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Abstract

The DNA revolution has energized research on interactions between genes and environments (GXE) by creating indices of G (polygenic
scores) that are powerful predictors of behavioral traits. Here, we test the extent to which polygenic scores for attention-deficit/hyperactivity
disorder and neuroticism moderate associations between parent reports of their children’s environmental risk (E) at ages 3 and 4 and teacher
ratings of behavior problems (hyperactivity/inattention, conduct problems, emotional symptoms, and peer relationship problems) at ages
7,9 and 12. The sampling frame included up to 6687 twins from the Twins Early Development Study. Our analyses focused on relative effect
sizes of G, E and GxE in predicting behavior problems. G, E and GxE predicted up to 2%, 2% and 0.4%, respectively, of the variance in exter-
nalizing behavior problems (hyperactivity/inattention and conduct problems) across ages 7, 9 and 12, with no clear developmental trends.
G and E predictions of emotional symptoms and peer relationship problems were weaker. A quarter (12 of 48) of our tests of GXE were

nominally significant (p = .05). Increasing the predictive power of G and E would enhance the search for GxE.
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Introduction

Gene-environment interaction (GxE) refers to environmental
effects that depend on genetic effects, that is, genetic sensitivity
to the environment (Kendler & Eaves, 1986). In relation to devel-
opmental psychopathology, GXE can be thought of as genetic
moderation of the association between environmental factors, such
as parenting, and children’s behavior problems.

GxE is important because it recognizes that one size does not fit
all and offers the possibility of personalized tailoring of children’s
environments based on their genetic propensities. Moreover, weak
environmental effects in the population could have strong effects
on children with particular genetic proclivities. GXE is the genetic
extension of phenotypic research on differential reactivity to the
environment (Garmezy & Rutter, 1983; Slagt et al., 2016; Wachs
& Gruen, 1982), such as research on the goodness-of-fit model
of temperament (Thomas & Chess, 1977). GxE also has the virtue
of moving beyond nature versus nurture to consider their
interplay.

GxE is distinct conceptually from gene-environment correla-
tion, which denotes experiences that are correlated with genetic
propensities, that is, genetic exposure to environmental effects
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and genetic mediation of associations between environmental fac-
tors and psychopathology (Plomin et al., 1977). In this paper, we
define GxE as an interaction in the statistical sense that the effects
of G and E are conditional on one another, independent of their
main effects. There are other ways to construe the interplay
between G and E (Rutter et al., 2006).

GxE is not interactionism, the view that environmental and
genetic threads in the fabric of behavior are so tightly interwoven
that they cannot be disentangled, as implied by the often-repeated
phrases “the organism is a product of its genes and its past envi-
ronment” (Anastasi, 1958, p. 197). Interactionism is a truism at the
level of the individual, but it is not true for individual differences in
a population. As discussed later, environmental effects on
differences between children can exist without genetic effects,
genetic effects can exist without environmental effects, and envi-
ronmental and genetic effects can interact, that is, the effects of
environments can depend on genes.

Although in this article we occasionally use words like effect and
explanation instead of correlation and prediction, these words are
only used in their statistical sense, not to imply causation. Our aim
is to predict behavior problems from genes, environmental mea-
sures, and their interaction, without regard to causality (Plomin
& von Stumm, 2021). That is, we use measures deemed to be mea-
sures of the environment, even though these measures show sig-
nificant genetic influence, the issue of the “nature of nurture”
(Plomin, 1994; Plomin & Bergeman, 1991). Similarly, we do not
know the causal biological and environmental pathways through
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which inherited differences in DNA affect development (Pingault
etal., 2018). As we shall see, our focus on the relatively simple issue
of prediction raises complicated issues even though we do not
attempt to address issues of causality.

Three stages of GXE research

For the first century of genetic research on human behavior, quan-
titative genetic designs such as identical and fraternal twins and
adoptive and nonadoptive relatives were used to estimate genetic
and environmental components of observed (phenotypic) vari-
ance. These are anonymous components of variance in the sense
that specific genetic and environmental factors are not identified.
Although quantitative genetic theory recognizes that GXE can con-
tribute to phenotypic variance, quantitative genetic designs in
themselves can only provide indirect glimpses of GxE (Jinks &
Fulker, 1970; Plomin et al., 1977).
We differentiate three stages in GXE research.

Stage 1

The first stage of GXE research incorporated measures of the envi-
ronment into twin and adoption designs. In the twin design, envi-
ronmental measures made it possible to ask whether heritability
differs as a function of environment, a limited type of GxE. For
example, it has been reported that greater parental warmth and
directiveness is associated with greater heritability of conduct
problems (Burt et al., 2013). For this and similar findings, replica-
tion is needed because the power demands for detecting significant
differences in heritability are daunting (Hanscombe et al., 2012).

Environmental measures can be integrated in more powerful
ways in the adoption design (Plomin et al.,, 1977). For example,
psychopathology of birth (biological) parents provides an estimate
of their adopted-away children’s genetic risk free of postnatal envi-
ronmental influence of the parents. Parenting of the adoptive
parents of these children can be used to estimate environmental
risk free of parental genetic confounds. GXE can then be assessed
as the statistical interaction between these G and E indices.

GxE is illustrated in Figure 1 in a 2x2 framework in which
parenting (low vs. high risk) and genetic propensity (low vs. high
risk) predict children’s behavior problems. Main effects of parent-
ing and genetics can occur without interaction (panel A). GXE can
occur without main effects (panel D), which is called a disordinal
(cross-over) interaction in that the environment has opposite
effects depending on children’s genetic propensities. For example,
differential susceptibility theory predicts a type of disordinal inter-
action in which genetically sensitive children are more affected by
their environments, both for better and for worse (Belsky & Pluess,
2009; Pluess & Belsky, 2010). However, a recent systematic analysis
of differential susceptibility theory found little support for the
theory (Cree et al., 2021).

The more likely type of GxE is an ordinal interaction, in which
genetic effects magnify or diminish environmental effects. Panel B
in Figure 1 shows an example in which high environmental risk
disproportionately affects children who are at high genetic risk.
In psychiatric genetics, this type of GXE is known as diathesis-stress
(Gottesman, 1991; Monroe & Simons, 1991; Paris, 1999). That is,
children at genetic risk for psychopathology, the diathesis, are
especially sensitive to the effects of stressful environments. For
behavioral problems, GxE also occurs in the opposite direction
(panel C) in which high-risk environments overwhelm genetic
propensities and low-risk environments allow genetic differences
to be expressed.
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Behavior problems

Figure 1. A 2x2 illustration of the prediction of children’s behavior problems from
environments (low vs. high risk), from a genetic estimate (low vs. high risk), and from
their interaction (GxE). See text for explanation.

A better use of the data is to analyze the variables in a continu-
ous rather than dichotomous manner with multiple regression
models in which main effects of G and E are modeled before testing
GxE. The GxE interaction term can be a “dummy” variable created
by the product of the main variables of G and E. In the Colorado
Adoption Project (CAP), some ordinal GxE effects were found in
infancy (Plomin & DeFries, 1985) and early childhood (Plomin
et al., 1988). As an example of an ordinal interaction shown in
panel C, high parental control damped down genetic differences
relevant to difficult temperament in infancy, whereas low parental
control facilitated expression of genetic differences. Overall, how-
ever, only a chance number of significant GxE effects emerged
from dozens of analyses of this type.

In contrast, a more recent adoption study, the Early Growth and
Development Study (EGDS) (Leve et al., 2019), reported several
GxE effects for behavior problems. Similar to CAP, the association
between parental control and children’s behavior problems was
moderated by genetic risk (Leve et al., 2009). Significant GxE
was also reported in EGDS for internalizing problems (Brooker
et al., 2014) and externalizing problems (Lipscomb et al., 2014).
Most GxE in EGDS was of the ordinal type shown in panel C in
Figure 1 (Cree et al., 2021).

Stage 2
The DNA revolution fueled the second and third stages of GxE
research by making it possible to incorporate direct DNA measures
of genetic propensities of children (Plomin, 2018). The huge ben-
efit of these direct DNA measures is that they can be used in
research on any sample of unrelated or related children, circum-
venting the need for special samples of twins and adoptees.
Until a decade ago, it was necessary to genotype one DNA vari-
ant at a time for each individual. The time and expense of this proc-
ess meant that researchers could only genotype a few DNA
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variants. This led to the second stage of GXE research, which gen-
otyped a few “candidate” genes, usually genes coding for neuro-
transmitters presumed to be related to psychopathology. Two of
the most cited papers in behavioral genetics reported GXE of the
diathesis-stress type (Panel B in Figure 1). The first study showed
that childhood maltreatment was only associated with adult anti-
social behavior for individuals who carried a specific version
(allele) of the monoamine oxidase A gene that causes lower levels
of the monoamine oxidase A, which is involved in metabolizing a
broad range of neurotransmitters (Caspi et al., 2002). Similarly in
the second study, the effect of stressful life events on depression
was strongest for individuals who carried an allele that increased
serotonin transport (Caspi et al., 2003).

These early candidate-gene GxE findings triggered an explosion
of research on GxE (Keers & Pluess, 2017), but many studies were
underpowered to detect reasonable effect sizes, and failures to rep-
licate accumulated (Dick et al., 2015; Duncan & Keller, 2011).
Some journals imposed a ban on GxE reports unless they included
a replication study (Hewitt, 2012).

Stepping back from GxE, the fundamental problem with a can-
didate-gene strategy is that we now know that single DNA variants
hardly ever account for as much as one percent of the variance in
the population. Most reported single-variant associations with
behavioral traits are false (Chabris et al., 2012).

Stage 3

About 15 years ago, a technological advance sparked the DNA rev-
olution by making it possible to genotype hundreds of thousands of
DNA variants quickly and inexpensively. The technology was a
small DNA array that genotyped the most common type of
DNA variant, a single-nucleotide polymorphism (SNP). This tool,
called a SNP chip, facilitated a strategy that is the opposite of the
candidate-gene approach. Genome-wide association (GWA) is a
hypothesis-free method that looks for associations using millions
of variants across the entire genome genotyped for each individual
on a SNP chip. GWA research has shown that the heritability of
complex traits and common disorders is caused by thousands of
inherited DNA differences, each with miniscule effects. Success
in GWA research came only after sample sizes in the tens and hun-
dreds of thousands were achieved to reach the power needed to
detect these tiny effects (Plomin, 2018).

Thousands of GWA with a particular trait can be aggregated in
a genetic index of that trait for each individual, called a polygenic
score. Polygenic scores have many labels, but we prefer genome-
wide polygenic scores (GPS) to distinguish polygenic scores that
are derived from all SNPs, usually tens of thousands, throughout
the genome that are associated with the trait from polygenic scores
that are based on only a few selected SNPs (Plomin & von Stumm,
2018). Although GWA studies require huge samples, associations
from these GWA studies can be used to create polygenic scores for
any sample (Choi et al., 2020). In contrast to candidate genes, poly-
genic scores can predict up to six percent of the variance of behav-
ior problems in childhood (Gidziela et al., 2021).

Polygenic scores mark the third stage of GXE research. Lessons
can be learned from candidate-gene GxE research to avoid the pit-
falls of underpowered studies and questionable research practices
(Domingue et al., 2020). It has been estimated that large GxE
effects, whether indexed by a single gene or a polygenic score,
account for about 1% of the variance, which requires sample sizes
of about 600 to reach 80 percent power to detect them as calculated
by Duncan and Keller (2011). For moderate GxE effects accounting

https://doi.org/10.1017/S0954579422000931 Published online by Cambridge University Press

Robert Plomin et al.

for 0.1 percent of the variance, sample sizes in the tens of thousands
are needed to reach 80 percent power.

Most behavioral GxE research using polygenic scores has
involved adult psychiatric disorders, although no solidly replicated
GxE findings have emerged as yet (e.g., Arnau-Soler et al., 2019;
Bogdan et al.,, 2018; Colodro-Conde et al.,, 2018; Kandaswamy
et al,, 2021; Robinson & Bergen, 2021). Reports of GxE in devel-
opmental psychopathology are beginning to emerge. Two early
studies using a polygenic score for major depressive disorder
reported GxE for childhood adversity predicting adult depression
(Mullins et al., 2016; Peyrot et al., 2014), but a later study could not
replicate the finding (Peyrot et al., 2018). In another study, no GXxE
was found for childhood adversity predicting adult psychotic dis-
orders (Trotta et al., 2016).

Recent reports of significant GXE in developmental psychopa-
thology in which G was indexed by polygenic scores include critical
parenting and depression (Nelemans et al., 2021), family and
neighborhood stress on conduct problems (Bares et al., 2020),
and childhood adversity and emotion dysregulation and psychosis
proneness (Pries et al., 2020). However, at least as many studies
reported no significant GxE, including research on peer victimiza-
tion and resilience (Armitage et al., 2021), maltreatment and atten-
tion-deficit/hyperactivity disorder (ADHD) symptoms (He & Li,
2021), and parenting and adolescent externalizing problems
(Ksinan et al., 2021).

The present study

In this paper, we test GXE for behavior problems in childhood
using data from up to 6687 twins from the Twins Early
Development Study (Rimfeld et al., 2019). To avoid associations
driven by rater bias or contemporaneous events, we focused on
parent reports of their children’s environments at 3 and 4 years
as they predict teacher ratings of behavior problems at 7, 9 and
12 years. Based on previous analyses (Gidziela et al., 2021), we
selected polygenic scores for ADHD and neuroticism that were
found to be most predictive of teacher ratings of childhood behav-
ior problems. We also selected environmental measures at ages 3
and 4 known to predict teacher ratings of behavior problems
(Gidziela et al., 2022). Our primary aim was to compare effect sizes
for G, E and GxE in predicting behavior problems as rated by
teachers. A secondary aim was to explore G, E and GxE effects
on behavior problems developmentally across childhood.

Method
Participants

Our sample consists of twins born in England and Wales between
1994 and 1996 who have participated in the Twins Early
Development Study (TEDS; Rimfeld et al., 2019). TEDS is a longi-
tudinal study designed to investigate the development of behavior,
cognition and communication, as well as developmental problems.
The original TEDS sample involved over 13,000 twin pairs, from
whom data collection took place when the twins were aged 2, 3, 4,
7,8,9, 10, 12, 14, 16, 18 and 21. The sample of TEDS twins is rep-
resentative of the UK population in terms of ethnicity and socio-
economic status (SES) (Rimfeld et al., 2019).

In addition to phenotypic data, a subsample of 10,346 TEDS
twins (i.e., one twin per pair for 3706 twin pairs and 3320 pairs
of DZ twins) were genotyped using one of two genotyping
platforms  (AffymetrixGeneChip 6.0 and  Illumina
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HumanOmniExpressExome-8v1.2) in two waves, 5 years apart.
A detailed genotyping protocol is available (Selzam et al., 2018).

The present analyses included a subsample of TEDS twins with
complete genotype data along with parent reports of environmen-
tal risk and discipline in preschool (ages 3 and 4) and teacher rat-
ings of behavior problems in childhood and early adolescence (ages
7,9 and 12), resulting in up to 6687 individuals included in our
analyses. The sample included only one member of a twin pair
for all monozygotic twins and for half of the dizygotic twin pairs
(4561 unrelated twins). We also included 2126 dizygotic co-twins
to increase the power of our analyses; the inclusion of co-twins
slightly affects statistical significance (which were not adjusted
for lack of independence) but does not affect estimates of effect
size, which is the focus of our analyses.

Measures

In this section, we outline our measures of environmental risk,
behavior problems, and polygenic scores. Details about the mea-
sures are available in the TEDS data dictionary (https://www.
teds.ac.uk/datadictionary/home.htm). We selected environmental
measures in early childhood and polygenic scores that we knew
from previous analyses predicted behavior problems in the school
years (Gidziela et al., 2021; Gidziela et al., 2022) in order to increase
the likelihood of finding ordinal GXE (Duncan & Keller, 2011).

Environmental measures

Parent-reported environmental measures in early childhood were
selected based on their prediction of teacher-rated behavior prob-
lems in childhood, following a procedure described in detail else-
where (Gidziela et al., 2022). Using two criteria, this procedure
reduced the number of environmental items from several hundred
to eight items using two criteria. The first criterion was a pheno-
typic correlation greater than 0.20 between the environmental
measure and at least one of the behavior problem measures. The
second criterion excluded highly correlated environmental mea-
sures using a penalized elastic net regularization with training
and test iterations.

We began with two environmental risk measures at age 3 and at
age 4: a family-general measure based on variables that are the
same for co-twins and a twin-specific measure based on variables
that differentiated between co-twins. The family-general environ-
mental risk composite was computed as a standardized mean of
five standardized scores: family SES based on both parents’ educa-
tion and occupation and mothers’ age at first contact, prenatal and
perinatal medical risk, household chaos (the Confusion, Hubbub
and Order Scale; Matheny et al., 1995), maternal postnatal depres-
sion (the Edinburgh Postnatal Depression Scale (Cox et al., 1987),
and life events such as changes to marital status, new siblings,
mother’s pregnancy, job changes and serious illness/accident).

The twin-specific environmental risk measure was computed as
a standardized mean of the same variables that were included in the
family-general environmental risk measure, with the addition of
standardized scores of twin medical risk factors (4 items), parental
discipline scale (6 items) and a parental feelings scale (7 items)
(Deater-Deckard et al., 1998). At each age we also included a sep-
arate item about smacking and shouting because of its predictive-
ness (Gidziela et al., 2022).

Because the environmental measures were correlated with one
another across age 3 and 4 (see Supplementary Figure 1), we used
exploratory factor analysis (EFA) as a data reduction technique
(see Supplementary Note 1). EFA analysis yielded two clear factors

https://doi.org/10.1017/S0954579422000931 Published online by Cambridge University Press

1819

(see Supplementary Figure 2). The first factor was a general envi-
ronmental risk factor that included both twin-specific and family-
general environmental risk composites at ages 3 and 4, as well as
SES (see Supplementary Figure 3). The second factor was a disci-
pline factor including parental discipline composites and smack-
ing/shouting items at ages 3 and 4.

The environmental risk and discipline factors correlated mod-
erately (0.40). Using the two-factor structure suggested by the EFA,
we created factor scores derived from a confirmatory factor analy-
sis (CFA) because CFA can account for data missingness using Full
Information Maximum Likelihood. Although we were simply
using CFA as a data reduction technique to handle data missing-
ness, we achieved semi-independence of the EFA and CFA by con-
ducting EFA on one randomly selected member of each twin pair
and conducting CFA on the other twin (see Supplementary Note
2). Results of the CFA are illustrated in Supplementary Figure 4
and model fit indices presented in Supplementary Table 1. The
two factors, which we refer to as environmental risk and discipline,
were used in our subsequent analyses.

Behavior problems

We assessed teacher ratings of hyperactivity/inattention, conduct
problems, emotional symptoms, and peer relationship problems at
ages 7, 9 and 12 using the Strengths and Difficulties Questionnaire
(Goodman, 1997). Teacher ratings of behavior problems were
obtained via mail and included a total of 20 items at each age, that
is, five items for each of the four scales. The items were rated on a
three-point Likert scale (certainly true; sometimes true; not true),
with items scored in the direction of greater problems or reversed
where necessary so that higher scale scores indicated more behav-
ior problems.

Polygenic scores

GPS were obtained from well-powered GWA studies of ADHD
(Demontis et al., 2019; N =55,374) and neuroticism (Luciano
etal,,2018) N =329,821). These GPS were previously found to pre-
dict childhood behavior problems (Gidziela et al., 2021). Quality
control procedures and construction of polygenic scores have been
described elsewhere (Selzam et al., 2018).

Analysis

Environmental and behavior problems variables were residualized
for the effects of age and sex. Both polygenic scores were corrected
for the effects of genotyping chip and 10 principal components of
ancestry prior to downstream analyses. All regression analyses
were conducted using stats for R (R Core Team, 2021).

Main effects of polygenic scores and environment on behavior
problems

The effects of genotype and environment on teacher-rated behav-
ior problems at ages 7, 9 and 12 were examined using regression
analysis, with the GPS (ADHD or neuroticism) and environment
(environmental risk or discipline) as predictors. Effects of each of
the four predictors were examined separately to estimate the vari-
ance they predicted in teacher-rated hyperactivity/inattention,
conduct problems, emotional symptoms, and peer relationship
problems at ages 7, 9 and 12. Although these single-variable regres-
sions are the same as simple correlations, we present the results in
the regression model to facilitate comparisons with the multiple
regressions we used to test for GxE.
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Interaction between polygenic scores and environment

To estimate the proportion of variance explained by the interaction
between genotype and environment (GxE), we used multiple
regression analysis, testing for GXE after controlling for the joint
effects of GPS and environmental factors (i.e., G+E). We first esti-
mated G+E prediction of each of the four teacher-rated behavior
problems at ages 7, 9 and 12 from the GPS (ADHD or neuroticism)
and environmental factors (environmental risk or discipline).
Subsequently we ran another regression model with the GPS, envi-
ronmental factor, and the interaction between them as predictors.
To estimate the proportion of variance in behavior problems pre-
dicted by GxE independent of G+E, we subtracted the variance
explained (R?) by the G+E model from the R? of the GxE model,
which is a hierarchical multiple regression analysis.

Results

Descriptive statistics, including means, standard deviations and
sample sizes for the environmental measures and behavior prob-
lems are presented in Supplementary Table 2. The full correlation
matrix between the environmental measures, GPS, and behavior
problems across the three ages is shown in Supplementary
Figure 1.

Main effects of polygenic scores and environment on
behavior problems

Figure 2 summarizes results for the prediction of behavior prob-
lems from the environmental factors and GPS, with details of
the regression analyses in Supplementary Table 3. The strongest
GPS prediction was for the ADHD GPS predicting hyperactiv-
ity/inattention at age 7, accounting for 2.0% of the variance.
Results were similar for teacher ratings of behavior problems at
ages 7, 9 and 12. The strongest E prediction was for the environ-
mental risk factor predicting hyperactivity/inattention at age 9,
which accounted for 2.7% of the variance. The environmental risk
factor accounted on average for 2.3% of the variance in hyperac-
tivity/inattention across ages and 2.1% of the variance in conduct
problems, but less than 1% for emotional symptoms and peer rela-
tionship problems. The discipline factor yielded a similar degree of
prediction, accounting for 2.1% variance in hyperactivity/inatten-
tion across ages, 1.5% in conduct problems, 0.2% for emotional
symptoms and 0.4% for peer relationship problems.

The environmental and GPS predictions were higher for exter-
nalizing problems (hyperactivity/inattention and conduct prob-
lems) than for internalizing problems (emotional symptoms and
peer relationship problems). For GPS, prediction from the
ADHD GPS was greater than from the neuroticism GPS: 1.8% ver-
sus 0.1% for hyperactivity/inattention, 1.2% versus 0.1% for con-
duct problems, and 0.2% versus 0.1% for peer relationship
problems, averaged across the three ages. The one exception was
that the neuroticism GPS explained slightly more variance in emo-
tional symptoms than the ADHD GPS (0.4% vs. 0.2% across ages).
No clear developmental trends emerged across childhood.

Interactions between polygenic scores and environment

Figure 3 presents the proportion of variance in behavior problems
explained jointly by the GPS and environmental factors (G+E) and
the variance explained by the interaction between them (GxE) after
controlling for G+E. Details of the multiple regression results are
presented in Supplementary Table 5.
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The joint G+E prediction in Figure 3 reflects the individual G
and E predictions shown in Figure 2. G and E together predict less
variance than the sum of variance explained by G and E separately
(Figure 2) because G and E are correlated (see Supplementary
Figure 1). The R* estimate of the joint effect of G and E discounts
the covariance between G and E.

The strongest G+E predictions are for hyperactivity/inatten-
tion. For the ADHD GPS and environmental risk factor, G and
E together predict 3.7% of the variance in hyperactivity/inattention
on average across the three ages. Similar results were obtained for
discipline (3.6%). For the other three Strengths and Difficulties
Questionnaire scales, the ADHD GPS and the environmental risk
factor jointly predicted 3% of the variance in conduct problems and
0.8% for both emotional symptoms and peer relationship prob-
lems. Again, the neuroticism GPS was less predictive.
Neuroticism GPS and environmental risk jointly predicted 2.3%
of the variance for hyperactivity/inattention, 2.1% for conduct
problems, 0.9% for emotional symptoms, and 0.7% for peer rela-
tionship problems. Results for the discipline factor were similar:
2.1% for hyperactivity/inattention, 1.6% for conduct problems,
0.5% for emotional symptoms and 0.4% for peer relationship prob-
lems. No developmental trends were apparent.

GXE results are also shown in Figure 3. The most striking aspect
of Figure 3 is how little variance is predicted by GxE beyond the
joint effects of G and E. The proportions of variance explained
by G+E as well as GxE are listed in Supplementary Table 4.
Tests of significance from analysis of variance are presented in
Supplementary Table 5. Overall, 12 of the 48 tests of GXE were
nominally significant (p < .05). Eight of these significant GXE tests
involved the ADHD GPS. However, the significant GxE that pre-
dicted the most variance, the ADHD GPS and the discipline factor
predicting conduct problems at age 12, only accounted for 0.4% of
the variance. Because the variance explained by GxE is less than our
power to detect GXE (0.5%), caution is warranted until these inter-
actions are replicated. No developmental trends emerged.

Figure 4 plots these 12 significant GxE interactions in 2x2
analyses in which children were selected in the +-/- 1 SD quadrants
of G and E. Analysis of variance results for these 2x2 analyses are
included in Supplementary Table 6.

The 2x2 plots generally show main effects of G and E but only
hint at GxE. Eight of the 12 main effects for G were significant and,
in each case, the high G group had more behavioral problems than
the low G group. Ten of the 12 main effects for E were significant
and there were more behavioral problems in the high E group than
the low E group. However, for GxE, only three of the 12 analyses
yielded significant GxE, even though these 12 comparisons were
selected because they yielded significant GXE in the continuous
analyses (Supplementary Table 5). In these three cases, as well
as most of the other GxE, the GXE were ordinal and of the diath-
esis-stress type. That is, stressful environments exacerbated genetic
risk for behavior problems. For example, in the significant GXE in
the upper left-hand corner of Figure 4, high parental discipline at
ages 3 and 4 predicted more hyperactivity/inattention problems at
age 9 primarily for children with high GPS scores for hyperactivity.

Discussion

To illustrate issues involved in GxE analysis, we explored GxE in
the prediction of teacher ratings of behavior problems at ages 7, 9
and 12 from parent reports of children’s environments at ages 3
and 4. We found significant but modest GXE with no developmen-
tal trends across childhood. Although one quarter (12 of 48) of our
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Figure 2. Variance explained by G (ADHD and neuroticism GPS) and E (environmental risk and discipline factors) predicting teacher-rated hyperactivity/inattention (a), conduct
problems (b), emotional symptoms (c) and peer relationship problems (d) at ages 7, 9 and 12.

GXE tests were significant, the largest GXE effect accounted for only
0.4% of the variance. This GXE was an example of ordinal diathesis-
stress interaction in that the difference in conduct problems
between children with high and low ADHD GPS scores at age
12 was greater for children whose parents were high in discipline,
as shown in Figure 4. That is, children with high ADHD GPS scores
showed disproportionately more conduct problems when their
parents were disciplinarians.

The average effect size of all 12 significant GxE is 0.2%, which
represents 50% power for a nominal p value of 0.05. Because our
sample size provides substantial power to detect “large” GxE effects
that account for 1% of the variance (Duncan & Keller, 2011), we
can safely exclude the possibility of GXE accounting for more than
1% of the variance for these measures of E, G and behavior prob-
lems at these ages in our sample. Smaller GXE effects could be use-
ful in understanding causal pathways between G and E (Gotz et al.,
2021), but they are of limited utility from the perspective of pre-
diction. The goal of prediction is to account for as much variance
as possible without regard for explanation; the goal of explanation
is to deduce causality, usually without regard for prediction
(Shmueli, 2010; Yarkoni & Westfall, 2017). Although causal
explanation will remain the long-term goal for psychology, predic-
tion has immediate practical utility for identifying individuals at
risk and is a necessary first step towards explanation (Plomin &
von Stumm, 2021). One example is the success of genomic research
after candidate-gene analyses were supplanted by hypothesis-free
GWA analyses. Polygenic scores flourished because they are
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constructed to maximize the prediction of a target trait. Another
example for the value of prediction without explanation is artificial
intelligence in which machine learning explicitly eschews explanation.

When G and E are combined to predict behavior problems
(Allegrini et al., 2020), they predict less variance than the sum
of their individual predictions because G and E indices correlate.
For example, the ADHD GPS and discipline factor correlate 0.14
and 0.16, respectively, with teacher ratings of hyperactivity/inat-
tention at age 7 (see Supplementary Figure 1). The sum of the
square of these correlations (0.05) exceeds the R? from the multiple
regression (0.04) because R* adjusts for the correlated effect of G
and E on the trait. GE correlation is an important topic beyond the
scope of this article (Krapohl et al., 2017); its relevance to GxE is
that it is necessary to control for the correlation between G and E in
GxE analyses (Keller, 2014), which is what the multiple regres-
sion does.

The potential for identifying ordinal GXE depends on the effect
sizes of G and E (Duncan & Keller, 2011). For this reason, a larger
issue that emerges from our results is that the effect sizes of our G
and E predictors of behavior problems are modest. The strongest E
predictor was the environmental risk factor predicting hyperactiv-
ity/inattention at age 9, although this prediction accounted for only
2.7% of the variance. The strongest G predictor, the ADHD poly-
genic score predicting hyperactivity/inattention at age 7, accounted
for 2.0% of the variance.

Much recent research has been directed towards increasing the
effect size of polygenic score predictions. Different methods for



1822

(@)

| apHD eps

] [ Neuroticism GPS

Environmental risk -H

Discipline | =

Environmental risk - —»

TEIRE:

Discipline o

Environmental risk -3—.
Discipline *3—.

@a"é‘@@'é”@“q"&o’”o"c"

Q7 07 07 Q7 97 ©F

Q7 Q7 @7 Q7 @7

ge
hyperactivity/inattention

Age 9
hyperactivity/inattention

Age 12
hyperactivity/inattention

(¢ |

ADHD GPS

I I Neuroticism GPS

Environmental risk -3
Discipiine (@)

Environmental risk -a
Discipline - (@)
Environmental risk -3

Discipiine - (@)

°8 63 83

Age 7
Emotional symptoms

Age 9
Emotional symptoms

Age 12
Emotional symptoms

S L] H >
Q@ Q'Q 69 0('3 Q'QP “9 BSP 09 Q'ﬁ Qg Q('}h Q@

Robert Plomin et al.

(b) [ soroars | [ Neuroto

sm GPS

Environmental risk '9—. 9—.
Discipline -3—-—‘ 9—-—.

Envi nal risk-o @ H

Age 7
conduct problems

Age 9
| L conduct problems
DiscwplineH ‘9—.
Envi val risk (= )] = ) "
ge 12
- conduct problems
Discipline < 3—.
e 5, T a', G+E
o° a-& B@ o Q{-goagp o o cs@ o o

() cxE

(d) I

ADHD GPS

J { Neuraticism GPS

@ Total variance

Environmental risk -3'
Discipline < {0

Environmental risk -3
Discipline ‘3

Environmental risk -3

Discipline -l

Age 7
peer relationship problems

Age 9
peer relationship problems

Age 12
peer relationship problems

Figure 3. G-+E and GxE prediction of teacher-rated hyperactivity/inattention (a), conduct problems (b), emotional symptoms (c) and peer relationship problems (d) at ages 7, 9

and 12.

5.07
25+
0.0+ ————— = =

251

‘Year 9 hyperactivity/inattention

50+

Discipline
50/

251

0.07

<251

Year 9 conduct problems

-507
< Q
@
N »
Environmental risk

507
251
0.0+

251

Year 12 conduct problems

501
o
K ,>§
Environmental risk

Year 9 conducl problems Year 7 conduct problems

Year 12 conduct problems

5.0°

25+

00+

25+

50-

50

25+

0.0-

25

50

5.0¢

257

0.0-

25

5.0-

o
s

5
4
-

Discipline

>

Discipline

é

Discipline

Year 7 emotional symptoms

Year 12 peer relationship problems

Year 12 hyperactivityfinattention

5.0 5.0-
25- é 25-
8
13
-t T
0.0- ———— 3 00-
H
8
o
25: T 251
]
2
5.0- -5.0-
9
& 5
Environmental risk
5.0 5.0¢
§
25 g 25
@
T
0.0+ —— 5 0.0
K
E
3
25 ~-25
]
i
5.0 5.0
Q
R 5
Environmental risk
5.0 50-
§
1 255
25 825
@
il T
0.0- e m— 5 0.0-
3
E
3
25 @25
§
>
5.0 -5.0-
O
& K

Environmental risk

ADHD GPS extremes

— 1] SD

-1SD

i ———

Neuroticism GPS extremes

+1SD
-1SD

&

~ a

&

&

~ »

2
Discipline

Figure 4. Significant GxE interactions in 2x2 analyses of extreme (+/- 1 SD) ADHD GPS, neuroticism GPS and environmental factor scores. Solid line = 41 SD for GPS; dashed line =

-1 SD for GPS.

constructing polygenic scores have not had much effect (Allegrini
et al,, 2019; Pain et al., 2020), but using multiple polygenic scores
improves prediction of cognitive traits (Allegrini et al., 2020;
Grotzinger et al., 2019; Krapohl et al., 2018) and behavior problems
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(Gidziela et al., 2021). By far the most effective boost to predictive
power has come from increasing the sample sizes of GWA studies
so that they are powered to detect small effect sizes of individual
DNA variants. For example, the most predictive polygenic score
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in the behavioral sciences is based on GW A analyses of educational
attainment (years of education). The predictive power of this poly-
genic score in independent samples not included in the GWA
study increased from 2% with a GWA sample of 125,00
(Rietveld et al., 2013) to 3% with a sample size of 294,000
(Okbay et al., 2016) to more than 10% with a sample size of 1.1
million (Lee et al., 2018) to about 14% with a sample size of 3 mil-
lion (Okbay et al., 2022).

GWA samples for behavior problems are a long way from these
sizes. At present, the most powerful polygenic score predictor of
behavior problems is derived from a GWA analysis of 20,000 diag-
nosed ADHD cases and 35,000 controls (Demontis et al., 2019).
This ADHD polygenic score, used in the current study, predicted
5.5% of the liability variance (Nagelkerke’s R? for analysis of cases
versus controls) in an independent sample (Demontis et al., 2019).
On the other hand, the polygenic score for neuroticism that was
also used in our study was derived from a GWA analysis with a
sample size of nearly 330,000 adults but predicted only 2.8% of
the variance of self-reported neuroticism in an independent sample
(Luciano et al.,, 2018). These earlier findings on out-of-sample pre-
diction of polygenic scores align with our results that the ADHD
polygenic score predicted hyperactivity/inattention (1.8%) better
than the neuroticism polygenic score predicted emotional prob-
lems (0.4%).

For environmental measures, less effort has been directed
towards increasing — or even noticing — predictive power. Much
environmental research, and psychological research in general, still
focuses on statistical significance rather than effect size (Funder &
Ozer, 2019). Despite a century of research on environmental pre-
dictors of psychopathology, surprisingly little can be concluded
about prediction effect sizes. For example, even for the most well
studied disorders of schizophrenia and especially bipolar disorder,
it is not possible to say how much variance in liability can be pre-
dicted by environmental factors (Robinson & Bergen, 2021).
Studies that have examined the combined prediction of multiple
environmental risk factors on the development of behavioral prob-
lems point to their weak effect size. For example, a study across
four large European cohorts showed that perinatal factors (family
SES, maternal drinking and smoking during pregnancy, maternal
stress, breast-feeding, and gestational age) accounted for less than
1.5% of the variance in aggressive behavior in childhood and ado-
lescence (Malanchini et al., 2020).

The fundamental problem for prediction is that environmental
research has nothing remotely comparable to the genetic code in
DNA sequence or the technological advance of SNP chips that
assess millions of DNA variants quickly, accurately, and inexpen-
sively. A comparison between the genome and what could be called
the environome is instructive (von Stumm & d’Apice, 2022). In the
genome, millions of inherited differences in DNA sequence have
been identified and their tiny individual associations with a trait
can be summed to create polygenic scores. Another huge advan-
tage of polygenic scores as predictors is that they do not change
after conception because SNPs are inherited DNA variants. This
is why a polygenic score derived from a GWA of adult psychopa-
thology can be usefully applied to investigate psychopathology in
childhood, as in our study. In contrast, for the environome, there is
no fundamental unit of transmission and the environome changes
throughout development.

Pushing the analogy with DNA further, much environmental
research is still anchored in the “candidate environment” stage,
with researchers looking for a few reasonable factors, like parent-
ing, that are assumed to have major effects on children’s outcomes.
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But what if, like genetics, environmental influences involve thou-
sands of miniscule effects? It has been argued that it is unrealistic to
expect large effects for psychological phenomena (Gotz et al,
2021). One way to increase effect size is to aggregate small effects
(Funder & Ozer, 2019), which was key to the success of polygenic
scores. For example, environmental risks across events and across
time have long been used as cumulative risk indices in developmental
research (Rutter, 1981; Widaman, 2021). But what environmental
variables should be included such composites? As a parallel to the
SNP chip, it has been suggested that digital technologies could be used
to collect naturalistic observations in real time, “capturing the envi-
ronome across levels, dimensions, and time in unprecedented depth
and detail” (von Stumm & d’Apice, 2022, p. 6).

More fundamental issues about assessing the environment go
beyond the scope of this paper. For instance, what is the environ-
ment and what is its relationship to experience? Much discussion
about environmental assessment assumes that the environment is
“out there,” passively imposed on children. This view suggests that
what might be most important is children’s active construction of
their experience (Plomin, 1994), but this is not usually assessed by
current environmental measures. Supporting this perspective is a
recent study showing that subjective rather than objective mal-
treatment in childhood predicted psychopathology later in life
(Danese & Widom, 2020).

Another issue is that genetic research has shown that environ-
mental influences on behavior problems are not shared by children
growing up in the same family, called nonshared environment
(Plomin, 2011). This important clue about the salient environmen-
tal influences has not yet been used in the construction of current
measures of the environment. In the present study, we took a step
in this direction by considering environmental measures that were
to some extent specific to each twin separately from measures that
are the same for all children in the family, such as SES. However,
using available environmental measures that can differ between
children in a family is a long way from environmental measures
designed to maximize experiential differences between siblings
(Daniels & Plomin, 1985).

Children’s active construction of their experience might also
explain why environmental influences on behavior problems are
experienced differently by children growing up in the same family
as events are filtered through their unique constellation of percep-
tions, cognitions, and emotions. Active construction of experience
could result in nonshared environments that are largely idiosyn-
cratic and stochastic (Plomin, 2018).

Ultimately what will be needed are large-scale collaborations,
along the lines of GWA consortia, that can reach the statistical
power needed to detect small effects of G, E and their interplay.
GWA consortia could be a practical way to begin by incorporating
environmental measures in large biobanks that already have GWA
genotype data, especially new longitudinal cohorts that could track
developmental changes in the environome (von Stumm & d’Apice,
2022). The difficult trade-off will be between quality and depth of
environmental assessments versus the need for very large samples.

Increasing the power of G and E to predict behavior problems is
valuable in itself for the field of developmental psychopathology. It
might also eventually lead to the identification of robust GxE.

Supplementary material. The supplementary material for this article can be
found at https://doi.org/10.1017/50954579422000931
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