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Abstract

The epidemiology of cognitive development is an approach essentially based on large
observational studies, which examines individual differences in cognitive abilities throughout
childhood and their determinants. Although different in terms of methodology and main interests
from developmental psychology, cognitive epidemiology offers complementary viewpoints on
cognitive development and addresses fundamental research questions of interest to
developmental psychologists. The present paper depicts the contributions of the epidemiological
approach to the field of cognitive development and highlights the methodological advances that
have made such contributions possible. We discuss the stability and developmental trajectories of
cognitive functions, their main predictors, the complex interplay between environmental and
genetic predictors, and the relationships between the different domains of cognition from birth to

adulthood.
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Introduction

What makes each of us a human being?

Jacques Mehler was a pioneer in developmental psychology, a discipline attempting to
address some of the most fundamental questions in cognitive science:
e \What is the initial state of cognition?
e What are the different stages from the initial to the final state (adulthood)?
e \What are the mechanisms leading from one stage to the next?
e How rich must the initial state be for typical cognitive development to proceed, given
typical environmental input?

Developmental psychology attempts to identify, describe and dissect basic cognitive
processes, which are assumed to be universal (unless pathological). As such, it belongs to the
tradition of cognitive psychology, addressing the developmental part of the fundamental
question: “What is it like to be a human being?” (as opposed to a chimpanzee or a bat). The focus
is on what is common to all members of the species, with a special interest in what differentiates
us from other species. Thus, the fundamental question of developmental psychology might be
phrased as: “What makes each of us a human being”?

This intellectual tradition developed a suite of methods appropriate for its purpose.
Developmental psychology typically relies on the experimental manipulation of factors that are
hypothesised to have an effect on certain aspects of development, and on the comparison of
relatively small groups of children using custom-made tasks. The main interest is on the effect of
experimental conditions and their interactions on group means. Inter-individual variance is

treated as noise.



What makes each of us a unique human being?

As important as the fundamental question of developmental psychology may be, it is not
the only question that can be asked about development. Another one is: “What makes each of us
a unigue human being” (different from all the others)? Indeed, a species is defined not only by a
set of traits that all members are presumed to share, but also by the variability of those traits. This
variability is not an artefact or an imperfection, it is the very material on which natural selection
operates. Every individual is a variation on the theme that characterises the species.

In the present paper, we highlight this alternative approach to cognitive development,
which focuses on the second fundamental question, that of variability. We call this approach the
epidemiology of cognitive development. Although it is not new, it is seldom presented as a
unified, coherent stream of research. We hope to show that it allows one to address questions on
development that Jacques Mehler would have found as interesting as those addressed by the

traditional developmental psychology approach.

The epidemiological approach to cognitive development

Epidemiology is the study of the distribution and determinants of health outcomes.
Originally focused on mortality and infectious diseases, it now has a much broader scope,
including chronic diseases, various health events, but also all sorts of traits. Cognitive
epidemiology is a relatively new branch of epidemiology which focuses on cognitive outcomes.

The epidemiology of cognitive development differs from developmental psychology in a
number of ways. Asking what makes each of us different from the others leads one to slightly
different methodological approaches, where naturally occurring, rather than experimentally-
induced variability, is the focus. This approach can therefore be seen as an extension of
differential psychology. Because the factors underlying variability are not experimentally

designed, the first step is to uncover them and establish their role on the observed variability. To



do so, cognitive epidemiology typically relies on observational studies and standardised testing of
large populations, often using cohorts constituted for broader purposes (i.e., health-related
outcomes).

Although the developmental approach and the epidemiological approach may seem to
have diverging interests, it is now becoming apparent that they offer complementary viewpoints
on cognitive development. Recent advances suggest that the epidemiological approach can also
address questions that are of theoretical interest to developmental psychologists. Beyond
identifying simple statistical associations between early factors and cognitive outcomes, the
epidemiological approach is able to investigate more complex questions, such as:

e To what extent are individual differences in a cognitive trait stable, and to what extent do
they vary throughout development?

e What are the factors that underlie individual developmental trajectories?

e To what extent do different factors interact during development (rather than having
additive effects)?

e To what extent is a given cognitive function necessary for the development of another
one?

e When two cognitive functions seem interrelated, what is the direction of causation?

e When a factor seems to have an influence on a cognitive trait, what are the mediating
mechanisms?

In the present paper, we illustrate how the epidemiology of cognitive development can
help address these fundamental questions, and we highlight the methodological advances that

have made such contributions possible.



Developmental trajectories and stability of individual differences

Developmental change can be studied either in absolute terms (raw scores) or relatively to
the same-age population (standardised scores). In absolute terms, all cognitive abilities improve
with age, until they reach peak performance, after which they slowly decline with age. The
specific pattern of growth, timing of maturity, and speed of decline depends on each specific
cognitive ability (Baxendale, 2011). For instance, on the one hand, abstract reasoning abilities
(fluid intelligence) grow rapidly until age 20, after which they slowly decline. On the other hand,
cultural knowledge (crystallised intelligence) only reaches a plateau around 20 and then

continues to grow very slowly, declining only at very old ages (Figure 1).
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Figure 1. The evolution of cognitive abilities with age. Cross-sectional data on fluid reasoning
(N=5,712) and crystallised knowledge (N=5,315) measured with the Woodcock-Johson tests of
cognitive abilities, 3rd edition, from Tucker-Drob (2019). Caveat: because the data shown do not
come from a longitudinal follow-up of the same individuals, the apparent age trends actually
exaggerate cognitive decline because of the Flynn effect (i.e., newer generations tend to have
higher cognitive abilities). With permission from Elliot Tucker-Drob.

While it is interesting to track the absolute developmental time-course of each cognitive
function, it is equally interesting to track individual trajectories and compare them to same-aged

individuals (population norms, symbolised by the red line of Figure 1). Indeed, one way to
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understand the developmental trajectory of a given function is to study the factors that make it
vary between individuals. This leads to investigating relative developmental trajectories; i.e., how
the position of a person compared to their age group varies over time. Some individuals will
reach developmental milestones early (individual dots above the red line in Figure 1), and may
remain permanently above the norm, while others will eventually be outperformed by their peers.
Some will develop more slowly (individual dots below the red line in Figure 1) and catch up
later; while others will never catch up with their peers. Nevertheless, most individuals have a
relatively flat trajectory, meaning that their standing relative to their peers is quite stable

(illustrated in Figure 2: more than 80% of the children sampled have a typical and stable

trajectory).
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Figure 2. Trajectories of language development. Illustration of how a group of 1,002 children
followed from 2 to 3 years old has been divided into four groups, from left to right: children with
typical (above the 10th centile), stable language skills (N = 843), children with resilient language
skills (N = 59), children with increasingly vulnerable language skills (N = 59) and children with
consistently low language skills (N = 41). Scores are age-standardised, so the developmental
trajectories shown are relative. Data from Peyre et al. (2014).



The best example of the stability of individual differences is provided by 1Q (intelligence
quotient) scores. 1Q scores are the standardised version of raw measures of general intelligence,
positioning individuals on age-related norms, with standardised scores having a population mean
conventionally set at 100 and a standard deviation set at 15 (see Box 1). Correlations of 1Q scores
between age 11 and age 70-79 ranged from 0.73 to 0.78 in cohorts of Scottish individuals (Deary,
2014) and correlations between ages 18 and 55-60 were as high as 0.90 in a cohort of Swedish
subjects (Ronnlund et al., 2015). Together, these findings illustrate the high stability of relative
general intelligence.

Interestingly, the correlation between childhood and adulthood 1Q decreases, not just as
the time interval between the two measures increases, but primarily as the childhood measure is
made earlier. For example, Bayley (1949) found that 1Q at 18 years old was correlated .81 with
IQ at 7, but only at 0.25 with developmental milestones at age 1. Similarly, Breeman et al. (2015)
found that 1Q at 26 years old correlated at .62 with 1Q at age 8, but at .57 with 1Q at age 6, .47 at
age 4 and .25 at 20 months, thus showing that early measures of general intelligence are much
more unstable (and probably also noisier) than later measures. In our own study of predictors of
children’s IQ at 5-6 years old, we found that developmental milestones observed at 4, 8 and 12
months of age had little predictive power. Only at 24 months old did those milestones show a
moderate correlation (0.42) with later 1Q. Interestingly, while the milestones measured in infancy
covered fine and gross motor skills and social and language skills, only language skills predicted
unique variance in later 1Q (Peyre et al., 2017). These studies thus support that projections based

on very young children’s performance are risky.



Box 1: The special status of 1Q in cognitive development

IQ is generally of little interest to developmental psychologists, who see it at best
as a global cognitive measure that ignores the specificity of each cognitive function, and
that fails to illuminate important theoretical issues about cognitive development. Yet, it is
often the most frequently (if not only) cognitive measure reported in epidemiological
studies. One obvious reason for this is the high reliability and stability of the measure.
But its global aspect is as much an asset as a disadvantage. If one uses only one cognitive
measure, 1Q is the most obvious choice, as it provides the best possible summary of all
cognitive functions (it is generally calculated as the first unrotated component of a
principal component analysis of diverse tests, making it a weighted average of all
cognitive scores; Spearman, 1904). As a summary measure of cognitive performance, it
is also sometimes regarded as an indicator of “brain health” and of cognitive decline.
Thus, it is no surprise that 1Q is the cognitive measure with the greatest amount of data
available, and this is reflected in the present paper.

When 1Q is properly measured (as a composite measure of several tests), each of
the tests remains available for analysis of more specific abilities; e.g., of verbal or spatial
ability, abstract reasoning or working memory. Furthermore, studies that can spare the time
and resources to include additional and more specific cognitive tests have the potential to
address more precise and sophisticated cognitive questions. Yet, even in those cases,
having a global cognitive measure will allow them to at best disentangle to what extent the
effects they report are specific to one cognitive function, and to what extent they are
general.

However, when a child experiences certain risk factors, such as a chromosomal
abnormality, or the consequences of very preterm birth and very low birth weight, predictive
correlations drastically increase, with 20-month old cognitive abilities already significantly
predicting adult 1Q (correlation of .74 for very preterm and very low birth rate individuals, versus
.25 for term-born children) (Breeman et al., 2015). This suggests that risk factors that affect brain
development tend to canalise cognitive development, making it much more predictable than in
the general population. Obviously, brain plasticity has a role to play, but it also has its limits
(Ramus, 2006).

Beyond general intelligence, language abilities also show substantial stability during

childhood: correlations range from .64 between 15 and 25 months old to .62 from 25 months to 5



years old, and .90 from 5 to 11 years old (Bornstein et al., 2016). Again, later performance seems
to be more stable than earlier performance. Curiously, language stability appears to be similar in
typically and atypically developing children (Bornstein et al., 2018).

In this background of general stability, there are children whose trajectories deviate from
the norm, upwards or downwards (resilient and increasingly vulnerable children in Figure 2), due
to the influence of specific factors. Studies that investigate this question may investigate the
predictors of growth by analysing the predictors of cognitive skills at one age and adjusting on
the same skills at an earlier age. Another possible strategy is to model and classify developmental
trajectories, either using simple thresholds such as in Figure 2 (Law et al., 2012; Peyre et al.,
2014), or by using latent class analysis or growth mixture models to uncover more complex
trajectories (see Herle et al., 2020, for the methods, and Ukoumunne et al., 2012, for an
application to language development), especially across more than 2 time points.

Many factors are known to influence cognitive skills at various ages. Some factors may
influence both absolute cognitive skills and their growth, while others may be associated with
either one or the other. Understanding which factors influence cognitive skills at what age, and
which factors promote growth or prevent decline, may be important to design prevention and
intervention programs that use the right levers at the right time. For instance, such knowledge
may aid to counter delays in linguistic skills that may induce lower academic attainments
(Johnson et al., 2010), lower social-emotional and behavioural adjustment (Schoon et al., 2010)
as well as periods of unemployment in adulthood (Law et al., 2009). The following section

provides an overview of the main predictors of cognitive development.
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What shapes early cognitive development

Cognition is a vast array of abilities and traits — such as language, motor skills, reasoning,
working memory or attention, but also social, emotional and behavioural skills. Providing a
detailed picture of the multitude of factors that influence these various areas is no easy task. We
do not intend to be exhaustive, but rather to report the main factors, for which solid evidence —
from meta-analyses when possible, and large cohort studies otherwise — has been provided. In
doing so, we chose not to restrict our scope to some specific domains of cognition to illustrate the
diverse influence that predictors have on different domains of cognitive development. The

influence of these main factors on 1Q is summarized in Table 1.

Sex

Sex differences in cognitive development have been the focus of a multitude of studies in
psychology. Although male and female children are largely similar, they show some differences
in the developmental trajectories of certain cognitive functions. For instance, while there is no
sex difference in general intelligence (Deary et al., 2007), robust small differences are found in
specific cognitive abilities. Meta-analytic evidence shows that girls have better verbal skills than
boys (Hyde & Linn, 1988), at least in early childhood (Peyre et al., 2019), while boys perform
better on mental rotation tasks (Maeda & Yoon, 2013; VVoyer et al., 1995). In terms of mental
health, boys tend to be more at risk of having neurodevelopmental disorders (May et al., 2019)
such as autism spectrum disorder (ASD) (male-to-female ratio equal to 3:1, Loomes et al., 2017)
and attention deficit-hyperactivity disorder (ADHD) (3:1, Willcutt, 2012). Boys are additionally
more susceptible to externalising disorders (Mayes et al., 2020), while girls are more susceptible

to certain internalising disorders such as depression (Salk et al., 2017).
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These observations leave open the mechanisms of sex effects: they may be intrinsic to
each sex (i.e., mediated by sex chromosomes or hormones), or may be due to differences in terms
of exposure to environmental factors. Satisfactorily disentangling these possibilities is difficult in
humans and has not been fully achieved in most cases. There is evidence for both intrinsic and
extrinsic effects, such that neither can readily be excluded for most cognitive outcomes (Halpern,

2004, 2013).

Prenatal exposures

Exposure to certain molecules or micro-organisms during pregnancy may have
detrimental effects on the child’s cognitive development. For instance, children of epileptic
mothers who have been exposed in utero to valproic acid, an antiepileptic drug, have on average
lower general cognitive abilities (Banach et al., 2010) and are at higher risks of developing ASD
(Christensen et al., 2013) and various neurodevelopmental disorders (Blotiére et al., 2020).
Prenatal alcohol exposure also has negative consequences for cognitive development: meta-
analytic studies suggest that moderate alcohol intake during pregnancy (3-6 drinks per week) is
negatively associated with child behaviour outcomes (d = -0.15; Flak et al., 2014), while binge
drinking (more than 4 drinks per occasion) and heavy drinking (more than 2 drinks per day) are
negatively associated with general cognitive development (d = -0.13 for binge drinking, Flak et
al., 2014; and d = -0.53 for heavy drinking, Testa, 2003). Various infections (e.g. toxoplasmosis,
cytomegalovirus, zika, etc.) of the pregnant mother additionally have adverse effects on the

foetus’ cognitive development (Brecht et al., 2015; Sever et al., 1988; Valdes et al., 2019).

Birth factors

Cognitive development is also associated with several birth characteristics, such as

gestational age, birth weight, and the newborn’s clinical status (quantified by the Apgar score).
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Preterm children and those with low birth weights experience a variety of cognitive deficiencies
including linguistic, sensory, and motor difficulties, compared to term-born children with normal
birth weights (Aarnoudse-Moens et al., 2009; Barre et al., 2011; Beauregard et al., 2018;
Courchia et al., 2019; de Kieviet et al., 2009; Nguyen et al., 2018; Twilhaar et al., 2018).
Cognitive losses range from 0.2 to 0.3 SD for preterm (<37 weeks) and early term children (37—
38 weeks; Beauregard et al., 2018) and up to 0.86 SD for very preterm children (<32 weeks)
and/or with very low birth weight (<1500 g) (Twilhaar et al., 2018). Lastly, a low Apgar score
(<7) is additionally associated with lower cognitive abilities (Ehrenstein, 2009; Razaz et al.,

2016) and teacher-rated hyperactivity and inattention (Guhn et al., 2020; Razaz et al., 2016).

Parental and social factors

A higher parental socio-economic status (SES, aggregating educational attainment and
income) is positively associated with a wide range of cognitive outcomes, such as general
cognitive ability (+0.7 1Q point per additional year of education, Eriksen et al., 2013), executive
functions (r = 0.22; Lawson et al., 2018), behavioural outcomes (Hedge’s g = 0.06 for
externalising problems, and 0.08 for internalising problems; Letourneau et al., 2013), and
language development (Hedge’s g = 0.35; Letourneau et al., 2013; r = 0.31, Scaff & Cristia, in
prep.). Many factors which arise from SES are also associated with cognitive development. For
instance, breastfeeding is associated with higher offspring’s general cognitive abilities (Horta et
al., 2015: 3.44 more 1Q points) and with lower risks of developing certain behavioural problems
such as ADHD symptoms (Tseng et al., 2019: Odds ratio for non-breastfeeding = 3.71).
Similarly, malnutrition is negatively associated with the child’s development (Alam et al., 2020: -
3.53 1Q points for early-onset persistent stunting). Adult language input is also an important
predictor of the child’s language development (r = 0.29; Wang et al., 2020) and both advanced

maternal and paternal age (older than 40) are associated with a greater risk of developing ASD
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(Reichenberg et al., 2006; Sandin et al., 2017). Lastly, schooling is an obvious contributor to
children’s cognitive abilities, with an increase of the equivalent of 3-4 1Q points on average per

year of education (Ritchie & Tucker-Drob, 2018).

Genes

The collective effect of genes on cognition has been investigated in heritability studies,
which determine the share of variance in phenotypes that corresponds to genetic variance.
Historically, such studies relied on the comparison between mono- and di-zygotic twins (Bartels
et al., 2002; Bishop et al., 1995; de Zeeuw et al., 2015; Polderman et al., 2015), but also exploited
other situations such as adoption at birth and more generally, trait correlations between relatives
of varying genetic and environmental similarity (Bouchard & McGue, 1981; Loehlin, 1989;
Plomin et al., 1997) (see Figure 3 for an illustration). Across all cognitive traits, heritability has
typically been found to lie between 20 and 80% (Plomin et al., 1994; Polderman et al., 2015),
making the genome the single most important factor in predicting cognitive development

(although each individual genetic variant only has a minute effect on cognition).
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Figure 3. Intrapair correlations of 1Q scores between individuals with various degrees of
genetic and environmental relatedness. Fully unrelated individuals have an intrapair correlation
of 0. MZ: monozygotic. DZ: dizygotic. Adapted from Loehlin (1989), based on data from
Bouchard & McGue (1981).

Twin studies are not confined to estimating the heritability of simple measures. They can
also estimate the genetic contribution to developmental trajectories and to the covariance between
cognitive functions. For instance, up to 90% of the stability of general cognitive ability may be
accounted for by genetic factors, while the shared environment is more responsible for
fluctuations (Petrill et al., 2004; Plomin et al., 1994; Rimfeld et al., 2018). Furthermore, when
two cognitive functions are correlated, it is possible to analyse to what extent this covariance is
due to the same genes affecting both functions. For instance, it has been shown that about half of
the correlation between reading and mathematics ability is due to shared genetic factors (Davis et
al., 2014).

Since the beginning of the 21st century, new molecular genetic methods have
complemented twin and family studies. Genome-wide Complex Trait Association (GCTA)

studies use whole-genome analysis to estimate the proportion of phenotypic variance that can be
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explained by genetic variance, which is measured across dozens or hundreds of thousands of
Single-Nucleotide Polymorphisms (SNPs) (Yang et al., 2011). For reasons that are well
understood, GCTA studies systematically show lower heritability estimates (20-30%) than twin
studies (Trzaskowski et al., 2013), but do confirm the substantial influence of genes on most
cognitive traits (Davies et al., 2011; Hill et al., 2018; Sniekers et al., 2017). Such genome-wide
association results are now being used to compute polygenic scores, which cumulate the
predictive power of thousands of SNPs that are most strongly associated with the phenotype of
interest. Current polygenic scores may account for up to 10% of the variance in cognitive
performance (Lee et al., 2018).

Beyond documenting the contribution of genes to cognitive development, another
important contribution of such genetic studies is to enrich our knowledge of the effects of
environmental factors, by allowing one to consider interactions between genetic and
environmental factors, and by providing a way to adjust for the confounding effects of genetic

factors on environmental ones, as will be explained in the next sections.
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Table 1

Main predictors of general cognitive ability.

Predictors Parameters References
Genetic factors
Genes from twin studies R2 =50% (on(;(ljg;man etal
SNP heritability (from GCTA studies) R2 = 20% (52”(;61";?“ etal.
Polygenic Risk Score R2 =10% Lee et al. (2018)
Genetic syndrome (here: Fragile X) B*~ -30 pts Garber et al. (2008)

Prenatal exposures

Maternal tobacco consumption during

B* = -2 pts in univariate
analysis

Batty et al. (2006)

pregnancy (>1 pack/d) but B = 0 pts in multivariate

analysis
Maternal alcohol consumption during _
pregnancy (heavy drinking) p=-8pts Testa (2003)
Drug exposure during pregnancy (e.g. _
high-dose valproate (>800 mg /d) p=-10pts Meador et al. (2009)
Birth factors
Preterm birth (25-37 GA) B=-10 pts Bhutta et al. (2002)
Small for gestational age B =-4 pts Sommerfelt (2000)
Apgar scores <7 at 1 and 5 min B=-1.2pts Odd et al. (2007)

Parental and social factors

Parental education

B =+0.7 pts/year of parental
education

Eriksen et al. (2013)

Birth rank (first vs. second born)

B* =+3 pts

Kristensen &
Bjerkedal (2007)

Breastfeeding (yes vs. no)

B* =+3.4 pts in univariate
analysis

and B =+2.62 when
controlling for maternal 1Q

(Horta et al., 2015)

Parent-child interaction

B =+0.8 pts / HOME score
points

Espy et al. (2001)
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 =-3.53 pts for early-onset
persistent stunting in
. univariate analyses
Malnutrition Alam et al. (2020)
and B = -2.10 pts when
controlling for other risks
factors

B =-0.5/-0.7 pts / daily hour
Screen exposure of exposure for the within-
subject association

Madigan et al.
(2019)

Note: Proportion of variance explained, or standardized parameters of multivariate
regression analysis (or univariate analysis*). Points refer to 1Q scores, which are age-
standardised with a population mean of 100 and a standard deviation of 15. Thus, having a
genetic syndrome decreases general cognitive ability of about 2 standard deviations on
average. The HOME (Home Observation Measurement of the Environment) Inventory
(Bradley & Caldwell, 1984) assesses the quality of the cognitive stimulation and emotional
support provided by parents to their child, rated on 55 items. This list is not exhaustive.

The importance of controlling for confounding variables

As one can imagine, many of the various predictors of cognitive development are
correlated with each other: a textbook case where correlation does not entail causation. It is
therefore often necessary to measure as many factors as possible, and adjust them on one another
to identify the specific contribution of each one. For instance, family income, quality of medical
care, breastfeeding and parent/child interactions are all positively correlated with each other and
with cognitive development. Failing to measure and control for any of these factors may lead to
overestimating the influence of other factors or misattributing a causal role to them. We develop
and illustrate the two main types of such confounding: confounding due to omitted environmental

variables, and due to genetic factors (i.e. gene-environment correlations).

Environmental confounders
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A confounder is a factor that is related to both the exposure and the outcome variables and
that is thought not to lie on the causal pathway between them. When certain confounding factors
are not properly taken into account, this leads to over-estimating or underestimating the true
association (see Table 1 for some illustrations). Some environmental factors were once thought to
have an influence on cognitive development, and their effects have vanished once proper
confounding factors were adjusted.

An example of a confounded relationship is that between breastfeeding and maternal
intelligence. Breastfeeding has been purported to have a positive influence on cognitive
development due to the particular composition of maternal milk. However, when controlling for
maternal 1Q (mothers with higher 1Q more frequently breastfeed their child), the positive
influence of breastfeeding on the child’s intelligence falls from 3.44 1Q points to 2.62 (Horta et
al., 2015). Similarly, after matching breastfed children with non-breastfed children on a range of
individual and parental characteristics, the difference in 1Q considerably shrinks and becomes
non-significant (Bernard et al., 2017; Der et al., 2006a). These results suggest that a large part of
the association between breastfeeding and the child’s cognitive development may stem from

higher parental intelligence and its associated effects, rather than nutritional benefits.

In a similar fashion, maternal smoking during pregnancy has long been believed to be
associated with decreased cognitive outcomes and with an increased risk of ADHD. However,
large scale studies that controlled for a wide range of factors thought to be correlated both with
maternal smoking and with children’s cognitive development, such as maternal education, found
no evidence for such an association (Batty et al., 2006; Gilman et al., 2008). Therefore, maternal
smoking in itself does not seem to be detrimental to the infant’s cognitive development (although

it is to the mother’s health).
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Gene-environment correlations

While it is commonplace in social science and epidemiological research to measure and
control for a maximum of confounding variables, this approach is often restricted to
environmental factors. For example, a study evaluating the effect of the type of school on
cognitive development and educational attainment will control for a child’s socioeconomic status,
which may differ between schools. However, if the genetic predispositions of children also vary
across schools, genes should similarly affect the interpretation of differences in outcomes. Yet,
these genetic contributions are often ignored.

Across epidemiological studies, genetic factors are often intertwined with environmental
factors. This has been known for a long time, with the paradoxical discovery of the heritability of
environmental factors, also known as “the nature of nurture” (Plomin & Bergeman, 1991). The
very exposure to life events (accidents and trauma) - an unambiguous environmental factor - is
more concordant between monozygotic than between dizygotic twins, suggesting that certain
environmental factors are to some extent genetically influenced. This can be explained by genetic
influences on cognitive traits such as risk-taking or impulse control, or less directly, by genetic
influences on intelligence and educational achievement, which in turn affect the likelihood of
knowing, understanding and following basic safety recommendations. Gene-environment
correlations can take different forms (Pingault et al., 2018; Rutter, 2007). They can be passive,
such as when parents with good language skills both genetically transmit their predispositions to
their children and provide a richer linguistic environment for these children to grow up in. They
can be evocative, such as when children with good language learning predispositions talk more
and better, and therefore elicit richer language input in return. And finally, they can be active,
such as when children with good language learning predispositions actively seek peers with good
verbal skills, books, and challenging linguistic environments that further improve their language

skills. In all cases, studies measuring the association between the linguistic environment and
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children’s language abilities may make incorrect (or inflated) causal inferences if they omit
genetic transmission.

Confounding genetic factors even affect the mother of all environmental factors: SES
(Trzaskowski et al., 2014). Any study claiming that parental SES influences children’s cognitive
development and/or educational attainment raises the following questions: To what extent is the
correlation between SES and cognitive outcomes due to the environment provided by parents,
and to what extent is it due to genes transmitted by parents? Historically, evidence for some
degree of genetic transmission of SES came from studies of siblings adopted by different
families, showing that adult social class was more highly correlated between siblings reared
apart, than between genetically unrelated children raised together (Teasdale & Owen, 1981).
Nowadays, molecular genetics offers a way to directly measure and control for genetic
influences, using previously mentioned GCTA and polygenic score analyses. Some polygenic
scores are significantly correlated with environmental factors known to have an effect on
cognitive development. These studies suggest that at least 50% of the covariance between
parental SES and child 1Q or educational achievement may be explained by shared genetic

factors (Krapohl & Plomin, 2016; Trzaskowski et al., 2014) (see Figure 4).
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Figure 4. lllustration of how the effect of parental SES on child 1Q may be partly
genetically mediated. Phenotypic correlation of 0.3 and proportion of 56% of covariance from
Krapohl & Plomin (2016) (1Q measured at age 12).

Similarly, genetic factors seem to confound associations between cognitive/educational
outcomes and environmental factors such as breastfeeding duration, smoking during pregnancy,
and even whether the TV is usually on and spanking or slapping (Krapohl et al., 2017).

It has long-been recognised that studies that do not use “genetically-informed designs”
(usually involving relatives with different degrees of genetic relatedness) overestimate or
sometimes spuriously attribute the effects of certain environmental factors on cognition (Lemery
& Goldsmith, 1999; Liu & Neiderhiser, 2017). Yet genetic confounding, often unrecognised,
continues to plague countless social science and cognitive studies on the environmental factors
related to cognitive development. It is to be hoped that this will progressively improve, thanks to
molecular genetics, which now offers new ways to control for genetic transmission that do not

require the inclusion of genetic relatives.
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From simple associations to complex relationships

More often than not, causal factors and cognitive outcomes may be related in more
complex ways than are currently portrayed. In addition, cognitive skills are correlated with each
other, due to the dynamic nature of cognitive development, also known as the idea that “skills
beget skills” (Cunha & Heckman, 2007; Van Der Maas et al., 2006). To better understand the
complex mechanisms by which a predictor influences an outcome, more sophisticated statistical
models can be used, as they provide answers to the following inquires: Is the effect mediated by a
third factor? Does the effect depend on particular circumstances? To what extent do two factors

exert reciprocal influences on each other?

Mediation effects

When considering multiple, potentially confounded factors that influence an outcome, it
may be important to consider the distinction between distal and proximal factors. Take for
instance the effect of parental education on children’s language development (r = 0.2-0.3;
Letourneau et al., 2013; Scaff & Cristia, in prep.). If you enter another related factor as a
covariate in the model, such as how often parents talk to their children, it will show an
association with both child language and parental education and will therefore diminish the
estimate of the effect of parental education on child language (which may even become non-
significant (see Bergelson et al., submitted; Newman et al., 2016)). But does this mean that
parental education has no genuine causal effect on child language? No it doesn’t. This example
instead illustrates that correlated predictors are not necessarily confounded: they may themselves
show a causal relationship. Parental education may correspond to a distal factor, in the sense that
it is an abstract factor very far upstream of the outcome, and its effect on the outcome would be
indirect, as it is mediated by proximal factors. In the present case, parental education has an effect
on child language that is partly confounded by genetic transmission (see previous section) and by
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environmental factors, mediated by more proximal factors such as parental speech, parental
practices, child health care, investment into child education, etc (see Figure 5). Environmental
factors can therefore form a complex network of causal influences, mutual relationships, and

correlations of unknown or complex origin, which can be modelled using Structural Equation

Models (SEMs).
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Figure 5. lllustration of the complexity of relationships between predictors of cognitive
development. Here, the relationships between multiple distal and proximal factors of cognitive
development has been modelled using Structural Equation Models (SEMs). All of these factors
are also simultaneous predictors in an analysis of cognitive scores (not shown), which takes into
account the entire network, and allows one to estimate separately the direct effects of each factor
and its indirect effects (mediated by other factors). Solid lines and arrows reflect postulated
directional relationships. Dashed lines and double-headed arrows reflect correlations, potentially
reflecting mutual influence, or unidentified factors. From Peyre et al. (2016).

The binary distinction between proximal and distal factors nonetheless remains artificial

and insufficient. There could be a cascade of progressively more proximal factors influencing
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each other between distal factors and the outcome. Beyond specific direct environmental factors,
another common category of proximal factors to consider consists of early measures of cognitive
skills. For instance, when one considers the relationship between familial factors (home literacy
environment) and reading acquisition, they may be partly mediated by early cognitive skills, such
as language or visuo-spatial ability. In a study of 262 Chinese children followed from age 3 to 11,
we found that the distal effect of parental SES on Grade 5 word reading skill (raw association:
beta= 0.22, R?=0.047) was entirely mediated by children’s phonological and morphological

awareness at 4 years old (Su et al., 2017) (Figure 6).
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Figure 6. Mediation of the effect of SES on reading skills through early phonological and
morphological awareness in 262 Chinese students. Adapted from Su et al. (2017).

Similarly, in another study, we found that the influence of parental education on French
children’s arithmetic problem-solving skills at 11 years old (raw association: 0.2) was entirely
mediated by their language and visuo-spatial skills at 5.5 years old. However, the effect of sex on
problem solving skills was not mediated by such early cognitive skills (direct effect: beta = 0.43)

(Guez et al., submitted). This suggests that sex differences in arithmetic do not emerge from early
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cognitive skills, but arise only once formal schooling begins, consistent with previous
observations (Robinson & Lubienski, 2011).

Statistical models allow to estimate the extent to which the distal factor is mediated by the
proximal factor. Initial statistical approaches that relied on a three-step regression process (Baron
& Kenny, 1986) are now being superseded by more complex SEMs, which can include multiple
mediators in the same model (Preacher & Hayes, 2008). SEM is an efficient approach to estimate
mediation relationships when the relationships between variables are linear, the variables are
normally distributed, and interactions are absent. When such assumptions are implausible, SEMs
can be used in an exploratory fashion to generate hypotheses that should then be tested with more
rigorous analytical strategies. Causal mediation analysis, a method based on counterfactual
reasoning, provides a more rigorous framework for estimating such relationships (VanderWeele,

2016).

Moderation/interaction effects

When exposed to similar environmental factors, distinct individuals may react differently.
This may be due to differences in terms of genes, sex, or developmental history conferring
different vulnerability or potential. This phenomenon is known as the moderation of the effect of
one factor by another, or as an interaction between two factors; i.e., when the effect of one factor
depends on the presence or the value of another (see Figure 7 for an illustration). For instance,
the negative influence of prenatal alcohol exposure on a child’s executive functions is greater
when the mother is older (Burden et al., 2005; Chiodo et al., 2010). One possible interpretation of
this effect is that among mothers who consumed alcohol during pregnancy, older women, who
have been drinking for longer, may have a greater tolerance for alcohol and suffer more from
liver dysfunction, which can increase alcohol levels in the foetus. Another suggestion is that the

ratio of body fat to water increases with maternal age, such that older mothers are more likely to
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have higher concentrations of alcohol in their blood when consuming alcohol over a longer
period of time.

Beyond environmental factors interacting with each other, the child’s sex seems to
moderate the effects of certain environmental factors on cognitive development. For instance,
low birth weight is a long-term risk factor for depression in adolescent girls (see Figure 7), but
not in boys, and only in conjunction with other childhood risk factors (Costello et al., 2007).
According to the authors, this result suggests that low birth weight is not simply another risk
factor for depression, but a marker for poor intrauterine conditions for growth and development.
The foetus would be forced to adapt to the deficient environment in order to maximize its
chances for survival during gestation, but would do so at a cost: Its response to future stressors
would be less adapted. The effects of low birth weight thus appear to be latent until the individual
faces adversity. As another example, the well-known male advantage in spatial skills has been
found to emerge only at middle/high SES, but not at low SES, constraining the potential
explanations for this sex difference (Levine et al., 2005). A possible interpretation for this finding
is that boys have more access to toys and games that promote spatial skills in higher- than in low-
SES households.

Genetic makeup also interacts with environmental factors. Understanding such
interactions may shed additional light on well-established environmental effects. For instance, it
has long been known that childhood maltreatment is associated with conduct disorder and with
later antisocial personality behaviour. This may be interpreted as a form of learning by imitation.
However, not all maltreated children become maltreating parents. In a landmark study, Caspi et
al. (2002) showed that a particular polymorphism of the gene coding for monoamine oxydase A
(MAO-A) interacted with childhood maltreatment. Carriers of the low protein expression variant
were more at risk of developing conduct disorder only if they were maltreated; while the effect of

maltreatment on the likelihood of developing conduct disorder was limited (if not absent) in
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carriers of the high expression variant. This result, strengthened by meta-analytic evidence (Byrd
& Manuck, 2014), suggests that the learning-by-imitation interpretation is at best incomplete. It
supports the idea that genetics may contribute to why some individuals are very vulnerable to
maltreatment, while others are more resilient. Thus, given variations in the response to

environmental factors, it is important to consider genetic factors as one possible source of

variability.
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Figure 7: Moderation of the effect of low birth weight on 3-month depression by sex. From
Costello et al. (2007).

Reciprocal relationships

When two variables that evolve in time are correlated, it is often hard to determine which
one causes the other, or, if they both influence each other, which one has the larger effect (a

phenomenon illustrated in Figures 8-9). For example, language abilities and behavioural
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problems are two cognitive outcomes that are correlated and for which the direction of the
relationship is not obvious. It is possible that early behavioural problems impair language
development, but also that early language difficulties prevent children from properly regulating
their behaviour. It is also possible that there is no causal link between the two outcomes, but that
both are caused by a third, potentially unobserved factor, which creates a correlation between
them. Cross-lagged panel models are a type of SEM that can help disentangle such reciprocal
relationships. In these models, the two variables are measured at different time points and are
simultaneously regressed on past values of themselves and on past values of each other. When
measures are available at more than two time points, more sophisticated models can be used and
can distinguish between-person from within-person variance by, for instance, including random
intercepts (Hamaker et al., 2015). These models are able to estimate to what extent a variable A
affects the within-person change in variable B, and vice-versa. Cross-lagged panel models
examining the relationships between language abilities and ADHD symptoms have thus shown
that better early language skills prevent the development of ADHD symptoms, but that early
ADHD symptoms do not impair language acquisition (Petersen et al., 2013; Peyre, Galera, et al.,

2016) (see Figure 8).

29



Age 3 Age 5.5

Language — 0.77(0.3) —> Language
latent variable \ -7 latent variable
O{D R
]

s,

Age 3 \ Age 5.5

ADHD symptoms 0.38 (0.3) ADHD symptoms

Figure 8. Bidirectional relationships between language skills and inattention/hyperactivity
symptoms. Numbers are standardised regression coefficients, with standard deviations in
parentheses. Interpretation: An increase of language ability at 3 by 1 standard deviation decreases
ADHD symptoms at 5.5 by 0.12 standard deviations. Adapted from Peyre, Galera, et al. (2016).

Similar methods can be applied when exposure to a risk factor varies with time and its
relationships with cognitive outcomes are unclear. For example, exposure to screens is correlated
with children’s cognitive abilities (Madigan et al., 2020; Walsh et al., 2018). However, we do not
know a priori if this correlation conceals a causal relationship from screen time to cognitive
abilities (e.g., if watching TV or playing a video game deters children from doing activities that
are more beneficial to cognitive development), a causal relationship from cognitive abilities to
screen time (e.g., if children with lower cognitive abilities are more attracted to screens), or if it is
simply due to external factors (e.g., children from lower socioeconomic backgrounds could both
have lower cognitive abilities and be more exposed to screens). Going beyond simple
associations by using a random intercept cross-lagged panel model showed that there is a small
negative link from screen time to general cognitive development, but not the reverse (Madigan et
al., 2019) (see Figure 9). However, this presumed causal effect is much smaller (-0.5t0 -0.7 1Q

points per daily hour of exposure) than the raw association.
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Figure 9. Bidirectional relationships between cognitive abilities and exposure to screens.
The model used disentangles within-individual variance from stable between-individual variance,
thus estimating the influence of within-individual changes in screen exposure on cognition.
Single-headed arrows reflect regression coefficients, double-headed arrows reflect correlations.
Numbers are standardised regression coefficients or correlation coefficients. Interpretation: An
increase of 1 standard deviation in daily screen exposure at age 2 is associated with a decrease of
0.08 standard deviations in general cognitive ability at age 3, after adjusting for the stable
covariance between screen exposure and cognitive ability (whose correlation is r = -0.18).
Dashed lines reflect non-significant coefficients and correlations. Adapted from Madigan et al.
(2019).
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Box 2: Inferring causality

How can we determine whether the relationship between a factor and a cognitive trait is causal? Our
conception of causality relies on counterfactual reasoning: “If a given individual had not been exposed to
factor A, what would his/her outcome have been?”. Current research has limited predictive power at the
individual level, since all experimental and observational study results represent group probabilities (e.g.
1Q difference between a group of children born preterm vs at term) rather than individual causal links
(e.g. an individual’s low IQ is caused by the fact that he/she is born preterm).

Randomized controlled trials (RCTSs) provide a way to make causal inferences between a factor and
a cognitive trait. However, most factors influencing cognitive development cannot (practically or
ethically) be experimentally manipulated (see Table 1). Among the few exceptions are studies that have
randomized maternity hospitals either to receive an intervention to promote breastfeeding or not (Kramer
etal., 2008; Yang et al., 2018).

If the main confounding variables are properly controlled for, results from multivariate regression
analyses may reflect a causal relationship between a factor and a cognitive trait. However, the validity of
this inference largely depends on how confounding variables have been selected. In a meta-analysis of
the studies examining the association between breastfeeding and 1Q, Der et al. (2006) showed that the
results of multivariate regression analyses were largely discordant because of differences in the number
and nature of confounding variables that were considered.

Advanced design and analysis of observational studies have been developed to better take into
account known and unknown factors that may influence cognitive development, such as:

(i) Family-based design, which is an approach that enables researchers to account for genetic
confounding and unknown familial factors. For example, several epidemiological studies reported an
association between maternal tobacco consumption during pregnancy and attention deficit and
hyperactivity disorder (ADHD). Yet, comparisons of siblings - only one of whom was prenatally exposed
to tobacco - recently demonstrated that the associations between maternal tobacco consumption during
pregnancy and ADHD were largely due to familial confounding (D’Onoftio et al., 2010; Knopik et al.,
2016).

(ii) SEMs with longitudinal data, which allow for the inclusion of confounding factors and are
particularly well suited for bi-directional relationships. For instance, the random-intercept cross-lagged
panel model (Hamaker, 2015) simultaneously estimates the within-person associations between two
variables measured at different time points, controlling for individuals’ stable deviations from the group
means. The model thus assesses the effect of a within-person change in a variable A on the change in
variable B, and vice-versa. Using this method, Madigan et al. (2019) reported a small negative effect of
screen exposure on cognitive development, but not the reverse.

(iii) Mendelian randomization, which is another technique which uses genetic variations (i.e. SNPs)
as instrumental variables to investigate the causal relationships between a predictor and an outcome of
interest (Davies et al., 2018). In this framework, genetic variants are assumed to be related to the
cognitive outcome only through the predictor. It is thus possible to assess the effect of the predictor on
the outcome free of confounds, through the estimation of the effect of genetic variations on the outcome.
With this approach, Bonilla et al. (2012) have reported that maternal vitamin B-12 intake may have a
small effect on offspring cognitive skills.
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Discussion

What makes each of us a unique human being? This is the broad question that the
epidemiological approach to cognitive development tackles, enabling us to understand to what
extent cognitive abilities are variable, and which factors explain this variability. Through the
statistical analysis of large samples gathering rich sets of cognitive, environmental, and
increasingly, genetic data, epidemiological studies inform cognitive science on fundamental
questions related to the variability of cognitive development across humans. Throughout this
review, we aimed to provide an overview of such contributions, including:

e Modelling how cognitive abilities change throughout life, and how these trajectories may
differ across individuals;

e Uncovering the main associations between genetic and environmental factors and
cognitive abilities;

e Controlling for a multitude of confounding factors, including genetic ones;

e Disentangling the complex relationships between cognitive, environmental, and genetic
factors, such as: the mediation of certain factors by others, the interactions between these
factors, and their dynamic and reciprocal relationships.

These contributions illustrate that cognitive development is a dynamic and complex process,
shaped by the influences and synergies of a large array of environmental, biological, and genetic

factors.

While these advances are substantial, epidemiological studies are subject to some
limitations. First of all, the vast majority of studies are based on individuals from a particular
subset of social, political, demographic and cultural contexts, namely WEIRD populations
(Western, Educated, and from Industrialized, Rich, and Democratic countries; Henrich et al.,

2010). On top of this, most findings are from English-speaking countries. Therefore, while these
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studies can illuminate our understanding of the mechanisms underlying cognitive development in
the particular populations that are sampled, it would be far-fetched to generalise the results to
other non-WEIRD populations. For example, while the effect of parental SES on language
development is well-established within WEIRD populations, such a relationship does not seem to

hold across a much broader set of populations (Bergelson et al., submitted).

Similarly, estimates of the proportion of variance explained by a given factor is specific to
each population, as it depends on the set of environmental factors encountered and their variance.
For instance, the relative (although not the absolute) importance of genetic factors in cognitive
development is expected to be much lower in countries where schooling is not universal and is of
heterogeneous quality and duration (large educational variance). The same should be true for
countries where a proportion of children are malnourished (large nutritional variance),
considering that these sources of environmental variance in WEIRD populations are nearly null

(see https://unstats.un.org/sdgs/indicators/database). We hope that future research will focus on

understudied populations, thus ensuring the generalisability of current results, or improving our

understanding of how these results vary according to circumstances.

A second limitation is the well-known caveat that correlation is not causation. Many
epidemiological studies rely on longitudinal, observational designs, with sometimes sophisticated
methods that bring researchers closer to establishing causality - but without certainty. Yet, there
are methods that allow a causal interpretation when their assumptions are met (some of which are
detailed in Box 2). In any case, observational, correlational studies remain an essential step in the
quest for causality, for example as a first step that can inspire and inform future

experimental/intervention studies.
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Another limitation of the epidemiological approach, from the perspective of
developmental psychology, lies in the nature of the investigated measures. Available cohort
databases often include general cognitive measures (standardised tests and scales) that may seem
imprecise to developmentalists used to experimental settings. In cohorts, measures are selected
for their good psychometric properties (reliability, validity) but also based on practical
considerations (e.g. limited number of items due to limited testing time). Indeed, epidemiological
studies, in particular longitudinal ones, bring together several research objectives and are not
aimed solely at examining cognitive development. The future involvement of developmentalists
in the design of cohorts is essential to collect the cognitive measures that will allow them to better

address questions that they find of greater theoretical interest.

Lastly, the replicability crisis affects cognitive epidemiology like other research areas in
psychology (loannidis et al., 2011) (loannidis et al. 2011). Analyses of secondary data such as
those we presented should be conducted with care, particularly to decrease the risk of false
positive results. Several recommendations have been made to increase the validity of studies
using pre-existing data in epidemiological studies (Weston et al., 2019). For instance,
preregistering the research questions and analyses before analysing the data can help prevent

exploratory analyses, postdiction, and p-hacking (Nosek et al., 2018).

In spite of these limitations, cognitive epidemiology provides fundamental insights on
cognitive development and its underlying mechanisms that extend beyond the individual
differences perspective. While traditional experimental studies investigate causality by
manipulating factors of interest, they often do so at the cost of ecological validity: the intensity,
frequency, and duration of exposure of these factors and the overall context of the experiments

may not reflect real-life situations, thereby hindering generalisation. Observational studies,
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capturing natural variations of the same factors (when this is possible), inevitably observe much
smaller effect sizes, and generally have greater difficulty inferring causation. Nonetheless, they
complement experimental studies with their ecological setting. Consequently, theoretical progress

in developmental psychology requires converging evidence from both approaches.

Finally, results from cognitive epidemiological studies can offer practical implications for
clinicians, and often form the basis for recommendations in public health and education. Think,
for example, of research on the detrimental effects of heavy maternal alcohol consumption during
pregnancy on infant cognition, or on the very small impact of screen exposure on children’s
cognitive abilities (despite all the talk about it). To conclude, we hope that this review will trigger
the interest of developmentalists, encourage the use of the abundant data available (see Table 2)
— particularly adapted to research conditions in the current COVID-19 pandemic, foster fruitful

collaborations, and generate exciting future research.
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Table 2

Large cohort studies in the general population containing data on cognitive development

Cohort name Country N Age Cognitive phenotypes
range
o
of Australian Children | Australia | 10,000 | 1-20 years P ; .
behavioral outcomes, academic
(LSAC) .
skills, temperament
Etiology, Risk Factors Bangladesh,
) Brazil,
and Interactions of .
. . India,
Enteric Infections and
- Nepal, IQ battery, psychomotor
Malnutrition and the
. Peru, 2,100 | 0-5years development, temperament,
Consequences for Child .
Pakistan, language
Health and South
Development (MAL- X
Africa,
ED) i
Tanzania
National Longitudinal socg)dtecrgﬁ);é(;n?;r%ngrk;i]::‘/:oral
Survey of Children and Canada | 26,000 | 0-23 years ’ P ’
psychomotor development,
Youth (NLSCY) S
academic skills, language
. N IQ, psychomotor development,
Québec Lon_gltudlnal 5 months- | socio-emotional and behavioral
Study of Child Canada 3,000 25 years outcomes, language, academic
Development (QLSCD) y ’ ngsg ’
Ethiopia, socio-emotional and behavioral
Young Lives Study India, Peru, | 12,000 | 1-15 years outcomes, language, fluid
Vietnam intelligence, academic skills
IQ, language, psychomotor
Eden Erance 2,000 0-11.5 deyelopmgnt, academic sk}IIs,
years socio-emotional and behavioral
outcomes
Language, psychomotor
ELFE France 18,000 | 0-9 years | development, socio-emotional and
behavioral outcomes
Several
. . cohorts L
National Educational Germany | 60,000 | including 1Q, academl_c skills, I_anguage,
Panel Study executive functions
newborns
to adults
IQ, motor development, socio-
. . 9 months- emotional and behavioral
Growing up in Ireland Ireland 20,000 :
10 years | outcomes, temperament, academic

skills
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Language, socio-emotional and
Norwegian Mother, behavioural outcomes,
Father and Child psychomotor development,
Cohort Study (MoBa) Norway |100,000 | 0-14 years temperament
s A e
Study of Parents and UK 14,000 | 0-13 years psy emotional and bghavio,ral
Children (ALSPAC)
outcomes
1Q, language, motor skills, visuo-
I | spatial skills, academic skills,
Millenium Cohort UK 19,000 9 months socio-emotional and behavioral
Study 17 years ) i .
outcomes, risk-taking, academic
skills, theory of mind
Twins Early 1Q, language, academic skills,
Development Study UK 15,000 |1-21 years| socio-emotional and behavioral
(TEDS) outcomes
academic skills, language,
Born in Bradford UK 13,500 | 0-7 years sensorimotor control
Several
Early Childhood _cohor_ts 1Q, Ianguage, apademu_: skills,
- including | motor skills, socio-emotional and
Longitudinal Study USA 14,000 . .
newborns | behavioral outcomes, executive
(ECLYS) :
to 13 functions
years
Language, socio-emotional and
behavioural outcomes, executive
Adolescent Brain functions, 1Q, task-based fMRI
Cognitive Development (e.g. Monetary Incentive Delay
Study (ABCD) USA 12,000 | 9-12 years Task)

Note: This list is not exhaustive.

References

Aarnoudse-Moens, C. S. H., Weisglas-Kuperus, N., van Goudoever, J. B., & Oosterlaan, J. (2009).
Meta-Analysis of Neurobehavioral Outcomes in Very Preterm and/or Very Low Birth
Weight Children. PEDIATRICS, 124(2), 717-728. https://doi.org/10.1542/peds.2008-2816

Alam, M. A, Richard, S. A., Fahim, S. M., Mahfuz, M., Nahar, B., Das, S., Shrestha, B., Koshy,
B., Mduma, E., Seidman, J. C., Murray-Kolb, L. E., Caulfield, L. E., & Ahmed, T. (2020).
Impact of early-onset persistent stunting on cognitive development at 5 years of age:
Results from a multi-country cohort study. PLOS ONE, 15(1), e0227839.

https://doi.org/10.1371/journal.pone.0227839

38



Banach, R., Boskovic, R., Einarson, T., & Koren, G. (2010). Long-Term Developmental Outcome
of Children of Women with Epilepsy, Unexposed or Exposed Prenatally to Antiepileptic
Drugs: A Meta-Analysis of Cohort Studies. Drug Safety, 33(1), 73-79.
https://doi.org/10.2165/11317640-000000000-00000

Baron, R. M., & Kenny, D. A. (1986). The moderator—-mediator variable distinction in social
psychological research : Conceptual, strategic, and statistical considerations. Journal of
Personality and Social Psychology, 51(6), 1173-1182. https://doi.org/10.1037/0022-
3514.51.6.1173

Barre, N., Morgan, A., Doyle, L. W., & Anderson, P. J. (2011). Language Abilities in Children
Who Were Very Preterm and/or Very Low Birth Weight : A Meta-Analysis. The Journal
of Pediatrics, 158(5), 766-774.el. https://doi.org/10.1016/j.jpeds.2010.10.032

Bartels, M., Rietveld, M. J. H., Van Baal, G. C. M., & Boomsma, D. I. (2002). Genetic and
Environmental Influences on the Development of Intelligence. Behavior Genetics, 32(4),
237-249. https://doi.org/10.1023/A:1019772628912

Batty, G. D., Der, G., & Deary, 1. J. (2006). Effect of Maternal Smoking During Pregnancy on
Offspring’s Cognitive Ability : Empirical Evidence for Complete Confounding in the US
National Longitudinal Survey of Youth. PEDIATRICS, 118(3), 943-950.
https://doi.org/10.1542/peds.2006-0168

Baxendale, S. (2011). 1Q and Ability Across the Adult Life Span. Applied Neuropsychology, 18(3),
164-167. https://doi.org/10.1080/09084282.2011.595442

Bayley, N. (1949). Consistency and Variability in the Growth of Intelligence from Birth to
Eighteen Years. The Pedagogical Seminary and Journal of Genetic Psychology, 75(2),

165-196. https://doi.org/10.1080/08856559.1949.10533516

39



Beauregard, J. L., Drews-Botsch, C., Sales, J. M., Flanders, W. D., & Kramer, M. R. (2018).
Preterm Birth, Poverty, and Cognitive Development. Pediatrics, 141(1), €20170509.
https://doi.org/10.1542/peds.2017-0509

Bergelson, E., Soderstrom, M., Schwarz, 1.-C., Rowland, C., Ramirez-Esparza, N., Rague
Hamrick, L., Marklund, E., Kalashnikova, M., Guez, A., Casillas, M., Benetti, L., van
Alphen, P., & Cristia, A. (submitted). Everyday language input and production in 1000
children from 6 continents.

Bernard, J. Y., Armand, M., Peyre, H., Garcia, C., Forhan, A., De Agostini, M., Charles, M.-A.,
Heude, B., & EDEN Mother-Child Cohort Study Group (Etude des Déterminants pré- et
postnatals précoces du développement et de la santé de I’Enfant). (2017). Breastfeeding,
Polyunsaturated Fatty Acid Levels in Colostrum and Child Intelligence Quotient at Age 5-
6 Years. The Journal of Pediatrics, 183, 43-50.€3.
https://doi.org/10.1016/j.jpeds.2016.12.039

Bhutta, A. T., Cleves, M. A., Casey, P. H., Cradock, M. M., & Anand, K. J. S. (2002). Cognitive
and Behavioral Outcomes of School-Aged Children Who Were Born Preterm : A Meta-
analysis. JAMA, 288(6), 728. https://doi.org/10.1001/jama.288.6.728

Bishop, D. V. M., North, T., & Donlan, C. (1995). GENETIC BASIS OF SPECIFIC LANGUAGE
IMPAIRMENT : EVIDENCE FROM A TWIN STUDY. Developmental Medicine & Child
Neurology, 37(1), 56-71. https://doi.org/10.1111/j.1469-8749.1995.th11932.X

Blotiére, P.-O., Miranda, S., Weill, A., Mikaeloff, Y., Peyre, H., Ramus, F., Mahmoud, Z., Coste,
J., & Dray-Spira, R. (2020). Risk of early neurodevelopmental outcomes associated with
prenatal exposure to the antiepileptic drugs most commonly used during pregnancy: A
French nationwide population-based cohort study. BMJ Open, 10(6), e034829.

https://doi.org/10.1136/bmjopen-2019-034829

40



Bonilla, C., Lawlor, D. A., Taylor, A. E., Gunnell, D. J., Ben—Shlomo, Y., Ness, A. R., Timpson,
N. J., Pourcain, B. S., Ring, S. M., Emmett, P. M., Smith, A. D., Refsum, H., Pennell, C.
E., Brion, M.-J., Smith, G. D., & Lewis, S. J. (2012). Vitamin B-12 Status during Pregnancy
and Child’s IQ at Age 8: A Mendelian Randomization Study in the Avon Longitudinal
Study of Parents and Children. PLoS ONE, 7(12), e51084.
https://doi.org/10.1371/journal.pone.0051084

Bornstein, M. H., Hahn, C.-S., & Putnick, D. L. (2016). Long-Term Stability of Core Language
Skill in Children with Contrasting Language Skills. Developmental psychology, 52(5),
704-716. https://doi.org/10.1037/dev0000111

Bornstein, M. H., Hahn, C.-S., Putnick, D. L., & Pearson, R. M. (2018). Stability of core language
skill from infancy to adolescence in typical and atypical development. Science Advances,
4(11), eaat7422. https://doi.org/10.1126/sciadv.aat7422

Bouchard, T., & McGue, M. (1981). Familial studies of intelligence: A review. Science,
212(4498), 1055-1059. https://doi.org/10.1126/science.7195071

Bradley, R. H., & Caldwell, B. M. (1984). The HOME Inventory and family demographics.
Developmental Psychology, 20(2), 315-320. https://doi.org/10.1037/0012-1649.20.2.315

Brecht, K. F., Goelz, R., Bevot, A., Krageloh-Mann, 1., Wilke, M., & Lidzba, K. (2015). Postnatal
Human Cytomegalovirus Infection in Preterm Infants Has Long-Term Neuropsychological
Sequelae. The Journal of Pediatrics, 166(4), 834-839.el.
https://doi.org/10.1016/j.jpeds.2014.11.002

Breeman, L. D., Jaekel, J., Baumann, N., Bartmann, P., & Wolke, D. (2015). Preterm Cognitive
Function Into Adulthood. PEDIATRICS, 136(3), 415-423.
https://doi.org/10.1542/peds.2015-0608

Burden, M. J., Jacobson, S. W., Sokol, R. J., & Jacobson, J. L. (2005). Effects of Prenatal Alcohol

Exposure on Attention and Working Memory at 7.5 Years of Age: Alcoholism: Clinical &

41



Experimental Research, 29(3), 443-452.
https://doi.org/10.1097/01.ALC.0000156125.50577.EC

Byrd, A. L., & Manuck, S. B. (2014). MAOA, Childhood Maltreatment, and Antisocial Behavior :
Meta-analysis of a Gene-Environment Interaction. Biological Psychiatry, 75(1), 9-17.
https://doi.org/10.1016/j.biopsych.2013.05.004

Caspi, A., McClay, J., Moffitt, T. E., Mill, J., Martin, J., Craig, I. W., Taylor, A., & Poulton, R.
(2002). Role of genotype in the cycle of violence in maltreated children. Science (New York,
N.Y.), 297(5582), 851-854. https://doi.org/10.1126/science.1072290

Chiodo, L. M., Da Costa, D. E., Hannigan, J. H., Covington, C. Y., Sokol, R. J., Janisse, J.,
Greenwald, M., Ager, J., & Delaney-Black, V. (2010). The Impact of Maternal Age on the
Effects of Prenatal Alcohol Exposure on Attention: ALCOHOL AND ATTENTION
MODERATED BY MATERNAL AGE. Alcoholism: Clinical and Experimental Research,
34(10), 1813-1821. https://doi.org/10.1111/1.1530-0277.2010.01269.x

Christensen, J., Grgnborg, T. K., Sgrensen, M. J., Schendel, D., Parner, E. T., Pedersen, L. H., &
Vestergaard, M. (2013). Prenatal Valproate Exposure and Risk of Autism Spectrum
Disorders and Childhood Autism. JAMA, 309(16), 1696.
https://doi.org/10.1001/jama.2013.2270

Costello, E. J., Worthman, C., Erkanli, A., & Angold, A. (2007). Prediction From Low Birth
Weight to Female Adolescent Depression : A Test of Competing Hypotheses. Archives of
General Psychiatry, 64(3), 338. https://doi.org/10.1001/archpsyc.64.3.338

Courchia, B., Berkovits, M. D., & Bauer, C. R. (2019). Cognitive impairment among extremely
low birthweight preterm infants from 1980 to present day. Journal of Perinatology, 39(8),
1098-1104. https://doi.org/10.1038/s41372-019-0414-x

Cunha, F., & Heckman, J. (2007). The Technology of Skill Formation. American Economic

Review, 97(2), 31-47. https://doi.org/10.1257/aer.97.2.31

42



Davies, G., Tenesa, A., Payton, A., Yang, J., Harris, S. E., Liewald, D., Ke, X., Le Hellard, S.,
Christoforou, A., Luciano, M., McGhee, K., Lopez, L., Gow, A. J., Corley, J., Redmond,
P., Fox, H. C., Haggarty, P., Whalley, L. J., McNeill, G, ... Deary, I. J. (2011). Genome-
wide association studies establish that human intelligence is highly heritable and polygenic.
Molecular Psychiatry, 16(10), 996-1005. https://doi.org/10.1038/mp.2011.85

Davies, N. M., Holmes, M. V., & Davey Smith, G. (2018). Reading Mendelian randomisation
studies: A  guide, glossary, and checklist for clinicians. BMJ, k601.
https://doi.org/10.1136/bmj.k601

Davis, O. S. P., Band, G., Pirinen, M., Haworth, C. M. A., Meaburn, E. L., Kovas, Y., Harlaar, N.,
Docherty, S. J., Hanscombe, K. B., Trzaskowski, M., Curtis, C. J. C., Strange, A., Freeman,
C., Bellenguez, C., Su, Z., Pearson, R., Vukcevic, D., Langford, C., Deloukas, P., ...
Spencer, C. C. A. (2014). The correlation between reading and mathematics ability at age
twelve has a substantial genetic component. Nature Communications, 5(1).
https://doi.org/10.1038/ncomms5204

de Kieviet, J. F., Piek, J. P., Aarnoudse-Moens, C. S., & Oosterlaan, J. (2009). Motor Development
in Very Preterm and Very Low-Birth-Weight Children From Birth to Adolescence: A
Meta-analysis. JAMA, 302(20), 2235. https://doi.org/10.1001/jama.2009.1708

de Zeeuw, E. L., de Geus, E. J. C., & Boomsma, D. I. (2015). Meta-analysis of twin studies
highlights the importance of genetic variation in primary school educational achievement.
Trends in Neuroscience and Education, 4(3), 69-76.
https://doi.org/10.1016/j.tine.2015.06.001

Deary, 1. J. (2014). The Stability of Intelligence From Childhood to Old Age. Current Directions
in Psychological Science, 23(4), 239-245. https://doi.org/10.1177/0963721414536905

Deary, 1. J., Strand, S., Smith, P., & Fernandes, C. (2007). Intelligence and educational

achievement. Intelligence, 35(1), 13-21. https://doi.org/10.1016/].intell.2006.02.001

43



Der, G., Batty, G. D., & Deary, I. J. (2006a). Effect of breast feeding on intelligence in children :
Prospective study, sibling pairs analysis, and meta-analysis. BMJ (Clinical Research Ed.),
333(7575), 945. https://doi.org/10.1136/bmj.38978.699583.55

Der, G., Batty, G. D., & Deary, 1. J. (2006b). Effect of breast feeding on intelligence in children :
Prospective study, sibling pairs analysis, and meta-analysis. BMJ, 333(7575), 945.
https://doi.org/10.1136/bm;j.38978.699583.55

D’Onofrio, B. M., Singh, A. L., lliadou, A., Lambe, M., Hultman, C. M., Grann, M., Neiderhiser,
J. M., & Lichtenstein, P. (2010). Familial Confounding of the Association Between
Maternal Smoking During Pregnancy and Offspring Criminality : A Population-Based
Study in Sweden.  Archives of General Psychiatry, 67(5), 529.
https://doi.org/10.1001/archgenpsychiatry.2010.33

Ehrenstein, V. (2009). Association of Apgar scores with death and neurologic disability. Clinical
Epidemiology, 45. https://doi.org/10.2147/CLEP.S4782

Eriksen, H.-L. F., Kesmodel, U. S., Underbjerg, M., Kilburn, T. R., Bertrand, J., & Mortensen, E.
L. (2013). Predictors of Intelligence at the Age of 5: Family, Pregnancy and Birth
Characteristics, Postnatal Influences, and Postnatal Growth. PLoS ONE, 8(11), e79200.
https://doi.org/10.1371/journal.pone.0079200

Espy, K. A., Molfese, V. J., & DilLalla, L. F. (2001). Effects of Environmental Measures on
Intelligence in Young Children : Growth Curve Modeling of Longitudinal Data. Merrill-
Palmer Quarterly, 47(1), 42-73. https://doi.org/10.1353/mpq.2001.0001

Flak, A. L., Su, S., Bertrand, J., Denny, C. H., Kesmodel, U. S., & Cogswell, M. E. (2014). The
Association of Mild, Moderate, and Binge Prenatal Alcohol Exposure and Child
Neuropsychological Outcomes : A Meta-Analysis. Alcoholism: Clinical and Experimental

Research, 38(1), 214-226. https://doi.org/10.1111/acer.12214

44



Garber, K. B., Visootsak, J., & Warren, S. T. (2008). Fragile X syndrome. European Journal of
Human Genetics, 16(6), 666-672. https://doi.org/10.1038/ejhg.2008.61

Gilman, S. E., Gardener, H., & Buka, S. L. (2008). Maternal Smoking during Pregnancy and
Children’s Cognitive and Physical Development : A Causal Risk Factor? American Journal
of Epidemiology, 168(5), 522-531. https://doi.org/10.1093/aje/kwn175

Guez, A., Peyre, H., & Ramus, F. (submitted). Early cognitive, emotional and environmental
predictors of arithmetic abilities in 11.5-year-old children.

Guhn, M., Emerson, S. D., Mahdaviani, D., & Gadermann, A. M. (2020). Associations of Birth
Factors and Socio-Economic Status with Indicators of Early Emotional Development and
Mental Health in Childhood: A Population-Based Linkage Study. Child Psychiatry &
Human Development, 51(1), 80-93. https://doi.org/10.1007/s10578-019-00912-6

Halpern, D. F. (2004). A Cognitive-Process Taxonomy for Sex Differences in Cognitive Abilities.
Current Directions in Psychological Science, 13(4), 135-139.
https://doi.org/10.1111/j.0963-7214.2004.00292.x

Halpern, D. F. (2013). Sex differences in cognitive abilities (4th ed). Psychology Press.

Hamaker, E. L., Kuiper, R. M., & Grasman, R. P. P. P. (2015). A critique of the cross-lagged panel
model. Psychological Methods, 20(1), 102-116. https://doi.org/10.1037/20038889
Henrich, J., Heine, S. J., & Norenzayan, A. (2010). The weirdest people in the world? Behavioral
and Brain Sciences, 33(2-3), 61-83. https://doi.org/10.1017/S0140525X0999152X
Herle, M., Micali, N., Abdulkadir, M., Loos, R., Bryant-Waugh, R., Hiibel, C., Bulik, C. M., & De
Stavola, B. L. (2020). Identifying typical trajectories in longitudinal data: Modelling
strategies and interpretations. European Journal of Epidemiology, 35(3), 205-222.

https://doi.org/10.1007/s10654-020-00615-6

Hill, W. D., Arslan, R. C., Xia, C., Luciano, M., Amador, C., Navarro, P., Hayward, C., Nagy, R.,

Porteous, D. J., Mcintosh, A. M., Deary, I. J., Haley, C. S., & Penke, L. (2018). Genomic

45



analysis of family data reveals additional genetic effects on intelligence and personality.
Molecular Psychiatry, 23(12), 2347-2362. https://doi.org/10.1038/s41380-017-0005-1

Horta, B. L., Loret de Mola, C., & Victora, C. G. (2015). Breastfeeding and intelligence: A
systematic  review and meta-analysis. Acta Paediatrica, 104, 14-19.
https://doi.org/10.1111/apa.13139

Hyde, J. S., & Linn, M. C. (1988). Gender differences in verbal ability: A meta-analysis.
Psychological Bulletin, 104(1), 53-69. https://doi.org/10.1037/0033-2909.104.1.53

loannidis, J. P. A., Tarone, R., & McLaughlin, J. K. (2011). The False-positive to False-negative
Ratio in Epidemiologic Studies: Epidemiology, 22(4), 450-456.
https://doi.org/10.1097/EDE.0b013e31821b506e

Johnson, C. J., Beitchman, J. H., & Brownlie, E. B. (2010). Twenty-Year Follow-Up of Children
With and Without Speech-Language Impairments : Family, Educational, Occupational, and
Quality of Life Outcomes. American Journal of Speech-Language Pathology, 19(1), 51-65.
https://doi.org/10.1044/1058-0360(2009/08-0083)

Knopik, V. S., Marceau, K., Bidwell, L. C., Palmer, R. H. C., Smith, T. F., Todorov, A., Evans, A.
S., & Heath, A. C. (2016). Smoking during pregnancy and ADHD risk: A genetically
informed, multiple-rater approach. American Journal of Medical Genetics Part B:
Neuropsychiatric Genetics, 171(7), 971-981. https://doi.org/10.1002/ajmg.b.32421

Kramer, M. S. (2008). Breastfeeding and Child Cognitive Development : New Evidence From a
Large Randomized Trial. Archives of General Psychiatry, 65(5), 578.
https://doi.org/10.1001/archpsyc.65.5.578

Kramer, M. S., Aboud, F., Mironova, E., Vanilovich, I., Platt, R. W., Matush, L., lgumnov, S.,
Fombonne, E., Bogdanovich, N., Ducruet, T., Collet, J.-P., Chalmers, B., Hodnett, E.,
Davidovsky, S., Skugarevsky, O., Trofimovich, O., Kozlova, L., Shapiro, S., & Promotion

of Breastfeeding Intervention Trial (PROBIT) Study Group. (2008). Breastfeeding and

46



child cognitive development: New evidence from a large randomized trial. Archives of
General Psychiatry, 65(5), 578-584. https://doi.org/10.1001/archpsyc.65.5.578

Krapohl, E., Hannigan, L. J., Pingault, J.-B., Patel, H., Kadeva, N., Curtis, C., Breen, G,
Newhouse, S. J., Eley, T. C., O’Reilly, P. F., & Plomin, R. (2017). Widespread covariation
of early environmental exposures and trait-associated polygenic variation. Proceedings of
the National Academy of Sciences, 114(44), 11727-11732.
https://doi.org/10.1073/pnas.1707178114

Krapohl, Eva, & Plomin, R. (2016). Genetic link between family socioeconomic status and
children’s educational achievement estimated from genome-wide SNPs. Molecular
Psychiatry, 21(3), 437-443. https://doi.org/10.1038/mp.2015.2

Kristensen, P., & Bjerkedal, T. (2007). Explaining the Relation Between Birth Order and
Intelligence. Science, 316(5832), 1717-1717. https://doi.org/10.1126/science.1141493

Law, J., Rush, R., Anandan, C., Cox, M., & Wood, R. (2012). Predicting Language Change
Between 3 and 5 Years and Its Implications for Early Identification. PEDIATRICS, 130(1),
el132-e137. https://doi.org/10.1542/peds.2011-1673

Law, James, Rush, R., Schoon, I., & Parsons, S. (2009). Modeling Developmental Language
Difficulties From School Entry Into Adulthood : Literacy, Mental Health, and Employment
Outcomes. Journal of Speech, Language, and Hearing Research, 52(6), 1401-1416.
https://doi.org/10.1044/1092-4388(2009/08-0142)

Lawson, G. M., Hook, C. J., & Farah, M. J. (2018). A meta-analysis of the relationship between
socioeconomic status and executive function performance among children. Developmental
Science, 21(2), e12529. https://doi.org/10.1111/desc.12529

Lee, J. J., Wedow, R., Okbay, A., Kong, E., Maghzian, O., Zacher, M., Nguyen-Viet, T. A,,
Bowers, P., Sidorenko, J., Karlsson Linnér, R., Fontana, M. A., Kundu, T., Lee, C., Li, H.,

Li, R., Royer, R., Timshel, P. N., Walters, R. K., Willoughby, E. A., ... Cesarini, D. (2018).

47



Gene discovery and polygenic prediction from a genome-wide association study of
educational attainment in 1.1 million individuals. Nature Genetics, 50(8), 1112-1121.
https://doi.org/10.1038/s41588-018-0147-3

Lemery, K. S., & Goldsmith, H. H. (1999). Genetically Informative Designs for the Study of
Behavioural Development. International Journal of Behavioral Development, 23(2),
293-317. https://doi.org/10.1080/016502599383838

Letourneau, N. L., Duffett-Leger, L., Levac, L., Watson, B., & Young-Morris, C. (2013).
Socioeconomic Status and Child Development : A Meta-Analysis. Journal of Emotional
and Behavioral Disorders, 21(3), 211-224. https://doi.org/10.1177/1063426611421007

Levine, S. C., Vasilyeva, M., Lourenco, S. F., Newcombe, N. S., & Huttenlocher, J. (2005).
Socioeconomic Status Modifies the Sex Difference in Spatial Skill. Psychological Science,
16(11), 841-845. https://doi.org/10.1111/].1467-9280.2005.01623.x

Liu, C., & Neiderhiser, J. M. (2017). Using Genetically Informed Designs to Understand the
Environment : The Importance of Family-Based Approaches. In P. H. Tolan & B. L.
Leventhal (Eds.), Gene-Environment Transactions in Developmental Psychopathology (p.
95-110). Springer International Publishing. https://doi.org/10.1007/978-3-319-49227-8 5

Loehlin, J. C. (1989). Partitioning environmental and genetic contributions to behavioral
development. American Psychologist, 44(10), 1285-1292. https://doi.org/10.1037/0003-
066X.44.10.1285

Loomes, R., Hull, L., & Mandy, W. P. L. (2017). What Is the Male-to-Female Ratio in Autism
Spectrum Disorder? A Systematic Review and Meta-Analysis. Journal of the American
Academy of Child & Adolescent Psychiatry, 56(6), 466-474.

https://doi.org/10.1016/j.jaac.2017.03.013

48



Madigan, S., Browne, D., Racine, N., Mori, C., & Tough, S. (2019). Association Between Screen
Time and Children’s Performance on a Developmental Screening Test. JAMA Pediatrics,
173(3), 244. https://doi.org/10.1001/jamapediatrics.2018.5056

Madigan, S., McArthur, B. A., Anhorn, C., Eirich, R., & Christakis, D. A. (2020). Associations
Between Screen Use and Child Language Skills : A Systematic Review and Meta-analysis.
JAMA Pediatrics. https://doi.org/10.1001/jamapediatrics.2020.0327

Maeda, Y., & Yoon, S. Y. (2013). A Meta-Analysis on Gender Differences in Mental Rotation
Ability Measured by the Purdue Spatial Visualization Tests : Visualization of Rotations
(PSVT:R). Educational Psychology Review, 25(1), 69-94. https://doi.org/10.1007/s10648-
012-9215-x

May, T., Adesina, I, McGillivray, J., & Rinehart, N. J. (2019). Sex differences in
neurodevelopmental disorders: Current Opinion in Neurology, 32(4), 622-626.
https://doi.org/10.1097/WC0.0000000000000714

Mayes, S. D., Castagna, P. J., & Waschbusch, D. A. (2020). Sex Differences in Externalizing and
Internalizing Symptoms in ADHD, Autism, and General Population Samples. Journal of
Psychopathology and Behavioral Assessment, 42(3), 519-526.
https://doi.org/10.1007/s10862-020-09798-4

Meador, K. J., Baker, G. A., Browning, N., Clayton-Smith, J., Combs-Cantrell, D. T., Cohen, M.,
Kalayjian, L. A., Kanner, A., Liporace, J. D., Pennell, P. B., Privitera, M., & Loring, D. W.
(2009). Cognitive Function at 3 Years of Age after Fetal Exposure to Antiepileptic Drugs.
New England Journal of Medicine, 360(16), 1597-1605.
https://doi.org/10.1056/NEJM0a0803531

Newman, R. S., Rowe, M. L., & Bernstein Ratner, N. (2016). Input and uptake at 7 months predicts

toddler vocabulary: The role of child-directed speech and infant processing skills in

49



language development. Journal of Child Language, 43(5), 1158-1173.
https://doi.org/10.1017/S0305000915000446

Nguyen, T.-N.-N., Spencer-Smith, M., Zannino, D., Burnett, A., Scratch, S. E., Pascoe, L., Ellis,
R., Cheong, J., Thompson, D., Inder, T., Doyle, L. W., & Anderson, P. J. (2018).
Developmental Trajectory of Language From 2 to 13 Years in Children Born Very Preterm.
Pediatrics, 141(5), e20172831. https://doi.org/10.1542/peds.2017-2831

Nosek, B. A., Ebersole, C. R., DeHaven, A. C., & Mellor, D. T. (2018). The preregistration
revolution. Proceedings of the National Academy of Sciences, 115(11), 2600-2606.
https://doi.org/10.1073/pnas.1708274114

Odd, D. E., Rasmussen, F., Gunnell, D., Lewis, G., & Whitelaw, A. (2007). A cohort study of low
Apgar scores and cognitive outcomes. Archives of Disease in Childhood - Fetal and
Neonatal Edition, 93(2), F115-F120. https://doi.org/10.1136/adc.2007.123745

Petersen, . T., Bates, J. E., D’Onoftrio, B. M., Coyne, C. A., Lansford, J. E., Dodge, K. A., Pettit,
G. S., & Van Hulle, C. A. (2013). Language ability predicts the development of behavior
problems in children. Journal of Abnormal Psychology, 122(2), 542-557.
https://doi.org/10.1037/a0031963

Petrill, S. A., Lipton, P. A., Hewitt, J. K., Plomin, R., Cherny, S. S., Corley, R., & DeFries, J. C.
(2004). Genetic and Environmental Contributions to General Cognitive Ability Through
the First 16 Years of Life. Developmental Psychology, 40(5), 805-812.
https://doi.org/10.1037/0012-1649.40.5.805

Peyre, H., Bernard, J. Y., Forhan, A., Charles, M.-A., De Agostini, M., Heude, B., & Ramus, F.
(2014). Predicting changes in language skills between 2 and 3 years in the EDEN mother—
child cohort. PeerJ, 2, e335. https://doi.org/10.7717/peerj.335

Peyre, H., Bernard, J. Y., Hoertel, N., Forhan, A., Charles, M.-A., De Agostini, M., Heude, B., &

Ramus, F. (2016). Differential effects of factors influencing cognitive development at the

50



age of 5-t0-6 years. Cognitive Development, 40, 152-162.

https://doi.org/10.1016/j.cogdev.2016.10.001

Peyre, H., Charkaluk, M.-L., Forhan, A., Heude, B., & Ramus, F. (2017). Do developmental

milestones at 4, 8, 12 and 24 months predict 1Q at 56 years old? Results of the EDEN
mother—child cohort. European Journal of Paediatric Neurology, 21(2), 272-279.

https://doi.org/10.1016/j.ejpn.2016.11.001

Peyre, H., Galera, C., van der Waerden, J., Hoertel, N., Bernard, J. Y., Melchior, M., & Ramus, F.

(2016). Relationship between early language skills and the development of
inattention/hyperactivity symptoms during the preschool period: Results of the EDEN

mother-child cohort. BMC Psychiatry, 16(1). https://doi.org/10.1186/s12888-016-1091-3

Peyre, H., Hoertel, N., Bernard, J. Y., Rouffignac, C., Forhan, A., Taine, M., Heude, B., & Ramus,

F. (2019). Sex differences in psychomotor development during the preschool period : A
longitudinal study of the effects of environmental factors and of emotional, behavioral, and
social functioning. Journal of Experimental Child Psychology, 178, 369-384.

https://doi.org/10.1016/j.jecp.2018.09.002

Pingault, J.-B., O’Reilly, P. F., Schoeler, T., Ploubidis, G. B., Rijsdijk, F., & Dudbridge, F. (2018).

Using genetic data to strengthen causal inference in observational research. Nature Reviews

Genetics, 19(9), 566-580. https://doi.org/10.1038/s41576-018-0020-3

Plomin, R., Fulker, D. W., Corley, R., & DeFries, J. C. (1997). Nature, Nurture, and Cognitive

Development from 1 to 16 Years: A Parent-Offspring Adoption Study. Psychological

Science, 8(6), 442-447. https://doi.org/10.1111/j.1467-9280.1997.tb00458.x

Plomin, R., Owen, M., & McGuffin, P. (1994). The genetic basis of complex human behaviors.

51

Science, 264(5166), 1733-1739. https://doi.org/10.1126/science.8209254



Plomin, Robert, & Bergeman, C. S. (1991). The nature of nurture: Genetic influence on
“environmental” measures. Behavioral and Brain Sciences, 14(3), 373-386.
https://doi.org/10.1017/S0140525X00070278

Polderman, T. J. C., Benyamin, B., de Leeuw, C. A., Sullivan, P. F., van Bochoven, A., Visscher,
P. M., & Posthuma, D. (2015). Meta-analysis of the heritability of human traits based on
fifty years of twin  studies. Nature  Genetics,  47(7),  702-7009.
https://doi.org/10.1038/ng.3285

Preacher, K. J., & Hayes, A. F. (2008). Asymptotic and resampling strategies for assessing and
comparing indirect effects in multiple mediator models. Behavior Research Methods, 40(3),
879-891. https://doi.org/10.3758/BRM.40.3.879

Ramus, F. (2006). Genes, brain, and cognition : A roadmap for the cognitive scientist. Cognition,
101(2), 247-269. https://doi.org/10.1016/j.cognition.2006.04.003

Razaz, N., Boyce, W. T., Brownell, M., Jutte, D., Tremlett, H., Marrie, R. A., & Joseph, K. S.
(2016). Five-minute Apgar score as a marker for developmental vulnerability at 5 years of
age. Archives of Disease in Childhood - Fetal and Neonatal Edition, 101(2), F114-F120.
https://doi.org/10.1136/archdischild-2015-308458

Reichenberg, A., Gross, R., Weiser, M., Bresnahan, M., Silverman, J., Harlap, S., Rabinowitz, J.,
Shulman, C., Malaspina, D., Lubin, G., Knobler, H. Y., Davidson, M., & Susser, E. (2006).
Advancing Paternal Age and Autism. Archives of General Psychiatry, 63(9), 1026.
https://doi.org/10.1001/archpsyc.63.9.1026

Rimfeld, K., Malanchini, M., Krapohl, E., Hannigan, L. J., Dale, P. S., & Plomin, R. (2018). The
stability of educational achievement across school years is largely explained by genetic

factors. Npj Science of Learning, 3(1). https://doi.org/10.1038/s41539-018-0030-0

52



Ritchie, S. J., & Tucker-Drob, E. M. (2018). How Much Does Education Improve Intelligence? A
Meta-Analysis. Psychological Science, 29(8), 1358-1369.
https://doi.org/10.1177/0956797618774253

Robinson, J. P., & Lubienski, S. T. (2011). The Development of Gender Achievement Gaps in
Mathematics and Reading During Elementary and Middle School: Examining Direct
Cognitive Assessments and Teacher Ratings. American Educational Research Journal,
48(2), 268-302. https://doi.org/10.3102/0002831210372249

Ronnlund, M., Sundstrém, A., & Nilsson, L.-G. (2015). Interindividual differences in general
cognitive ability from age 18 to age 65years are extremely stable and strongly associated
with working memory capacity. Intelligence, 53, 59-64.
https://doi.org/10.1016/j.intell.2015.08.011

Rutter, M. (2007). Gene-environment interdependence. Developmental Science, 10(1), 12-18.
https://doi.org/10.1111/j.1467-7687.2007.00557.x

Salk, R. H., Hyde, J. S., & Abramson, L. Y. (2017). Gender differences in depression in
representative national samples : Meta-analyses of diagnoses and symptoms. Psychological
Bulletin, 143(8), 783-822. https://doi.org/10.1037/bul0000102

Sandin, S., Lichtenstein, P., Kuja-Halkola, R., Hultman, C., Larsson, H., & Reichenberg, A. (2017).
The Heritability of Autism Spectrum Disorder. JAMA, 318(12), 1182.
https://doi.org/10.1001/jama.2017.12141

Scaff, C., & Cristia, A. (in prep.). Socio-economic status correlates with infants’ word
comprehension : A meta-analysis.

Schoon, I., Parsons, S., Rush, R., & Law, J. (2010). Children’s Language Ability and Psychosocial
Development: A 29-Year Follow-up Study. PEDIATRICS, 126(1), e73-e80.

https://doi.org/10.1542/peds.2009-3282

53



Sever, J. L., Ellenberg, J. H., Ley, A. C., Madden, D. L., Fuccillo, D. A., Tzan, N. R., & Edmonds,
D. M. (1988). Toxoplasmosis : Maternal and pediatric findings in 23,000 pregnancies.
Pediatrics, 82(2), 181-192.

Sniekers, S., Stringer, S., Watanabe, K., Jansen, P. R., Coleman, J. R. I., Krapohl, E., Taskesen, E.,
Hammerschlag, A. R., Okbay, A., Zabaneh, D., Amin, N., Breen, G., Cesarini, D., Chabris,
C.F., Iacono, W. G., Ikram, M. A., Johannesson, M., Koellinger, P., Lee, J. J., ... Posthuma,
D. (2017). Genome-wide association meta-analysis of 78,308 individuals identifies new
loci and genes influencing human intelligence. Nature Genetics, 49(7), 1107-1112.
https://doi.org/10.1038/ng.3869

Sommerfelt, K. (2000). Cognitive development of term small for gestational age children at five
years of age. Archives of Disease in  Childhood, 83(1), 25-30.
https://doi.org/10.1136/adc.83.1.25

Spearman, C. (1904). « General Intelligence » Objectively Determined and Measured. The
American Journal of Psychology.

Su, M., Peyre, H., Song, S., McBride, C., Tardif, T., Li, H., Zhang, Y., Liang, W., Zhang, Z.,
Ramus, F., & Shu, H. (2017). The influence of early linguistic skills and family factors on
literacy acquisition in Chinese children : Follow-up from age 3 to age 11. Learning and
Instruction, 49, 54-63. https://doi.org/10.1016/j.learninstruc.2016.12.003

Teasdale, T. W., & Owen, D. R. (1981). Social class correlations among separately adopted siblings
and unrelated individuals adopted together. Behavior Genetics, 11(6), 577-588.
https://doi.org/10.1007/BF01065792

Testa, M. (2003). THE EFFECTS OF PRENATAL ALCOHOL EXPOSURE ON INFANT
MENTAL DEVELOPMENT: A META-ANALYTICAL REVIEW. Alcohol and

Alcoholism, 38(4), 295-304. https://doi.org/10.1093/alcalc/agg087

54



Trzaskowski, M., Eley, T. C., Davis, O. S. P., Doherty, S. J., Hanscombe, K. B., Meaburn, E. L.,
Haworth, C. M. A., Price, T., & Plomin, R. (2013). First Genome-Wide Association Study
on Anxiety-Related Behaviours in Childhood. PLoS ONE, 8(4), e58676.
https://doi.org/10.1371/journal.pone.0058676

Trzaskowski, M., Harlaar, N., Arden, R., Krapohl, E., Rimfeld, K., McMillan, A., Dale, P. S., &
Plomin, R. (2014). Genetic influence on family socioeconomic status and children’s
intelligence. Intelligence, 42, 83-88. https://doi.org/10.1016/j.intell.2013.11.002

Tseng, P.-T., Yen, C.-F., Chen, Y.-W., Stubbs, B., Carvalho, A. F., Whiteley, P., Chu, C.-S., Li,
D.-J., Chen, T.-Y., Yang, W.-C., Tang, C.-H., Liang, H.-Y., Yang, W.-C., Wu, C.-K,, &
Lin, P.-Y. (2019). Maternal breastfeeding and attention-deficit/hyperactivity disorder in
children: A meta-analysis. European Child & Adolescent Psychiatry, 28(1), 19-30.
https://doi.org/10.1007/s00787-018-1182-4

Tucker-Drob, E. M. (2019). Cognitive Aging and Dementia: A Life-Span Perspective. Annual
Review of Developmental Psychology, 1(1), 177-196. https://doi.org/10.1146/annurev-
devpsych-121318-085204

Twilhaar, E. S., Wade, R. M., de Kieviet, J. F., van Goudoever, J. B., van Elburg, R. M., &
Oosterlaan, J. (2018). Cognitive Outcomes of Children Born Extremely or Very Preterm
Since the 1990s and Associated Risk Factors : A Meta-analysis and Meta-regression. JAMA
Pediatrics, 172(4), 361. https://doi.org/10.1001/jamapediatrics.2017.5323

Ukoumunne, O. C., Wake, M., Carlin, J., Bavin, E. L., Lum, J., Skeat, J., Williams, J., Conway,
L., Cini, E., & Reilly, S. (2012). Profiles of language development in pre-school children :
A longitudinal latent class analysis of data from the Early Language in Victoria Study:
Profiles of pre-school language development. Child: Care, Health and Development, 38(3),

341-349. https://doi.org/10.1111/j.1365-2214.2011.01234.X

55



Valdes, V., Zorrilla, C. D., Gabard-Durnam, L., Muler-Mendez, N., Rahman, Z. I., Rivera, D., &
Nelson, C. A. (2019). Cognitive Development of Infants Exposed to the Zika Virus in
Puerto Rico. JAMA Network Open, 2(10), e1914061.
https://doi.org/10.1001/jamanetworkopen.2019.14061

Van Der Maas, H. L. J,, Dolan, C. V., Grasman, R. P. P. P., Wicherts, J. M., Huizenga, H. M., &
Raijmakers, M. E. J. (2006). A dynamical model of general intelligence : The positive
manifold of intelligence by mutualism. Psychological Review, 113(4), 842-861.
https://doi.org/10.1037/0033-295X.113.4.842

VanderWeele, T. J. (2016). Mediation Analysis : A Practitioner’s Guide. Annual Review of Public
Health, 37(1), 17-32. https://doi.org/10.1146/annurev-publhealth-032315-021402

Voyer, D., Voyer, S., & Bryden, M. P. (1995). Magnitude of sex differences in spatial abilities : A
meta-analysis and consideration of critical variables. Psychological Bulletin, 2, 250-270.

Walsh, J. J., Barnes, J. D., Cameron, J. D., Goldfield, G. S., Chaput, J.-P., Gunnell, K. E., Ledoux,
A.-A., Zemek, R. L., & Tremblay, M. S. (2018). Associations between 24 hour movement
behaviours and global cognition in US children : A cross-sectional observational study. The
Lancet Child & Adolescent Health, 2(11), 783-791. https://doi.org/10.1016/S2352-
4642(18)30278-5

Wang, Y., Williams, R., Dilley, L., & Houston, D. M. (2020). A meta-analysis of the predictability
of LENA™ automated measures for child language development. Developmental Review,
57, 100921. https://doi.org/10.1016/j.dr.2020.100921

Weston, S. J., Ritchie, S. J., Rohrer, J. M., & Przybylski, A. K. (2019). Recommendations for
Increasing the Transparency of Analysis of Preexisting Data Sets. Advances in Methods
and Practices in Psychological Science, 2(3), 214-227.

https://doi.org/10.1177/2515245919848684

56



Willcutt, E. G. (2012). The Prevalence of DSM-IV Attention-Deficit/Hyperactivity Disorder: A
Meta-Analytic Review. Neurotherapeutics, 9(3), 490-499. https://doi.org/10.1007/s13311-
012-0135-8

Yang, J., Lee, S. H., Goddard, M. E., & Visscher, P. M. (2011). GCTA : A Tool for Genome-wide
Complex Trait Analysis. The American Journal of Human Genetics, 88(1), 76-82.
https://doi.org/10.1016/j.ajhg.2010.11.011

Yang, S., Martin, R. M., Oken, E., Hameza, M., Doniger, G., Amit, S., Patel, R., Thompson, J.,
Rifas-Shiman, S. L., Vilchuck, K., Bogdanovich, N., & Kramer, M. S. (2018).
Breastfeeding during infancy and neurocognitive function in adolescence : 16-year follow-
up of the PROBIT cluster-randomized trial. PLOS Medicine, 15(4), e1002554.

https://doi.org/10.1371/journal.pmed.1002554

57



