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Multivariate genetic analyses of cognition and education from two population
samples of 174,000 and 121,000 school children

Abstract: The genetic influence on the association between contemporaneously
measured intelligence and academic achievement in childhood was examined in
nationally representative cohorts from England and The Netherlands using a whole
population indirect twin design, including singleton data. We identified 1,056 samesex and 495 opposite-sex twin pairs among 174,098 British 11 year-olds with test
scores from 2004, and, 785 same-sex and 327 opposite-sex twin pairs among 120,995
Dutch schoolchildren, aged 8, 10 or 12 years, with assessments from 1994 to 2002.
The estimate of intelligence heritability was large in both cohorts, consistent with
previous studies (h^2 = .70 ±.14, England; h^2 = .43 ±.28 to .67 ±.31, The
Netherlands), as was the heritability of academic achievement variables (h^2 = .51
±.16 to .81 ±.16, England; h^2 = .36 ±.27 to .74 ±.27, The Netherlands). Additive
genetic covariance explained the large majority of the phenotypic correlations
between intelligence and academic achievement scores in England, when standardised
to a bivariate heritability (Biv h^2 = .76 ±.15 to .88 ±.16), and less consistent but
often large proportions of the phenotypic correlations in The Netherlands (Biv h^2 =
.33 ±.52 to 1.00 ±.43). In the British cohort both nonverbal and verbal reasoning
showed very high additive genetic covariance with achievement scores (Biv h^2 = .94
to .98; Biv h^2 = .77 to 1.00 respectively). In The Netherlands, covariance estimates
were consistent across age groups. The heritability of intelligence-academic
achievement associations in two population cohorts of elementary schoolchildren,
using a twin pair extraction method, is at the high end of estimates reported by studies
of largely preselected twin samples.
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Abstract
The genetic influence on the association between contemporaneously measured
intelligence and academic achievement in childhood was examined in nationally
representative cohorts from England and The Netherlands using a whole population
indirect twin design, including singleton data. We identified 1,056 same-sex and 495
opposite-sex twin pairs among 174,098 British 11 year-olds with test scores from
2004, and, 785 same-sex and 327 opposite-sex twin pairs among 120,995 Dutch
schoolchildren, aged 8, 10 or 12 years, with assessments from 1994 to 2002. The
estimate of intelligence heritability was large in both cohorts, consistent with previous
studies (h2 = .70 ±.14, England; h2 = .43 ±.28 to .67 ±.31, The Netherlands), as was
the heritability of academic achievement variables (h2 = .51 ±.16 to .81 ±.16,
England; h2 = .36 ±.27 to .74 ±.27, The Netherlands). Additive genetic covariance
explained the large majority of the phenotypic correlations between intelligence and
academic achievement scores in England, when standardised to a bivariate heritability
(Biv h2 = .76 ±.15 to .88 ±.16), and less consistent but often large proportions of the
phenotypic correlations in The Netherlands (Biv h2 = .33 ±.52 to 1.00 ±.43). In the
British cohort both nonverbal and verbal reasoning showed very high additive genetic
covariance with achievement scores (Biv h2 = .94 to .98; Biv h2 = .77 to 1.00
respectively). In The Netherlands, covariance estimates were consistent across age
groups. The heritability of intelligence-academic achievement associations in two
population cohorts of elementary schoolchildren, using a twin pair extraction method,
is at the high end of estimates reported by studies of largely preselected twin samples.

Introduction
Intelligence test scores, and academic achievement measured at the same age
or older, correlate strongly (r > .60) in national samples of schoolchildren (Bartels et
al. 2002; Deary et al. 2007). The underlying causes of this association however are a
subject of current debate. This is for several reasons. Firstly, understanding the
distinction between constructs of intelligence and academic achievement is of
theoretical importance (Luo et al. 2003). Secondly, if intelligence is directly causal to
educational outcomes, and/or vice versa, this influences how their independent effects
on health and social outcomes (Calvin et al. 2011; Lleras-Muney 2005; Strenze 2007)
are modelled and interpreted in life course epidemiology (Deary and Johnson 2010;
Richards and Sacker 2011). Thirdly, the extent to which their association is
genetically or environmentally determined has real-life implications for education and
health policy (Petrill and Wilkerson 2000). In the past few decades, family-based
research largely on twins (Bartels et al. 2002; Petrill and Wilkerson 2000; Kovas et al.
2007; Thompson et al. 1991; Wadsworth et al. 1995; Wainwright et al. 2005), has
provided evidence that a significant proportion of the phenotypic association between
these two traits is due to genetic factors—as measured by genetic covariance.
However, such studies may risk sampling and measurement bias, questioning the
precision of their estimates. In the present study a whole population indirect twin
design method is used to quantify additive genetic and environmental effects on the
intelligence-education association using two very large contemporary European
cohorts with non-self-selected sampling.

General intelligence (or IQ or psychometric general intelligence, which is
usually abbreviated as g) is a highly stable and heritable trait (Deary et al. 2009).
Across all studies, additive genetic effects account for, on average, about half of the
variance in cognitive test scores (Devlin et al. 1997; Deary et al. 2006). These
estimates become higher when measurement bias is low (Plomin et al. 2009), and
with increasing age from childhood to adulthood. For example, in the largest twin
study to date, involving 11,000 twin pairs from four countries, heritability accounted
for 41% of cognitive test score variance among 9 year-olds, 55% among 12 year-olds,
and 66% of the variance observed in 17 year-olds. Shared environmental factors
accounted for 33%, 18% and 16% respectively (Haworth et al. 2010). These
concurrent trends are also reported by longitudinal childhood studies (Bartels et al.

2002; Kovas et al. 2007), and are evident for both verbal and nonverbal intelligence
(Hoekstra et al. 2007). In the present study, a Dutch cohort includes data from three
age groups, allowing us to consider this shift in genetic influence on intelligence over
time.
Academic achievement is a more recent subject for behaviour genetics among
general populations, but it too shows a significant heritable component. In the first
study of a representative sample, the variance due to additive genetic effects in agestandardised language and mathematics achievement scores of 6 to 12 year-olds was
40% (Kovas et al. 2007, using data from Thompson et al. 1991). Since then,
consistently high estimates have been reported from twin cohorts, with genetic
inheritance accounting for in the region of 50 to 70% variance in either: educational
years, achievement test scores, or attainment levels (Bartels et al. 2002; Kovas et al.
2007; Baker et al. 1996; Johnson et al. 2006).
Given the high correlation between intelligence and educational performance
in national cohorts, and the significant heritability on each trait, it was always likely
that, at least some genetic factors driving academic achievements, were shared by
those influencing intelligence trait variance (Martin 1975). To test this, multivariate
models using twin studies have produced estimates of the proportion of the
phenotypic correlation between two traits due to genetic factors and due to the shared
and non-shared environment respectively. In such studies genetic covariance
estimates have been high, explaining a majority of the phenotypic association. Among
190 Dutch twin pairs, bivariate models applied to educational test scores at age 12 and
IQ scores at ages 5, 7, 10 and 12 years (Bartels et al. 2002) observed additive genetic
covariance that increased with age (40%, 75% and 83% among 5, 7 and 9 year-olds
respectively), but became weaker again at age 12 (41%), with shared environment
mainly accounting for the remaining association. An Australian study of 17 year-old
students, including 256 monozygotic (MZ) and 326 dizygotic (DZ) twin pairs,
reported high additive genetic covariance between the Queensland Core Skills Test
and verbal and performance IQ scores; 72 and 75% respectively (Wainwright et al.
2005). However, the educational measure in this study may have been more aligned to
conventional intelligence tests of deductive and inductive reasoning than to tests of
educational curricula. Finally, the Twins‘ Early Development Study (TEDS) analysed
associations between teacher-rated academic attainment (in English, mathematics and
science) and intelligence test scores of nearly 5,000 MZ and DZ twin pairs born in

England and Wales between 1994 and 1996, each assessed at ages 7, 9, and 10 years
(Kovas et al. 2007). Phenotypic correlations between traits were moderate and
relatively stable over time (.37 to .41), and additive genetic covariance accounted for
between 63 and 90% of these associations, with shared environment explaining the
remaining covariance. Furthermore, these heritable effects were stronger among the
oldest (83 to 90%) relative to youngest children (63 to 73%).
It has therefore already been shown that additive genetic factors account for
the majority of the phenotypic association between childhood intelligence and
educational measures (at least from about 7 years), and that the degree of genetic
covariance may increase with age. However, particular issues of sampling and
measurement bias may limit the generalisability of these study estimates to general
populations including non-twins. Firstly, ratios of MZ to DZ twins are higher among
twin study volunteers, relative to the general population of twins, a factor which, if
not adjusted for, may significantly influence genetic effect estimates, most likely in
the direction of underestimation (Lykken et al. 1987). Secondly, the average cognitive
abilities of volunteers tend to be higher than in the general population, including in
twin samples (cf. Kovas et al. 2007; Rietveld et al. 2000; Thompson et al. 1991;
Wainwright et al. 2005); attrition in longitudinal studies also leads to higher ability
and socioeconomic groups. These factors can have the converse effect of inflating
heritability estimates (Turkheimer et al. 2003). The TEDS cohort reported attrition
rates at 9 and 10 years, and so it cannot be ruled out that the increased heritability
estimates with age in this study are in part influenced by of this form of self-selection
bias.
Different testing procedures for phenotypic measurement may also influenced
genetic covariance estimates. The TEDS study had available various methods to
measure intelligence at different ages, including a telephone interview at age 7 years,
parent-administered tests at 9, and internet-based tests aged 10. In the other
longitudinal study to report genetic covariance estimates, a different intelligence test
at ages 5, 7, and 10 years was used (Revisie Amsterdamse Kinder Intelligentie Test)
compared to the revised Wechsler Intelligence Scale for Children (WISC-R) at 12
years (Bartels et al. 2002). This may have contributed to the discordant result of an
increase in genetic covariance from age 5 to 10 years, and then a lower estimate at age
12. Although statistical adjustment can be made for sampling bias effects or weak
inter-method reliability, analysing genetic covariance among non-self-selected twins,

and using consistent methods of intelligence testing for investigating differential age
effects, can be a more direct and reliable approach (Luo et al. 2003).
In the present study we use a twin extraction method applied to two national
datasets from England and The Netherlands to remove the issue of self-selection of
twins. The method was used previously to estimate univariate heritability of
intelligence (Benyamin et al. 2005) and validated to a high level of accuracy
(Webbink et al. 2006). As this procedure also identifies individuals who are non-twins
(―singletons‖), we include their data to account for trait variability in the general
population—a method rarely employed in the twin design. In both samples, all
assessments of intelligence and academic achievement were group-administered
within schools; intelligence tests were well validated, and consistent measures were
used in the different Dutch age groups. Educational achievement was measured
according to the national curricula of each country. These factors may help to
minimise measurement bias in the present study. Given that both cohorts are at an age
of studying core school subjects only, variation in educational experience is also
minimised. Other factors that the two samples have in common—making possible a
valid cross-national comparison of intelligence-education genetic covariance—are:
their equivalent age; that they share similar academic achievement tests in language
and arithmetic; and, that they are both similarly large.
Additional to the main investigation of estimating genetic covariance between
intelligence and academic achievement scores among two large population cohorts,
we also use these novel data and methods to explore: (i) genetic components of
specific cognitive abilities in relation to different educational subject achievement
(British cohort only); and (ii) comparisons of these effect sizes in three age groups
(Dutch cohort only), given evidence for increasing genetic covariance with age
(Petrill and Wilkerson 2000).

Methods

British cohort

This cohort has been characterised in a previous report (Calvin et al. 2009). It
originates from a crosssectional linkage of routinely collected academic performance
data from the UK Government's Department for Children, Schools and Families, and

cognitive ability test data from 2004, maintained by a national school test provider
(GL Assessment). The participants were 178,599 11 year-old boys and girls (M = 11
years 2 months; SD = 3.5 months), from 1,531 state and specialist schools in England,
representing 93% of local education authorities. Intelligence performance was
measured in September to October 2004 using the age-standardised Cognitive
Abilities Test — Third Edition (CAT3) of verbal reasoning (VR), nonverbal
reasoning (NVR) and quantitative reasoning (QR) abilities (Smith et al. 2001). Using
principal components analysis a single unrotated general intelligence factor (g) was
extracted and retained for analysis. The subtest score loadings on g were as follows:
QR = .87; NVR = .85; VR = .8l. Academic achievement data were taken from
performance levels on Key Stage 2 curriculum tests in English, mathematics, and
science, routinely group-administered within schools, using pencil and paper tests,
during May 2004. The whole battery lasted five and a half hours (Directgov 2011).
These tests were designed to ensure that government targets for educational standards
are met in England and Wales. Each individual had a rating from 2 to 5 recorded for
each subject, reflecting raw scores in the ranges: <21, 21-26, 27-32, and >32
respectively. These ratings were used as educational achievement scores in the
analysis. A single educational factor score was extracted from principal components
analysis, accounting for 75% of the total score variance. This score was retained for
analysis. The subject score loadings on this general educational factor were as
follows: English =
.86; mathematics = .89; science = .89).

Dutch cohort

This cohort has been described in detail in a previous publication (Webbink et al.
2008). It derives from the longitudinal PRIMA Survey, which aims to answer
questions about educational strategies and performance in primary education in The
Netherlands (Driessen et al. 1994; Driessen et al. 2004). We have incorporated data
from the first five waves of the survey, which took place biannually from 1994 to
2002, and included ~60,000 pupils per wave. The PRIMA project targets a panel of
~600 schools at a time, stratified so that pupils from lower socioeconomic
backgrounds are over-sampled. Measures of school performance and cognitive ability
are administered to all pupils in grades 4, 6 and 8, corresponding to ages 8, 10 and 12

years. A minority of schoolchildren were included in more than one wave, so that in
the present study, ~24% of those tested in grade 4 were also tested in grade 6 and, of
these, ~7% were again tested in grade 8. The performance scores we have selected
from this study are: general intelligence (IQ), as measured by two tests of nonverbal
reasoning―specifically selected to minimise bias by socioeconomic status (Webbink
et al. 2006); and educational achievement scores in arithmetic (AR) and language
(LA). Inter-method reliability among the same tests at different ages are reflected in
high within-subject correlations among sub-samples who were tested at more than one
wave. Intraclass correlations are: IQ, .63 to 74, language, .62 to .76 and arithmetic,
.70 to .83. While in the present study analyses are conducted separately for each age
group, this evidence for reliability justifies a comparison of genetic estimates between
the groups.

Twin identification

In the British dataset twin status was allocated if two individuals matched on
surname, date of birth, and school ID. Eighty-eight individuals were removed because
they were identified as triplets or quadruplets (for example, when more then two
individuals matched on all three criteria), and the rest were assigned singleton status.
Twins constituted 1.8% of the present study‘s cohort of singletons and twins from
England—a somewhat smaller proportion than the 2.5% of individuals born as twins
among total numbers of twins and singletons born in England and Wales in 1993
(Dunn and Macfarlane 1996), which may be due for example to members of a twin
pair attending different schools or a cotwin being absent on the day of testing.
A similar method of twin identification was adopted in the Dutch data
(Webbink et al. 2008), with ‘year of survey’ as a fourth matching variable due to the
multiple-wave design. In The Netherlands in 1990 the proportion of individuals born
as a twin among twin and singleton births was approximately 2.7% (Imaizumi 2003).
In our cohort, twins constituted 2.0% of 8 year-olds, 1.8% of 10 year olds, and 1.6%
of 12 year olds, again showing a somewhat lower representation compared to national
statistics. It is comparable with the lower rate we observed in our English data.

Statistical Analyses

The intelligence and education data were screened for missing data and
normality, and assessed for univariate and bivariate outliers. This was done per age
group in the Dutch cohort. If a member of a twin pair was excluded due to missing or
outlier scores, their cotwin was also removed. As the British educational data showed
negative skew, scores of 2 were recoded as 3. Univariate outliers were values beyond
3 SD from the mean, and bivariate outliers were detected if Mahalanobis distance was
equal or higher of the critical value of 13.82 (df = 2, p < .001). The reduced sample
sizes appear in Tables 1 and 2.
Descriptive statistics and phenotypic correlations were produced using PASW
Statistics 17.0.3. Phenotypic correlation coefficients were first calculated for the total
cohorts, and then repeated, with the exclusion of one member from every designated
twin pair, so that each data point was entirely independent. ASReml Release 3.0
software (Gilmour et al. 2009) was used to estimate variance components and genetic
and environmental effects in univariate and multivariate linear mixed models with the
restricted maximum likelihood method (Visscher et al. 2004). Without known
zygosity in the present study‘s data, variance components for opposite-sex (OS) and
same-sex (SS) twin pairs were derived instead of those for DZ and MZ twin pairs (see
Benyamin et al 2005; Scarr-Salapatek 1971; Visscher et al 2004). This method uses
the knowledge that all OS twins are DZ and depends on the assumption that twice the
proportion of OS twins is the proportion of DZ in the population1. Essentially the
estimated proportions of covariance between twin pairs, attributed to additive genetic
(A), shared environment (C), and unique environment (E) effects (Neale & Cardon
1992), are weighted by the estimated proportion of MZ twins among SS pairs
(pMZSS), calculated with the formula2:
MZSS

OS

OS

p

p

p

where OS p is the proportion of OS twins among total twin pairs
In the present study‘s Dutch and British datasets these parameter estimates were 0.58
(averaged across age groups) and 0.53 respectively. These are based on estimates of
1

This assumption is based upon the further assumption of a 1:1 sex ratio and equal
survival, stemming from Weinberg‘s differential rule (Weinberg 1901)
2

Scarr-Salapatek (1971)

the proportion of MZ twins among total twin pairs of 36.2% in England and 40.6% in
The Netherlands, which can be compared to national statistics of 35.8% and 34.6%
respectively, reported by Imaizumi 2003. In linear models sex and age were entered
as fixed effect variables, as was year of test in the models using Dutch data, to take
out variation due to systematic effects. Given the inclusion of singleton data in the
present study (unusual for a standard ACE twin design), the variables pair and SS pair
were entered as random (latent) effects. The variable pair was a unique identifier
assigned to each individual in the data unless it was shared by a member of a twin
pair. The variable SS pair was also a unique identifier given to each individual unless
shared by a member of a SS twin pair:
y = μ + pair + SS pair + residual
with var(y) = var(pair) + var(SS pair) + var(residual)

In terms of covariances between twin pairs this implies:

cov(SS pair) = var(pair) + var(SS pair)
cov(OS pair) = var(pair)

The estimated variance components are therefore linear functions of the covariances
of the SS and OS twin pairs, and their expectations are:
E[var(SS pair)] = cov(SS pair) – cov(OS pair)
E[var(pair)] = cov(OS pair)

Models of the underlying variance components in the population (e.g., A, C
and E) are linear combinations of the covariances of SS and OS pairs, and therefore
linear combinations of the estimated variance components.
In post-analytic procedures, variance components from REML were
transformed and weighted using pMZSS to estimate variation due to additive genetic
(h2), shared environment (c2) and unique environment (e2) effects among individual
traits. These estimated parameters and the transformed and weighted cross-trait
variance components were then used to estimate genetic covariance between traits
(Biv h2)—the proportion of their phenotypic correlation due to additive genetic

factors (or the ratio of genetic to phenotypic covariance)—as well as covariance due
to shared environment (Biv c2) and unique environment (Biv e2) effects. Sampling
variances were calculated from a first order Taylor series of the likelihood function
about the maximum likelihood estimates. Appendix C presents the formulae used in
the post-analytic procedures.

Results

Comparison of singletons, opposite-sex (OS) twins and same-sex (SS) twins

Negligible differences were observed in the means and SDs of singletons, oppositesex twins and same-sex twins on all cognitive and educational variables, in both the
British and Dutch datasets (see Tables 1 and 2). These findings are consistent with
previous reports from these two cohorts comparing singletons and total twin pairs
(Calvin et al. 2009; Webbink et al. 2008).

Univariate models

Tables 1 and 2 include the intra-class correlations for OS and SS twin pairs; that these
were higher for SS pairs, which would include all MZ twins and some DZ twins from
the total sample, compared to OS twins who were all DZ, indicates additive genetic
influences on all academic and intelligence variables. This was confirmed by the
univariate estimates of additive genetic and environmental effects (see Figure 1). In
the British dataset g was strongly heritable at age 11 (h2 = .70 ±.14―which herein
denotes the estimate and standard error). Verbal and nonverbal reasoning scores
showed higher heritability estimates (h2 = .79 ±.14, and .70 ±.16, respectively) than
quantitative reasoning scores (h2 = .50 ±.15). The Dutch data support evidence that
additive genetic effects on intelligence test performance increase with age, in our
study from 8 years (h2 = .43 ±.23) to 12 years (h2 = .67 ±.31). The data show an
unexpectedly low heritability estimate at age 10 years (h2 =.24 ±.29), with a larger
influence of shared environmental effects (c2 =.29 ±.04) than might be expected
given the existing literature.
Academic achievement in England‘s 11 year-olds was strongly influenced by

additive genes, and the heritability estimate for the education factor score (h2 = .75
±.14) was equivalent to that of the intelligence factor, g. Among specific academic
subjects, English was most strongly influenced by additive genetic effects (h2 = .81
±.16), followed by mathematics (h2 = .66 ±.16) and science (h2 = .51 ±16). In Dutch
schoolchildren, language achievement showed greatest additive genetic influence in
the younger cohort (h2 = .74 ±.27), compared to ages 10 and 12 (h2 = .43 ±.29; .53
±.31, respectively); of the effect remaining, unique environmental influences were
more important than shared environment. Arithmetic performance was largely
heritable at 8 and 10 years (h2 = .67 ±.27; .73 ±.29 respectively), and unique
environment explained the remaining variance. At age 12, additive genetic effects
were relatively less important (h2 = .36 ±.27), and shared environment was more
influential than at younger ages (c2 = .35 ±.04).

Multivariate models

Phenotypic correlations between all cognitive and academic performance
variables, in both the British and Dutch cohorts, were all positive and statistically
significant (p < .05), with effect sizes larger in England (r = .52 to .84) compared to
The Netherlands (r = .36 to .47) where the magnitude of associations were consistent
across different ages. For example, at ages 8, 10 and 12, IQ-language correlations
were r = .38, .36 and .36, and IQ-arithmetic correlations were r = .44, .47, and .47,
respectively. On the other hand, correlations between the two academic subjects in
The Netherlands showed a slight increase with older age groups: r = .43, .50 and .55,
respectively.
Intelligence was more strongly associated with arithmetic achievement
compared to language achievement in both national cohorts. Bar heights in Figure 2
indicate the phenotypic correlations for each cohort. In England, high genetic
correlations with low standard errors were observed between cognitive subtest scores
and academic attainments (rG = 0.58 to 0.97) (see Table 3). Correlations of shared
environmental effects were markedly high for some cross-trait pairings, for example
of verbal reasoning with mathematics and science (rC = 0.86 ±.36; 1.0 ±.29,
respectively), and quantitative reasoning with these two subjects (rC = 1.00 ±.32; 1.00
±.33). By contrast, shared environment correlations were low for nonverbal reasoning
with mathematics and science achievements (rC = 0.05 ±.90; 0.24 ±.59, respectively),

although in these latter models the standard errors were high.
A substantial proportion of the intelligence-education phenotypic correlations
in the England cohort were due to additive genetic influence, indicated by high
genetic covariances (Biv h2) in the range 0.53 to 1.00, with standard errors of between
0.13 and 0.21 (see Figure 2). These were consistently high between verbal reasoning
and academic achievements (genetic covariance, Biv h2 = 0.77 to 1.00), as well as
nonverbal reasoning and the achievement scores (Biv h2 = 0.94 to 0.98). Where
environmental effects influenced phenotypic associations between quantitative
reasoning and academic achievement, shared environment was somewhat more
important in explaining the relationship (shared environment covariance, Biv c2: 0.22
to 0.34), than was the unique environment (Biv e2: 0.08 to 0.14).
Table 4 shows the genetic correlations between intelligence and academic
performance scores in The Netherlands. Genetic correlations between IQ and
language, and IQ and arithmetic, were moderate across all ages (rG = 0.31 to 0.58),
with the exception of the cross-trait genetic correlation between IQ and language at
age 8, which was higher and more consistent with the UK data (rG = 0.82). An
unexpected finding was that whereas shared environment correlations for IQ and
educational attainment were negligible at 8 years and 12 years, among 10 year-olds
they were high, albeit with very large standard errors (rC = 0.74 ±0.56 for language;
1.79 ±3.02 for arithmetic).
Figure 2 shows the genetic and environmental covariance estimates from the
Dutch cohort. To consider the age 8 and 12 year data only for a moment, these show
that the language-IQ phenotypic associations were largely explained by additive
genetic effects at both ages (Biv h2 = 1.00 ±.43 and 0.92 ±.59 respectively). Additive
genes also explained the majority of the phenotypic association between arithmetic
and IQ within these age groups (Biv h2 = 0.63 ±.51 at age 8; 0.64 ±.42 at age 12), and
the remainder was explained more by the shared than the unique environment (Biv c2
= 0.30 and 0.20; Biv e2 = 0.07 and 0.16 respectively). In contrast, at age 10, shared
environment was more influential than additive genetic effects on the IQ and
education phenotypic association (Biv h2 = 0.33 ±.52, Biv c2 = 0.49 ±0.38 for
language; Biv h2 = 0.36 ±.38, Biv c2 = 0.45 ±.28 for arithmetic).

Discussion

The main aim of this study was to report on genetic and environmental influences on
associations between intelligence test scores and academic achievement scores in two
large, nationwide samples of schoolchildren. While this is a relatively well-researched
hypothesis in the behaviour genetics literature, the sampling method is novel in this
context, providing cross-trait estimates using data on non-self-selected twin pairs and
including trait distributions of singletons. Further to eliminating self-selection bias,
the testing procedures for our variables were consistent across age groups, showing
good reliability. These methods give confidence when generalising estimates to
national populations. The substantial cross-trait heritabilities in England and
The Netherlands we report are consistent with the two most comparable previous
studies of similarly aged children (Bartels et al 2002; Kovas et al 2007) and a third
study of older children (Wainwright et al. 2005), in which pre- and/or self-selection of
twin pairs may have increased genetic estimates. A strong additive genetic influence
on intelligence and academic achievement associations is indicative of a more
fundamental cognitive trait that is genetically influenced, and which drives a
substantial proportion of the association between the two rather than, for example,
individual differences in educational opportunity causing variance in intelligence test
performance. Some evidence suggests that processing speed might be a reliable
indicator of this low-level antecedent trait (Luo et al. 2003; Luciano et al. 2001),
although in one study this variable shared a lower genetic correlation with academic
achievement relative to other cognitive ability tasks, including memory and spatial
reasoning (Thompson et al. 1991). We also found that shared environment explained
most of the remaining variance in England and The Netherlands, that is, for the
associations between g (or IQ) and academic subject achievements, replicating
previous studies‘ results (Bartels et al. 2002; Kovas et al. 2007; Wainwright et al.
2005).
We found some lower genetic covariances, albeit with larger standard errors,
in the Dutch relative to British cohorts. There may be several explanations for this.
One influence might be that the CAT-3 intelligence test used on the British cohort
was designed to minimise demand on verbal skills (Smith et al. 2001), making it a
less culturally-biased intelligence indicator, and thus perhaps optimising the
heritability estimates. An additional explanation for the relatively lower estimates in
the Dutch cohort may be in its stratified sampling that increased representation of low

socioeconomic groups in the PRIMA Survey—particularly as lower heritability
estimates for intelligence have been reported in these groups (Turkheimer et al. 2003).
Nevertheless, there was notable consistency across the two cohorts‘ equivalent age
groups; for example, in the additive genetic covariance estimates of intelligence with
language and arithmetic/mathematics respectively, among 12 year-olds in The
Netherlands and 11 year-olds in England. Another consistency was the greater
additive genetic influence on intelligence-language associations, relative to
intelligence-arithmetic associations, which is reported in the existing literature (Luo et
al. 2003; Kovas et al. 2007).
The different age groups of the Dutch schoolchildren provided the opportunity
to consider changes in the magnitude of additive genetic influence on intelligenceeducation associations from age 8 to age 12, albeit using cross-sectional inference.
Despite a general trend for genetic covariance to increase with age (Bartels et al.
2002; Kovas et al. 2007; Petrill and Wilkerson 2000), one study reported a
considerable decrease in the genetic covariance from 10 to 12 years (Bartels et al.
2002). Our findings showed no significant change in genetic covariance estimates
between the youngest and oldest age groups, however, and again this may be because
their standard errors were typically very large. It has been suggested that an initial
increase in additive genetic influence at elementary school age may reflect emergent
functionality of higher level cognition or a transition from rote learning to more
complex academic engagement (Wainwright et al. 2005). Longitudinal twin studies
running into secondary education would help to demarcate the ages at which additive
genetic influences on intelligence-academic achievement associations shift in their
relative importance.
Among twin studies of the association between cognitive performance and
academic achievement, fewer have looked beyond a general intelligence score to
using more specific functional tests of cognition. In one study, performance on verbal,
spatial and memory tasks showed consistently high genetic correlations with language
and mathematics achievement scores, and a processing speed task showed a relatively
lower genetic correlation with academic achievement (Thompson et al. 1991). In
another, a higher genetic correlation between verbal IQ and achievement scores was
reported, relative to a performance IQ measure, although additive genetic effects
explained an equally high proportion of the phenotypic association in both cases
(Wainwright et al. 2005). In the present study‘s British cohort, very high genetic

correlations were observed between verbal reasoning and English language
achievement, and nonverbal reasoning with mathematics and science achievements,
which were greater than for other combinations of cognitive and academic variables.
However, consistent with Wainwright et al. (2005) we found equivalent and
consistently very high genetic covariances between all three subject-specific
achievement scores and nonverbal and verbal reasoning respectively. This may
further validate the proposition that additive genetic influences on a general cognitive
processing trait drive associations with educational achievements, and that the effect
of schooling in explaining variance in psychometric g, at least in primary school
education, is a weakened proposition (Luo et al. 2003). Although we were able to
look at performance on three distinct academic subjects in relation to specific
cognitive subtest scores, we were not on the other hand able to consider different
measures within academic subjects, which may differentially affect genetic
covariance estimates. For example, in a U.S. twin study of elementary schoolchildren
mathematical fluency and problem solving but not computational mathematics shared
genetic covariance with cognitive ability (Hart et al 2009). Studies such as this one, in
an expanding area of behaviour genetics research with increasing complexity of
multivariate models, include related performance measures such as reading, thereby
deriving more reliable heritability estimates for the associations between cognitive
ability and specific academic abilities once these covariates are controlled for. With
the population-level cohort data available to us in the present study however, specific
educational performance measures, and reading, could not be explored.
We minimised several key sources of potential error in our study, including
measurement bias (using well-standardised tests administered in the stable classroom
environment) and self-selection bias (random sampling from national cohorts).
However, our twin extraction method could have incurred error, although a validation
study reported a low risk of statistical bias using this method (Webbink et al. 2006).
Error that did occur was due to false negative rather than false positive detection.
Twins may have been under-detected in the present study (if for example, a cotwin
was absent on the day of testing, had missing data, or attended a different school),
particularly as we found a somewhat lower proportion of total twins in our samples
compared to national twin birth rates. This may compromise how twin populationrepresentative our two cohorts might be. However, false negatives would have had to
affect MZ twin pairs to a greater or lesser extent than DZ twins, in order to have

influenced our effect sizes, and there is little to indicate that this might have been the
case. Furthermore, our estimates of the proportions of MZ twins among total twin
pairs were similar to national birth statistics for the appropriate years (Imaizumi
2003), albeit there was a slight overestimation of the MZ twin proportion in the Dutch
cohort. A second potential source of error is the statistical approach, which is based
on further assumptions than traditional approaches where zygosity is known. In
particular, our heritability estimates were derived from variance components of OS
and SS twin pairs, weighted on the basis of statistical assumption. This was an
estimation of the proportion of MZ twins among SS pairs, based upon the
approximation that DZ twins represent two times the proportion of OS twins in the
population, and assumptions of a 1:1 sex ratio among DZ twin births and an
equivalent survival of male-male and female-female DZ twins. Furthermore, if there
are sex-specific covariance estimates then our results risk bias.
Without known zygosity we could not directly validate our twin extraction
method within the present study. An indirect method however is to look for
consistency between our univariate estimates of intelligence and education
heritabilities, with those from the existing literature, which we did find. In the present
study, Dutch heritability estimates for intelligence were consistent with previous
studies of similarly aged children (Bartels et al. 2002; Haworth et al. 2010; Kovas et
al. 2007). Our relatively low heritability estimate of intelligence in 10 year-old
schoolchildren, and a greater shared environment estimate compared to other age
groups, may be explained by large overlapping standard errors of these estimates. In
England, intelligence heritability was in the higher range of the existing literature, and
this may be due to the measure‘s effective removal of cultural bias. Conversely,
relatively lower heritability estimates in The Netherlands may have been affected by
the over-sampling of children from lower socioeconomic backgrounds in this study
cohort. Furthermore, different educational policies of The Netherlands and England
may also influence disparities between these two countries‘ heritability estimates. For
example, the relatively lower heritability of intelligence test performance in The
Netherlands may be influenced by a greater effort by that country‘s government to
create national equality in educational opportunities; Dutch schools receive additional
personnel and resources for every additional pupil they teach who is from a
disadvantaged background (Lindahl et al. 2007), which is likely to reduce genetic
effects on the performance of tests taken in the school setting. On academic

achievements, additive genetic effects on Dutch language were consistent with a
previous estimate from the CITO test (Bartels et al. 2002), and heritability estimates
of mathematics and science attainments in the British sample were compatible with
equivalent attainment scores in the UK TEDS study (Kovas et al. 2007). However, we
found additive genetic effects accounting for 81% of the variance in English
attainment compared to 60% in TEDS. The difference here may be that the present
study‘s education data were based on a nationally standardised test score, compared to
teacher ratings of scholastic achievement in the TEDS sample, which may have
incurred within-classroom effects.
We overcame some key caveats of interpreting additive genetic effect
estimates from ACE models (Neale 2009), including our use of large, non-preselected
and nationally selected datasets, and by incorporating singleton data in our models to
account for trait variability in the general population. However, there are limitations
of a standard twin design that the present study shares. Firstly, the analytic method
implicitly assumes that twin similarity due to common environmental effects is the
same for MZ and DZ twins. A second assumption is that the genetic correlation
between males and females is 1.0. Nevertheless, intelligence heritability estimates
reported by twin studies depending on these first two assumptions, have recently been
validated by the first genome-wide association study using biological samples of
unrelated adults, which found that genetic variation explained ~50% of individual
differences in fluid intelligence (Davies et al. 2011). Thirdly, and specific to an
analysis of twins where zygosity is unknown, is the assumption that among DZ twins
the effect of shared environment is the same for SS and OS twin pairs. In future,
biological samples collected from national twin registries will enable a more thorough
investigation of familial factors in the covariance between intelligence and academic
achievements (Kaprio 2011).Preliminary studies have so far suggested similar
chromosomal regions relating intelligence to reading (Luciano et al. 2006; Posthuma
et al. 2005) and educational performance (Wainwright et al. 2006). Such findings
would require replication however if they were to be validated, and a persistent
challenge to molecular genetics research is the need for massive databases to achieve
adequate statistical power in detecting small effects, of what are likely to be several
implicated genes (Fisch 2009).
Our observation of strong additive genetic covariance between intelligence
test scores and academic achievements in elementary schoolchildren, consistent with

estimates from self- and/or preselected twin samples, does not refute the position that
psychometric scores may be improved in response to specific educational
interventions (Petrill and Wilkerson 2000). However, in England and The Netherlands
where the school curricula are assessed by standardised tests, this scenario is not
evident. We found negligible change in the strong effects of additive genes on
intelligence-education associations with age, at a period when children move from
elementary to secondary schooling.
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