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Abstract

Executive functions (EFs) and intelligence (IQ) are phenotypically correlated. In twin studies, 

latent variables for EFs and IQ display moderate to high heritability estimates; however, they 

show variable genetic correlations in twin studies spanning childhood to middle age. We analyzed 

data from over 11,000 children (9-10-year-olds, including 749 twin pairs) in the Adolescent Brain 

Cognitive Development (ABCD) Study to examine the phenotypic and genetic relations between 

EFs and IQ in childhood. We identified two EF factors — Common EF and Updating-Specific — 

which were both related to IQ (rs = .64-.81). Common EF and IQ were heritable (53-67%), and 

their genetic correlation (rG = .86) was not significantly different than 1. These results suggest that 

EFs and IQ are phenotypically but not genetically separable in middle childhood, meaning that 

this phenotypic separability may be influenced by environmental factors.
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Executive functions (EFs) are higher-order cognitive abilities that help regulate thoughts 

and behavior (Diamond, 2013; Friedman & Miyake, 2017). EFs are related to multiple 

behavioral outcomes, and are transdiagnostic correlates of psychopathology (Best, Miller, 

& Naglieri, 2011; Engelhardt, Briley, Mann, Harden, & Tucker-Drob, 2015; Friedman et 

al., 2020; Harden et al., 2019; Snyder, Friedman, & Hankin, 2019; Snyder, Miyake, & 

Hankin, 2015; Young et al., 2009). Although moderately to highly correlated, the variance 

common to multiple EFs (a Common EF factor) and intelligence (IQ) are distinguishable, 

with respect to their correlations with other measures (Blair, 2006; Brydges, Reid, Fox, & 

Anderson, 2012; Demetriou et al., 2014; Friedman et al., 2006; Kane & Engle, 2002), and 

their patterns of genetic and environmental influences (Engelhardt et al., 2015; Friedman 

et al., 2016; Haworth et al., 2010; Tucker-Drob, Briley, & Harden, 2013; Van Soelen et 

al., 2011). The genetic correlation between Common EF and IQ varies across studies, 

particularly across age groups (Engelhardt et al., 2016; Friedman et al., 2008; Gustavson 

et al., 2018), raising the question of whether this correlation may be higher in younger 
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samples. In this study, we examined the shared genetic influences on EFs and IQ in the 

Adolescent Brain Cognitive Development (ABCD) Study, a longitudinal study on health 

and brain development across adolescence that includes over 10,000 singletons and twins 

(Garavan et al., 2018; Iacono et al., 2018; Jernigan & Brown, 2018; Volkow et al., 2018), 

to evaluate whether patterns found in older samples hold in this sample of 9-10-year-old 

children.

Latent variables are unobserved variables that are estimated by statistically extracting 

the variance shared between measures thought to be influenced by the construct (Kline, 

2015). Latent variable models are particularly advantageous when studying EFs because 

latent variables do not include random error variance and task-specific effects (i.e., “task 

impurity”). Task impurity may be particularly problematic in EF tasks, because EFs are 

by definition high-level cognitive processes that control lower-level processes, so any EF 

task must include lower-level processes (e.g., word reading, categorization, visual tracking) 

that could also lead to individual differences in performance (Miyake et al., 2000). Because 

latent variable extract common variance across tasks, when those tasks differ in these lower­

level processes, the common variance excludes these task-specific factors, and excludes 

random measurement error, which would not correlate across tasks. The elimination of 

random measurement error and task-specific effects often leads to stronger correlations 

between latent EF variables compared to correlations between individual EF tasks (Miyake 

et al., 2000, Friedman & Miyake, 2017).

The most commonly examined EFs in latent variable studies are inhibiting prepotent 

responses, working memory capacity and updating, and shifting between mental sets 

(Miyake et al., 2000). These EF factors are correlated, but not perfectly so, in adolescence 

and adulthood (Friedman et al., 2016), and this pattern is established sometime in middle 

childhood (Brydges et al., 2012; Brydges, Fox, Reid, & Anderson, 2014; Engelhardt et al., 

2015). In early childhood, unitary models of EFs fit equally well or better than models with 

multiple factors (Brydges et al., 2014, 2012; Willoughby, Blair, Wirth, & Greenberg, 2012).

The unity/diversity model (Friedman & Miyake, 2017) decomposes variance in EF tasks 

into a Common EF factor that influences performance on all tasks, and specific factors 

(Updating-Specific and Shifting-Specific) that influence performance on updating and 

shifting tasks, respectively. In several prior studies, Common EF captured all the covariance 

among inhibition tasks, so there was no Inhibition-Specific factor (see Friedman & Miyake, 

2017, for a review). The Common EF factor is thought to reflect individual differences 

in goal formation and maintenance and the use of those goals to bias ongoing processing 

(Friedman & Miyake, 2017), enabled in part by a frontal-parietal brain network (Herd et al., 

2014). This conceptualization is consistent with classic conceptions of frontal lobe function 

enabling attentional control and goal-directed behavior (Duncan, Emslie, Williams, Johnson, 

& Freer, 1996; Miller & Cohen, 2001).

Some researchers have proposed that g (general cognitive ability, which is closely related 

to IQ) is a reflection of goal-related processes and linked to the multiple-demand network, 

a set of frontal and parietal brain areas that are recruited across diverse tasks (Duncan, 

2010). The similarity of goal-related processes and areas related to g and Common EF 
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is consistent with the observation that these constructs are correlated, but also raises the 

question of their separability. In adulthood, EFs are correlated with, but distinct from, IQ, 

and these relationships vary between EF domains (Blair, 2006; Friedman et al., 2006; Kane 

& Engle, 2002). Friedman et al. (2006) found that when controlling for the correlations 

among Inhibiting, Updating, and Shifting factors, the Updating factor was strongly related 

to fluid and crystalized IQ whereas Inhibiting and Shifting factors showed weak relations 

with IQ. Later bifactor models that separated working memory/updating ability into variance 

attributable to Common EF and Updating- or Working Memory-specific factors indicated 

that IQ’s association with working memory abilities results from associations with both 

Common EF and Updating/Working Memory-Specific factors (Friedman et al., 2008; 

Gustavson et al., 2018). In childhood and adolescence, the range of correlations between 

EFs and IQ is broad (rs = .13 to .89) (Brydges et al., 2012; Engelhardt et al., 2016; Friedman 

et al., 2008; Malanchini, Engelhardt, Grotzinger, Harden, & Tucker-Drob, 2018; Stephens 

et al., 2018). These different estimates may be related to age or task batteries. Overall, 

the associations between EFs and IQ seem to vary across development and between EF 

domains.

Genetically informative studies suggest different patterns of genetic and environmental 

influences on EFs and IQ (Engelhardt et al., 2015; Friedman et al., 2016; Haworth 

et al., 2010; Tucker-Drob et al., 2013; Van Soelen et al., 2011). Behavioral genetic 

studies show individual EF tasks typically display low estimates of genetic and shared 

environmental influences and high estimates of nonshared environmental influences, which 

include measurement error (Friedman & Miyake, 2017; Polderman et al., 2006), while latent 

factors of EFs are highly heritable in middle childhood (additive genetic influences [A] = 

94-100%) (Engelhardt et al., 2015, 2016). In contrast, the heritability of IQ is moderate 

early in life (A = 25-64%) and increases across development (A = 65-72%) (Tucker-Drob 

et al., 2013; Van Soelen et al., 2011). Importantly, behavioral genetic studies typically find 

significant estimates of shared environmental influences (C; environmental influences that 

make siblings correlated) on IQ in childhood (C = 10-40%), but not on EFs (C = 0%) 

(Bishop et al., 2003; Engelhardt et al., 2015, 2016; Haworth et al., 2010; Tucker-Drob et 

al., 2013; Van Soelen et al., 2011). Moreover, twin studies typically observe low correlations 

between the non-shared environmental variance components (E; environmental influences 

that lead siblings to not correlate) between EFs and IQ (Engelhardt et al., 2016; Friedman 

et al., 2008; Gustavson et al., 2018), emphasizing environmental separability between these 

traits. Notably, the A, C, and E variance components identified in the behavioral genetic 

literature do not represent measured genes or specific environmental factors. However, the 

different patterns of genetic and environmental influence on EFs and IQ are meaningful 

in their own right, as they represent possible distinctions between EFs and IQ at the 

environmental and genetic levels.

Behavioral genetic studies have identified a wide range of genetic correlations between 

Common EF, Updating-Specific, and IQ (rA = .22 - .92) (Engelhardt et al., 2016; Friedman 

et al., 2008; Gustavson et al., 2018). These genetic correlations appear stronger in childhood 

than in adulthood: Engelhardt et al. (2016) reported the genetic correlation between 

Common EF and a latent factor of IQ was not significantly different than 1.0 in middle 

childhood, whereas studies of twins in late adolescence (Friedman et al., 2008), and middle 
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age (Gustavson et al., 2018) report genetic correlations that are significantly lower than 

unity. The Engelhardt et al. study is the only twin study to examine relations of IQ to 

latent EF factors in children. The ABCD study provides an opportunity to re-examine these 

relationships in a large and nationally representative sample of children.

In the current study we asked, 1) Do we observe unity and diversity of EFs in this 

sample with the set of tasks selected for ABCD? 2) What are the phenotypic relationships 

between EFs and IQ in middle childhood? And 3) What are the genetic and environmental 

correlations between EFs and IQ in middle childhood? We use the cognitive battery from 

ABCD to answer these questions, using all data for the phenotypic models, and the twin data 

for the genetic models.

Method

Sample

Participants were 11,875 children ages 9-10.9 (M = 9.91, SD = .62, 48% female) recruited as 

part of the ABCD study (http://abcdstudy.org). ABCD comprises sites located across 21 US 

states, including four twin-pair recruitment sites (Iacono et al., 2018). Phenotypic analyses 

included the entire baseline sample, while the behavioral genetic analyses included 749 twin 

pairs (329 monozygotic [MZ], 420 dizygotic [DZ]).

Measures

The ABCD data-collection protocol included NIH toolbox tasks measuring EF, language 

development, memory, and processing speed (Bleck, Nowinski, Gershon, & Koroshetz, 

2013; Gershon et al., 2013; Hodes, Insel, & Landis, 2013). We included flanker, card sort, 

and list sort1 from the NIH Toolbox, and the Rey auditory verbal learning task (RAVLT), 

emotional n-back, emotional Stroop, stop signal task (SST), matrix reasoning, and picture 

vocabulary (see Table 1 for full descriptive statistics of cognitive tasks). Task reliabilities 

have been established in prior studies and pilot ABCD data (Casey et al., 2018, & Luciana et 

al., 2018).

Flanker measures interference control. Participants saw five arrows and indicated which 

direction the middle arrow was pointing, while ignoring surrounding arrows pointing in the 

same or opposite direction. Card sort measures cognitive flexibility. Participants matched 

objects to two shapes at the bottom of the screen based on a particular rule (color or shape). 

Both accuracy and speed counted toward the final scores for flanker and card sort (Luciana 

et al., 2018; Zelazo et al., 2013). List sort measures working memory. Participants viewed 

a series of two to seven pictures in a category (e.g., animals) and said the list back in size 

order. The final score was the total number of correct responses.

The RAVLT assesses verbal learning and memory. Participants saw a list of words and 

recalled as many words as possible in any order. That same list and recall period repeated 

1We originally considered including picture sequence task. In this task, participants see a list of photos of various actions and recite 
the actions back to form a scenario (Luciana et al., 2018). After experiencing the task, we judged it to be tapping long term memory 
due to the length of the to-be-recalled sequence, so we did not include it in our EF model.
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four times. After those first five trials, participants saw a new distractor list (list b, which 

occurred between lists five and six) and recalled the new words. Finally, participants 

repeated the original list’s words after being introduced to the new list without seeing 

the original list again (Luciana et al., 2018). We calculated a proactive interference score 

comparing accuracy on the new list to the first trial (list b - list one). A retroactive 

interference score compared accuracy on the trials before and after the distractor list (list 

six - list five).

Emotional N-Back (Casey et al., 2018) taps both working memory updating and emotional 

reactivity. Participants indicate whether pictures of places (e.g., buildings), or a diverse 

set of faces with happy, fearful, or neutral expressions are targets (match the picture two 

trials back for 2-back condition, or a given stimulus for 0-back condition) by clicking 

a button to indicate a match. The dependent measure was overall task accuracy in the 

2-back condition. Emotional Stroop taps interference control. Individuals viewed a series of 

positive, negative, and neutral faces with emotionally valenced words overlaid on the image. 

Blocks contained both congruent (emotional valence of the word and image matched) and 

incongruent (emotional valence of the word and image did not match) trials. Participants 

indicated the emotional valence of the word via button press, ignoring the image (Banich et 

al., 2019; Başgöze, Gönül, Baskak, & Gökçay, 2015, Luciana et al., 2018). We constructed 

difference scores for reaction time (RT) and accuracy (incongruent trials – congruent trials). 

ABCD began administering this task at Wave 2, so data were not available for the entire 

sample.

The SST taps response inhibition. Participants saw a leftward or rightward facing arrow and 

indicated the direction of the arrow as quickly and as accurately as possible, but made no 

response when the arrow changed to an upward-facing “stop” arrow (Casey et al., 2018) 

after a variable delay on 16.67% of trials. The delay was calibrated to result in 50% correct 

stopping. We subtracted the mean stop-signal delay (the time between the start of the go trial 

and the stop trial), from the mean “go” trial RT to measure stop-signal RT.

In Matrix Reasoning (perceptual reasoning), participants saw incomplete visual stimuli and 

selected one of four options to complete the set (Luciana et al., 2018). This matrix reasoning 

task is a computerized version of the task of the same name from the Wechsler Intelligence 

Test for Children-V (WISC-V: Wechsler, 2014), which is a well validated measure of fluid 

or nonverbal reasoning. In Picture Vocabulary, a verbal reasoning task adapted from the 

Peabody Picture Vocabulary Test (Gershon et al., 2014), participants selected one of four 

pictures that best represented audi6torily presented words (Luciana et al., 2018).

Statistical Procedures

We accessed data through the ABCD NIH data portal. For flanker, list sort, picture sequence, 

card sort, matrix reasoning, and picture vocabulary we used the pre-calculated composite 

scores, and did not apply transformations. For n-back, we removed responses with an 

accuracy cut-off based on the binomial probability (p < .01) that the participant would have 

achieved that score by chance (≤ 62.5%), or from non-responders (all non-targets were 

correctly ignored, and all targets were missed); n excluded = 1,530/9,468). The stop-signal 

RT is based on an assumed rate of correct stop trials of 50%. We removed scores from 
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participants with stop probabilities outside of 40-60%, indicating that the participant gave 

up during the task or had overall erratic performance. Based on best practices detailed in 

Verbruggen et al., (2019), we removed scores from participants whose SST data violated 

assumptions of the race model (i.e., with an average failed stop RT > average go RT). 

We also removed observations with overall mean RT scores < 50 milliseconds indicating 

the participants responded before than stop signals could occur (total SST n excluded = 

1,336/9,598). In our models, we used SST RT multiplied by −1 so that so that for all tasks, 

higher numbers indicate better performance. For RAVLT, the distribution of retroactive 

interference was skewed with long tails; therefore, we trimmed the ends by replacing scores 

more than three SDs above the mean with a score three SDs above the mean (n replaced 

= 196/11,644). For emotional Stroop, we removed participants with accuracy that was not 

above chance overall (≤ 61.5%) or on incongruent trials (≤ 69.4%) (n excluded 73/4,849). 

Descriptive statistics before screening are available in supplemental Table 1. We regressed 

out age and sex for all cognitive tasks and used the standardized residuals in all models.

Models were estimated in Mplus version 8 (Muthén & Muthén, 2017). The chi-square 

test is sensitive to sample size, so we also assessed fit with root mean square error of 

approximation (RMSEA) < .06 and confirmatory fit index (CFI) > .95 (Hu & Bentler, 1998). 

We determined statistical significance of parameter estimates with chi-square difference 

tests: A significant p value (p < .05) indicates a reduction in model fit, suggesting a 

significant parameter was dropped. The ABCD cohort includes siblings and twin pairs; we 

accounted for non-independence using Mplus’ TYPE = COMPLEX, which uses a weighted 

likelihood function and a sandwich estimator to obtain a scaled chi-square and standard 

errors corrected for nonindependence.

ABCD twin zygosities were determined by calculating identity by state (IBS), an estimate of 

how many alleles at any genetic marker are identical, using genetic data. Twins with an IBS 

estimate between .4-.7 were classified as DZ while pairs with estimates > .9 were classified 

as MZ.

The classical twin design utilizes data from monozygotic (MZ) and dizygotic (DZ) 

twins to estimate what proportions of variation in a measure (phenotype) are attributable 

to additive genetic (A), shared environmental (C; those that lead siblings to correlate, 

e.g., socioeconomic status; being in the same class or having the same friends), and 

nonshared environmental (E; those that lead siblings to not correlate, e.g., joining different 

extracurricular activities or differential parental treatment) influences, as well as genetic 

(rA) and environmental (rC and rE) correlations across phenotypes. The twin method uses 

biometrical genetic principles to decompose the variance of a phenotype into A, C, and E 

components by examining cross-twin, cross-trait and cross-twin, within-trait covariances. 

Both MZ and DZ twins share familial environments, but MZ twins share 100% of their 

segregating genes, while DZ twins, like non-twin siblings, share on average 50% of their 

segregating genes. Therefore, genetic influences (A) are suggested when MZ twin pairs are 

more similar (show a higher correlation for a trait) compared to DZ twin pairs. Shared 

environmental (C) influences are suggested when the DZ correlation is greater than half the 

MZ correlation. Nonshared environmental influences (E), which include measurement error 

for non-latent variables, are suggested when the MZ correlation is less than 1.
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The structural equation twin model formalizes these biometric principles (supplemental 

Figure 1A). It includes latent factors for A, C, and E, with the path estimates for these three 

factors predicting the trait of interest as free parameters that are estimated from the data 

(the variance/covariance matrix for each twin group). To identify the model, the A variance 

components for twin 1 and twin 2 are set to correlate at 1 for MZ twins and 0.5 for DZ 

twins (consistent with the proportion of shared segregating genes for MZ and DZ twin pairs 

respectively), and the estimated paths from these A factors to the trait are constrained to 

be equal for twin 1 and twin 2 and zygosity groups (i.e., genetic influences account for the 

same proportion of variance in a trait across the population, though MZ and DZ twins share 

these genetic influences to different extents). Similar constraints are implemented for the C 

and E paths, but the C variables are correlated at 1 for both MZ and DZ twins because both 

types of twin pairs are raised together, and the E variables are not correlated by definition, 

because they represent environmental influences unique to each twin (Rijsdijk & Sham, 

2002 for an overview of twin modeling).

This twin model can be extended to multiple traits by implementing these biometric 

principles for each trait and allowing the A, C, and E variables to correlate across traits, 

leading to rA, rC, and rE estimates (supplemental Figure 1B). Bivariate heritability, the 

correlation between EFs and IQ explained by the genetic correlation, was calculated by 

multiplying the rA by the square roots of the heritabilities.

Results

Do We Observe Unity and Diversity of EFs in This Sample with the Set of Tasks Selected 
for ABCD?

We first evaluated whether EFs would show unity and diversity in this sample with this 

specific task battery. Based on task demands, and informed by the a priori and well 

replicated unity/diversity model of EFs (Friedman & Miyake, 2017), we hypothesized 

that Stroop2, flanker, SST, retroactive interference, proactive interference, and card sort 

would load onto a Common EF factor. Due to their working-memory requirements, 

we hypothesized that list sort and n-back would load onto both Common EF and an 

Updating-Specific factors. Consistent with previous behavioral genetic literature, (Friedman 

& Miyake, 2017; Polderman et al., 2006) we observed low to moderate estimates of A and 

moderate to high estimates of E for all cognitive tasks except Stroop and RAVLT. As shown 

in Table 2 and Table 3, the emotional Stroop and RAVLT measures were not substantially 

correlated with the other cognitive measures. Additionally, these tasks displayed near-zero 

estimates of both A and C (indicating that siblings’ performance was not at all correlated 

on these tasks, see Table 3 for task twin correlations), which is highly atypical. Individual 

cognitive tasks typically show low to moderate inter-correlations and A and C estimates 

(Friedman & Miyake, 2017; Polderman et al., 2006). The absence of twin correlations 

means that all of the variance in these tasks is attributable to E, which includes measurement 

2The emotional Stroop task requires participants to ignore task-irrelevant emotional faces from same-aged peers and instead decide if 
the word printed over the face is negatively or positively valenced. This task examines inhibitory control over distracting emotional 
information and has been reported as engaging brain regions involved in emotional processing and executive control (Banich et al., 
2019). Therefore, we hypothesized that the emotional Stroop should be related to the Common EF factor.
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error. Given the lack of shared A and/or C variances with the other cognitive tasks, these 

tasks could not be used in the latent variable models, so they were excluded from further 

analyses.

A phenotypic factor model of just Common EF (supplemental Figure 2A) fit the data 

adequately, χ2(5) = 123.52, p < .001, RMSEA = .045, CFI = .971, but not as well as a 

model that also included an orthogonal Updating-Specific factor with loadings for n-back 

and list sort (see supplemental Figure 2B), χ2(4) = 43.48, p < .001 RMSEA = .029, CFI 

= .990; Δχ2(1) = 80.04, p < .001. In the model of Common EF and Updating-Specific, the 

latter factor would not be identified without a constraint because it has only 2 indicators and 

is uncorrelated with any other factor (Kline, 2015), so we constrained the unstandardized 

loadings at the values estimated in the full model with the IQ factor.

What Are the Phenotypic Relationships Between EFs and IQ in Middle Childhood?

Informed by both the a priori unity/diversity model of EFs and the significantly improved 

model fit, we proceeded with a model that included an orthogonal Updating-Specific factor. 

A model adding a correlated latent factor of IQ to this EF model fit the data well, χ2(10) 

= 73.81, p < .001, RMSEA = .023, CFI = .993. As shown in Figure 1A, IQ correlated with 

Common EF at .64 [standard error [se] = .02] and Updating-Specific ability at .81 [se = .04].

What are the Genetic and Environmental Correlations between EFs and IQ in Middle 
Childhood?

We examined the shared genetic and environmental contributions to the association of IQ 

with Common EF and Updating-Specific abilities in a Cholesky decomposition, which we 

used to calculate genetic and environmental correlations. Supplemental Table 2 contains 

fit statistics and results of chi-square comparison tests to test the significance of variance 

components. We estimated correlations between the A, C, and E variance components of 

EFs and IQ that were greater than 0. Therefore, we did not estimate a correlation between 

the E variance components for Updating-Specific ability and IQ. This model adequately fit 

the data χ2(190) = 283.44, p < .001, RMSEA = .036, CFI = .930. Estimates of A, C, and 

E were similar across the combined model and uncombined models (separate models for 

Common EF and IQ latent variables). The significance of variance components for Common 

EF and IQ was tested with 1-df tests in the uncombined models (supplemental Figure 3 and 

supplemental Table 2).

As shown in Figure 1B, Additive genetic factors explained 67.2% of the variance in 

Common EF. In the model without IQ this estimate of A was significant, Δχ2(1) = 10.87, 

p < .001. Shared environmental influences explained a nonsignificant portion of variance 

(C = 8.4%), Δχ2(1) = .05, p = .823. The remaining variance was attributable to nonshared 

environmental influences (E = 25%), Δχ2(1) = 11.70, p < .01. For the Updating-Specific 

factor, additive genetic factors explained 65.6%, shared environmental factors explained 

36%, and unique environmental factors explained 0% of the variance. Although chi-square 

difference tests for dropping each variance component individually in the independent model 

(supplemental Figure 3B) suggested that the estimates of A, C, and E for Updating-Specific 

EF were individually non-significant (supplemental Table 2), dropping both A and C 
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components together in a 2-df test resulted in significantly worse fit, Δχ2(2) = 28.88, p 
< .01. Thus, Updating-Specific variance is attributable to familial influences (A and/or C), 

but we do not have the power to distinguish between A and C in this case. For IQ, additive 

genetic (A = 53.3%), Δχ2(1) = 6.68, p = .010, and shared environmental factors (C = 

44.9%), Δχ2(1) = 5.62, p = .018, but not nonshared environmental factors (E = 1.7%) 

explained a substantial portion of the variance.

We observed a significant and strong genetic correlation of .86 [.21] between Common EF 

and IQ, Δχ2(1) = 15.18, p < .001. We tested if this genetic correlation was significantly 

different from 1.0 by setting the genetic cross-path from Updating-Specific to IQ and the 

residual genetic variance for IQ to zero. This correlation did not significantly differ from 1, 

Δχ2(2) = 1.39, p = .500. Environmental correlations between Common EF and IQ were not 

significant (rC = .76 [.35], Δχ2(1) = 1.41, p = .234; rE = −.07 [.70], Δχ2(1) = .01, p = .916. 

The genetic and environmental correlations between Updating-Specific ability and IQ were 

not significant (rA = .36 [.29], Δχ2(1) = 1.38, p = .240; rC = .65 [.41], Δχ2(1) = 2.23, p = 

.135). Bivariate heritability is the phenotypic correlation predicted by the genetic association 

and heritabilities; the bivariate heritability of Common EF and IQ was estimated at .51 

[.14], accounting for 79.69% of the phenotypic correlation (.64). The bivariate heritability of 

Updating-Specific ability and IQ was not significant (.21 [.18]), accounting for 25.92% of 

the phenotypic correlation (.81).

Discussion

Using data from seven cognitive measures from over 11,000 children enrolled in the ABCD 

study, we examined three main questions about the phenotypic and genetic relationships 

between EF and IQ latent variables in middle childhood. First, we examined the factor 

structure of EFs in this age group and replicated the unity/diversity model of EFs by 

identifying two EF factors: Common EF and Updating-Specific. Second, we examined 

the phenotypic relationships between EFs and IQ and found that both Common EF and 

Updating-Specific correlated with IQ at the phenotypic level. Third, we investigated the 

strength of the genetic correlations between EFs and IQ and identified significant genetic 

influences on Common EF and IQ and a strong genetic correlation between Common EF 

and IQ. These findings are consistent with previous literature demonstrating phenotypic 

correlations of IQ with both Common EF and an Updating/Working Memory-Specific factor 

in adults (Friedman et al., 2008; Gustavson et al., 2018), and a strong shared genetic 

relationship between Common EF and IQ in childhood (Engelhardt et al., 2016).

EFs and IQ are sometime conflated as tapping the same general cognitive function ability 

(Ackerman, Beier, & Boyle, 2005; Blair, 2006; Heitz et al., 2006). For example, the 

NIH Toolbox’s fluid cognition composite score includes EF tasks (Zelazo et al., 2013). 

However, our findings demonstrate that these constructs are phenotypically separate in 

middle childhood. Although we observed moderate to high phenotypic correlations between 

latent variables of EFs and IQ, the correlations were still significantly lower than unity, 

indicating separability. Consistent with past behavioral genetic analyses of latent variable 

EFs across childhood and adolescence (A = 81-100%; Engelhardt et al., 2015; Friedman et 

al., 2016), we found a high heritability estimate for Common EF in this sample. However, 
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our Updating-Specific factor did not display significant genetic influences, as twins were 

strongly correlated on the Updating-Specific factor across both MZ and DZ groups.

Contrasting with these results for Common EF, and consistent with the literature on IQ in 

middle childhood (Engelhardt et al., 2016; Tucker-Drob et al., 2013), we found significant 

estimates of shared environmental (C) influences on IQ in this sample. Meta-analyses and 

longitudinal studies of IQ suggest the importance of the shared environment throughout 

the lifespan (Briley & Tucker-Drob, 2013 Haworth et al., 2010; Tucker-Drob et al., 2013). 

These IQ C estimates contrast starkly with C estimates for EFs that are typically close to 0, 

even in childhood (Engelhardt et al., 2015; Engelhardt et al., 2016; Friedman et al., 2016; 

Gustavson et al., 2018). Though the genetic correlation between Common EF and IQ was 

high, the phenotypic correlation that was significantly less than unity. This separability could 

be driven by the shared environment. These differential patterns of environmental influences 

indicate that EFs and IQ are etiologically distinct in this age group. We also observed a 

near-zero correlation between the E variance components of Common EF and IQ, further 

reinforcing the environmental separability of these traits.

Research on the extent to which EFs and IQ have shared genetic influences is limited, 

especially in childhood (Engelhardt et al., 2016; Friedman et al., 2016; Gustavson et al., 

2018). We identified a strong genetic correlation that was not significantly different than 

1 between Common EF and IQ. Our estimated genetic correlation between Common EF 

and IQ was similar to estimates reported in Engelhardt et al. (2016), which suggested that 

Common EF and IQ are genetically identical. We did not observe significant shared genetic 

influences on the relationship between Updating-Specific EF and IQ. This is inconsistent 

with the findings of Friedman et al. (2008) and Gustavson et al. (2018), who reported 

moderate shared genetic relations between Working Memory- or Updating-Specific factors 

and IQ. These inconsistencies could be due to sample age, the use of different working 

memory/updating measures, or task scoring. The ABCD task battery was not designed to 

replicate the unity and diversity of EFs framework or tap specific facets of EF, like updating. 

However, even with this task battery and potentially weak factors, there is still evidence for 

a relationship of Updating-Specific with IQ at the phenotypic level, which is consitent with 

prior studies in adults (Friedman et al., 2006; Gustavson et al., 2018).

Interpreting Heritability Estimates

It is important to note that these variance components (A, C, and E) do not represent specific 
genes or environmental factors but represent the proportion of variance in a given population 

that can be attributed to additive genetic, shared environmental, or unique environmental 

influences (Harden, 2021, Turkheimer, 2000). Though not in perfect agreement, heritability 

estimates from molecular genetic studies have reinforced the twin literature indicating 

significant genetic influences on cognitive functions (Davies et al., 2018; Savage et 

al., 2018). Additionally, molecular genetic studies demonstrate the complex polygenicity 

(influenced by many genes) of cognitive traits by identifying hundreds of relevant genes 

(Davies et al., 2018; Savage et al., 2018).

Heritability is often misinterpreted through the lens of genetic determinism (Harden, 2021). 

Importantly, significant heritability estimates for Common EF and IQ do not imply that 
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these traits are immutable or fixed. Heritability is an estimate of the proportion of variation 

in an outcome, like Common EF or IQ, that is accounted for by genetic differences in a 

population. Therefore, heritability estimates are specific to the population being studied at a 

particular time and under specific environmental conditions. For that reason, these estimates 

can change across age and across different environmental contexts (e.g., different countries) 

(Friedman et al., 2016; Tucker-Drob & Bates, 2016; Briley & Tucker-Drob, 2013).

Furthermore, significant heritability estimates do not negate the importance of 

environmental predictors of cognition. For example, factors like socioeconomic status 

predict many cognitive outcomes, including IQ, EFs, language, and brain structure and 

function (Farah, 2017; Merz, Wiltshire, & Noble, 2019). Additionally, in the United States, 

there is support for gene x SES effects on cognitive ability where heritability estimates 

are lower at higher level of socioeconomic disadvantage (Tucker-Drob & Bates, 2016), 

indicating that environmental influences may matter more at higher levels of deprivation. 

Gene x SES effects on cognitive ability further reinforce the hypothesis that changes in the 

environment can lead to changes in heritability estimates.

In addition to gene x environment interactions, genetic effects can operate indirectly through 

the environment (Koellinger & Harden, 2018), when genetic differences are associated 

with particular environmental differences (i.e., gene-environment correlation or rGE). For 

example, musical parents may pass down genes related to musical skill, but also raise their 

children in homes with access to musical instruments and encourage musical exposure. In 

classic twin models, such environmentally mediated genetic influences are included in the A 

estimate (Tucker-Drob et al., 2013), but they can be disentangled in some designs (adoption 

studies and using molecular genetic data from families; (Koellinger & Harden, 2018). For 

example, Kong et al. (2018) found that children were influenced by their parent’s measured 

genetic variants related to educational attainment that they did not inherit, suggesting 

that those genetic variants influence educational outcomes indirectly through the family 

environment, a phenomenon they describe as genetic nurture (Kong et al., 2018). Family 

studies suggest that genetic nurture and rGE appear to be particularly related to cognitive 

and educational outcomes instead of anthropometric traits, emphasizing the importance of 

environmental influences on cognitive outcomes (Kong et al., 2018; Selzam et al., 2019).

Limitations and Future Directions

The ABCD Study is an ongoing, longitudinal, open-access project that currently provides 

pre-scored summary level data for most cognitive tasks. The scoring algorithms for the NIH 

Toolbox tasks do not take experimental contrasts in each task into account, and instead 

provide overall indices of performance (i.e., summing across easier and harder conditions, 

rather than taking the difference scores). Thus, these scores are unlike most traditional EF 

task scores, potentially leading to different associations with IQ.

Additionally, we examined the phenotypic and genetic correlations between EFs and IQ 

at one time point (age 9-10). These correlations may change across age. The longitudinal 

nature of the ABCD Study presents the possibility of future phenotypic and behavioral 

genetic work examining the structure of and genetic influences on EFs and IQ across 

development.
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Implications

Our phenotypic findings were consistent with research on adults: IQ and some EFs are 

correlated, but distinct. It appears that even in childhood, EFs and IQ are separate cognitive 

processes. This separability of EFs and IQ appears to be driven by environmental influences, 

as their genetic variance shows considerable overlap. The shared genetic influences 

underlying the relationship between EFs and IQ may be stronger in childhood than late 

adolescence or middle adulthood. Longitudinal modeling will help understand how the 

phenotypic and genetic relationships between EFs and IQ change across development.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Research Highlights

• The unity and diversity factor structure of executive functions (EFs) is present 

in middle childhood.

• Common EF and intelligence (IQ) latent variables are phenotypically distinct 

in middle childhood.

• Common EF and IQ display strong genetic overlap in middle childhood.

• EFs and IQ display different patterns of environmental influence in middle 

childhood.
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Figure 1. 
Phenotypic (panel A) and genetic (panel B) model of Common EF, Updating-Specific, and 

Intelligence (IQ) latent variables. A = additive genetic variance; C = shared environmental 

variance; E = non-shared environmental variance. Solid lines and boldface type indicate p 
< .05; dashed lines and regular text indicate p > .05, determined with chi-square difference 

tests for variance components. MR = matrix reasoning; Vocab = picture vocabulary.
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Table 1

Descriptive Statistics for Screened Cognitive Tasks

Measure n M SD Min Max Range Skew Kurtosis

Flanker 11712 94 9.14 51 116 65 −1.00 1.49

List 11669 96.64 12.09 36 136 100 −0.54 0.87

Card 11713 92.52 9.51 50 120 70 −0.82 2.04

Picture 11706 102.81 12.07 76 136 60 0.25 −0.40

NBack2 7938 .75 0.12 0.15 1 0.85 −0.43 0.19

StroopRT 4776 75.99 63.42 −260.9 413.36 674.26 0.25 0.76

StroopACC 4776 −.03 0.05 −0.3 0.19 0.49 −0.77 1.23

SST 8262 299.79 65.99 55.97 614.32 558.36 0.34 1.00

PI 11597 −.20 1.99 −9 7 16 −0.02 0.27

RI 11644 −1.53 1.99 −7.97 4.87 12.84 −0.33 1.02

MatrixR 11620 17.90 3.84 0 32 32 −0.40 0.80

PicVocab 11718 84.45 8.12 29 119 90 0.11 0.64

Note. Descriptive statistics for cognitive tasks after data screening (see supplemental Table 1 for descriptive statistics before screening).

List = list sort; Card = card sort; Picture = picture sequence; NBack = accuracy on 2-back trials; StroopACC = Accuracy Diff Score = difference in 
accuracy between incongruent and congruent trials (incongruent trials - congruent trials); StroopRT = RT Diff Score = difference in reaction time 
(RT) between incongruent and congruent trials (incongruent trials - congruent trials); SST = stop signal RT, calculated by the mean “go” trial RT - 
the mean stop signal delay; RAVLT = Rey auditory verbal learning task; PI = proactive interference; RI = retroactive interference.; Matrix = matrix 
reasoning; PicVoc = picture vocabulary.
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Table 2.

Correlation Matrix of Cognitive Tasks

1 2 3 4 5 6 7 8 9 10 11 12

1. Flanker 1

2. List .30* 1

3. Card .44* .33* 1

4. Picture .21* .35* .27* 1

5. NBack .18* .23* .19* .18* 1

6. StroopRT −.06* −.06* −.05* .00 −.06* 1

7. StroopACC .05* .08* .11* .09* .05* −.13* 1

8. SST −.09* −.09* −.15* −.10* −.12* −.01 −.07* 1

9. PI −.01 −.03* −.02* .00 .00 .00 .00 −.02 1

10. RI .05* .09* .06* .10* .06* −.01 .03* −.03* −.05* 1

11. MatrixR .28* .40* .31* .30* .23* −.04* .10* −.08* −.02 .06* 1

12. PicVocab .26* .42* .31* .26* .24* −.04* .06* −.05* −.07* .07* .41* 1

Note. Correlation matrix of cognitive tasks after data screening.

List = list sort; Card = card sort; Picture = picture sequence; NBack = accuracy on 2 back trials; StroopACC = Accuracy Diff Score = difference in 
accuracy between incongruent and congruent trials (incongruent trials - congruent trials); StroopRT = RT Diff Score = difference in reaction time 
(RT) between incongruent and congruent trials (incongruent trials - congruent trials); SST = stop signal RT; PI = proactive interference measured 
by the Rey auditory verbal learning task (RAVLT); RI = retroactive interference measured by the RAVLT; MatrixR = matrix reasoning; PicVocab = 
picture vocabulary.

*
p < .05.
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Table 3.

Twin Correlations, Variance Components, and Model Fit Indices for Univariate ACE Models of Cognitive 

Tasks

Twin Correlations Variance Components Model Fit

Measure MZ DZ A C E χ 2 df p RMSEA CFI

Flanker .26 .09 .23* .00 .77* 11.09 6 .086 .048 .786

List .43 .25 .27* .13 .60* 19.55 6 .003 .078 .851

Card .38 .13 .35* .00 .65* 2.48 6 .877 .000 1.00

SST .36 .21 .31* .05 .64* 6.57 6 .363 .017 .984

N-Back .31 .13 .30* .00 .70* 7.77 6 .256 .030 .901

StroopAcc .07 .07 .01 .06 .93* 13.83 6 .032 .078 .000

StroopRT .06 .09 .00 .07 .93* 7.78 6 .255 .037 .000

MatrixR .44 .30 .24* .18 .57* 3.46 6 .749 .000 1.00

PicVocab .54 .37 .34* .20* .46* 6.73 6 .347 .018 .996

RI .04 .05 .00 .05 .95* 2.29 6 .892 .000 1.00

PI .07 .07 .06 .00 .94* 4.41 6 .621 .000 1.00

Note.

List = List sort. Card = Card sort. Picture = Picture Sequence. NBack is accuracy on 2-back trials. StroopRT = Stroop reaction time (RT). 
StroopAcc = Stroop accuracy. SST = stop signal RT. PI = proactive interference measured by the Rey auditory verbal learning task (RAVLT). RI = 
retroactive interference measured by the RAVLT. MatrixR = Matrix Reasoning. PicVocab = Picture Vocabulary.

Significance was tested using chi-square comparison testing. All cognitive tasks, except RI, PI, StroopAcc, and StroopRT, displayed a modest to 
moderate contribution from additive genetic factors (A = 23% - 35%) with moderate to large contributions from unique environmental factors (E = 
46% - 77%). We observed zero to small contributions from shared environmental factors on individual differences in tasks (C = 0% - 20%). Only 
picture vocabulary displayed a significant contribution from shared environmental factors (C = 20%).

*
p < .05.
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