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Learning a second language in childhood is inherently advan-
tageous for communication. However, parents, educators and 
scientists have been interested in determining whether there 
are additional cognitive advantages. One of the most excit-
ing yet controversial1 findings about bilinguals is a reported 
advantage for executive function. That is, several studies 
suggest that bilinguals perform better than monolinguals 
on tasks assessing cognitive abilities that are central to the 
voluntary control of thoughts and behaviours—the so-called 
‘executive functions’ (for example, attention, inhibitory con-
trol, task switching and resolving conflict). Although a number 
of small-2–4 and large-sample5,6 studies have reported a bilin-
gual executive function advantage (see refs. 7–9 for a review), 
there have been several failures to replicate these findings10–15, 
and recent meta-analyses have called into question the reli-
ability of the original empirical claims8,9. Here we show, in a 
very large sample (n = 4,524) of 9- to 10-year-olds across 
the United States, that there is little evidence for a bilingual 
advantage for inhibitory control, attention and task switch-
ing, or cognitive flexibility, which are key aspects of executive 
function. We also replicate previously reported disadvantages 
in English vocabulary in bilinguals7,16,17. However, these English 
vocabulary differences are substantially mitigated when we 
account for individual differences in socioeconomic status 
or intelligence. In summary, notwithstanding the inherently 
positive benefits of learning a second language in childhood18, 
we found little evidence that it engenders additional benefits 
to executive function development.

A question commonly asked by parents, educators and scientists 
is whether the benefits of learning a second language outweigh the 
potential costs. Research on this topic is important for clarifying 
these issues; for example, it was once believed that exposure to two 
languages would confuse children, but this is now an antiquated 
idea that has few contemporary proponents17. In fact, almost two 
decades ago, researchers found that bilingualism might confer 
advantages in other cognitive domains, such as executive function19. 
This positive benefit of bilingualism was championed and replicated 
many times20. However, these effects have also been vigorously 
questioned because of several failures to replicate such findings, as 
well as claims that the findings are simply artefacts of small- and 
non-representative-sample studies that do not adequately control 
for potential confounds1,8,9,15,21,22.

In the present paper, we conduct a large-sample study of the 
hypothesis that exposure to multiple languages in childhood is 
associated with better executive functioning. We present the results 
of analyses conducted on 4,524 9- to 10-year-old children from 

the Adolescent Brain and Cognitive Development (ABCD) study. 
Data from this sample were generated from 21 study sites across 
the United States, and approximate the demographic profile of the 
American Community Survey (ACS)23 (see Supplementary Table 1).  
This sample also has a substantial number of bilingual children 
(n = 1,740) speaking more than 40 different languages other than 
English (although the majority speak Spanish as a second language; 
see Supplementary Table 2). It is an ideal sample on which to test 
the claim that bilingual children show an advantage over monolin-
guals for executive function development. The age range investi-
gated in the sample is one that has been investigated in a number 
of studies of bilingual advantages for executive function24–26, and it 
also meets a definition of early bilingualism (that is, second lan-
guage use before 10 years of age), which has been associated with 
both reduced English vocabulary and better executive function7,25. 
Thus we expected that, if the effects were real and replicable in 
a large sample, we should find them in this age range and in this  
sample of children.

We began our analysis by identifying bilingual children in three 
different ways, based on the ABCD Youth Acculturation Survey 
(YAS). The first definition, ‘Bilingual Status’, simply established 
whether children spoke another language in addition to English. 
From this group of children, we identified which bilingual children 
also used the non-English language frequently. This established a 
group of 606 children who were consistently using the non-English 
language with friends and family (that is, at least equally or more 
often), which we defined as our ‘Bilingual Degree’ variable. Finally, 
we established a ‘Bilingual Use’ variable, which was a more continu-
ous measure of how often children were using the other language 
with friends and family. Children who almost exclusively used the 
other language with friends and family scored high on this variable, 
which had good representation at all levels along the continuum.

Next, we conducted a number of regression analyses with the 
aim of replicating different approaches that have been used to 
address these questions in the literature. The first set of regressions 
employed generalized additive mixed models (GAMMs), which 
modelled family nested within site as random effects, but controlled 
for no covariates. For these analyses, we established as depen-
dent variables well-validated measures of English vocabulary (the 
National Institutes of Health (NIH) Toolbox Picture Vocabulary 
Test27; that is, ‘English vocabulary’) and executive function. We 
used three executive function measures: (1) the NIH Toolbox 
Flanker Inhibitory Control and Attention Test28 (that is, ‘flanker’; a 
measure of inhibitory control and attention); (2) the NIH Toolbox 
Dimensional Change Card Sort (DCCS)28 (that is, ‘card sort’; a mea-
sure of task switching/cognitive flexibility); and (3) the stop-signal 
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task (SST)29 (an additional measure of inhibitory control and atten-
tion). These three measures represent domains of executive func-
tion for which differences between monolinguals and bilinguals 
have been found in the literature20, and for which theoretical expla-
nations for the differences have been put forth30–32. The analyses 
thus examine three predictors (Bilingual Status, Bilingual Degree 
and Bilingual Use) against four outcome variables (English vocab-
ulary, flanker, card sort and stop-signal reaction time (SSRT); see 
Table 1 for descriptive statistics).

A model accounting for no covariates does not equate the groups 
across a number of confounds that could possibly explain monolin-
gual versus bilingual differences, and this has been a strong point 
of debate in the literature. Because the sample is large and because 
a number of demographic measures were collected, we were able to 
take advantage of a multilevel modelling statistical framework that 
accurately accounts for these covariates, while also modelling and 
controlling for individual differences across subjects that might be 
driven by different cultural and family environments. For the last 
four sets of regressions in Table 2, GAMMs were constructed to 

tease apart which effects could be explained by group differences in 
language status, and not by differences in other factors (for exam-
ple, age, biological sex, race/ethnicity, highest degree of education, 
household income, marital status, crystallized and fluid intelligence, 
and English vocabulary).

As Table 2 shows, for the GAMM models with no covariates, we 
observed a disadvantage for bilingual children for English vocabu-
lary, and in one case there was a significant bilingual advantage for 
executive function (for Bilingual Status predicting flanker). This 
finding was still significant when only English vocabulary was 
controlled. However, when more focused measures of bilingual-
ism (that is, Bilingual Degree and Bilingual Use) were used, the 
significant differences in the executive function measures actu-
ally showed a bilingual disadvantage (lower scores on flanker, card 
sort and SSRT; note that SSRT was recoded such that higher scores 
reflect better performance). Moreover, after we controlled for the 
demographic covariates, only the English vocabulary differences, 
and one effect for SSRT (lower SSRT for bilinguals), remained 
significant. All of these effects showed a bilingual disadvantage. 

Table 1 | Descriptive statistics for all four measures for each of the three definitions of bilingualism

Bilingual Status

Measure Monolingual mean (s.d.) Bilingual mean (s.d.)

Vocabulary 85.9 (7.9) 85.0 (8.1)

Flanker 94.7 (8.9) 95.1 (8.7)

Card sort 93.6 (9.1) 93.6 (9.0)

SSRT −299.3 (78.4) −302.7 (78.6)

Bilingual Degree

Measure Monolingual mean (s.d.) Bilingual mean (s.d.)

Vocabulary 85.9 (7.9) 81.3 (7.5)

Flanker 94.7 (8.9) 93.7 (9.4)

Card sort 93.6 (9.1) 92.2 (8.6)

SSRT −299.3 (78.4) −307.0 (78.7)

Bilingual use

Measure Level Mean (s.d.) Measure Level Mean (s.d.)

Vocabulary 0 87.2 (7.7) Card sort 0 93.9 (9.4)

1 86.6 (7.7) 1 94.6 (8.9)

2 85.0 (8.2) 2 93.6 (8.8)

3 82.9 (8.1) 3 93.3 (8.7)

4 80.8 (7.1) 4 92.1 (8.5)

5 79.0 (6.1) 5 91.5 (8.2)

6 78.5 (6.5) 6 91.0 (7.3)

7 78.0 (7.5) 7 91.2 (5.6)

8 76.3 (5.5) 8 82.4 (16.6)

Flanker 0 95.5 (8.3) SSRT 0 −298.1 (80.7)

1 96.3 (8.1) 1 −303.6 (77.5)

2 95.5 (8.1) 2 −307.5 (75.8)

3 94.9 (9.0) 3 −301.4 (81.7)

4 93.4 (10.2) 4 −304.9 (76.4)

5 91.9 (9.1) 5 −312.7 (82.2)

6 89.6 (11.0) 6 −307.6 (68.1)

7 93.7 (7.7) 7 −297.7 (53.4)

8 97.3 (8.9) 8 −352.1 (43.0)

SSRT is a response time measure which was reverse-scored such that higher values indicate better performance. NIH Toolbox measures are uncorrected scores according to the NIH Toolbox scoring for 
each measure (see Methods). Levels 0–8 represent the level of Bilingual Use variable (0 = speaks English all of the time with friends and family; 8 = speaks other language all of the time with friends and 
family).
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Table 2 | Results of GAMM regression for the three predictors of interest

Predictor outcome d.f. B (s.e.) β t P

GAMM (without covariates)
Bilingual Status Vocabulary 4,447 −0.23 (0.25) −0.01 −0.94 0.347

Bilingual Degree Vocabulary 3,331 −3.70 (0.41) −0.18 −9.08 <0.001

Bilingual Use Vocabulary 1,722 −1.21 (0.12) −0.27 −10.34 <0.001

Bilingual Status Flanker 4,444 0.71 (0.29) 0.04 2.47 0.014

Bilingual Degree Flanker 3,329 −0.37 (0.47) −0.02 −0.78 0.435

Bilingual Use Flanker 1,719 −0.46 (0.13) −0.09 −3.55 <0.001

Bilingual Status Card sort 4,445 0.43 (0.29) 0.02 1.47 0.142

Bilingual Degree Card sort 3,329 −0.54 (0.47) −0.02 −1.15 0.250

Bilingual Use Card sort 1,720 −0.29 (0.14) −0.06 −2.14 0.032

Bilingual Status SSRT 3,398 −3.02 (2.86) −0.02 −1.06 0.289

Bilingual Degree SSRT 2,532 −7.72 (4.81) −0.04 −1.61 0.108

Bilingual Use SSRT 1,311 −2.69 (1.37) −0.06 −1.97 0.049

GAMM (with the english vocabulary covariate only)
Bilingual Status Flanker 4,443 0.76 (0.28) 0.04 2.75 0.006

Bilingual Degree Flanker 3,328 0.57 (0.46) 0.02 1.23 0.219

Bilingual Use Flanker 1,718 −0.17 (0.13) −0.03 −1.36 0.174

Bilingual Status Card sort 4,444 0.50 (0.28) 0.03 1.77 0.077

Bilingual Degree Card sort 3,328 0.52 (0.45) 0.02 1.16 0.246

Bilingual Use Card sort 1,719 0.09 (0.14) 0.02 0.64 0.522

Bilingual Status SSRT 3,364 −3.63 (2.85) −0.02 −1.27 0.204

Bilingual Degree SSRT 2,511 −6.17 (4.90) −0.03 −1.26 0.208

Bilingual Use SSRT 1,294 −2.45 (1.39) −0.05 −1.75 0.080

GAMM (with covariates 1–6)
Bilingual Status Vocabulary 4,434 0.16 (0.24) 0.01 0.67 0.502

Bilingual Degree Vocabulary 3,318 −2.05 (0.43) −0.10 −4.81 <0.001

Bilingual Use Vocabulary 1,709 −0.65 (0.11) −0.14 −5.71 <0.001

Bilingual Status Flanker 4,431 0.57 (0.29) 0.03 1.94 0.053

Bilingual Degree Flanker 3,316 −0.04 (0.54) −0.002 −0.08 0.936

Bilingual Use Flanker 1,706 −0.25 (0.14) −0.05 −1.81 0.070

Bilingual Status Card sort 4,432 0.33 (0.30) 0.02 1.10 0.271

Bilingual Degree Card sort 3,316 −0.05 (0.53) −0.002 −0.10 0.920

Bilingual Use Card sort 1,707 −0.05 (0.14) −0.01 −0.37 0.711

Bilingual Status SSRT 3,385 −2.7 (3.0) −0.02 −0.92 0.358

Bilingual Degree SSRT 2,519 −8.1 (5.7) −0.04 −1.42 0.156

Bilingual Use SSRT 1,298 −3.0 (1.5) −0.07 −1.99 0.047

GAMM (with covariates 1–8)
Bilingual Status Vocabulary 4,412 −0.64 (0.21) −0.04 −3.08 0.002

Bilingual Degree Vocabulary 3,299 −2.65 (0.35) −0.13 −7.70 <0.001

Bilingual Use Vocabulary 1,703 −0.63 (0.10) −0.14 −6.25 <0.001

Bilingual Status Flanker 4,411 0.48 (0.26) 0.03 1.83 0.067

Bilingual Degree Flanker 3,299 0.26 (0.43) 0.01 0.60 0.549

Bilingual Use Flanker 1,702 −0.12 (0.12) −0.02 −0.97 0.332

Bilingual Status Card sort 4,412 0.02 (0.25) 0.0008 0.06 0.952

Bilingual Degree Card sort 3,299 −0.04 (0.39) −0.002 −0.09 0.928

Bilingual Use Card sort 1,703 0.06 (0.13) 0.01 0.44 0.660

Bilingual Status SSRT 3,338 −4.4 (2.8) −0.03 −1.54 0.124

Bilingual Degree SSRT 2,487 −8.4 (5.0) −0.04 −1.70 0.089

Bilingual Use SSRT 1,277 −2.2 (1.4) −0.05 −1.53 0.126

Continued
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Thus, in our regression analyses, we replicated the disadvantage for 
English vocabulary in bilingual children reported in the literature24. 
However, when we controlled properly for covariates, we failed to 
find a bilingual advantage for executive function.

One concern is that, in the classic null hypothesis testing frame-
work, failure to find a difference does not imply equivalence, 
because the negative result may simply result from a lack of power 
(that is, a type II error33). Similarly, in studies with large sample 
sizes, as we have here, a negligible difference may be shown to be 
statistically significant (known as statistical overpowering34). Thus, 
in cases where one wants to argue for the absence of a meaningful 
(that is, pragmatically or theoretically significant) effect, an alterna-
tive test is an equivalence test. Here, the null hypothesis is specified 
to say that a difference between parameter estimates is outside an 
a priori interval of equivalence (δ). If the observed confidence inter-
val (CI) of the parameter estimate lies within the a priori region, 
the null hypothesis that the effect is large enough to be worth-
while is rejected. We chose the interval δ = −0.1 to +0.1 to define 
a meaningful difference, which is consistent with the notion of a 
small effect size for correlation according to Cohen’s standards35. 
Thus, we statistically tested for the absence of effects large enough 
to be deemed worthwhile. The results of the equivalence tests are  
shown in Fig. 1.

Figure 1 shows that we failed to evidence equivalence in 13 cases. 
For the executive function variables, non-equivalence was found 
for all three outcome measures, but in all cases bilinguals actu-
ally showed a disadvantage. When covariates were entered in the 
model, we failed to find evidence for equivalence only for the SSRT 
(again, bilinguals showed a disadvantage), but these effects were 
still quite small (the largest standardized β for the executive func-
tion measures, after controlling for covariates, was −0.07, indicating 
a bilingual disadvantage). A notable finding was that the English 
vocabulary disadvantage was still evident after controlling for a 
number of demographic covariates. The results of the equivalence 
analyses thus mirror those reported for the regression analyses. We 
found no meaningful evidence for an executive function bilingual 
advantage, but we did find evidence for a disadvantage for bilinguals 
for English vocabulary, indicating a small effect size (β = −0.14 
when controlling for demographic and intelligence covariates).

To put these findings in context, a further discussion of the 
effect sizes is warranted. First, in the case of the first two predictors 
(Bilingual Status and Bilingual Degree), examination of the unstan-
dardized regression coefficient tells us how much the dependent 
measure changes given a change in status from monolingual to bilin-

gual. For the English vocabulary measure, the effects ranged from a 
reduction of 0.23 (Cohen’s d = 0.03) to 3.7 points (Cohen’s d = 0.41), 
but when covariates were controlled, the reduction was a 2.7-point 
difference between monolinguals and bilinguals (t(3,299) = −7.70; 
P < 0.001; Cohen’s d = 0.34; 95% CI of d = 0.26–0.44). This was a sta-
tistically significant difference, but the Cohen’s d for this difference 
was rather small (Cohen provides a guideline for a small effect as 
d = 0.20; ref. 35). For comparison, in the norming study of the NIH 
Toolbox Picture Vocabulary Test, the effect size difference between 
college and high school-educated adults was large (Cohen’s d = 0.98; 
ref. 27).

Effect size differences for the executive function measures were 
even smaller. For example, when examining data with no covari-
ates, the only significant effect showing a bilingual advantage was 
of Bilingual Status predicting flanker (t(4,444) = 2.47; P = 0.014; 
Cohen’s d = 0.08; 95% CI of d = 0.02–0.14)—an effect that remained 
when English vocabulary was controlled (t(4,443) = 2.75; P = 0.006; 
Cohen’s d = 0.08; 95% CI of d = 0.02–0.14) but not when other 
demographic covariates were controlled (t(4,431) = 1.94; P = 0.053; 
Cohen’s d = 0.06; 95% CI of d = −0.0006–0.12). These effect sizes are 
very small by any reasonable standard, and mirror the small effects 
reported in other large-sample studies of bilingual executive func-
tion advantages (for example, Hartanto and colleagues5 report a 
standardized β of 0.04 for the card-sort task in their large-sample 
study, which translates to Cohen’s d = 0.08). To put these effects 
in context, in a norming study of the NIH Toolbox card-sort and 
flanker tests, the effect size difference between college- and high-
school-educated adults was much larger (Cohen’s d = 0.39 and 
0.44, respectively36). Our reported effect sizes are even smaller than 
the sex differences reported in the same norming study, which 
are themselves small and non-significant (in the norming study, 
Cohen’s d = 0.10 and 0.13 for card sort and flanker, respectively). In 
the present study, the small effect sizes for bilingual variables pre-
dicting executive function are very small and are unlikely to reflect 
a meaningful difference in the population.

To summarize the findings thus far, the results from our regres-
sion and equivalency analyses suggest that any bilingual executive 
function advantage is too small to consistently detect, even with our 
large sample. This raises the question of why the bilingual executive 
function advantage has been replicated so often in the literature. It 
has been suggested that other factors—namely, publication bias37—
may have favoured the publication of positive effects in studies 
with small samples. Indeed, there is evidence from recent meta-
analyses that this may be the case in the bilingual literature8,9. The 

Predictor outcome d.f. B (s.e.) β t P

GAMM (with covariates 1–9)
Bilingual Status Flanker 4,410 0.50 (0.26) 0.03 1.90 0.058

Bilingual Degree Flanker 3,298 0.37 (0.44) 0.02 0.85 0.395

Bilingual Use Flanker 1,701 −0.11 (0.12) −0.02 −0.86 0.390

Bilingual Status Card sort 4,411 0.05 (0.25) 0.003 0.21 0.834

Bilingual Degree Card sort 3,298 0.11 (0.39) 0.005 0.29 0.772

Bilingual Use Card sort 1,702 0.11 (0.13) 0.02 0.86 0.390

Bilingual Status SSRT 3,337 −4.6 (2.8) −0.03 −1.63 0.103

Bilingual Degree SSRT 2,486 −9.1 (5.0) −0.04 −1.81 0.070

Bilingual Use SSRT 1,276 −2.6 (1.5) −0.06 −1.80 0.072

The GAMMs included family nested within site as random effects and the following covariates as fixed effects: (1) age; (2) biological sex; (3) race or ethnicity; (4) highest degree of education; (5) 
household income; (6) marital status; (7) crystallized intelligence; (8) fluid intelligence; and (9) English vocabulary. Crystallized intelligence was measured using the NIH Toolbox Oral Reading Recognition 
Test, and fluid intelligence was measured using the Modified NIH Toolbox Fluid Cognition Composite Test. The SSRT was reverse-scored. B is the unstandardized regression slope parameter estimate, s.e. 
is the standard error of the regression slope parameter estimate, and β is the standardized regression slope parameter estimate. All P values are two-tailed.

Table 2 | Results of GAMM regression for the three predictors of interest (continued)
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large sample of the present study allows us to assess this possibil-
ity using a bootstrap approach. In the bootstrap, we can repeatedly 
take smaller samples from our larger sample and plot a distribu-
tion of the effects that turn out to be statistically significant, which 
will show us the frequency of significant effects gleaned from small 
samples taken from our data.

We can also explore another question about the expected distri-
bution of significant results from a population in which the effects 
are real and replicable, as opposed to one in which the effects are 

probably due to chance. On the assumption that the error distri-
bution is normal, it is expected that effects would be statistically 
significant about 5% of the time (that is, this is expected based on 
the type I error rate set by our cut-off of α = 0.05, and should occur 
in about 250 out of 5,000 bootstrap samples). If the null hypoth-
esis is true (that is, there is no effect), this distribution should be 
uniform38. If the null hypothesis is false (that is, there is an effect), 
this distribution should be non-uniform39,40 and indeed should be 
right-skewed (that is, more low P values (for example, 0.01 s) than 
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Fig. 1 | Results of the tests of equivalence for the standardized regression slope β. The figure shows the effect sizes (β) and CIs plotted against the 
interval of equivalence. Data points represent the parameter estimates (β) from Table 2, along with the calculated CIs for the slope ( β

−C  and β
+C ). To 

evidence statistical equivalence, CIs should be contained within the a priori defined interval of equivalence ( β
−I  to β

+I ), which was set to (−0.1 to 0.1). Slope 
estimates at 0 would be exactly equivalent. A bilingual advantage would show to the right of 0 on the x axis, and any disadvantage to the left. The β values 
reported from the GAMMs included family nested within site as random effects and the covariates listed in Table 2.
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high P values (for example, 0.04 s))38. We can show this empirically 
as well by bootstrapping random data using our bilingual predic-
tors. For random data, we would expect a uniform distribution 
because no real effects should be detected in random data. Here, 
we are essentially plotting a P curve—the distribution of statistically 
significant P values—from the available data38.

Figure 2 shows, as expected, that the distribution for random data 
was uniform (row five), and with small sample sizes (n = 30) even 
findings from random data could manifest as significant effects. 
This was expected based on the type I error rate set by α = 0.05. In 
contrast, when effect sizes were larger, as was the case for English 
vocabulary predicted by Bilingual Use and Bilingual Degree, the 
distribution became non-uniform (row 1 in Fig. 2), suggestive of a 
real effect. However, when effect sizes were small, as was the case for 
all of the executive function measures (rows 2–4), the distribution 
was uniform, and resembled that of randomly generated data. This 
suggests that no real effect is driving significance for these compari-
sons, which complements the conclusions reached in the regression 
and equivalency analyses. It also suggests that previously reported 
significant effects in the literature for executive function may reflect 
type I error, but effects for English vocabulary probably reflect a 
true difference between bilinguals and monolinguals.

In summary, in one of the largest studies to date addressing this 
question, we failed to find consistent evidence for a bilingual advan-

tage for executive function. Although the size and demographic 
profile of the sample suggests that our findings have a high likeli-
hood of replicability, it is limited by the measures we used and the 
population we studied. Thus, it is accurate within this context to 
note that the previously reported bilingual advantage for executive 
function is: (1) either very small or non-existent; (2) not present at 
9–10 years of age and only either earlier or later; (3) not measurable 
using the operationalizations of ‘cool’ executive function on offer 
from the NIH Toolbox and SST; and (4) not present in the specific 
bilingual sample, which might be advantaged or disadvantaged in a 
number of ways specific to the United States cultural, linguistic or 
educational context. Thus, with these caveats as a context, we must 
entertain the possibility that bilingual executive function advantages 
might be revealed at different developmental time points6, using dif-
ferent tasks, or in children raised in a different cultural context.

Despite the non-replication of previously reported findings of 
a bilingual advantage for executive function, we did replicate the 
disadvantage for bilinguals in terms of English vocabulary. Our 
replication of this finding is important because it lends support 
to our method for operationalization of bilingualism. However, 
these results should not be taken to endorse the idea that learning 
a second language is disadvantageous—it is in fact advantageous 
in a number of domains18. It is also important to note that while 
English vocabulary may be reduced for bilinguals compared with 
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Fig. 2 | Histograms representing the frequency of P values for n = 30 of 5,000 bootstrap replicates, for oLS regressions with no covariates. Predictors 
are listed with outcomes. Significant results (that is, P < 0.05) were relatively frequent for Bilingual Degree and Bilingual Use predicting English vocabulary. 
Significant results were less frequent for the flanker, card sort and SSRT outcome measures, although they still occurred. Notably, they also occurred for 
data randomly generated from a normal distribution (bottom row). These random data also show the expected uniform distribution under the assumption 
that the null hypothesis is true. The executive function measures, unlike the English vocabulary measure, also show a uniform distribution, suggesting that 
the results derived from the executive function measures are not different from those derived from random data.
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monolinguals, the effects are small to modest, explaining around 
1–5% of additional variance in English vocabulary, depending on 
the statistical model, and when proper controls are considered. To 
put this in context, in a norming study of the NIH Toolbox Picture 
Vocabulary Test, including socioeconomic status in the statistical 
model is a more robust predictor, accounting for an additional 6.3% 
of the variance in scores41. Perhaps more importantly, there is little 
evidence to suggest that bilinguals have lower total vocabulary than 
monolinguals16,17. With these caveats in mind, we think the differ-
ence in English vocabulary is worth consideration in future studies 
of bilingualism, as there may be ways to mitigate such effects for 
dual-language learners. More broadly, the present study contributes 
to the discussion of important issues surrounding the education of 
bilingual children, such as whether and to what extent there should 
be concern about language and literacy development, and whether 
and to what extent the cognitive benefits of bilingual education 
extend outside the domain of second-language proficiency.

Methods
Data analysis was conducted on the ABCD Study Curated Annual Release 1.0. 
Comprehensive details about the ABCD study are published elsewhere (ref. 42 and 
other articles in the same focus issue). Data collection and analysis were performed 
blind to the conditions of the experiments. The study was reviewed and approved 
by the University of California, San Diego’s Institutional Review Board.

Participants. The sample comprised data on 4,524 9- to 10-year-old children, 
collected from 21 study sites across the United States. Demographically, the ABCD 
study used a multistage probability sample of eligible children by probability 
sampling schools within the catchment area of each site. The goal of this sampling 
strategy was to match the demographic profile of two national surveys—the ACS (a 
large-scale survey of approximately 3.5 million households conducted annually by 
the US Census Bureau) and annual third- and fourth-grade school enrolment data 
maintained by the National Center for Education Statistics. The sampling strategy 
was additionally constrained by the requirement that study sites had available 
magnetic resonance imaging (MRI) scanners. Because these are typically available 
at research universities in urban areas, the sampling tended to oversample urban as 
opposed to rural students and families.

Despite this caveat, the ABCD study sample was largely successful at 
approximating the ACS survey demographic profiles23. That said, although it 
approximates the demographic profile of the ACS survey, because the sampling 
strategy heavily relied on schools in urban areas, it is more accurate to describe 
the sample as having a population-based, demographically diverse sample that 
is not necessarily representative of the U.S. national population43. Demographic 
assessments of the sample are summarized in Barch et al.44. The demographic 
profile of the sample is presented in Supplementary Table 1.

Measures. For the present study, we used measures of Bilingual Status and other 
language use, attention and executive function, English vocabulary, and fluid and 
crystallized intelligence.

Measurement of bilingualism. Measurement of bilingualism is challenging and 
multifaceted, and there is no established or consistent measure45. Previous studies 
have variously used self-46 and parent/caregiver-2 reports, more-detailed language 
background questionnaires3,11,12,46–48 or a ratio of vocabulary scores in the two 
languages49. In the present study, bilingualism was measured using the self-report 
ABCD YAS (a modified version of the PhenX Acculturation Measure; https://www.
phenxtoolkit.org)50, which provided a measure of whether the child spoke more 
than one language, as well as how often this language was spoken with friends and 
family. The bilingual variables were calculated and used as predictors of executive 
function and English vocabulary.

Three variables were calculated based on the ABCD YAS. The first was 
Bilingual Status (a categorical variable), and consisted of a categorical answer 
to the question ‘Besides English, do you speak or understand another language 
or dialect?’ Participants also answered the question ‘What other language or 
dialect do you speak or understand (besides English)?’. A dropdown menu was 
available, and participants were allowed to choose ‘other’ if their language was 
not represented. If they spoke more than two languages, they were instructed to 
answer the language (other than English) that they spoke the most. Supplementary 
Table 2 provides a breakdown of the responses to these questions. Note that a small 
number of children answered ‘pig Latin’ or ‘English’ (n = 8). Because these are 
either dialects of English or ‘pretend languages’, the answers were recoded such that 
participants were counted as monolingual. After recoding, 2,761 participants were 
identified as monolingual and 1,740 as bilingual (23 provided no response).

This Bilingual Status variable is useful and replicates the measurement from 
previous studies, but it does not provide any detail about the familiarity with the 

other language. Thus, we calculated a second categorical variable, Bilingual Degree, 
to assess the degree to which the child used the other language. This was based on 
the answers to two questions. The first question was ‘What language do you speak 
with most of your friends?’, with answers applied on a Likert scale consisting of 
‘Other language all the time’, ‘Other language most of the time’, ‘Other language and 
English equally‘, ’English most of the time’ and ‘English all the time’. The second 
question was ‘What language do you speak with most of your family?’, with the 
same answer choices. Bilingual Degree was calculated as a categorical variable 
dummy-coded to include participants as bilingual if they endorsed that they spoke 
another language other than English, and if they endorsed that they spoke this 
other language with friends all of the time, most of the time or equally, or they 
spoke the other language with family all of the time, most of the time or equally. 
After this coding, 2,761 participants were identified as monolingual, and 606 
participants were identified as having a high degree of exposure to and use of the 
second language.

Finally, to obtain a more continuous measure of Bilingual Use, we summed the 
answers to the ‘What language do you speak with most of your friends?’ and ‘What 
language do you speak with most of your family?’ questions, and reverse scored the 
answers (for a range of 0–8). Thus, a child who endorsed ‘English all of the time’ 
for both friends and family would score low on this measure (0), while a child who 
endorsed ‘Other language all of the time’ (4) for both friends and family would 
receive a high score (8).

Children were also asked ‘How well do you speak English?’. The majority of 
children (98%) endorsed ‘good’ or ‘excellent’ for this question. When looking 
within the monolingual and bilingual groups, both groups reported mostly good or 
excellent (monolingual: excellent = 77.7%; good = 20.5%; fair = 1.2%; poor = 0.5%; 
bilingual: excellent = 71.2%; good = 25.7%; fair = 2.9%; poor = 0.1%). However, 
although the effect was small, the rates were significantly different, (χ2(3) = 39.8; 
P < 0.001; Cramer’s ϕc = 0.05; 95% CI of χ2 = 17.3–66.1). Across both groups, there 
was also a significant association between self-reporting of English proficiency and 
English vocabulary (F(3, 4,466) = 25.34; P < 0.001; ηp

2 = 0.02; 90% CI of ηp
2 = 0.011–

0.023). For children who reported being bilingual, there was an additional 
association between self-reporting of English proficiency and the Bilingual Use 
measure (F(3, 1,743) = 54.06; P < 0.001; ηp

2 = 0.09; 90% CI of ηp
2 = 0.06–0.11). These 

results suggest that while most children were proficient in English (measured via 
self-reports), it is important to control for English language proficiency when 
examining any group differences. We did this using the standardized English 
vocabulary measure (see below).

NIH Toolbox measures and SST. Measures of English vocabulary, executive 
function, and fluid and crystallized intelligence were administered from the 
Cognition Battery of the NIH Toolbox51, in addition to the SST measuring 
inhibitory control. The NIH Toolbox measures were administered on an iPad 
with a touchscreen. The SST was administered in the MRI scanner. Because 
demographic variables were entered in the regressions, the uncorrected score was 
used for all NIH Toolbox measures. The SSRT was the outcome measure for the 
SST.

Measurement of English vocabulary. English vocabulary was measured using the 
NIH Toolbox Picture Vocabulary test27. In this test, single words are presented 
auditorily, paired simultaneously with four images of objects, actions and/or 
depictions of concepts. The participant must select the picture with the meaning 
that most closely matches that of the spoken word. Items are scored as correct or 
incorrect.

Measurement of executive function. Because many of the previously reported 
differences between bilinguals and monolinguals have been on tasks assessing 
attention, task switching/cognitive flexibility and inhibitory control, we analysed 
the NIH Toolbox Flanker Inhibitory Control and Attention Test and ABCD 
SST29 (to measure inhibitory control and attention), as well as the NIH Toolbox 
Dimensional Change Card Sort (DCCS) Test to measure task switching/cognitive 
flexibility52.

The NIH Toolbox card-sort task is based on the Dimensional Change Card 
Sort (DCCS) task developed by Zelazo and colleagues28. In the standard version of 
the DCCS, children are shown two target cards (for example, red rabbits and blue 
boats) and asked to sort the test cards (for example, blue rabbits and red boats) 
first according to one dimension (for example, colour) and then according to the 
other (for example, shape). Because of the conflict between the target and test 
cards, switching between the first rule and the second incurs a switch cost, both in 
terms of accuracy and response time. In the NIH Toolbox version, there are four 
card-sorting blocks: practice, preswitch, postswitch and mixed. In the practice 
block, participants were instructed to match centrally presented stimuli to one 
of two lateralized target stimuli. The preswitch and postswitch trials were similar 
to the practice trials, but there was a conflict between the test and target cards. A 
rule switch was employed between the pre- and postswitch phase, with the sorting 
dimension (shape or colour) counterbalanced across participants. Children who 
succeeded on at least four trials of the postswitch received the mixed block, which 
consisted of 50 trials of 40 frequent and 10 infrequent trials. The frequent trials 
corresponded to the dimension that had been presented in the postswitch phase. 
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The standard toolbox scoring was used, in which both accuracy and response time 
were included in the score52.

The NIH Toolbox Flanker Inhibitory Control and Attention Test was also 
administered in the standard fashion. In this task, participants were required to 
indicate the left versus right orientation of a centrally presented stimulus while 
inhibiting attention to the flankers that surrounded it on each side. On some trials, 
the orientation of the flankers was congruent with the orientation of the central 
stimulus, while on others it was incongruent. The NIH Toolbox version consists 
of a practice block, a block using child-friendly fish stimuli and a block using 
more difficult arrow stimuli. Scoring was similar to the card-sort scoring, and 
incorporated both accuracy and response time.

Administration of the ABCD SST is described in detail elsewhere29. Briefly, 
the SST requires that participants withhold a motor response to a ‘go’ stimulus 
when it is followed unpredictably by a signal to stop. For the ABCD study, the SST 
was administered inside an MRI scanner over 2 experimental runs of 180 trials 
each. On each trial, a leftward- or rightward-pointing arrow was presented (that 
is, the go stimulus). Participants were instructed to press a button corresponding 
to the direction of the arrow. A proportion (16.67%) of the trials were stop trials, 
on which the arrow was followed by an upward-facing arrow indicating that the 
participant should withhold responding. These trials were unpredictable, requiring 
participants to inhibit the prepotent response to go. The stop-signal delay (that is, 
the time between the onset of the go trial and the stop trial) began at 50 s, but was 
adaptively modified in response to participant performance. This was designed 
to equate task difficulty across individuals. The primary measure of interest was 
SSRT, which was proposed to index inhibitory control, and was computed here by 
taking the mean go response time and subtracting the mean stop-signal delay53. 
To be consistent with the other measurements, we reverse scored the SSRT (by 
multiplying the values by −1) so that higher SSRT indicated better inhibitory 
control. Notably, because some children were fatigued by the length of the MRI 
scanner protocol, attrition data on the SST were only available for 75% of the 
sample. Thus, the results are reported for the sample of children who completed 
the task.

Measurement of fluid and crystallized intelligence. Measurements of fluid 
(adaptive problem-solving skills) and crystallized intelligence (accumulated 
knowledge through experience) were accomplished as part of the NIH Toolbox 
Cognition Battery54. Specifically, we used modified versions of the Toolbox 
Crystallized Cognition Composite and Toolbox Fluid Cognition Composite scores. 
The Toolbox Crystallized Cognition Composite is typically derived from two 
subtests of the cognition battery: the Picture Vocabulary Test and Oral Reading 
Recognition Test. The Toolbox Fluid Cognition Composite is typically derived 
from five subtests: the Card Sort, Flanker Inhibitory Control and Attention Test, 
Picture Sequence Memory Test, List Sorting Working Memory Test and Pattern 
Comparison Processing Speed Test. However, because some of our outcome 
measures were included in the calculation of the standard composite scores, we 
computed new composites by removing those variables (that is, vocabulary was 
removed from the Toolbox Crystallized Cognition Composite, and card sort 
and flanker were removed from the Toolbox Fluid Cognition Composite). For 
crystallized intelligence, we simply used the remaining subtest—oral reading 
recognition—which is already a standardized score. For fluid intelligence, we 
averaged the Picture Sequence Memory Test, List Sorting Working Memory Test 
and Pattern Comparison Processing Speed Test scores, and standardized those 
average scores.

Missing data. With the exception of the SST measure, missing data as a 
percentage of the sample were minimal (see Supplementary Table 3). As missing 
data imputation for dependent measures is not recommended55, we focused on 
dealing with missing data for the demographic measures. For the three missing 
demographic variables (highest household income, highest household education 
and race/ethnicity), using logistic regression, we checked for the association 
between missingness and the outcome measures of interest. Two significant 
associations were revealed: missingness on the household income measure 
was significantly predicted by English vocabulary and card sort (respectively, 
z(4,477) = −6.23; P < 0.001; odds ratio = 1.43; and z(4,475) = 2.80; P = 0.005; 
odds ratio = 1.16). This analysis rules out ‘missing completely at random’ for 
this particular predictor, which is the standard assumption underlying modern 
data imputation methods. On this assumption, we proceeded to missing data 
imputation for demographic measures using the Multivariate Imputation via 
Chained Equations (MICE) package in R (version 3.5). For the regression analyses 
to follow, these additional missing data were dealt with using casewise deletion. 
Degrees of freedom are reported for each comparison, which account for the 
missing data. We additionally repeated the analysis without imputation, using 
casewise deletion, to check for any introduction of potential bias. These results 
(reported in Supplementary Table 4) are not materially different from those 
reported in the main article.

GAMMs. Simple and multiple regressions were conducted using GAMMs56. 
Generalized additive models replace the linear form from ordinary least squares 
(OLS) models with a sum of smooth functions incorporating an iterative 
scatterplot smoother, and are able to better identify and model nonlinear covariate 

effects. In the present study, we incorporated a mixed-effects model to model the 
correlated observations within families and at sites. Thus, for all GAMM models, 
the random effect was specified to model family nested within site.

We conducted five different analyses to attempt to replicate the approaches 
used in the existing bilingual literature, and to be comprehensive in our control 
of potentially confounding covariates which have, in the past, been associated 
with the outcome measures. For the first set of analyses, we used a simple GAMM 
without covariates (while incorporating the random effects) to predict the four 
outcomes of interest (English vocabulary, flanker, card sort and SSRT). The three 
language measures—Bilingual Status, Bilingual Degree and Bilingual Use—were 
entered as predictors. This analysis covers the approaches used in many studies in 
the available literature.

We then conducted additional regressions incorporating covariates. For the 
second set of models, we only controlled for English vocabulary, and investigated 
only the executive function measures. In previous studies2,3,25, controlling for 
vocabulary has been proposed because of its known association with executive 
function during development57–60. In addition, it is possible that controlling for 
vocabulary can actually help uncover associations between bilingualism and 
executive function that might be missed. This is predicated on the assumption  
that bilinguals who have lower verbal ability on average might perform on par  
with their monolingual peers, indicating that bilingualism compensates to some 
degree for what would otherwise be poorer executive function. Controlling for 
English vocabulary without additional covariates allows for investigation of  
both possibilities.

For the third set of models, English vocabulary was removed as a covariate, and 
the demographic covariates of age, biological sex, race/ethnicity, highest household 
education, household marriage status and highest household income were entered 
(for a total of six covariates). These demographic measures are also known to 
be associated with the outcome measures of interest41,61, particularly in bilingual 
samples6,10.

For the fourth set of models, we added the fluid and crystallized composites 
(entered separately due to differential associations with executive function62) 
for a total of eight covariates. For the fifth set of models, we added the English 
vocabulary covariate back in for a total of nine covariates. It is important to 
note that while there is a high correlation between intelligence and vocabulary63, 
vocabulary is also a useful proxy (albeit with limitations) of the level of 
acculturation in minority groups64, which is itself a potentially important 
confounding factor in studies of the bilingual advantage for executive function8.

Equivalence testing. In the null hypothesis testing framework, failure to find a 
difference does not imply equivalence, because the negative result may simply 
result from a lack of power (that is, a type II error33). Similarly, in studies with large 
sample sizes, a negligible difference may be shown to be statistically significant 
(known as statistical overpowering34). Thus, in cases where one wants to evidence 
the absence of an effect that is large enough to be deemed worthwhile, one must 
use an alternative test. One option is an equivalence test. Here, the null hypothesis 
is specified such that the effect size is outside an a priori-specified interval of 
equivalence. This flips the null hypothesis testing framework on its head. In other 
words, in classic null hypothesis testing, the null hypothesis is that there is no 
difference, but in equivalence testing, the null hypothesis is that there is a certain 
difference. Rejecting the null hypothesis, in this case, implies that the true effect is 
close enough to zero for practical purposes (that is, any difference is too small to be 
meaningful as defined by the a priori effect size interval).

This can be tested using a variety of methods, but one that has been proposed 
for regression models is the method by Anderson and Hauck65, validated using 
Monte Carlo estimation by Counsell and Cribbie66. For this procedure, one must 
first choose an effect size. We chose the standardized regression coefficient, β, 
because it has desirable estimation properties67 and accompanying CIs. Second, one 
must choose a value of δ. We chose the interval −0.1–0.1, which is consistent with 
the notion of a small effect size for correlation according to Cohen’s standards35. It 
is also the effect size used in the validation study by Counsell and Cribbie66. Finally, 
the equivalence statistic was calculated.

The proposed statistic is given by:
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where ϕ represents the standard normal probability function, δ represents the 
interval of equivalence (for example, 0.1), B represents the regression coefficient, 
and s represents the standard error. When P ≤ α, the null hypothesis of a difference 
is rejected and the conclusion is that the coefficients are equivalent (or, for tests 
against a slope of zero, not different from zero). Similarly, if the parameter estimate 
of the difference, along with its CI, fall within the interval of equivalence, the 
parameter estimates are determined to be equivalent.

Bootstrapping analysis of small samples. A number of previous studies that have 
reported executive function advantages for bilingual children used small samples, 
making them prone to statistical error, including type I error68. We took advantage 
of our large sample to determine the probability that such effects are driven 
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by sampling error in small samples. To do this, we conducted a bootstrapping 
exercise to establish probability distributions of P values for each regression slope, 
with a sample size of n = 30, at 5,000 bootstrap replicates. The sample size was 
chosen based on the average sample size showing significant language group 
differences as reported in meta-analyses of the literature8,69. For this analysis, we 
used OLS models with no covariates, as the bootstrap sample size was too small to 
appropriately model nested effects.

We also assessed the probability distribution of the three predictors when 
random data were generated for the dependent measures. The expectation is 
that, because random data should not differ as a function of bilingualism, the 
distribution should be uniform under the null39,40. This was verified in our 
simulation. This simulation thus also allows the qualitative comparison of data 
from our dependent measures of interest against randomly generated data, using 
the same independent measures.

Power estimates. In cases where null effects are reported, care must be taken to 
avoid type II error. Fortunately, because of the large sample sizes employed in the 
present study, power was universally high. Thus, a posteriori power analysis for the 
lowest sample size reported in the paper (d.f. = 1,276) showed that the power was 
0.95 to detect a small effect of r = 0.1 at α = 0.05, based on Cohen35.

Reporting Summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.

Data availability
The data are from the ABCD Study Curated Annual Release 1.0 and are available 
on request from the NIMH Data Archive (https://data-archive.nimh.nih.gov/abcd).

Code availability
All software used in the present analysis is open source from the Comprehensive 
R Archive Network (version 3.5.0; ref. 70). The R code to replicate the analysis is 
available at https://github.com/anthonystevendick/bilingual_abcd.
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Study description We examined data from the Adolescent Brain and Cognitive Development study and measured their performance on intelligence, 
vocabulary, and executive function tests, and their degree of bilingualism. It is a quantitative quasi-experimental design study.

Research sample The sample is comprised of 4524 9-10-year-old children collected from 21 study sites across the United States.

Sampling strategy Demographically, the ABCD Study used a multi-stage probability sample of eligible children by probability sampling 
of schools within the catchment area of each site. The goal of this sampling strategy was to approximate the demographic 
profile of two national surveys, the American Community Survey (ACS; a large-scale survey of approximately 
3.5 million households conducted annually by the U.S. Census Bureau) and annual 3rd and 4th grade school 
enrollment data maintained by the National Center for Education Statistics. The sampling strategy was additionally 
constrained by the requirement that study sites had available MRI scanners. Because these are typically available at 
research universities in urban areas, the sampling tends to oversample urban as opposed to rural students and families. 
Despite this caveat, the ABCD Study sample was largely successful at matching the ACS survey demographic 
profiles. Demographic assessments of the sample are summarized here in Barch et al. The demographic profile 
of the sample is presented in Table 1 in the paper.

Data collection Researchers were blind to the study hypotheses of the present paper. During data collection, the research assistant, the parent, and the 
children in the study were present. For the present study, the NIH toolbox, administered on an iPAD, and various demographic 
questionnaires, administered on a computer, were analyzed.

Timing Data collection began in the Fall of 2016 and continued until December of 2017.

Data exclusions Missing data analysis is described in the paper and was applied to demographic variables that were missing. All data that were available 
were analyzed.

Non-participation Some participants declined participation, but this depended on the task. For one task, the stop-signal task, because it was administered 
in a MRI scanner, a number of participants declined to continue in data collection. That task had 25% attrition. Available data for all of 
the other tasks approached or matched the original targeted sample (n = 4524).

Randomization Random assignment was not used. Demographic and cognitive covariates were entered into the generalized linear model analyses. These 
covariates were age, sex, race/ethnicity, highest degree of education, household income, marital status, IQ, and English vocabulary. We 
also modeled family within study site as random factors.
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Population characteristics See above.

Recruitment The sample is comprised of 4524 9-10-year-old children collected from 21 study sites across the United States. 
Demographically, the ABCD Study used a multi-stage probability sample of eligible children by probability sampling 
of schools within the catchment area of each site. The goal of this sampling strategy was to match the demographic 
profile of two national surveys, the American Community Survey (ACS; a large-scale survey of approximately 
3.5 million households conducted annually by the U.S. Census Bureau) and annual 3rd and 4th grade school 
enrollment data maintained by the National Center for Education Statistics. The sampling strategy was additionally 
constrained by the requirement that study sites had available MRI scanners. Because these are typically available at 
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research universities in urban areas, the sampling tends to oversample urban as opposed to rural students and families. Despite 
this caveat, the ABCD Study sample was largely successful at approximating the ACS survey demographic 
profiles. That said, although it closely approximates the demographic profile of the ACS survey, because the sampling strategy 
heavily relied on schools in urban areas, it is more accurate to describe the sample as having a population-based, 
demographically diverse sample that is not necessarily representative of the U.S. national population. 
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