosis for ICAR16 scores in our sample. This resulted in a mean split-half correlation of 0.58, mean
reliability of 0.74, and reliability SD of 0.05 across 1000 simulated halves. Skewness
of mean scores was −0.24, indicating slight negative skew, and kurtosis was 2.63,
indicating a platykurtic distribution of the data.
Confirmatory factor analysis. We used confirmatory factor analysis to test a
four-factor model of the ICAR-16 composed of letter and number sequences, matrix
reasoning, 3D rotation and verbal reasoning. This model was fit using the lavaan
package in R with full-information maximum likelihood (FIML). Model fit was strong,
with a TLI of .966 and RMSEA of .022 (90% CI: .012, .031). The full four-factor model
fit the data significantly better than a single-factor solution (χ26 = 275.85, p < .001),
and far better than a four-factor solution that did not allow covariances among the
four latent factors (χ26 = 293.54, p < .001). As expected, the indicators all showed
significant positive factor loadings, with standardized coefficients ranging from .301
to .652 (Appendix Table B.23).
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Additionally, we observed significant positive correlations among all four latent
factors (Appendix Table B.24), indicating that participants who showed high ability
in one dimension were more likely to show high ability in the others as well. Taken
together, these results are consistent with use of the ICAR-16 as a good short-form
measure of cognitive ability, with the advantage of its short administration time outweighing its limitations in the context of this study.
Reaction time
Since much of our theoretical claims rest on differential relationships of g with the
distance versus perceptual manipulations, it is important to demonstrate that distance and perceptual effects are equally reliable in order to mitigate the possibility
that the differential correlations merely reflect an unreliable measure of perceptual
difficulty. We conducted split-half reliability tests at each level of distance and perceptual difficulty using the splithalf.r function from R’s Multicon package. This function
treats individual participant RT trials as items and finds the average of the randomly
split-half correlation for a data frame of items. Each reported value was conducted
with 1000 simulations, which indicates the number of split-half reliabilities to compute of which the mean is used as the best estimate. These results are summarized
in Appendix Table B.25.
Additionally, we conducted reliability tests of alpha and omega using R’s Psych
package with maximum likelihood for the diffusion model parameters diffusion rate
(v) and non-decision time (Ter ) over the four levels of each manipulation (Appendix
Table B.26). For factor extraction method, maximum likelihood was chosen over minimum residual because the latter generated Heywood cases, likely due to the small
number of item types (levels of difficulty). The similarity of reliability estimates for
diffusion parameters over different levels of difficulty suggests that they are behaving
like indicators of a single factor.

Experimental protocol
Experimenters were instructed to monitor a variety of potential sources of error. They
verbally confirmed with all participants their age, the status of their vision as normal
or normal-corrected, and their status as native English speakers. Participants were
given both printed and verbal instructions for the tasks, and were required to verbally
affirm that they had no questions or uncertainties about the task procedure before
they began. Participants were also instructed to administer keypresses with their
dominant hand, to use only the pointer and middle fingers, and to keep fingers on
the keys at all times. Participants then answered a short computerized questionnaire
to confirm their age and sex before beginning the experiment.
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Stimulus presentation
All stimuli were administered through the E-Prime 2.0 software running on one of
three identical Apple iMac computers with identical hardware. Visual stimuli were
displayed on a 24-inch Apple monitor (60 Hz refresh rate; 1920 × 1080 pixel resolution), and participants’ responses were made on a computer keyboard for all three
tasks.
Experiment 1: Number comparison task. The stimulus of interest was a singledigit number between 1 and 9 (excluding 5), which appeared at the center of the
computer screen following a fixation cross and a randomized foreperiod delay between 1200 and 1900 milliseconds. Each displayed digit additionally varied in its
visual contrast against an off-white background on the computer screen. Four levels
of contrast were used, ranging from lightest grey (hexidecimal 215,215,215), light grey
(hexidecimal 210,210,210), dark grey (hexidecimal 170,170,170), to darkest grey (hexidecimal 165,165,165). All digits were presented in 72-point Arial font on an off-white
background screen (hexidecimal 220,220,220) in E-Prime 2.0.
Experiment 2: Tone comparison task. To administer tones, we used AmazonBasics lightweight on-ear headphones (maximum input levels of 101 decibels (dB)
at 1000mW, with frequency range of 12 Hz–22,000 Hz). Participants are instructed
to watch a fixation cross on the screen in anticipation of two tones that are presented sequentially to the participant through the set of headphones connected to
the computer. The first tone is the target, which is positioned at the center of the
distribution of stimulus frequencies (660 Hz) and at the center of the loudness distribution, roughly analogous to a normal speaking volume (50 dB). The second tone is
the stimulus, which can be any combination of frequency and loudness from the set
of 16 options, excepting the target frequency of 660 Hz. Stimulus tones are presented
in frequencies 440 Hz, 495 Hz, 550 Hz and 605 Hz below the target frequency, and at
715 Hz, 770 Hz, 825 Hz and 880 Hz above the target frequency.
Before beginning practice trials for Experiment 2, participants must listen to each
possible tone—that is, each combination of loudness and pitch—and must confirm
to the experimenter that they are able to hear all tones before proceeding. If the
participant reports an inability to discern some of these tones, the experimenter will
increase the global computer volume by increments of 1 until all tones are discernible
to the participant. This was done to help mitigate the unwanted influence of auditory
attentional distraction that may have come from sources outside of the lab, an issue
not comparable for the visual attention required in Experiment 1. Since absolute
volume of the tones may vary depending on this adjustment, the loudness of tones is
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expressed in amplitude. Stimulus tones are presented at four levels of Loudness which
correspond to amplitudes of 0.02, 0.06, 0.20, and 0.30.
Experimenters were instructed to make a note for each participant who requested
a volume adjustment. At the conclusion of data collection, a total of 35 participants
out of 756 with valid data requested this change. We compared the distributional
characteristics of these participants with Welch’s t-test to ascertain whether they
would warrant exclusion. There was no significant evidence that these individuals
differed from the main sample in mean RT t(40) = −0.43 (p = .670), in percent
correct t(40) = 0.13 (p = .900), in ICAR-16 score t(38) = −0.57 (p = .573), or in
intra-individual trial variance t(551) = 1.52 (p = .129). These participants were not
excluded from data analysis on this basis.
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Table B.20: ANCOVA table of effects for both tasks aggregated over both types of manipulations

Variables
Perceptual
Decisional
Task
IQ:Perceptual
IQ:Decisional
IQ:Task
Perceptual:Decisional
IQ:Perceptual:Decisional
IQ:Perceptual:Task
IQ:Decisional:Task
IQ:Perceptual:Decisional:Task

DFn

DFd

3 2250
3 2250
1
750
3 2250
3 2250
1
750
9 6750
9 6750
3 2250
3 2250
9 6750

F -value

p-value

BF

306.34 < .001 2.9 × 10−170
1194.15 < .001
∼0
162.81 < .001 8.3 × 10−33
1.51
.210
181
7.32 < .001
0.36
13.17 < .001
0.03
2.55
.007
7274
2.10
.026
1.7 × 105
1.20
.308
4.8 × 104
0.62
.602
3.4 × 105
0.88
.547
3.2 × 1014

Note: Types of manipulation includes Decisional difficulty (numerical distance + tone frequency)
and Perceptual difficulty (numeral contrast + tone loudness). Effects and associated statistics
relevant to core hypotheses are bolded.
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Table B.21: ANOVA summary of linear mixed-model effects and interactions for both tasks aggregated over Decisional and Perceptual difficulty

Variables
IQ
Perceptual
Decisional
Task
IQ:Perceptual
IQ:Decisional
IQ:Task
Percep:Decis
IQ:Percep:Decis
IQ:Percep:Task
IQ:Decis:Task
IQ:Per:Decis:Task

Groups F -value
1
4
4
2
4
4
2
16
16
8
8
32

p-value

Estimate (SE)

BF

56.80 < .001
−0.234 (0.028)
50.93 < .001
−0.010 (0.004)
154.82 < .001
−0.027 (0.004)
1318.72 < .001
0.127 (.003)
0.85
.465 −0.005 (0.006)
66.00 < .001
0.029 (0.006)
41.87 < .001
−0.030 (0.011)
1.37
.197
−0.002 (0.001)
1.47
.154
0.003 (0.002)
30.78 < .001
0.017 (0.003)
152.87 < .001
−0.036 (0.003)
1.05
.398
−0.001 (0.001)

1.7 × 10−11
2.2 × 10−29
2.6 × 10−90
2.9 × 10−204
477
1.4 × 10−38
2.2 × 10−8
2.8 × 107
1.4 × 107
4.9 × 10−39
3.8 × 10−205
3.2 × 1013

Note: Decisional difficulty is represented by numerical distance and tone frequency, and Perceptual
difficulty by numeral contrast and tone loudness. Random effects terms are included for subject
ID, block (1–3), and frequency/digit of each task’s Decisional manipulation (1–4 and 6–9). Effects
and associated statistics relevant to core hypotheses are bolded. “Estimate” refers to the slope of
RT (s) on IQ for levels of each manipulation as ordered variables; i.e., “hardest” level of each
manipulation = 1, “hard” = 2, “easy” = 3, and “easiest” = 4. Reported Bayes factors were
computed on each effect’s F -value against the default prior.
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Table B.22: Reliability comparisons of ICAR-16 items in Study 2 and Condon and Revelle (2014)

α

ICAR-16
LN items
MR items
R3D items
VR items

C&R

W&L

.81
.77
.68
.93
.76

.73
.59
.47
.70
.42

ωh
C&R W&L
.66
.66
.58
.78
.64

.51
.57
.42
.68
.42

ωt
C&R

W&L

.83
.80
.71
.94
.77

.76
.61
.53
.73
.47

Items
C&R W&L
16
9
11
24
16

16
4
4
4
4

Note: C&R = Condon and Revelle (2014), W&L = Willoughby & Lee (current study), ωh = omega
hierarchical, ωt = omega total. Values are based on composites of Pearson correlations between
items. Total N sampled in Condon and Revelle (2014) was 96,958 individuals while a total of 773
had valid ICAR-16 data in our sample.
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Table B.23: Standardized factor loadings of each ICAR-16 item on its own latent factor for participants in Study 2

Latent Factor

Indicator

Letter & Number
Letter & Number
Letter & Number
Letter & Number
Matrix Reasoning
Matrix Reasoning
Matrix Reasoning
Matrix Reasoning
3D Rotation
3D Rotation
3D Rotation
3D Rotation
Verbal Reasoning
Verbal Reasoning
Verbal Reasoning
Verbal Reasoning

LN.33
LN.34
LN.58
LN.7
MR.45
MR.46
MR.47
MR.55
R3D.3
R3D.4
R3D.6
R3D.8
VR.16
VR.17
VR.19
VR.4

β
.481
.564
.534
.462
.506
.434
.340
.454
.615
.652
.583
.593
.301
.406
.377
.509

Note: All loadings are significant at p < .001. R3D = Three-dimensional Rotation, LN = Letter
And Number series, VR = Verbal Reasoning, MR = Matrix Reasoning.
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Table B.24: Latent factor correlations for the ICAR-16 for participants in Study 2

Factor 1

Factor 2

LN
LN
LN
MR
MR
R3D

MR
R3D
VR
R3D
VR
VR

Correlation

p-value

.534
.468
.559
.409
.595
.558

< .001
< .001
< .001
< .001
< .001
< .001

Note: Primary factor loadings for each item are shown in bold.
R3D = Three-dimensional Rotation, LN = Letter And Number
series, VR = Verbal Reasoning, MR = Matrix Reasoning.
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Table B.25: Reliability comparisons of reaction time parameters across manipulations for both tasks
Number comparison task
Mean reaction time
Mean
Mean
SD
split-half r reliability reliability
Distance
Hardest
0.87
0.93
0.04
Hard
0.87
0.93
0.04
Easy
0.88
0.94
0.05
Easiest
0.89
0.94
0.05
Contrast
Hardest
0.88
0.94
0.04
Hard
0.87
0.93
0.04
Easy
0.87
0.93
0.05
Easiest
0.86
0.93
0.04

Tone comparison task
Mean reaction time
Mean
Mean
SD
split-half r reliability reliability
Distance
Hardest
0.90
0.95
0.11
Hard
0.89
0.94
0.11
Easy
0.90
0.95
0.14
Easiest
0.91
0.95
0.14
Loudness
Hardest
0.89
0.94
0.11
Hard
0.89
0.94
0.13
Easy
0.90
0.95
0.11
Easiest
0.88
0.94
0.12

Note: Manipulation levels include the levels of Distance and Contrast or Loudness for both number
and tone comparison tasks. Mean split-half r = average of all split-half correlations, Mean
reliability = average of all split-half reliabilities, SD reliability = standard deviation of all split-half
reliabilities. Diffusion model parameter reliabilities are computed over the four levels of each
manipulation. ωh = omega hierarchical, ωt = omega total.
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Table B.26: Reliability comparisons of diffusion model parameters

Distance
v
Ter
Perceptual
v
Ter

ω
Number

ω
Tone

0.83
0.77

0.88
0.89

0.85
0.87

0.91
0.87

Note: Reliability statistics represent diffusion parameters computed across levels of Distance and
Contrast or Loudness (labeled Perceptual ) for both number and tone comparison tasks. Ter =
non-decision time, v = diffusion rate, ω = omega hierarchical.
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Slope of RT (s) on IQ (z−score)

Figure B.15: Regression coefficient (slope) of RT (s) on IQ across Decisional and Perceptual difficulty
for both tasks

−0.032

−0.036

Manipulation
Decisional
Perceptual

−0.040

Hardest

Hard

Easy

Difficulty
Note: Error bars represent ±1 standard error.

Easiest
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Figure B.16: Regression of RT (s) on IQ for results obtained through LMM over both tasks in
aggregate
Decisional

0.7

1
2
3

0.6

RT (s)

RT (s)

Perceptual

2
3
4

0.6

0.7

1

4

0.5

0.5

0.00

0.25

0.50

IQ

0.75

1.00

0.00

0.25

0.50

IQ

0.75

1.00

Note: Slopes show the effect of each manipulation as an ordered variable; i.e., “hardest” level of
each manipulation = 1, “hard” = 2, “easy” = 3, and “easiest” = 4. Bands around each line
represent 95% confidence intervals.

Appendix C: Supplementary material for The
heritability of IQ in a sample of biological and
adoptive families with 30-year-old offspring
Methods
We used observed correlations to estimate the following parameters: a = the effect
of the genetic score on the phenotype; q = the variance of the genetic score, i.e., the
additive genetic variance; d2 = dominance genetic variance; s2 = variance of environmental factors shared by siblings reared together, other than the phenotypes of
their parents; m = direct effect of maternal phenotype on offspring phenotype; p =
direct effect of paternal phenotype on offspring phenotype; w = covariance between
latent additive genetic and family environment factors; x = variance of the shared
environment induced by parental phenotypes; µ = correlation between spouses. Because only one parent from each family was assessed on intake measures of IQ, we use
a stand-in spousal correlation value derived from pairs of mothers and fathers from
the Minnesota Twin Family Study, who were measured on the same version of the
same Wechsler scales as our SIBS sample.
To estimate variance components, we adapted the Cascade model (Keller et al.,
2009) to include adoptive relationships:
• Mother-father = µ
• Biological mother-child = 21 a(qa + w) + 12 a(qa + w)µ + m + pµ
• Biological father-child = 21 a(qa + w) + 21 a(qa + w)µ + p + mµ
• Adoptive-adoptive siblings =
• Adoptive-biological siblings =

x+s2
1−2aw
2
x+s
√ +aw
1−2aw

• Biological-biological siblings = a2 (q − 12 ) + 14 d2 + 2aw + x + s2
• Adoptive mother-child =
• Adoptive father-child =

√m+pµ
1−2aw

√p+mµ
1−2aw

Note that if the variance of the phenotype has been set to one in biological individuals,
the variance may be less than one in adopted individuals. We accounted for this by
including the appropriate rescaling factor in any theoretical correlation involving an
adopted individual.
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After applying Fisher’s z-transformation, we minimized the squared differences
between the empirical correlations and the theoretical (model-predicted) correlations
by adjusting the parameter estimates. Each term in the sum of squared differences
was weighted by the reciprocal of its variance, N − 3, where N is the number of pairs
in the correlation. To perform statistical inference, we took bootstrap resamples of
our families and re-estimated the parameters each time.
We constrained the dominance genetic variance to equal zero. The point estimate of this parameter was zero for most phenotypes, but in bootstrap resampling
it occasionally assumed unrealistically large values. Since there is compelling theory
and evidence for most genetic variance being additive (Hill et al., 2008; Maki-Tanila
& Hill, 2014), we decided to constrain this parameter to zero in order to improve
statistical inference about other parameters.
Decomposition of variance terms presented in main text Table 3.16 were therefore
computed as follows:
• Heritability (A) = h2 = qa2
• Parental environment (F) = m2 + p2 + 2mpµ
• Sibling environment (S) = s2
• G–E covariance = 2 × aw
• Non-shared environment = 1 – (A + S + F + G-E covariance)
Additionally, because several of the variables represented in the above equations
are functions of other variables in these equations (e.g., variance of the shared environment x is a function of m, p and µ; variance of the genetic score q is a function of
µ), these variables are constrained rather than being strictly estimated. These nonlinear constraints help maintain logical consistency among parameters in the model
and are common in most types of extended twin family design models (Keller et al.,
2009).

Comparison of participants and non-participants at follow-up
3
We conducted a comparison of participants with non-participants in the current wave
based on measures taken at intake to evaluate the possibility of attrition effects. A
comparison of participants with non-participants in the current wave based on measures taken at intake indicated no selection on family SES or parental characteristics,
with minimal selection on offspring IQs. The largest difference was for intake IQ,
which was about 2.5 points higher in current participants than in non-participants.
Comparison of participants and non-participants is shown in Appendix Table C.27.
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Scale means
For each demographic criterion and IQ phenotype, means and standard deviations
are computed separately for mothers, fathers and offspring and for both adoptive and
biological families (Appendix Table C.28).

ICAR-16 sample test
We use the ICAR-16 sample test as a measure of general cognitive ability in our
sample. This is to provide a measure for the same individuals that is not expected
to show strong non-genetic parental transmission, thereby acting as a comparison
variable to show that our parental transmission findings for political attitudes are
not likely to be an artifact of this specific sample. We provide a panel of reliability
analyses to justify our use of the ICAR-16 as a reliable and construct-valid measure
of general cognitive ability.
Reliability indices
Detailed item analysis for the ICAR-16 sample test is presented in Condon and Revelle (2014). The sample test consists of 16 items taken from the full 60-item ICAR
test, each of which comprises one of four item types or subtests. These four subtests
are summarized as letter and number sequences (LN), matrix reasoning (MR), 3D rotation (R3D) and verbal reasoning (VR). These comparisons are shown in Appendix
Table C.29.
Confirmatory factor analysis
We used confirmatory factor analysis to test a four-factor model of the ICAR-16
composed of letter and number sequences, matrix reasoning, 3D rotation and verbal
reasoning. This model was fit using the lavaan package in R with full-information
maximum likelihood (FIML). Model fit was strong, with a Tucker-Lewis Index (TLI)
of .978, Comparative Fit Index (CFI) of .982, Standardized Root Mean Square Residual (SRMR) of .024, and Root Mean Square Error of Approximation (RMSEA) of
.021 (90% CI: .015, .028). The full four-factor model fit the data significantly better
than a single-factor solution (χ26 difference = 502.42, p < .001), and far better than a
four-factor solution that did not allow covariances among the four latent factors (χ26
difference = 956.4, p < .001). As expected, the indicators all showed significant positive factor loadings, with standardized coefficients ranging from .20 to .73 (Appendix
Table C.30).
Additionally, we observed significant positive correlations among all four latent
factors (Appendix Table C.31), indicating that participants who showed high ability
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in one dimension were more likely to show high ability in the others as well. Taken
together, these results are consistent with use of the ICAR-16 as a good short-form
measure of cognitive ability, with the advantage of its short administration time outweighing its limitations in the context of this study.

Scale and demographic comparisons by ethnicity of adoptee
Majority of offspring in sample (N = 680 total) report either white (N = 378) or
Asian (N = 251) ethnicity. Mean differences and significance for each demographic
criterion (highest degree completed, years of education, age, and family SES), political
attitude phenotype and the ICAR-16 are reported below for white and asian offspring
(Appendix Table C.32).

Scale and demographic comparisons by adoption status
Mean differences and significance for each demographic criterion (highest degree completed, years of education, age, and family SES), political attitude phenotype and
the ICAR-16 are reported below for adopted and biological offspring (Appendix Table C.33).

Intercorrelations among scales and demographic statistics
Tables of correlations among political attitude phenotypes, ICAR-16, age at follow-up
3, years of education, highest degree computed, and socioeconomic status (z-scores)
were computed for all individuals in aggregate (Appendix Table C.34), as well as
separately for mothers, fathers and adopted and biological offspring. Correlation matrices for both parents (Appendix Table C.35), and offspring (Appendix Table C.36)
are shown below.

Observed family correlations
As a supplement to Table 2 in the main text, we computed 95% confidence intervals
for each familial relationship and for each phenotype. These are shown in Appendix
Table C.37.

Full parameter estimates
The raw parameter estimates and associated 95% confidence interval for each phenotype are reported in Appendix Table C.38.
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Polygenic scores
We use polygenic scores for years of education (EduYears) derived from the third
GWAS of years of education (EA3; downloadable EA3 summary statistics). These
PGS are constructed with the LDpred software package, which uses the correlations
between SNPs estimated in an external reference panel (MCTFR white parents) to
transform the GWAS summary statistics’ univariate regression coefficients to, essentially, partial regression coefficients (Vilhjálmsson et al., 2015). Following the EA3
authors (Lee et al., 2018), we set the LDpred shrinkage parameter equal to unity
(prior: 1.0), which represents the highest possible value and the one leading to the
least shrinkage of the PGS weights. We do not use the optimization recommended by
the developers (using a grid of values to choose the one leading to the best prediction
accuracy in the validation sample) in order to avoid “double-dipping”. Data from the
target MCTFR sample were removed from the SSGAC GWAS before weights were
derived due to the MCTFR sample being part of EA3.
Appendix Table C.39 displays valid number of entries and predictive validity (R2
and associated p-values) for EduYears polygenic scores on each demographic criterion
(Family SES, family income, educational attainment) and all IQ scales and subscales
in the total aggregated sample of white participants (parents and offspring). These
predictions for adoptive, biological, Asian and white offspring are shown in separate
columns of Appendix Table C.40.
Midparent PGS effects on offspring outcomes
“Genetic nurture” and its methodological equivalent for adoptive families are tested
by regressing offspring outcome (IQ scores and subscores) onto both midparent PGS
and offspring PGS to evaluate whether midparent PGS significantly predicts offspring
outcome when controlling for offspring’s own PGS. This is assessed separately for
biological and adoptive families and report various indices of effect and associated
significance in these models, including incremental R2 and size of unstandardized
and standardized beta coefficients for offspring and midparent PGS. These are shown
separately for biological (Appendix Table C.41) and adoptive (Appendix Table C.42)
families.
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Table C.27: Comparison of participants and non-participants in the SIBS sample

Intake measure

Participants
N
M
SD

Non-Participants
N
M
SD

Cohen’s d

Offspring age at intake
Dad’s education
Mom’s education
Dad’s IQ (totall)
Mom’s IQ (total)
Family SESa
Offspring IQ (total)
Offspring EduYears PGS

753 15.03 1.97
282 16.53 2.39
404 15.74 2.34
56 118.57 14.76
592 111.91 13.78
743
0
1.01
751 108.23 13.2
659 0.356 1.04

481 14.76 1.83
126 16.24 2.61
178 15.92 2.25
36 115.78 14.62
326 110.52 13.96
472 0.01
0.98
477 105.7 14.59
330 0.228 1.13

.14∗
.12
–.08
.19
.10
–.01
.18∗∗
.12

Note: Comparison shows participants and non-participants in current wave relative to intake
assessments. * denotes p < .05, ** p < .01, and *** p < .001 of mean difference from t-test.
a
Family SES has been standardized with mean at 0.
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Table C.28: Descriptive statistics for SIBS participants

Adoptive families

N
SES
Highest degree
Years of education
EduYears PGS
Total IQ
Verbal IQ
Performance IQ
Information
Block design
Picture completion
Vocabulary (intake)
Vocabulary (FU3)
ICAR-16

Offspring
M
SD

691 0.18
685
4.6
557 15.84
557 0.44
690 106.6
691 101.94
691 110.9
690 10.63
375 12.09
690 11.07
691 10.38
413 10.79
365 8.87

0.92
1.44
2.56
1.13
14.15
13.5
16.51
2.42
3.17
2.62
2.49
2.18
3.92

N

Mothers
M
SD

524 0.18
0.92
685 4.72
1.34
564 16.07
2.3
550 0.25
0.94
524 113.36 13.66
522 111.91 13.76
520 112.58 14.94
524 11.51 2.25
348 12.16 2.68
520 11.43 2.16
520 12.11 2.29
NA
NA
NA
345 8.71
3.2

N

Fathers
M
SD

48
0.18
0.92
685 5.01
1.46
515 16.69 2.48
468 0.17
1.06
48 117.21 14.63
48 113.52 15.75
48 117.67 14.86
48 12.56 2.55
257 13.38 2.51
48 11.85
2.2
48 11.58 2.42
NA
NA
NA
254 8.87
3.69

Biological families

N
SES
Highest degree
Years of education
EduYears PGS
Total IQ
Verbal IQ
Performance IQ
Information
Block design
Picture completion
Vocabulary (intake)
Vocabulary (FU3)
ICAR-16

Offspring
M
SD

539 –0.24 1.06
530 4.72
1.24
432 16.07 2.15
431 0.15
0.99
538 108.07 13.3
538 103.75 13.61
538 111.86 14.79
538 11.06 2.46
315 12.38 2.98
538 11.04 2.34
538 10.62 2.38
340 10.88 2.13
306 9.93
3.67

N

Mothers
M
SD

400 –0.24 1.06
530 4.25
1.42
439 15.39 2.27
441 0.13
1.02
398 108.88 13.71
400 105.84 14.25
400 111.84 14.17
398 10.63 2.39
236 11.84 2.37
398 11.53 2.22
400 11.1
2.49
NA
NA
NA
233 8.47
3.32

N

Fathers
M
SD

44 –0.24 1.06
530 4.45
1.63
388 16.04 2.38
317 0.18
0.93
44 117.77 14.92
44 115.98 16.2
44 116.05 13.82
44 12.66
2.4
155 12.73 2.76
44 11.93 1.78
44 11.86 2.63
NA
NA
NA
150 9.08
3.54

Note: Descriptive statistics are shown separately for mothers, fathers and offspring in both
biological and adoptive families.
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Table C.29: Reliability comparisons of ICAR-16 items in Study 3 and Condon and Revelle (2014)

α
C&R W et al.
ICAR-16
LN items
MR items
R3D items
VR items

.81
.77
.68
.93
.76

.80
.66
.50
.73
.51

ωh
C&R W et al.
.66
.66
.58
.78
.64

.64
.62
.49
.72
.52

ωt
C&R W et al.
.83
.80
.71
.94
.77

.82
.67
.54
.77
.58

Items
C&R W et al.
16
9
11
24
16

16
4
4
4
4

Note: C&R = Condon & Revelle (2014), W et al. = Willoughby et al. (current study), ωh = omega
hierarchical, ωt = omega total. Values are based on composites of Pearson correlations between
items. Total N sampled in Condon and Revelle (2014) was 96,958 individuals while a total of 1,172
had valid ICAR-16 data in our sample.
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Table C.30: Standardized factor loadings of each ICAR-16 item for participants in Study 3

Latent Factor

Indicator

Letter & Number
Letter & Number
Letter & Number
Letter & Number
Matrix Reasoning
Matrix Reasoning
Matrix Reasoning
Matrix Reasoning
3D Rotation
3D Rotation
3D Rotation
3D Rotation
Verbal Reasoning
Verbal Reasoning
Verbal Reasoning
Verbal Reasoning

LN.33
LN.34
LN.58
LN.7
MR.45
MR.46
MR.47
MR.55
R3D.3
R3D.4
R3D.6
R3D.8
VR.16
VR.17
VR.19
VR.4

β
.61
.64
.53
.50
.43
.47
.48
.41
.66
.73
.55
.60
.20
.57
.55
.55

Note: Loadings represent that of each item on its own latent factor. All loadings are significant at
p < .001. R3D = Three-dimensional Rotation, LN = Letter And Number series,
VR = Verbal Reasoning, MR = Matrix Reasoning.
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Table C.31: Latent factor correlations for the ICAR-16 for participants in Study 3

Factor 1

Factor 2 Correlation

p-value

LN
LN
LN
MR
MR
R3D

MR
R3D
VR
R3D
VR
VR

< .001
< .001
< .001
< .001
< .001
< .001

.69
.55
.78
.66
.67
.54

Note: R3D = Three-dimensional Rotation, LN = Letter And Number series, VR = Verbal
Reasoning, MR = Matrix Reasoning.
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Table C.32: Comparison of means between white and Asian offspring for each demographic and scale
criterion

Demographics
Highest degree
Years of education
Age
Family SES
IQ measures
ICAR-16
Total IQ
Verbal IQ
Performance IQ
Vocabulary (Intake)
Vocabulary (FU3)
Picture completion
Information
Block design
EduYears PGS

t–statistic

White M

Asian M

–1.13
–0.58
–4.36
–7.68

4.61
15.91
31.47
–0.18

4.74
16.03
32.41
0.26

1.54
–0.47
0.31
–0.75
0.21
–1.78
–0.39
0.95
–0.86
–13.12

9.63
107.61
103.21
111.6
10.58
10.77
11.07
10.92
12.28
0.046

9.16
108
102.97
112.33
10.55
11.07
11.13
10.78
12.43
0.868

Cohen’s d [95% CI]
.09 [–.07,
.05 [–.11,
.36 [.20,
.46 [.34,
–.13
.03
–.02
.05
–.01
.14
.02
–.06
.05
.87

p–value

.25]
.21]
.52]
.58]

.26
.56
< .01
< .01

[–.29, .03]
[–.09, .15]
[–.14, .10]
[–.07, .17]
[–.13, .11]
[–.02, .29]
[–.10, .14]
[–.18, .06]
[–.07, .17]
[.73, 1.01]

.12
.64
.76
.45
.84
.08
.70
.34
.39
< .01
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Table C.33: Comparison of means between adopted and biological offspring for each demographic
and scale criterion

Demographics
Highest degree
Years of education
Age
Family SES
IQ measures
ICAR-16
Total IQ
Verbal IQ
Performance IQ
Vocabulary (Intake)
Vocabulary (FU3)
Picture completion
Information
Block design
EduYears PGS

t-statistic

Adopted M

Biological M

Cohen’s d [95% CI]

p-value

–1.21
–1.30
4.29
7.28

4.6
15.84
32.24
0.18

4.72
16.07
31.37
–0.24

.09 [–.06, .24]
.10 [–.05, .25]
–.33 [–.48 , –.17]
–.43 [–.54 , –.31]

.23
.20
< .01
< .01

–3.61
–1.86
–2.32
–1.07
–1.70
–0.56
0.19
–3.02
–1.68
4.21

8.87
106.6
101.94
110.9
10.38
10.79
11.07
10.63
12.09
0.437

9.93
108.07
103.75
111.86
10.62
10.88
11.04
11.06
12.38
0.154

.28 [.13, .43]
.11 [–.01, .22]
.13 [.02, .25]
.06 [–.05, .17]
.10 [–.02, .21]
.04 [–.10, .18]
–.01 [–.12 , .10]
.17 [.06, .29]
.10 [–.02, .21]
–.27 [–.39, –.14]

< .01
.06
.02
.29
.09
.58
.85
< .01
.09
< .01
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Table C.34: Correlation matrix for all variables across all participants

Full sample

1. Highest degree
2. Years of education
3. SES
4. EduYears PGS
5. ICAR-16
6. Verbal IQ
7. Performance IQ
8. Total IQ
9. Information
10. Vocabulary
11. Picture completion
12. Block design

1

2

3

4

5

6

7

8

9

10

11

.81∗∗∗
.46∗∗∗
.28∗∗∗
.27∗∗∗
.37∗∗∗
.12∗∗∗
.32∗∗∗
.36∗∗∗
.32∗∗∗
.07∗
.12∗∗∗

.41∗∗∗
.25∗∗∗
.30∗∗∗
.38∗∗∗
.18∗∗∗
.35∗∗∗
.37∗∗∗
.33∗∗∗
.11∗∗∗
.16∗∗∗

.21∗∗∗
.19∗∗∗
.25∗∗∗
.12∗∗∗
.23∗∗∗
.23∗∗∗
.23∗∗∗
.10∗∗∗
.10∗∗∗

.21∗∗∗
.27∗∗∗
.18∗∗∗
.27∗∗∗
.26∗∗∗
.24∗∗∗
.09∗∗∗
.18∗∗∗

.33∗∗∗
.39∗∗∗
.43∗∗∗
.36∗∗∗
.29∗∗∗
.20∗∗∗
.40∗∗∗

.42∗∗∗
.86∗∗∗
.88∗∗∗
.90∗∗∗
.34∗∗∗
.33∗∗∗

.81∗∗∗
.39∗∗∗
.38∗∗∗
.76∗∗∗
.82∗∗∗

.78∗∗∗
.77∗∗∗
.63∗∗∗
.66∗∗∗

.64∗∗∗
.31∗∗∗
.33∗∗∗

.31∗∗∗
.30∗∗∗

.28∗∗∗

Note: Matrix includes valid individual scores of IQ and IQ subscales, years of education, highest
degree obtained, EduYears polygenic score, and ICAR-16 score. Only measures shared across
parents and offspring are included; i.e., all lQ scores and subscales are those taken at intake, while
educational attainment, SES and ICAR-16 measures were evaluated at follow-up 3.
* denotes p < .05, ** p < .01, and *** p < .001.
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Table C.35: Correlation matrix for all variables across mothers and fathers

Mothers

1. Highest degree
2. Years of education
3. SES
4. EduYears PGS
5. ICAR-16
6. Verbal IQ
7. Performance IQ
8. Total IQ
9. Information
10. Vocabulary
11. Picture completion
12. Block design

1

2

3

4

5

6

7

8

9

10

11

.91∗∗∗
.55∗∗∗
.31∗∗∗
.23∗∗∗
.52∗∗∗
.10∗
.41∗∗∗
.48∗∗∗
.44∗∗∗
.11∗
.05

.54∗∗∗
.28∗∗∗
.28∗∗∗
.53∗∗∗
.17∗∗∗
.45∗∗∗
.50∗∗∗
.45∗∗∗
.13∗∗
.13∗∗

.27∗∗∗
.23∗∗∗
.38∗∗∗
.10∗∗
.30∗∗∗
.37∗∗∗
.35∗∗∗
.10∗∗
.08∗

.17∗∗∗
.32∗∗∗
.19∗∗∗
.30∗∗∗
.30∗∗∗
.28∗∗∗
.15∗∗∗
.15∗∗∗

.31∗∗∗
.44∗∗∗
.43∗∗∗
.33∗∗∗
.30∗∗∗
.27∗∗∗
.44∗∗∗

.41∗∗∗
.87∗∗∗
.90∗∗∗
.91∗∗∗
.36∗∗∗
.31∗∗∗

.80∗∗∗
.39∗∗∗
.39∗∗∗
.81∗∗∗
.80∗∗∗

.80∗∗∗
.81∗∗∗
.66∗∗∗
.63∗∗∗

.70∗∗∗
.34∗∗∗
.31∗∗∗

.34∗∗∗
.30∗∗∗

.34∗∗∗

Fathers

1. Highest degree
2. Years of education
3. SES
4. EduYears PGS
5. ICAR-16
6. Verbal IQ
7. Performance IQ
8. Total IQ
9. Information
10. Vocabulary
11. Picture completion
12. Block design

1

2

3

4

5

6

7

8

9

10

11

.83∗∗∗
.70∗∗∗
.29∗∗∗
.31∗∗∗
.30*
–.09
.17
.25
.39∗∗
–.02
–.15

.62∗∗∗
.24∗∗∗
.28∗∗∗
.25
–.18
.08
.20
.34∗
–.07
–.28

.22∗∗∗
.33∗∗∗
.60∗∗∗
.37∗∗∗
.61∗∗∗
.56∗∗∗
.63∗∗∗
.40∗∗∗
.19

.23∗∗∗
.18
.10
.15
.16
.18
.02
.14

.67∗∗∗
.49∗∗∗
.65∗∗∗
.58∗∗∗
.65∗∗∗
.50∗∗∗
.28

.37∗∗∗
.88∗∗∗
.93∗∗∗
.93∗∗∗
.38∗∗∗
.25∗

.76∗∗∗
.39∗∗∗
.43∗∗∗
.77∗∗∗
.83∗∗∗

.85∗∗∗
.87∗∗∗
.64∗∗∗
.60∗∗∗

.79∗∗∗
.40∗∗∗
.27∗

.42∗∗∗
.29∗∗

.33∗∗

Note: Matrix represents adopted and biological offspring’s valid individual scores of IQ and IQ
subscales, years of education, highest degree obtained, EduYears polygenic score, and ICAR-16
score. All lQ scores and subscales are those taken at intake, except for vocabulary which was taken
at both intake and follow-up 3, while educational attainment, SES and ICAR-16 measures were
evaluated at follow-up 3.
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Table C.36: Correlation matrix for all variables across offspring

Adopted offspring

1. Highest degree
2. Years of education
3. SES
4. EduYears PGS
5. ICAR-16
6. Verbal IQ
7. Performance IQ
8. Total IQ
9. Information
10. Vocabulary (IN)
11. Picture completion
12. Block design
13. Vocabulary (FU3)

1

2

3

4

5

6

7

8

9

10

11

12

.71∗∗∗
.23∗∗∗
.27∗∗∗
.31∗∗∗
.35∗∗∗
.18∗∗∗
.32∗∗∗
.34∗∗∗
.33∗∗∗
.05
.22∗∗∗
.42∗∗∗

.19∗∗∗
.30∗∗∗
.36∗∗∗
.37∗∗∗
.22∗∗∗
.35∗∗∗
.34∗∗∗
.34∗∗∗
.12∗
.23∗∗∗
.44∗∗∗

.03
.08
.06
.11∗∗
.10∗∗
.07
.01
.06
.10∗∗
.10

.23∗∗∗
.28∗∗∗
.21∗∗∗
.29∗∗∗
.24∗∗∗
.26∗∗∗
.11∗
.22∗∗∗
.24∗∗∗

.41∗∗∗
.35∗∗∗
.46∗∗∗
.39∗∗∗
.33∗∗∗
.15∗∗
.40∗∗∗
.43∗∗∗

.45∗∗∗
.85∗∗∗
.88∗∗∗
.87∗∗∗
.31∗∗∗
.41∗∗∗
.54∗∗∗

.85∗∗∗
.40∗∗∗
.39∗∗∗
.74∗∗∗
.84∗∗∗
.23∗∗∗

.75∗∗∗
.73∗∗∗
.62∗∗∗
.73∗∗∗
.47∗∗∗

.58∗∗∗
.29∗∗∗
.36∗∗∗
.48∗∗∗

.25∗∗∗
.37∗∗∗
.48∗∗∗

.27∗∗∗
.15∗∗

.22∗∗∗

Biological offspring

1. Highest degree
2. Years of education
3. SES
4. EduYears PGS
5. ICAR-16
6. Verbal IQ
7. Performance IQ
8. Total IQ
9. Information
10. Vocabulary (IN)
11. Picture completion
12. Block design
13. Vocabulary (FU3)

1

2

3

4

5

6

7

8

9

10

11

12

.75∗∗∗
.31∗∗∗
.22∗∗∗
.23∗∗∗
.24∗∗∗
.10
.22∗∗∗
.24∗∗∗
.18∗∗
.06
.08
.28∗∗∗

.21∗∗∗
.16∗∗
.30∗∗∗
.27∗∗∗
.17∗∗
.27∗∗∗
.27∗∗∗
.20∗∗∗
.13∗
.14∗
.29∗∗∗

.27∗∗∗
.17∗∗
.25∗∗∗
.15∗∗∗
.24∗∗∗
.20∗∗∗
.25∗∗∗
.09
.15∗∗∗
.23∗∗∗

.23∗∗∗
.32∗∗∗
.14∗∗
.28∗∗∗
.29∗∗∗
.27∗∗∗
.02
.17∗∗∗
.25∗∗∗

.36∗∗∗
.38∗∗∗
.45∗∗∗
.38∗∗∗
.28∗∗∗
.17∗∗
.38∗∗∗
.37∗∗∗

.39∗∗∗
.85∗∗∗
.89∗∗∗
.87∗∗∗
.30∗∗∗
.30∗∗∗
.60∗∗∗

.81∗∗∗
.36∗∗∗
.33∗∗∗
.70∗∗∗
.83∗∗∗
.25∗∗∗

.77∗∗∗
.74∗∗∗
.58∗∗∗
.66∗∗∗
.53∗∗∗

.61∗∗∗
.26∗∗∗
.29∗∗∗
.50∗∗∗

.29∗∗∗
.24∗∗∗
.58∗∗∗

.20∗∗∗
.19∗∗∗

.19∗∗∗

Note: Matrix represents adopted and biological offspring’s valid individual scores of IQ and IQ
subscales, years of education, highest degree obtained, EduYears polygenic score, and ICAR-16
score. All lQ scores and subscales are those taken at intake, except for vocabulary which was taken
at both intake and follow-up 3, while educational attainment, SES and ICAR-16 measures were
evaluated at follow-up 3.
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Table C.37: Observed correlations [95% CIs] for each phenotype measured in sample

Parent correlations
Mom/
Dad/
bio
bio
Performance IQ
Observed
.28
95% CI
[.18, .37]
Verbal IQ
Observed
.35
95% CI
[.26, .43]
Total IQ
Observed
.36
95% CI
[.28, .45]
Block design
Observed
.32
95% CI
[.23, .40]
Picture completion
Observed
.09
95% CI
[–.01, .19]
Vocabulary (intake)
Observed
.39
95% CI
[.31, .47]
Information
Observed
.23
95% CI
[.13, .32]
ICAR-16
Observed
.27
95% CI
[.12, .41]
Vocabulary (F3)
Observed
.33
95% CI
[.22, .43]

Mom/
adopt

Dad/
adopt

Dad/
Mom

Sibling correlations
Bio/
Adopt/
bio
bio

Adopt/
adopt

.41
.12
–.08
.08
[.12, .63] [.04, .21] [–.35, .21] [.01, .15]

.26
.27
.08
[.13, .38] [.10, .43] [–.04, .19]

.41
.07
.19
.40
[.13, .63] [–.01, .16] [–.10, .45] [.34, .45]

.43
.24
.07
[.31, .53] [.07, .40] [–.04, .19]

.46
.09
.16
.30
[.19, .67] [.00, .17] [–.13, .43] [.23, .36]

.34
.30
.09
[.21, .46] [.13, .45] [–.03, .21]

.41
.14
–.10
.03
.28
.32
.00
[.13, .63] [.06, .23] [–.37, .19] [–.04, .10] [.15, .40] [.15, .47] [–.12, .11]
.30
.04
.01
.13
.07
.19
.02
[.00, .55] [–.05, .12] [–.28, .29] [.06, .20] [–.06, .21] [.01, .35] [–.10, .14]
.44
.07
.26
.37
[.16, .65] [–.01, .16] [–.03, .50] [.31, .43]

.39
.24
.04
[.26, .50] [.07, .40] [–.08, .15]

.28
.04
.15
.34
[–.02, .53] [–.04, .13] [–.14, .42] [.27, .40]

.37
.15
.13
[.25, .48] [–.03, .32] [.01, .24]

.31
–.03
.10
.19
[.11, .48] [–.17, .10] [–.06, .25] [.08, .29]

.27
.05
.07
[.06, .46] [–.28, .38] [–.13, .27]

.45
.18
.32
.37
[.09, .70] [.07, .28] [–.07, .62] [.31, .43]

.24
.16
.25
[.05, .41] [–.14, .43] [.08, .41]

Note: Observed and model-predicted correlations are reported in Table 3.15 in the main text.
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Table C.38: Full parameter estimates for each measure of IQ [95% CIs]
a
q
[95% CI]
[95% CI]
0.53
1.15
[0.42, 0.60] [1.10, 1.20]

s2
[95% CI]
0.06
[0.00, 0.13]

m
[95% CI]
0.06
[0.00, 0.13]

p
[95% CI]
0.17
[0.00, 0.31]

w
[95% CI]
0.10
[0.04, 0.15]

x
[95% CI]
0.04
[0.01, 0.10]

µ
[95% CI]
0.30
[0.30, 0.31]

Verbal IQ

0.54
1.23
[0.46, 0.61] [1.16, 1.28]

0.07
[0.00, 0.15]

0.00
[–0.07, 0.07]

0.18
[0.03, 0.30]

0.09
[0.04, 0.14]

0.03
[0.00, 0.09]

0.40
[0.39, 0.40]

Performance IQ

0.50
1.03
[0.37, 0.63] [1.02, 1.04]

0.08
[0.01, 0.14]

0.11
[0.05, 0.17]

0.08
[–0.06, 0.23]

0.06
[0.01, 0.11]

0.02
[0.01, 0.07]

0.08
[0.07, 0.08]

Information

0.50
1.12
[0.40, 0.58] [1.08, 1.17]

0.12
[0.05, 0.18]

–0.01
[–0.07, 0.06]

0.13
[0.02, 0.24]

0.05
[0.01, 0.08]

0.02
[0.00, 0.05]

0.34
[0.33, 0.34]

Block Design

0.56
1.01
[0.43, 0.69] [1.01, 1.02]

0.03
[0.00, 0.10]

0.13
[0.09, 0.18]

0.09
[–0.05, 0.20]

0.08
[0.03, 0.11]

0.03
[0.01, 0.07]

0.03
[0.02, 0.03]

Picture Completion

0.28
1.01
[0.00, 0.46] [0.99, 1.03]

0.03
[0.00, 0.10]

0.02
0.13
[–0.03, 0.07] [–0.05, 0.23]

0.03
[–0.01, 0.05]

0.02
[0.00, 0.05]

0.13
[0.13, 0.13]

Vocabulary (IN)

0.55
1.23
[0.48, 0.62] [1.17, 1.29]

0.02
[0.00, 0.09]

0.01
[–0.05, 0.09]

0.20
[0.03, 0.31]

0.11
[0.05, 0.15]

0.04
[0.01, 0.09]

0.37
[0.37, 0.38]

Vocabulary (FU3)

0.33
1.08
[0.00, 0.46] [1.00, 1.16]

0.06
[0.00, 0.15]

0.09
[0.01, 0.19]

0.27
[0.00, 0.42]

0.12
[0.04, 0.22]

0.10
[0.03, 0.20]

0.37
[0.37, 0.38]

ICAR-16

0.62
1.09
[0.42, 0.74] [1.03, 1.15]

0.04
[0.00, 0.15]

–0.03
0.08
[–0.11, 0.06] [–0.01, 0.17]

0.02
[–0.04, 0.06]

0.01
[0.00, 0.03]

0.19
[0.08, 0.29]

Total IQ

Note: 95% confidence intervals are calculated over 200 bootstrap resamples. Dominance variance
(dsq) is constrained to zero and is not reported below. a = the effect of the genetic score on the
phenotype; q = the variance of the genetic score, i.e., the additive genetic variance; s2 = variance
of environmental factors shared by siblings reared together; m = direct effect of maternal
phenotype on offspring phenotype; p = direct effect of paternal phenotype on offspring phenotype;
w = covariance between additive genetic factors and family environment; x = variance of the
shared environment induced by parental phenotypes; µ = correlation between spouses.
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Table C.39: Predictive validity and N valid scores for EduYears PGS (Lee et al., 2018) on various
IQ and demographic variables in all white participants

N

R2

p-value

Total IQ

983

.114

4.28 ×10−23

Verbal IQ

985

.154

3.76 ×10−33

Performance IQ

984

.031

1.07 ×10−8

Information

987

.102

3.23 ×10−31

Block Design

984

.031

2.55 ×10−8

Picture Completion

985

.016

6.87 ×10−3

Vocabulary

985

.124

2.33 ×10−16

ICAR-16

751

.061

2.70 ×10−11

Highest degree

770

.081

4.57 ×10−15

Years of education

768

.061

1.19 ×10−10

WRAT

1401

.082

9.65 ×10−28

Family SES

1400

.060

4.44 ×10−11

Phenotype

Note: Predictions represent those in full combined sample of white parents and offspring. Reported
values of R2 were computed with generation (1 = parents, 2 = offspring) as indicator variable. To
account for non-independence of offspring from the same family, bootstrap resampling (100
iterations) over families was used for statistical inference.
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Table C.40: Predictive validity and N valid scores for EduYears PGS (Lee et al., 2018) on various
IQ and demographic variables by adoption status and ethnicity
Adoptive

Biological

Asian

N

R

2

p-value

N

R

2

p-value

N

R

2

White

p-value

N

R2

p-value

Family SES

553

.001

.480

422

.075

< .001

365

.006

.125

524

.039

< .001

Family income

464

.001

.451

302

.034

.001

310

.002

.436

390

.011

.035

Total IQ

556 .082

< .001

430 .080

< .001

365 .043

< .001

536 .100

< .001

Verbal IQ

556

.079

< .001

430 .101

< .001

365 .049

< .001

536 .126

< .001

Performance IQ

557

.046

< .001

430 .019

.004

.020

.007

536 .028

< .001

Information

557

.057

< .001

431 .084

< .001

365 .038

< .001

537 .111

< .001

Block Design

557

.050

< .001

430 .031

< .001

365 .022

.004

536 .037

< .001

Picture Completion

557

.011

.013

430

∼0

.715

365 .005

.169

536 .002

Vocabulary

556

.067

< .001

430

.075

< .001

365

.042

< .001

536

.091

< .001

Highest degree

329

.074

< .001

272

.049

< .001

217 .077

< .001

337 .071

< .001

Years of education

330

.092

< .001

273 .027

.007

218

.106

< .001

338 .049

< .001

Vocabulary

362

.059

< .001

296

.060

< .001

237 .013

.085

368

.099

< .001

ICAR-16

319

.053

< .001

265

.053

< .001

214 .040

.003

325

.060

< .001

Intake measures

365

.297

Follow-up 3 measures

Note: Analyses are conducted using full sample of offspring with valid scores. For PGS predictions
constrained to portion of sample with valid parent and offspring PGS for each phenotype, see
Appendix Tables C.41 and C.42. To account for non-independence of offspring from the same
family, bootstrap resampling (200 iterations) over families was used for statistical inference.

.097
.006
.116

269

Vocabulary

Pic. Completion 269

Information

166
173

ICAR-16

EduYears

.022

.059
.070

< .001

< .001

< .001

.209

< .001

.018

.130

< .001

< .001

p-value

.725

∼0

.001

.011

.005

.014

.002

.635

.116

.307

.017

.438

.399

.892

∼0
.002

.082

.220

p-value

.011

.005

∆R

2

beta (SE)

beta (SE)

Midparent
β (SE)

Offspring

β (SE)

Midparent

.024 0.32 (0.18) –0.13 (0.27) 0.15 (0.08) –0.04 (0.09)

.070 0.95 (0.25) –0.74 (0.47) 0.24 (0.06) –0.14 (0.09)

.079 0.59 (0.14) 0.28 (0.27) 0.27 (0.06) 0.10 (0.10)

.130 0.88 (0.18) 0.55 (0.23) 0.34 (0.07) 0.16 (0.07)

.008 –0.18 (0.15) –0.20 (0.26) –0.08 (0.06) –0.06 (0.08)

.100 0.78 (0.16) 0.22 (0.26) 0.31 (0.06) 0.06 (0.08)

.024 0.52 (0.22) 0.12 (0.34) 0.15 (0.06) 0.03 (0.07)

.007 1.36 (0.90) –0.21 (1.55) 0.09 (0.06 –0.01 (0.07)

.142 5.14 (0.87) 2.70 (1.55) 0.36 (0.06) 0.14 (0.08)

.083 3.95 (0.91) 1.69 (1.38) 0.28 (0.06) 0.09 (0.07)

R

2

0.18 (0.12)

0.33 (0.10)

0.21 (0.08)

0.24 (0.08)

–0.03 (0.08)

0.27 (0.09)

0.14 (0.06)

0.09 (0.07)

0.27 (0.09)

0.22 (0.09)

parent model β (SE)

Offspring in mid-

Note: Analyses are constrained to portion of sample with valid parent and offspring PGS for each phenotype. To account for
non-independence of offspring from the same family, bootstrap resampling (200 iterations) over families was used for statistical
inference.
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Vocabulary

Follow-up 3 measures
.073

.024

269

Block Design

269

.007

Performance IQ 269

.130

269

Verbal IQ

.079

R

269

N

Total IQ

Intake measures

Outcome

2

Offspring Offspring Midparent Midparent Total Offspring

Table C.41: Offspring and midparent predictions with polygenic scores and all analyzed phenotypes for white offspring in biological
families
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.042

149
152

ICAR-16

EduYears

.066

.093
.009

< .001

.065

.006

.010

.991

.037

.004

.001

.001

.002

.004

.003

.009

.410

.575

.626

.529

.296

.424

.287

∼0
.004

.530

p-value

.002

∆R

2

beta (SE) beta (SE)

β (SE)

β (SE)

.103 0.74 (0.28) 0.57 (0.22) 0.26 (0.10) 0.19 (0.07)

.097 1.44 (0.34) 0.30 (0.37) 0.31 (0.07) 0.06 (0.07)

.018 0.33 (0.18) 0.09 (0.17) 0.13 (0.07) 0.04 (0.06)

.043 0.54 (0.12) 0.09 (0.19) 0.21 (0.05) 0.03 (0.07)

.005 0.16 (0.15) 0.14 (0.22) 0.06 (0.05) 0.04 (0.07)

.033 0.52 (0.19) –0.21(0.20) 0.17 (0.06) –0.06 (0.06)

.025 0.55 (0.21) 0.20 (0.25) 0.15 (0.06) 0.05 (0.06)

.022 2.51 (1.09) 1.39 (1.31) 0.13 (0.06) 0.07 (0.06)

.043 3.24 (0.85) –0.01 (1.15) 0.21 (0.05) 0.00 (0.07)

.039 3.18 (0.83) 0.72 (1.15) 0.19 (0.05) 0.04 (0.06)

R

2

0.26 (0.10)

0.31 (0.07)

0.13 (0.07)

0.21 (0.05)

0.06 (0.05)

0.17 (0.06)

0.15 (0.06)

0.14 (0.06)

0.21 (0.06)

0.20 (0.05)

parent model β (SE)

Offspring in mid-

Note: Analyses are constrained to portion of sample with valid parent and offspring PGS for each phenotype. To account for
non-independence of offspring from the same family, bootstrap resampling (100 iterations) over families was used for statistical
inference.
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Vocabulary

Follow-up 3 measures
.017

< .001

.003

Pic. Completion 257
257

.029

257

Vocabulary

Information

.272

.023

257

Block Design

.021

< .001

.043
.018

< .001

p-value

257

Verbal IQ

.038

R

Performance IQ 257

257

N

Total IQ

Intake measures

Outcome

2

Offspring Offspring Midparent Midparent Total Offspring Midparent Offspring Midparent

Table C.42: Offspring and midparent predictions with polygenic scores and all analyzed phenotypes for Asian offspring in adoptive
families
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