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Abstract Considerable effort has been devoted to establish genotype by environment interaction (G  E) in case
of unmeasured genetic and environmental influences.
Although it has been outlined by various authors that the
appearance of G  E can be dependent on properties of the
given measurement scale, a non-biased method to assess G
 E is still lacking. We show that the incorporation of an
explicit measurement model can remedy potential bias due
to ceiling and floor effects. By means of a simulation study
it is shown that the use of sum scores can lead to biased
estimates whereas the proposed method is unbiased. The
power of the suggested method is illustrated by means of a
second simulation study with different sample sizes and
G  E effect sizes.
Keywords Genotype by environment interaction 
Heterogeneous measurement error  Item response theory 
Sum scores  Twin studies

Introduction
Genotype by environment interaction (henceforth referred
to as G  E) in its conceptual sense means either that
different genotypes respond differently to the same environment or that some genotypes are more sensitive to
changes in the environment than others (Cameron 1993;
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Martin 2000; Sorensen 2010). In the last decade, the
assessment of G  E has received increasing attention in
twin and family studies (Dick 2011). Various studies have
found evidence for the presence of G  E. In the context of
educational achievement, Friend et al. (2009) report an
interaction between high reading ability and the education
of the parents: The heritability of high reading ability was
higher for twins when parents were less well educated.
Another well-known finding is that heritability of cognitive
ability varies with socioeconomic status (Turkheimer et al.
2003; Harden et al. 2006). G  E seems also present for
non-cognitive traits . To name a few examples, G  E has
been found in the development of depression (Hicks et al.
2009; Lau and Eley 2008; Brendgen et al. 2009), physical
and mental health (Johnson and Krueger 2005; Faith et al.
2004; Kim-Cohen et al. 2006) and antisocial behavior
(Caspi et al. 2002; Cadoret et al. 1983; Tuvblad et al.
2006). Arguably, G  E is an important phenomenon in
complex behavioral traits.
Twin data can be used to investigate the interaction
between genotypes and different environmental variables.
Often, however, specific environmental variables are not
directly measured. Therefore, methods to assess G  E in
the case that both genes and environment feature as latent
(i.e., unmeasured) variables are needed. A well-known
method proposed by Jinks and Fulker (1970) uses data of
monozygotic (MZ) twins. Letting T1 and T2 denote MZ
twin scores, Jinks and Fulker (1970) showed that a correlation between the absolute difference between two twins
within a pair (jT1  T2 j, .i.e., a proxy for variance due to
environmental influences) and the sum score of a twin pair
(T1 þ T2 , i.e., a proxy for variance due to genetic influences) suggests the presence of G  E.
van der Sluis et al. (2006) proposed an alternative
method, using MZ twin data and an exponential function to
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model G  E (cf. SanChristobal-Gaudy et al. 1998).
Molenaar et al. (2012) extended this work by including
dizygotic (DZ) twin data and modeling G  E for both
shared and non-shared environmental variance separately.
Furthermore, they extended the univariate approach to a
multivariate approach.
G  E in Case of Heterogeneous Measurement Error
There is however a problem in the assessment of G  E
that is not tackled by any of the above mentioned methods.
In a behavior genetics study, one is typically interested in
the origins of observed variance in a phenotypic trait. To
this end, often a number of items is presented to respondents. Next, the subject’s sum score on the items is computed, assuming that the unweighted summed score can be
treated as a proxy for the trait. The variance of the computed sum scores is then decomposed into a number of
variance components. In a so-called AE model the variance
is decomposed into parts due to additive genetic (A) and
unique environmental (E) influences, whereas the so-called
ACE decomposition also estimates variance due to common environmental (C) influences (Jinks and Fulker 1970).
However, variance decomposed as due to unique environmental influences does not only capture environmental
influences but also measurement error (see e.g. Loehlin and
Nichols 1976; Turkheimer and Waldron 2000). Moreover,
the amount of information a test (i.e., a set of items) gives,
varies for different levels of the phenotypic latent variable,
so that measurement error variance is not homogeneous
across the scale (see also Lord 1980; Embretson and Reise
2009). For example, while existing IQ tests usually show
little measurement error variance for average students,
scale scores for high performing students can be very
unreliable because of little information provided by only a
few very difficult items. Another example comes from
clinical scales. If both affected and healthy individuals are
assessed with for example a depression scale that contains
many extreme items, scale scores may be very reliable for
highly depressed participants but very unreliable for healthy controls. In extreme situations such as for high performing students and healthy controls, this leads to ceiling
and floor effects, respectively. In case of a ceiling effect a
large proportion of subjects receives the highest possible
test score, whereas in case of a floor effect a large proportion of subjects receives the lowest possible test score
(Lewis-Beck et al. 2004), leading to smaller individual
differences at the lower (floor effect) or upper (ceiling
effect) end of the measurement scale. This leads to a
skewed sum score distributions, which in turn can result in
the finding of spurious G  E.
Let us illustrate this with a simple example. Suppose one
is interested in the genetic and environmental influences on
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high general cognitive ability (g). To this end, a psychometric cognitive test is administered to MZ and DZ twin
pairs selected based on their high school performance.
Following the method proposed by Jinks and Fulker (1970),
the absolute differences between the test scores within MZ
pairs are regressed on the sum of these scores to identify
possible G  E. However, in case of a ceiling effect, the test
is too easy for the most able twins and most of them will get
the highest possible test score, resulting in smaller score
differences within highly able twin pairs than within average or less able twin pairs. Twins with a higher sum score
seem more alike. In other words, spurious G  E can be
expected. In a variance decomposition this results in a lower
proportion of variance explained by unique environmental
influences for highly able twins than for average or low
performing twins. Various authors have tried to draw
attention to this potential bias. Eaves et al. (1977) were the
first to outline issues and misconceptions surrounding
genotype by environment interaction, among other issues
stressing the sensitivity of G  E to properties of the
measurement scale. This notion has been accentuated by
various different authors since then (Martin 2000; van der
Sluis et al. 2006; Eaves 2006; Molenaar et al. 2012).
With the increasing attention to G  E and various
articles warning for spurious G  E due to scale effects, it
is surprising that no method has been proposed yet that
assesses G  E that deals with heterogeneous measurement
error. Due to spurious G  E, one cannot rely on the
validity of research findings concerning G  E. Replication
of findings means little, because the same artifacts of a
scale may apply to multiple studies. Likewise, a failure to
replicate may imply nothing other than the use of a different scale of measurement (Eaves 2006). It is evident that
there is the need for a method that can tackle the problem
and assess G  E in case of heterogeneous measurement
error without bias.
Towards a Solution
Heterogeneous measurement error can be accounted for by
explicitly modelling the properties of a scale. This can be
done by incorporating an Item Response Theory (IRT)
measurement model into the variance decomposition. In IRT
models, item scores depend not only on a person’s trait level
(e.g. intelligence), but also on the properties of the items that
were administered (e.g. difficulty). van den Berg et al. (2007)
extended the usual AE/ACE variance decomposition with an
IRT measurement model. They showed that the simultaneous estimation of an IRT measurement model and a biometric model produced unbiased estimates for heritability
coefficients and dominance genetic variance, unlike the sum
score approach. Also the proposed method by Molenaar et al.
(2012) incorporated a measurement model. They linked
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observed item variables first to the underlying construct
using a linear factor model and then (in the biometric part of
the model) decomposed the phenotypic variances into parts
due to additive genetic, common environmental and unique
environmental influences. Heteroscedastic residual variances were incorporated in the measurement model to
account for possible measurement problems at the level of
the observed variables. This led to the absorption of possible
floor and ceiling effects and poor scaling effects in the
residuals, while the effects of actual genotype by environment interaction were detected in the latent biometrical part
of the model. As a factor model was used, the approach is
limited to continuous data and cannot be used for dichotomous items (e.g. scored as correct/false). This limitation can
be overcome by the combination of an IRT measurement
model and a biometric model.
Here, we propose a method that extends the van den Berg
et al. (2007) model for dichotomous and polytomous data
with a G  E interaction effect. Simulation Study 1 illustrates that the method is superior to the sum score approach,
in that the sum score approach leads to spurious G  E,
whereas parameter estimates are unbiased with the proposed method. The statistical power of the suggested
method to detect actual G  E is illustrated with Simulation
Study 2 using different G  E effect sizes and sample sizes.

Biometric Model
The so-called ACE model decomposes observed variance
in a phenotypic variable, denoted as r2P , into parts due to
additive genetic influences (r2A ), common shared environmental influences (r2C ) and unique environmental influences (r2E ).
In case of G  E, part of the variance due to E varies
systematically with additive genetic effect A. Therefore,
the E variance component has to be portioned into an
intercept (environmental variance when A ¼ 0) and a part
that is a function of A, resulting in a variance of r2E that is
different for each individual j:
r2Ej ¼ expðb0 þ b1 Aj Þ

ð1Þ

where b0 denotes the intercept and b1 is a slope parameter
that reflects G  E. G  E is modeled as a (log)linear effect,
meaning that the non-shared environmental variance component is larger at either higher or lower levels of the
genotype (e.g. larger individual differences). The direction
of the effect depends on the sign of the slope parameter. The
exponential function is used to avoid negative variances (see
also SanChristobal-Gaudy et al. 1998; Bauer and Hussong
2009; Hessen and Dolan 2009; van der Sluis et al. 2006). To
take into account the properties of the measurement scale, an

IRT measurement model is integrated into the biometric
model.

Measurement Model
Whereas in the sum score approach item difficulties are
ignored, the IRT approach uses the difficulty of each item as
information to be incorporated into the scaling of individual
test performance. The probability for a correct answer on
item k for individual j is then modelled as a function of the
difference between the individual’s latent trait score hj and
the item difficulty parameter bk . A well-known IRT model is
the so called one-parameter logistic model (1PLM), also
known as the Rasch model (Rasch 1960). In this model, the
odds of passing an item, expressed as the ratio of the number
of successes to the number of failures, is modelled using a
natural logarithm function (Embretson and Reise 2009):
lnðPjk =ð1  Pjk ÞÞ ¼ hj  bk

ð2Þ

The 1PLM is suitable for dichotomous data, as for example
data collected from ability tests where item responses are
commonly scored correct/false. In the 1PLM, all items are
assumed to have the same correlation (factor loading) with
the underlying latent trait. That is, all items discriminate
equally well between the various levels of the latent trait. It
is also possible to estimate factor loadings that differ across
items (in the IRT framework referred to as discrimination
parameters ak ), which turns the 1PLM into a two-parameter
model (2PLM) (see e.g. Embretson and Reise 2009). Furthermore, there are several IRT models that are suitable for
ordered categories, as for example Likert scale data (see
e.g. Samejima 1970; Masters 1982; Embretson and Reise
2009). In this paper, the 1PLM was used, but extension to
other models is straightforward. In case of the 2PLM model
for example, the equation changes to:
lnðPjk =ð1  Pjk ÞÞ ¼ ak ðhj  bk Þ

ð3Þ

which results in only minor adaptations of the script
(described in the next section) used in this article (see
Appendix 1). In order to identify the scale, the discrimination
parameter for the first item, a1 , can to be fixed to one.
Extension to polytomous items is straightforward by applying the method illustrated by van den Berg et al. (2007).

Incorporation of the Measurement Model
into the Biometric Model
van den Berg et al. (2007) showed that, in order to take full
advantage of the IRT approach, both the IRT measurement
model and the variance decomposition model have to be
estimated simultaneously, using a so called one-step
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approach. However, as this procedure is computationally
burdensome, widespread methods of estimating variance
components through structural equation modelling reach
their computational limit. van den Berg et al. (2007)
illustrated that Bayesian statistical modelling with Markov
chain Monte Carlo (MCMC) estimation can be a good
alternative. In a Bayesian analysis, statistical inference is
based on the joint posterior density of the model parameters, which is proportional to the product of a prior probability and the likelihood function of the data (see e.g. Box
and Tiao 1972). When analytically deriving the posterior
distribution is difficult or impossible, Gibbs sampling
(Geman and Geman 1984; Gelfand and Smith 1990; Gelman et al. 2004) can be applied. Here, the MCMC estimation was implemented in the freely obtainable MCMC
software package JAGS (Plummer 2003). The JAGS script
can be found in the Appendix 1. The script can also be used
in the free software package WinBUGS (Lunn et al. 2000).
As in Eaves and Erkanli (2003) and van den Berg et al.
(2006, 2007), a Bayesian parameterization of the ACE
model was used that only uses univariate distributions. The
model is presented for MZ and DZ twins separately.
MZ twins: For each MZ twin pair i a normally distributed common environmental effect was assumed that is the
same for both twins:
Ci  Nðl; r2C Þ

ð4Þ

where l denotes the population mean. Under the assumption that MZ twins have identical genotypic values, the
conditional distribution for familial effect Fi for each MZ
pair i, given the common environmental effect Ci , is
normal:
Fi  NðCi ; r2A Þ

ð5Þ

To arrive at the additive genetic effect, the common
environmental effect has to be subtracted from Fi :
Ai ¼ Fi  Ci

ð6Þ

The ACE variance decomposition of the latent variable hij
is complete if we have for individual j of MZ pair i:
hij  NðFi ; r2E Þ

ð8Þ

Simultaneous with the biometric model above, the latent
phenotype hij appears in the 1PL IRT model for observed
item data Y (see Eq. 2):
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Yijk  BernoulliðPijk Þ

ð9Þ

DZ twins: As for MZ twin pairs, a normally distributed
common environmental effect is assumed that is the same
for both twins (see Eq. 4). While the total genetic variance
is the same for DZ and MZ twins, the genetic covariance in
MZ twins is twice as large as in DZ twins, assuming random mating. To model a genetic correlation of 0.5 for DZ
twins, first a normally distributed familial effect F0 is
assumed with variance 12 r2A (cf. Jinks and Fulker 1970):


1
F0i  N Ci ; r2A
ð10Þ
2
Then, for each individual twin j from DZ pair i a normally
distributed effect F1 is modeled that includes the Mendelian sampling term:


1
F1ij  N F0i ; r2A
ð11Þ
2
so that that F1ij includes the effect of both common environmental and additive genetic influences. To obtain the
additive genetic effect, the common environmental effect
has to be subtracted from F1 :
Aij ¼ F1ij  Ci

ð12Þ

Similar to Eq. 7 for MZ twins, the ACE decomposition is
complete with
hij  NðF1ij ; r2E Þ

ð13Þ

with the difference that the additive genetic effect is different for each twin. To incorporate G  E into the model,
r2E has to be portioned into different parts, similar to Eq. 8
(MZ pairs). Doing so results in an estimate of r2E that is
different for each individual twin:
r2Eij ¼ expðb0 þ b1 Aij Þ

ð14Þ

Again, simultaneous to the ACE decomposition the latent
phenotype hij appears in the 1PLM IRT part of the model
(see Eq. 9).

ð7Þ

To introduce G  E, the twin pair i specific error variance,
r2Ei , reflecting unique environmental influences, has to be
portioned into an intercept and a scale parameter (see Eq.
1), resulting in a variance of r2E that is different for each
twin pair i:
r2Ei ¼ expðb0 þ b1 Ai Þ

lnðPijk =ð1  Pijk ÞÞ ¼ hij  bk

Prior Distributions
With a Bayesian approach, prior distributions have to be
made explicit. We use inverse gamma distributions for the
additive genetic variance and the common environmental
variance (r2A  InvGð1; 1Þ, r2C  InvGð1; :5Þ). These distributions were chosen because they are both flexible and
conjugate. In Bayesian probability theory, a prior is called
conjugate when the probability distribution of the prior and
the posterior distribution have similar forms (in this case
the gamma distribution). This results in convenient
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ability studies with gifted students. To give an idea of the
severity of the skewness, the distributions of the simulated
sum scores of all DZ twins are displayed in Fig. 1 for both
scenarios. Furthermore, the three different methods for
estimating skewness proposed by Joanes and Gill (1998)
were used to determine non-normality of the distributions.
In the first scenario, the different methods resulted in values in the range ½0:630; 0:632 and in the second scenario in
the range ½0:434; 0:435.
In both scenarios the item parameters were assumed
known in the analysis as this is the case for many existing
tests, such as educational tests and in computer-adaptive
testing. The simulated data was analysed on the basis of the
sum scores approach and on the basis of the suggested
method. In the sum score approach, sum scores were calculated from the simulated item data and re-scaled so that
they had a mean of 0 and variance 1. This was done to
make results of both approaches comparable with respect
to the prior distributions. For both approaches, the same
prior was used for the population mean ðl  Nð0; 10ÞÞ. The
data was then analyzed with the same JAGS script as in the
appendix but without the IRT part.
The simulations were carried out using the software
package R (R Development Core Team 2013). As an
interface from R to JAGS, the rjags package was used
(Plummer 2013). After a burn-in phase of 7,000 iterations,
the characterisation of the posterior distribution for the
model parameters was based on an additional 12,000 iterations from 1 Markov chain. This choice was based on
previous test runs with multiple chains and computing
Gelman and Rubin’s convergence diagnostic (Gelman and
Rubin 1992). All test runs with these numbers of iterations
resulted in values \1.02. The average posterior means of
the model parameters for all replicated data sets were
calculated, the standard deviation of posterior means, as
were the means of all posterior standard deviations. The
mean of the posterior standard deviations can be interpreted as the Bayesian analog of the standard error.

sampling, speeding up the estimation process. The prior for
the intercept and the slope parameter can be assumed
normal (b0  Nð0; 1Þ, b1  Nð0; 10Þ), resulting in relatively
and reasonably flat priors in this particular application with
IRT models. When item parameters are known, the population mean can be estimated, which can also be given a
normal prior distribution (l  Nð0; 10Þ).

Simulation Study 1
To illustrate that the sum score approach can lead to the
finding of spurious G  E whereas the proposed method is
unbiased, a simulation study was conducted. One hundred
datasets were generated consisting of 360 DZ twin pairs
(72 % of total N) and 140 (28 % of total N) MZ twin pairs.
This particular ratio was chosen as it approximately reflects
the ratio of MZ and DZ twins in European twin registers.
Additive genetic variance was assumed 0.5, common
environmental variance was assumed 0.3 and unique
environmental variance, expðb0 Þ, was set to 0.2. The data
was simulated without any G  E (b1 ¼ 0) and a population mean of 0 for the twins (l ¼ 0). The 1PLM was used
to simulate responses to 60 dichotomous items resulting in
a scale with a Cronbach’s alpha of 0.90. The data was
simulated under two different scenarios. In the first scenario, item parameters were simulated from a normal distribution with a mean of 1 and a standard deviation of 1 to
mimic a test with relatively difficult items resulting in a
slight floor effect for the distribution of sum scores. In the
second scenario, item parameters were simulated from a
normal distribution with a mean of 1 and a standard
deviation of 1 to mimic a relatively easy test resulting in a
slight ceiling effect. The first scenario resulted in a situation that is often encountered in psychopathology studies: a
positively skewed sum score distribution. The second
scenario resulted in a negatively skewed sum score distribution, a scenario that can be encountered in cognitive
Fig. 1 Distribution of the sum
scores of the DZ twins as
simulated in Simulation Study 1
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Simulation Study 2

Results

A second simulation study was conducted to determine
the sample size necessary to find G  E in twin data with
the suggested method. As in the first simulation study, the
simulated data consisted of DZ (72 % of total N) and MZ
(28 % of total N) twin pairs. Additive genetic variance
was assumed 0.5, the intercept, expðb0 Þ, was set to 0.2,
the population mean to zero and common shared environmental variance was assumed 0.3. The magnitude of G
 E, b1 , was varied. The 1PLM was used to simulate
responses to 60 dichotomous items resulting in a scale
with a Cronbach’s alpha of 0.92. The item parameter
values were simulated from a normal distribution with a
mean of 0 and a standard deviation of 1 and assumed
known in the analysis. To estimate the power to detect G
 E, item data were simulated with different sample sizes
ðN ¼ 500; N ¼ 1; 000; N ¼ 2; 000 twin pairs) and different values for b1 . Effect size of the G  E interaction was
defined as the factor with which the environmental variance component increases for an individual with an
additive genetic effect of Ai ¼ rA relative to b0 , and will
be henceforth referred to as D. To illustrate this, consider
an effect size of D = 1.1. The environmental variance for
a person with an additive genetic effect equal to rA can
then be computed as

Simulation Study 1

r2Ei ¼ expðb0 þ b1 Ai Þ
D ¼ expðb1 rA Þ
b1 rA ¼ lnðDÞ
b1 ¼ lnðDÞ=rA

ð15Þ

pﬃﬃﬃﬃﬃﬃﬃ
resulting in 0.22 (¼ 0:2  expð0:13  0:5ÞÞ. The slope
parameter b1 then has to be equal to  0.13
pﬃﬃﬃﬃﬃﬃﬃ
(¼ lnð1:1Þ= 0:5). With an effect size of D = 1.5, b1 is
equal to  0.57 and the environmental variance at Ai ¼ rA
is equal to 0:2  1:5 ¼ 0:3.
Each condition was repeated 100 times with a different
G  E effect size (D ¼ 1:00; D ¼ 1:30; D ¼ 1:50 and
D ¼ 1:70). To estimate the power, the 95 % highest posterior density (HPD, see e.g. Box and Tiao 1972) interval
was determined for each parameter. Power was defined as
the percentage of simulations in which the 95 % HPD
interval did not contain zero.
As in Simulation Study 1, the simulations were carried
out using the software package R (R development core
team 2013). After a burn-in phase of 7,000 iterations, the
characterisation of the posterior distribution for the model
parameters was based on 12,000 iterations from 1 Markov
chain. The average posterior means of the model parameters for all replicated data sets were calculated, the standard
deviation of posterior means, and the means of all posterior
standard deviations.
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The true parameter values, the average posterior means,
and the mean of posterior standard deviations (averaged
over 100 replications) are reported in Table 1 for the first
scenario.
In the first scenario, a slight floor effect was mimicked,
resulting in a positively skewed sum score distribution. It
can be seen that the sum score analysis approach resulted in
biased parameter estimates. Both genetic variance and
common environmental variance were underestimated
whereas the intercept (environmental variance when
A ¼ 0) was overestimated. The sum score approach
resulted in an average slope parameter of b1 ¼ 1:05,
pﬃﬃﬃﬃﬃﬃﬃﬃﬃ
reflecting an effect size of D ¼ expð1:05  0:43Þ  2:00.
In the second scenario, a slight ceiling effect was
mimicked, resulting in a negatively skewed sum score
distribution. Since the second scenario is the mirror image
of the first scenario, the parameter estimates were the same
but in the opposite direction (b1 = 1.08). To save space,
results of the second scenario are not tabulated.
Simulation Study 2
The power estimates for the slope parameter b1 can be
found in Table 2. All power estimates for r2A ; r2C and
expðb0 Þ were equal to 1.00 in all conditions, and are
therefore not tabulated. The true parameter values, the
average posterior means and the average posterior standard
deviations can be found in Table 3.
It can be seen that the estimated values are very close to
the true values. The power to find G  E in the base-line
scenario without any effect (D ¼ 1:00) is close to 5 % for
N ¼ 1; 000 and N ¼ 2; 000. Under the simulated scenario,
there is good power to detect an effect size of 1.7, even
with only 500 twin pairs.
Table 1 Scenario 1: The average posterior means (SD) averaged over
100 replications
True value

Sum scores

IRT

r2A

0.50

0.43 (0.05)

0.48 (0.09)

0.07

0.09

r2C

0.30

expðb0 Þ

0.20

b1

0.00

0.22 (0.05)

0.32 (0.08)

0.06

0.08

0.26 (0.02)

0.20 (0.03)

0.03

0.04

1.05 (0.15)

0.03 (0.27)

0.18

0.28

Second line: Mean of posterior standard deviations

0.13
0.02
0.04
0.05
0.18
0.02
0.06
0.07
0.12
Second line: Mean of posterior standard deviations. N refers to the number of twin pairs

0.02
0.04
0.05
0.12
0.04
0.05

0.02

0.18

0.75
(0.14)
0.20
(0.02)

0.03
0.06

0.30
(0.05)
0.50
(0.05)

0.07
0.19

0.55
(0.16)
0.20
(0.03)

0.02
0.06

0.30
(0.05)
0.50
(0.07)

0.07
0.18

0.38
(0.11)
0.20
(0.02)

0.02
0.06

0.01
(0.13)

0.30
(0.04)

0.07

0.50
(0.05)

0.18

0.20
(0.02)

0.02
0.06

0.31
(0.05)

0.07

0.49
(0.05)
N = 2,000

0.18

0.74
(0.16)
0.20
(0.03)

0.03
0.06

0.30
(0.05)
0.50
(0.07)

0.07
0.27

0.58
(0.15)
0.20
(0.03)

0.04
0.08

0.32
(0.06)
0.48
(0.07)

0.09
0.19

0.37
(0.18)
0.21
(0.02)

0.02
0.06

0.30
(0.05)
0.48
(0.06)

0.09
0.24

0.02
(0.19)
0.20
(0.02)

0.03
0.06

0.31
(0.06)
0.49
(0.07)

0.08

N = 1,000

0.21
(0.03)
0.32
(0.07)
0.48
(0.08)
0.55
(0.24)
0.21
(0.03)
0.32
(0.07)
0.48
(0.08)
0.41
(0.28)
0.20
(0.03)
0.31
(0.07)
0.50
(0.07)
0.02
(0.24)
0.31
(0.06)
0.48
(0.08)

0.21
(0.03)

0.75
0.20
0.30

N = 500

expðb0 Þ
r2C
r2A

D ¼ 1:50

b1
expðb0 Þ
r2A

r2C
D ¼ 1:30

r2C

expðb0 Þ

b1
D ¼ 1:00

r2A

Table 3 The average posterior means (SD) averaged over 100 replications

The aim of this paper was twofold: To illustrate the spurious finding of G  E due to properties of the measurement instrument and to show that the incorporation of an
explicit measurement model into the variance decomposition can remedy this potential bias.
In Simulation Study 1, two different scenarios were
simulated, mimicking a floor and a ceiling effect. It was
shown that the sum score approach in both cases leads to
the spurious finding of G  E. This is in line with various
publications stressing the sensitivity of G  E to scale
properties (Eaves et al. 1977; Martin 2000; Eaves 2006;
Molenaar et al. 2012).
Note that in case of a floor effect the sum approach
resulted in positive spurious G  E, whereas a ceiling
effect evoked negative spurious G  E. This intuitively
makes sense. In case of a ceiling effect, a large number of
twins get the highest possible test score, resulting in
smaller intra-pair differences at the top of the measurement
scale. It seems as if the twins at the top of the measurement
scale are more similar than the rest of the sample. In the
analysis, this is captured as spurious negative G  E:
Proportion of variance explained by unique environmental
influences decreases with increasing test score. In case of a
floor effect, a large number of twins get the lowest possible
test score. This results in the exact opposite effect.
In Simulation Study 1, only slight floor and ceiling
effects were simulated, such as is often observed in real
data. This shows that it is realistic to find spurious effects
with the magnitude observed in the simulated data. These
results imply that the G  E analysis based on sum scores
is very sensitive to scaling issues. Note that the sum score
approach does not result in bias when the distribution is not
skewed. A simulation study was conducted to show this.
One hundred datasets were generated under the same
condition as in Simulation Study 1 but with a symmetric
sum score distribution (i.e., an expectation of 0 and a
standard deviation of 1 for the item parameters). This
resulted in an unbiased average posterior mean for b1 of
0.03 with a standard deviation of 0.24.
We chose to illustrate the finding of spurious G  E due
to properties of the measurement scale by mimicking a

b1

Discussion

r2A

D ¼ 1:70

r2C

N refers to the number of twin pairs

0.50

1.00

0.57

0.99

1.00

0.20

0.92

0.92

0.30

0.57

0.07

0.50

0.07

N = 2,000

0.37

N = 1,000

0.20

0.81

0.30

0.57

0.50

0.48

0.00

0.03

0.20

N = 500

0.30

D ¼ 1:70
b1

0.50

D ¼ 1:50
b1

True
value

D ¼ 1:30
b1

expðb0 Þ

D ¼ 1:00
b1

b1

Table 2 Estimated power to find G  E for different sample sizes

0.74
(0.26)
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floor and a ceiling effect. It is important to realize that the
problem is however not limited to this situation. A floor or
ceiling effect is only an extreme case of a test that does not
measure different trait levels equally well. Spurious G  E
can also be expected when no floor or ceiling effect has
been detected in the data but the distribution is skewed.
Although it is of course desirable to make tests more
reliable (e.g. adding more difficult items to lower measurement error for highly able students), this does not solve
the problem. In practice, tests that discriminate uniformly
over the whole range of a trait (e.g. ability) simply do not
exist (see also Eaves 1983). Constructing a test with reasonably homogeneous measurement error would involve
making a test with a lot of easy items and a lot of difficult
items, and no items in between. Such a test might perhaps
not result in spurious G  E, but it does not provide a lot of
information either, and is therefore not very attractive
psychometrically.
Here we proposed to incorporate an explicit measurement model into the variance decomposition in order to
remedy potential bias. Molenaar et al. (2012) used a different approach, proposing the incorporation of a linear
factor model into variance decomposition. As a linear
factor model assumes normally distributed residuals, the
linear factor model is inappropriate for categorical variables in general and for binary variables in particular
(Bartholomew 2008). Therefore, the method by Molenaar
et al. (2012) is limited to continuous data and not suitable
for dichotomous or polytomous items. As dichotomous
items are often used in ability tests (scored as right/wrong),
the incorporation of a measurement model suitable for
dichotomous data is relevant for every research field that
uses twin data and ability tests to assess G  E (e.g.
research in giftedness or educational achievement). In
addition, the incorporation of IRT models for polytomous
items is straightforward (see e.g. Samejima 1970; Masters
1982; Embretson and Reise 2009). van den Berg et al.
(2007) show how k polytomous items with m response
categories can be transformed into k  ðm  1Þ dummy
items that can be used in a model for dichotomous items, so
our method can also be applied to polytomous items
without altering the JAGS script.
Simulation studies 1 and 2 showed that the proposed
method does not find any spurious G  E and recovers the
true values for the model parameter very well. In addition,
Simulation Study 2 showed that the statistical power of the
method is sufficient given that large samples are often
available from twin registries. Only in case of a very small
effect size, one needs 2,000 twin pairs to find G  E. Note
that the simulated effect sizes are all smaller than the effect
size of the spurious effect that was found when the sum
score approach was used. As it is very common in behavior
genetic studies to see data with a distribution as simulated

123

in Simulation Study 1 (see Fig. 1), the power of the model
seems to be good for G  E effects that can be observed in
real data. The results of the power study however apply
only to the simulated conditions. The power to detect G 
E might be different for traits with a different etiology and
studies with a different sample composition.
In all analyses, the item parameters were assumed
known. This is the case in, for example, large-scale educational assessment situations (see e.g. Veldkamp and Paap
2013) and in computer adaptive testing (e.g. assessment of
quality of life, see e.g. Reeve et al. 2007; Nikolaus et al.
2013). It is straightforward for alternative applications to
estimate item parameters as well (see van den Berg et al.
2007). A reasonable approach would in most cases be to use
independent standard normal distributions as priors for the
difficulty parameters (e.g. Nð0; 10Þ). With item parameters
unknown, the population mean for the individuals is best
fixed to 0, and this makes an expectation of 0 for the item
parameters appropriate. A variance of 10 makes the prior
relatively and reasonably flat. Of course, additionally estimating difficulty parameters will affect power, but only
slightly. If the model is extended with varying factor
loadings that need to be estimated (discrimination parameters), power will be affected more severely. Reasonable
priors to use would be lognormal with expectation 0 and
variance 10. The lognormal distribution constrains the
discrimination parameters to be positive. Note that in order
to fix the scale, one of the item discriminations should be
fixed to 1. For more details, see van den Berg et al. (2007).
In this paper, we focused on variance decomposition in
the case that environmental variables are unmeasured. The
finding of spurious G  E due to scale properties is however not limited to this situation. Spurious G  E can also
arise in case of measured environmental variables. In that
situation, measurement error might not only appear at the
level of the latent trait but also in the measurement of the
environmental variables. Therefore, the method has to be
extended to include measured environmental variables as
well in future research. Simulation studies have to be
conducted to ensure that the extended model is identified
and does not result in bias.
This article furthermore focused on G  E only for
unique environmental variance. We did not consider any
interaction between genetic influences and common environmental influences (G  C) as in Molenaar et al. (2012).
We feel doing both would be theoretically tricky as common environmental influences do not necessarily have to
be different from unique environmental influences: the
distinction is made to allow for the possibility that environmental influences are correlated in twins. How this
correlation comes about is for many phenotypes still
unknown. The reason that we focused here on the unique
environmental influences is because these include all kinds

Behav Genet

of measurement error and it is therefore particularly this
component that can cause spurious findings related to scale.
Finally, in the present paper, G  E was modelled as a
linear effect on the log scale. There is however also the
possibility that G  E arises as curvilinear effect (as e.g.
modeled by (van der Sluis et al. 2006; Molenaar et al.
2012). Whereas a linear effect on the log scale implies that
the effect of the environment is stronger at either higher or
lower levels of the genotype (e.g. greater intra-pair differences), a curvilinear effect allows for the possibility that
the effect of the environment is stronger at both extreme
levels of the genotypic values. In a third simulation study,
the proposed model was extended with a curvilinear effect
and the power of the model was estimated. Although the
power of the model was satisfactory, there was a bias in the
estimation of the curvilinear effect. Incorporation of a
curvilinear effect seems more complicated and more
research is needed to extend the suggested method to
include a curvilinear effect as well.
A similar model as introduced in the present article has
been proposed in a paper by Molenaar and Dolan (2014).

That paper focuses on the same problem (spurious G 
E due to scale properties) but was developed independently. A nice feature of the Molenaar and Dolan paper
is the addition of additive genetic effects interacting
with shared environmental influences and modelling of
correlated residuals. In our view, a nice feature of our
own implementation in JAGS is that the estimation
time of the model is much faster and our parameter
recovery is very good: estimates are very close to the
true values. So, all in all, the present article and the
article by Molenaar and Dolan should be regarded
complementary.
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