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Abstract 

We used insights from machine learning to address an important but contentious question: is 

bilingual language experience associated with executive control abilities? Specifically, we assess 

proactive executive control for over 400 young adult bilinguals via reaction time on an AX 

continuous performance task (AX-CPT). We measured bilingual experience as a continuous, 

multidimensional spectrum (i.e., age of acquisition, language entropy, and sheer second language 

exposure). Linear mixed effects regression analyses indicated significant associations between 

bilingual language experience and proactive control, consistent with previous work. Information 

criteria (e.g., AIC) and cross-validation further suggested that these models are robust in 

predicting data from novel, unmodeled participants. These results were bolstered by cross-

validated LASSO regression, a form of penalized regression. However, the results of both cross-

validation procedures also indicated that similar predictive performance could be achieved 

through simpler models that only included information about the AX-CPT (i.e., trial type). 

Collectively, these results suggest that the effects of bilingual experience on proactive control, to 

the extent that they exist in younger adults, are likely small. Thus, future studies will require 

even larger or qualitatively different samples (e.g., older adults or children) in combination with 

valid, granular quantifications of language experience to reveal predictive effects on novel 

participants. 

 

Keywords: bilingualism, proactive control, language entropy, individual differences, interactional 

context 
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Engaging proactive control: Influences of diverse language experiences  

using insights from machine learning 

 

Bilingualism, that is, the knowledge and active use of two or more languages, exhibits 

several hallmarks of an ideal form of cognitive training that should generalize to domains besides 

language (Diamond & Ling, 2016). Bilingual language use is rigorous and cognitively taxing: 

bilinguals experience constant activation and competition from the non-target language that they 

are thought to manage, in part, by applying domain general executive control (Gullifer & Titone, 

2019b; Kroll, Gullifer, & Zirnstein, 2016; Lauro & Schwartz, 2017; Pivneva, Mercier, & Titone, 

2014; Veronica Whitford, Pivneva, & Titone, 2016). Bilingualism is quite often continual and 

unrelenting: onset of bilingualism can occur from birth, and there may be no upper limit on the 

number of hours per day that people can spend using language if activities like thinking and 

dreaming are included as valid forms of language experience (Bialystok, 2017). Bilingualism is 

also highly socioculturally relevant: language use has an impact on economic outcomes (Saiz & 

Zoido, 2005), social-emotional well-being (Chen, Benet‐Martínez, & Harris Bond, 2008; 

Doucerain, Varnaamkhaasti, Segalowitz, & Ryder, 2015; Han, 2010), and political attitudes 

(Heller, 1992), particularly in parts of the world where multiple languages are in contact with 

one another. Importantly, bilingualism is not a single, dichotomous construct (e.g., Luk & 

Bialystok, 2013), and bilinguals vary along many dimensions of language ability, exposure, and 

usage (e.g., Baum & Titone, 2014; Tiv, Gullifer, Feng, Titone, 2020). Our goal here is to assess 

whether individual differences in bilingual language experience in younger adults, along multiple 

dimensions predict individuals’ engagement of executive control, at a behavioral level. To this 
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end, we analyze proactive executive control data from a sample of over 400 bilinguals from 

Montréal, Québec between the ages of 18 and 35. 

There is now substantial experimental evidence to suggest that bilinguals exhibit 

differential executive control performance relative to monolinguals (e.g., Bialystok, 1992; 

Bialystok, Craik, Klein, & Viswanathan, 2004; Bialystok, Craik, & Luk, 2012; Bialystok & 

Martin, 2004; Costa, Hernández, & Sebastián-Gallés, 2008; Peal & Lambert, 1962; Anat Prior & 

MacWhinney, 2010) and that aspects of bilingual experience explain modulations in executive 

control performance (Dash, Berroir, Ghazi-Saidi, Adrover-Roig, & Ansaldo, 2019; Donnelly, 

Brooks, & Homer, 2019; Grundy, Chung-Fat-Yim, Friesen, Mak, & Bialystok, 2017; Gullifer et 

al., 2018; Hartanto & Yang, 2016; Hofweber, Marinis, & Treffers-Daller, 2016; Jylkkä et al., 

2017; Kousaie, Chai, Sander, & Klein, 2017; Julia Morales, Gómez-Ariza, & Bajo, 2013; 

Navarro-Torres, Garcia, Chidambaram, & Kroll, 2019; Prior & Gollan, 2011; Soveri, Rodriguez-

Fornells, & Laine, 2011; Verreyt, Woumans, Vandelanotte, Szmalec, & Duyck, 2015; Zirnstein, 

van Hell, & Kroll, 2018a, 2018b). The primary theoretical argument is that cognitive and 

linguistic systems and their corresponding brain networks adapt to meet the demands of the 

environment (i.e., the adaptive control hypothesis; Abutalebi & Green, 2016; Green & Abutalebi, 

2013; Green & Wei, 2014). In particular, environments where two or more languages are used 

may be particularly demanding for a variety of control processes including active goal 

maintenance and conflict monitoring (Green & Abutalebi, 2013). However, the relationship 

between bilingualism and executive control has been contentious due to high variance in the 

outcomes of individual studies and meta-analytical reports of small effect sizes that do not 

survive corrections for publication bias (de Bruin & Della Sala, 2019; de Bruin, Treccani, & 
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Della Sala, 2015; Donnelly et al., 2019; Lehtonen et al., 2018; Paap, 2019; Paap, 2014; Paap, 

Johnson, & Sawi, 2015).  

There are at least three root causes of conflicting results, not yet exhaustively assessed, 

that we address in the present study. First, people vary continuously along many dimensions in 

terms of language exposure, use, and ability, but there is often a failure to assess these 

experiences as a continuous dimension (though this point is garnering attention within the field; 

e.g., Anderson, Mak, Keyvani Chahi, & Bialystok, 2018; Baum & Titone, 2014; Bice & Kroll, 

2019; de Bruin, 2019; DeLuca, Rothman, Bialystok, & Pliatsikas, 2019; Gullifer et al., 2018; 

Gullifer & Titone, 2019a; Hartanto & Yang, 2016; Paap, Anders-Jefferson, Mikulinski, Masuda, 

& Mason, 2019; Poarch, Vanhove, & Berthele, 2018; Surrain & Luk, 2019; Takahesu Tabori, 

Mech, & Atagi, 2018; Titone, Gullifer, Subramaniapillai, Rajah, & Baum, 2017). Instead 

participants are often dichotomized into groups of potentially heterogenous bilinguals and  

potentially heterogeneous monolinguals. These groups are then compared statistically. However, 

dichotomization ignores the nuances that can exist even within the same sample of speakers 

(e.g., Gullifer & Titone, 2019a) and can lead to other statistical issues, including reduced effect 

sizes, reduced power, spurious effects, and difficulties in comparing effects across studies 

(MacCallum et al., 2002). 

As a case in point, a recent study took a dichotomization approach and failed to find a 

relationship between bilingualism and executive control abilities in a sample of over eleven 

thousand people (though the comparison involving relatively matched groups in the Canada, the 

US, and Australia involved a sample of approximately 500; Nichols, Wild, Stojanoski, Battista, 

& Owen, 2020). Crucially, dichotomization into monolingual and bilingual groups was based on 

a single item from a questionnaire (“How many languages do you speak?”). This is problematic, 
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because people may differentially interpret what it means to "speak" different languages in the 

context of highly culturally monolingual countries (i.e., the US and Australia) vs. culturally 

bilingual countries (i.e., Canada, where English and French have official status federally, and the 

extent of bilingualism varies dramatically across provinces). As well, this question does not 

differentiate the many ways in which bilinguals or multilinguals could differ that could matter;  

these include historical or current languages exposure, the distribution of language use socially, 

whether they are proficient bilinguals, learners, code-switchers, heritage language speakers, etc. 

 To address the issue of dichotomization, we assess bilingualism through joint interactions 

of multiple, continuous measures. Specifically, we include a continuous measure of the age at 

which the L2 was acquired (L2 AoA), an index of sheer L2 exposure, and a measure of bilingual 

language diversity. L2 AoA is a core measure of historical language experience that is related to 

language abilities, executive control abilities, and brain organization (see e.g., Johnson & 

Newport 1989; Flege, Munro, &  MacKay,  1995; Gullifer et al., 2018; Kousaie et al. 2017; Luk, 

De Sa, & Bialystok, 2011; Tao, Marzecová, Taft, Asanowicz, & Wodniecka, 2011) . However, 

L2 AoA is not sufficient to fully capture the bilingual language experience, which is rich and 

diverse throughout the lifespan. Current L2 exposure is also crucially important for issues related 

to language and executive control (Subramaniapillai, Rajah, Pasvanis, & Titone, 2019; Whitford 

& Titone, 2012, 2015) but this measure fails to fully account for the usage of other languages. 

Our research group has recently devised a sophisticated measure of bilingual language 

experience using the concept of entropy (Gullifer et al., 2018; Gullifer & Titone, 2018, 2019a, 

2019b; for similar applications of entropy see e.g., Eleta & Golbeck, 2014; Krein, MacLean, 

Delorey, Knutson, & Eggett, 2009), and this measure incorporates information about all 

languages that a bilingual or multilingual reports in a language history questionnaire. Entropy 
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comes from physics and information theory, and it provides a measure of diversity and 

uncertainty when the relative proportion of occurrences for a set of ‘states’ is known. Here, we 

take ‘states’ to be the usage of a particular language (e.g., English or French) within some 

communicative context (e.g., at home or at work), and we elicit the proportion of usage from 

participants on a language background questionnaire. From this, we compute a measure of 

language entropy within various communicative contexts, which is thought to track diversity in 

language usage.  

 Individuals with low language entropy are compartmentalized and tend to use a single 

language in a context. Individuals with high language entropy are integrated and tend to use 

multiple languages in a balanced fashion within a context. In our view, language entropy 

provides a means to test predictions of the adaptive control hypothesis related to bilinguals who  

immerse themselves in language contexts where two languages are used (dual language contexts) 

relative to those who immerse themselves in contexts where only one language is used (single 

language contexts)1. To assess the construct validity of this measure, we have shown that 

language entropy can be decomposed into two latent components, reflecting general language 

 
1 Critically, language entropy, as quantified here, does not isolate the extent to which participants 

engage in dense code-switching. Dense code-switching is a core interactional context that the 

adaptive control hypothesis predicts should require an open control mode, in which there is no 

competition between languages (Abutalebi & Green, 2016; Green & Abutalebi, 2013; Green & 

Wei, 2014). There is mixed evidence for this aspect of the hypothesis in the literature (e.g., Adler, 

Valdes Kroff, & Novick, 2019), and we cannot test it here because we do not have information 

code-switching behavior of these participants. 
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entropy across several communicative contexts (i.e., general entropy) and language entropy in 

professional contexts (i.e., work entropy). We further show that these components differentially 

relate to self-reported second language (L2) outcome measures such as accentedness and L2 

ability ratings (Gullifer & Titone, 2019a).  

A second issue with respect to bilingualism and executive control is that while there is an 

intense focus on control in a general sense and on particular control tasks, most research does not 

distinguish between the various mechanisms, or modes, of executive control. Executive control 

can be decomposed into at least two core modes: reactive control that occurs in the moment to 

suppress an irrelevant stimulus or attend to a relevant stimulus measured, and proactive control 

that is applied to resolve conflict ahead of time (Braver, 2012; Braver, Gray, & Burgess, 2007). 

It is likely all control tasks recruit both modes of control, yet proactive control is only recently 

being assessed in literature on bilingualism (Beatty-Martinez et al., 2019; Berry, 2016; Declerck, 

Koch, Duñabeitia, Grainger, & Stephan, 2019; Gullifer et al., 2018; Ma, Li, & Guo, 2016; Julia 

Morales et al., 2013; Morales, Yudes, Gomez-Ariza, & Bajo, 2015; Zhang, Kang, Wu, Ma, & 

Guo, 2015; Zirnstein et al., 2018a, 2018b), and few studies assess the relationship with 

bilingualism by way of continuous indices of bilingual language experience. 

Proactive control requires, among other things, active maintenance of a goal throughout 

the task. Goal maintenance (together with conflict monitoring) is thought to be in particularly 

high demand and exercised for bilinguals with high language entropy (i.e., bilinguals immersed 

in dual language contexts; Green & Abutalebi, 2013). High entropy bilinguals experience the 

activation of multiple languages simultaneously across multiple speakers in a communicative 

context. To the extent that any given conversation for a high entropy bilingual occurs primarily 

in a single language (i.e., without code-switching), effective communication may benefit from 
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the ability to maintain the communicative goal (i.e., speak in the intended language with the 

intended interlocutor) by allowing a speaker to pre-emptively regulate the unintended language 

(e.g., Declerck et al., 2019; Ma et al., 2016). Such tracking and regulation might depend on the 

integration of multiple cues from multiple modalities, including visual cues, such as the face of 

an interlocutor; coarse auditory cues, such as a speaker’s tone of voice; or subtle auditory cues 

such as phonetic markers of an upcoming language switch. Thus, if executive control abilities 

adapt to meet the demands of a communicative context, then high entropy bilinguals might be 

expected to rely more on this component than low entropy bilinguals.  

 We and others have begun to assess the extent to which bilingual language experience is 

associated with proactive executive control using an AX-continuous performance task (AX-CPT; 

Beatty-Martinez et al., 2019; Berry, 2016; Gullifer et al., 2018; Morales et al., 2013; 2015; 

Zhang et al., 2015; Zirnstein et al., 2018a, 2018b). In the AX-CPT, goal-relevant information is 

encoded in cue items that must be used to respond to upcoming target items within each trial. At 

the group level, studies on healthy younger adults commonly show evidence of attention to this 

goal-relevant information  (Barch et al., 1997; Braver & Barch, 2002; Carter et al., 1998; Locke 

& Braver, 2008), marked by slower and less accurate responses on trials where target items are 

unlikely given the cue. In other words, people tend to plan their responses ahead of time, 

proactively, by actively maintaining goal relevant information to anticipate a likely target and 

must revise their interpretation when that target is not borne out.  

 At the group level, there is some evidence that bilinguals adjust proactive and reactive 

control more efficiently relative to monolinguals (Morales et al., 2013; 2015), whereby 

bilinguals (relative to monolinguals) evidence fewer errors on trials in which proactive control 

should hinder performance in the absence of group differences in reaction times. Among 
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bilinguals, we have shown that language entropy and L2 AoA are associated with independent 

patterns of brain connectivity among areas involved in the engagement of executive control, and 

in turn, these patterns of brain connectivity are associated with reaction times on the AX-CPT 

(Gullifer et al., 2018). For example, we show that high entropy bilinguals (relative to low 

entropy bilinguals) exhibit more connectivity between regions implicated in goal maintenance 

and articulation. In turn, they exhibit slower reaction times on trials where proactive control is 

expected to hinder performance relative to trials where it is expected to facilitate performance. 

This pattern suggests that individual differences in bilingual language experience are associated 

with individual differences in the maintenance of goal-relevant cue items. Thus, proactive 

control appears to be a crucial component of executive control that may be molded by both 

historical and current language experiences.  

A third issue generally raised in the social sciences, applied to the domain of bilingualism 

and executive control, is the potential for publication bias (e.g., Easterbrook, Gopalan, Berlin, & 

Matthews, 1991) or other questionable research practices (such as p-hacking; Nuzzo, 2014), as 

well as an overreliance on small sample sizes among published studies (de Bruin & Della Sala, 

2019; de Bruin et al., 2015; Donnelly et al., 2019; Lehtonen et al., 2018; Paap, 2019; Paap, 

2014). According to this argument, the culture within the social sciences has resulted in a 

publication bias where studies with significant positive results to be published over studies with 

negative or null results. Moreover, many studies in this domain have traditionally relied on small 

sample sizes, which can result in misestimated effect sizes. (see e.g., Type-M or Type-S errors; 

Gelman & Carlin, 2014). It is well known that the effect sizes for effects related to bilingual 

experience may, in fact, be quite small, particularly when considering samples of young adults 

who are arguably operating at peak cognitive capacity (Bialystok, Martin, & Viswanathan, 
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2016). Thus, when all of these factors are considered together, one could argue that evidence for 

effects of bilingualism on executive control are due to researchers overfitting their data or 

publishing only positive results. 

To help address these theoretical and methodological issues, we take two steps here. 

First, we report data on a large sample (relative to past studies) of young adult bilinguals, which 

should provide a more accurate estimate of the effect sizes. Second, following suggestions of 

Yarkoni & Westfall (2017), we adopt key insights from machine learning approaches. In many 

machine learning contexts datasets are often large, effects may be small, and models may have 

many degrees of freedom. Thus, the potential for models to overfit data (and find many 

significant small effects) is highly prevalent. A key insight in machine learning contexts is the 

importance of acknowledging the potential for overfitting, identifying its presence, and 

constructing models in ways to avoid it.  

Overfitting can be assessed by measuring or estimating the ability of a model to predict 

new, unmodeled data. A model’s predictive performance on new data can be evaluated in three 

ways. Predictive performance of models that have been fit to existing datasets can be evaluated 

by collecting a new set of data (validation set), and measuring how well predictions from those 

models match the new data. Unfortunately, this approach is highly resource intensive, as it 

requires immense amounts of data to ensure appropriate sampling. However, predictive 

performance on new data can also be estimated, either directly by performing cross-validation, or 

indirectly through the use of an information criterion (see e.g., Friedman, Hastie, & Tibshirani, 

2001; James, Witten, Hastie, & Tibshirani, 2013; McElreath, 2018). Cross-validation involves 

breaking a dataset up into several subsets (i.e., folds), fitting models on some of these folds, and 

assessing fit or prediction of the models on the remaining folds that were not used for fitting. A 
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related insight from machine learning is that parsimonious (or simple models), can reduce 

overfitting and lead to better predictive performance on new, unmodeled data. In other words, 

fitting data less closely with a parsimonious model may yield better prediction of new data. 

Various methods are available to yield parsimonious models, including penalization of the 

number of parameters in a model (through e.g., information criteria) and applying regularization 

to regression (e.g., Friedman et al., 2001; Friedman, Hastie, & Tibshirani, 2010; James et al., 

2013). One such model that employs regularization is least absolute shrinkage and selection 

operator (i.e., LASSO) regression (Tibshirani, 1996). Yarkoni and Westfall (2017) argue that 

incorporating insights like these from machine learning can help Psychology become a predictive 

science and allow us to better understand human behavior by eliminating spurious effects that are 

not predictive.  

Thus, the goal of the present study is to assess whether a constellation of continuous 

individual differences in bilingual language experience predict engagement of proactive control, 

at a behavioral level. We extract AX-CPT reaction time data for a sample of over 400 

multilingual adults, and we model that data as a function of several features related to bilingual 

language experience, including L2 AoA, L2 exposure, and two language entropy components. 

We present an analysis of trial-level AX-CPT data using linear mixed effects regression 

(Analysis 1) and regularized LASSO (least absolute shrinkage and selection operator) regression 

(Analysis 2).  

For linear mixed effects models, we compare theoretically relevant model 

parameterizations via several approaches, including likelihood ratio tests (LRTs), Akaike 

information criterion (AIC), and leave-one-out cross-validation. LRTs constitute a traditional 

approach to model evaluation in the psychological and language sciences (e.g., Baayen, 2008; 
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Cunnings, 2012; Jaeger, 2008). However, there is some contention over whether LRTs can lead 

to overfitting, presumably because they represent an approach concerned with goodness of fit 

rather than prediction, and because the selection procedure relies on p-values. Some have argued 

that LRTs can overfit when they are used to select fixed effects (Pinheiro & Bates, 2009), while 

others argue that LRTs do not necessarily increase Type 1 error rate (Baayen, Davidson, & 

Bates, 2008; Barr, Levy, Scheepers, & Tily, 2013). Thus, in addition to reporting LRTs, we also 

use AIC and cross-validation as ways to estimate predictive performance and help control 

overfitting. For regularized LASSO regression, we supply the largest model parametrization and 

use cross-validation to determine an optimal value of a regularization parameter (λ) that leads to 

the best predictive performance. The regularization parameter effectively controls how simple or 

complex a model is by pushing model coefficients (i.e., fixed effects) towards zero as the 

parameter is increased.  

 If individual differences in bilingual language experience are key factors related to 

proactive control, then these factors should be retained in the model by selection procedures. 

Ideally, these features would be deemed important by approaches that emphasize model fit (i.e., 

LRTs) and those that balance model fit and complexity (i.e., AIC and cross-validation). Given 

previous work on a smaller sample of bilinguals from Montréal (Gullifer et al., 2018), we expect 

that L2 AoA and language entropy should each interact with AX-CPT trial type in predicting 

reaction times. In particular, we expect these variables to interact with the critical trial type 

contrast that taps into goal maintenance and conflict monitoring (the AY-BX contrast, see the 

section Assessing proactive control using the AX continuous performance task, below).   

Using linear mixed effects regression models, we show that both LRTs and AIC converge 

on the same model specification that includes interactions between trial type and language 
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entropy components (though there were no interactions with L2 AoA), partially in line with 

predictions. This suggests that the inclusion of language entropy components results in the best 

fit to AX-CPT data and may be of use in predicting new data. When we directly estimate 

predictive performance via cross-validated linear mixed effects regression and via regularized 

LASSO regression, there is still support for the inclusion of these features related to bilingual 

language experience. However, the support is weakened because these procedures indicate that 

similar predictive performance could be obtained through the use of simpler models that do not 

include individual differences in bilingual language experience. Thus, although there is a 

suggestion that bilingual language experience provides signal for the estimation of proactive 

executive control, these effects may be too small to sufficiently predict novel, unmodeled data. 
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Table 1. Participant demographics. This information includes self-report information about 

chronological age, age of acquisition of the L2, current exposure to each language (L1 – L3), 

language entropy in various communicative contexts (reading, speaking, home, work, and 

social), L2 accentedness (7 = strong accent), and L2 abilities (10 = high ability) .  

 M SD Min Max Skew Kurtosis 

Age (years) 22.754 3.633 18 35 1.3 1.2 

L2 AoA (years) 6.752 4.334 0 28 1 2.24 

Years bilingual 16.002 5.34 1 34 0.01 0.42 

L1 exposure (/100) 63.69 20.576 5 98 -0.48 -0.43 

L2 exposure (/100) 33.89 20.07 2 95 0.6 -0.21 

L3 exposure (/100) 2.42 5.648 0 40 3.22 11.67 

Reading Entropy 0.595 0.41 0 1.571 -0.16 -1.14 

Speaking Entropy 0.695 0.417 0 1.585 -0.3 -0.74 

Home Entropy 0.602 0.456 0 1.585 -0.05 -1.06 

Work Entropy 0.756 0.367 0 2 -0.82 0.25 

Social Entropy 0.944 0.276 0 1.585 -0.39 1.79 

L2 accentedness (/7) 3.625 1.787 1 7 0.16 -1.09 

L2 ability (/10) 7.319 1.847 1 10 -0.62 0.53 
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Materials and Methods 

Participants 

 Approximately 459 bilingual or multilingual participants were tested who reported detailed 

language history information (including the relative exposure to and use of two or more languages) 

and AX-CPT data. The language history data of these participants was previously analyzed and 

reported in Gullifer and Titone (Gullifer & Titone, 2019a), and these data are reanalyzed in the 

Supplemental Information with a machine learning approach. Here 58 participants were excluded 

from the analyses because they did not complete the AX-CPT. The sample was roughly equally 

split between bilinguals with English as their first language (L1; n = 222) and French as their L1 

(n = 237). A number of participants (n = 127) reported current exposure to a third language (L3) 

besides English or French. See Table 1 for a summary of demographic and language history data. 

Before participation in the experiments, all participants gave informed consent to have their data 

from experiments and questionnaires collected, stored, and analyzed. The McGill Research Ethics 

Board Office approved this research.  

 Some of the bilingual language experience variables that we extracted refer to participants’ 

work environments. The sample consisted mainly of students from the Montréal area, and the 

questionnaire did not differentiate between work and school contexts. However, participants 

reported their current occupation. Approximately 300 reported “student” as their current 

occupation, 132 participants reported a different occupation besides student, 16 reported student 

together with another occupation, and 11 reported no occupation.  
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Materials 

 Assessing language experience. 

 All participants included in this sample completed a language background questionnaire 

adapted from the LEAP-Q (Marian, Blumenfeld, & Kaushanskaya, 2007) and LHQ 2.0 (Li, 

Zhang, Tsai, & Puls, 2014). This allowed us to probe language usage and experience within the 

Montréal context. For the purposes of the analysis, we extracted or computed several background 

measures, outlined below. 

 Basic demographic information.  

 In the questionnaire, participants reported basic information about their demographics and 

language use. We extracted two classic measures of L2 experience: L2 AoA (based on the onset 

of learning) and global exposure to the L2. Global L2 exposure is frequently used as a covariate 

in our lab (Gullifer & Titone, 2019b; Pivneva et al., 2014; Subramaniapillai, Rajah, Pasvanis, & 

Titone, 2018), and did not factor into the computation of language entropy.  

Language exposure in different usage contexts.  

 Participants reported the extent to which they used or preferred to use the L1, L2, and L3 in 

a variety of communicative contexts in the home, at work, in social settings, for reading, and for 

speaking. The questionnaire assessed language use at home, work, and in social settings via 

Likert scales (e.g., “Please rate the amount of time you use each language at home”), with a 

score of 1 indicating “no usage at all” and a score of 7 indicating “usage all the time” or “a 

significant amount.” Labels were not provided for intervening scores. We baselined Likert data 

at 0 by subtracting 1 from each response. Thus, a value of 0 reflects “no usage at all.” We 

converted these data to proportions of usage by dividing a given language’s score by the sum 

total of the scores within context. For example, a participant who reported (after baselining) the 
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following data for language usage at home, L1: 6, L2: 5, L3: 0, would receive the following 

proportions for the home context, L1: 6/11, L2: 5/11, L3: 0/11. 

 Language use for reading and speaking were collected through percentage of use (“What 

percentage of time would you choose to read/speak each language?”), which totaled to 100% 

within any given context. We converted percentages to proportions, and we used this 

proportional usage data to compute language entropy in each context. 

Computing language entropy.  

 For each usage context (see “Language exposure in different usage contexts”, above), we 

computed language entropy (H) with the following equation ! =	−∑ &!'()"(&!)#
!$%  using the 

methods available in the languageEntropy R package (Gullifer & Titone, 2018). Here, n 

represents the total possible languages within the context (e.g., two or three) and Pi is the 

proportion that languagei is used within a context. Thus, if a bilingual reported using French 80% 

of the time and English 20% of the time within the work context, one would compute language 

entropy by summing together 0.80 ∗ '()"(0.80) and 0.20 ∗ '()"(0.20) and then multiplying by 

-1 to yield a positive language entropy value. This hypothetical individual’s language entropy in 

the work context would be approximately 0.72.  

 Theoretically, the entropy distribution has a minimum value of 0 that occurs when the 

proportion of usage for a given language is 1.0, representing a completely compartmentalized 

context. The distribution has a maximum value equal to log n (1 for two languages and 

approximately 1.585 for three languages) when the proportion of use for each language is 

equivalent, representing a completely integrated context. This procedure resulted in five entropy 

scores for each participant that pertained to language entropy in the following communicative 

contexts: home, work, social, reading, and speaking.  
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Assessing proactive control using the AX continuous performance task. 

  In the AX-CPT (see e.g., Braver, 2012; Servan-Schreiber, Cohen, & Steingard, 1996 for 

introductions), participants view a continuous series of letters, and are instructed to respond 

“yes” if and only if the current letter is an X and the prior letter was an A; otherwise they respond 

“no.” AX trial types occur 70% of the time, establishing a strong impulse to respond “yes” on all 

trials, and particularly when the prior letter is an A or the current letter is an X. Two critical “no” 

conditions provide an index of proactive control. In AY trial types, people first see an A, and then 

see a non-X letter (here, sampled from the letters F, K, L, N, P, U, V, W, X, Y, and Z). If 

participants use proactive control to prepare a “yes” response for the subsequent trial upon seeing 

an A, their performance should suffer when a non-X letter appears and a “no” response is 

required. In BX trial types, by contrast, people first see a non-A letter (though in our version, 

participants always see the letter B2), and then see an X. If participants use proactive control to 

prepare a “no” response for the subsequent trial upon seeing the non-A letter cue, performance 

should improve when an X appears and a "no" response is required. Unlike proactive control, a 

reactive control strategy (i.e., reduced maintenance of the cue) should benefit performance in the 

 
2 Typically, in the AX-CPT, B cues are randomly selected from various letters of the alphabet on 

each trial whereas A cues consist only of the letter A, resulting in an exceptional status for the A 

cue. Our version of the AX-CPT was simplified such that B cues were not sampled, and instead, 

consisted of the fixed B character. This version of the task has been used elsewhere  (Gullifer et 

al., 2018; Kam, Dominelli, & Carlson, 2012; Licen, Hartmann, Repovs, & Slapnicar, 2016). 

However, we note that the fixed B cue could function to mask the exceptional status of the A 

cue, which could decrease reliance on proactive control relative to a task with sampled B cues.  
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moment for AY trials, but it may hinder performance in on BX trials. Thus, one can obtain a 

continuous measure from the AX-CPT that reflects how “proactive” a given individual is by 

comparing AY performance to BX performance. 

 Data from the AX-CPT were collected through multiple waves of data collection over 

many years. Thus, some specific details regarding the nature of the task are not available. The 

available procedures and parameters were as follows. The task was programmed and presented 

with E-Prime version 1 software (Psychology Software Tools). Participants saw a series of letters 

presented individually, and we instructed them to press a key responding to “yes” if a character 

was an X immediately following an A; otherwise they were instructed to press a key 

corresponding to “no”. Letters were presented in continuous cue – target pairs, and each letter 

was followed by a blank screen. All screens had a duration of 1000 ms. Responses were collected 

for 1000 ms after the onset of each letter. If a response was not made within this window, 

participants were scored with an error. Of note, there were three versions of the task that differed 

in the number of trials (100 trials vs. 200 trials) or in the ratio of AX trials (72 / 100 trials vs. 70 / 

100 trials). Importantly, the general pattern of result presented below did not change when we 

controlled for the experiment version.   

Results 

Data were processed and analyzed in R, version 3.6.0 (R Core Team, 2019). Before modeling, 

we preprocessed the data in the following manner. For subject-level language history data, we z-

scored numeric features (i.e., L2 AoA and L2 exposure). We also conducted PCA on the five 

entropy features, following procedures outlined in Gullifer and Titone (2019a). In that paper, we 

identified two oblique principal components. The first component primarily included loadings 

from reading, speaking, home, and social entropy, and this component explained 44% of the 
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variance in the data. The second component primarily included loadings from work entropy with 

some cross-loading from social entropy, and this component explained 21% of the variance in 

the data. The correlation between the two components was 0.33. We extracted the component 

scores for each participant to serve as indices of language entropy at work and language entropy 

everywhere else.  

 For trial-level AX-CPT data, we removed reaction times below 40 ms as outliers (1.5% of 

the data). Outlier detection was based on visual inspection of a density plot. This outlier 

threshold is low compared to the typical approach in the cognitive sciences (e.g., 200 ms). 

However, given that the goal of the task is to prepare responses proactively, it is likely that 

participants could anticipate upcoming trials and program behavioral responses very quickly. 

There were no reaction times above 1000 ms due to the programming of the AX-CPT 

experiment (non-responses were coded as errors), and thus we did not set an upper threshold for 

outlier detection. We also identified four participants with mean reaction times that were greater 

than 2.5 SD above the sample average, and we removed these participants from further analysis. 

Before modeling, we separated the AX-CPT data into k = 455 folds, such that each participant 

was assigned a fold, and all trials associated with a participant were kept together within the fold. 

Trial type was treatment coded as a three-level factor with “BX” as the reference level.  

 Aggregated reaction time data at the group level are illustrated in Figure 1 (Panel A) and 

corresponding accuracy data are illustrated in Figure 1 (Panel B). Visual inspection of this figure 

indicates that AY trials were approximately 111 ms slower and 4% less accurate compared to 

BX trials. This pattern of results indicates that, overall, participants approached the task with a 

proactive strategy. In the Supplemental Information we provide scatterplots to illustrate these 

data as they relate to individual differences in bilingual language experience.  
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Figure 1. Illustration of the group-level, aggregate effects for AX-CPT reaction time in 

milliseconds (A) and percent accuracy (B). Error bars illustrate 1 standard error of the mean 

(SEM). AY trials were overall slower and less accurate compared to BX trials, suggesting that, 

overall, participants approached the task with a proactive control strategy.  

 

Analysis 1: AXCPT, Mixed-Effects Regression 
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 Using linear mixed effects regression, we fit several theoretically driven, nested models to 

unstandardized reaction times of entire AX-CPT dataset3. Specifically, we fit a set of four nested 

models using the lme4 package (Bates, Machler, Bolker, & Walker, 2015). The first model 

included a main effect of trial type (3 level variable, BX, AY, BY; treatment coded with BX as 

the reference level). The second model additionally included two-way interactions between trial 

type and L2 AoA, and trial type and sheer L2 exposure. The third model additionally included 

two-way interactions between each entropy component and trial type. The fourth model 

additionally included all 3-way interactions with L2 AoA. Of note, we also fitted an alternative 

second model that included condition by entropy interactions without L2 AoA and sheer L2 

exposure. This specification allowed us to perform an additional series of model comparisons to 

assess whether entropy components explain unique variance compared to L2 AoA and sheer L2 

exposure (by substituting this model in for the second model). Model specifications are 

illustrated in Table 2.  

 To compare the models, we took three approaches. The first approach involved using LRTs 

to test whether restricted models fit the data significantly worse than richer models. This 

approach does not consider predictive accuracy of the models. This approach has become 

 
3 Accuracy data were imbalanced in the sense that participants were overall highly accurate (90% 

accurate across all “no” trials). This imbalance presents challenges in modeling accuracy data 

through logistic regression. Notably, models can achieve good fit by predicting accurate 

responses for all trials. For these reasons, we have restricted the analyses in the body of the paper 

to reaction time data. For completeness, we present analyses of accuracy data in the 

Supplemental Information. 
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standard procedure in the psychological and language sciences but may lead to overfitting of the 

data (Pinheiro & Bates, 2009). We also used two prediction centric approaches: we estimated 

predictive performance of the models indirectly using AIC4, and we then estimated predictive 

performance directly using leave-one-out cross-validation. For leave one out cross-validation, we 

constructed an algorithm following the procedures outlined in (James et al., 2013). Thus, we 

wrote a function to fit models to the participants in the k-1 training folds. For each model, 

predictive accuracy (root mean square error; RMSE) and model fit (R2) were computed for all 

participants in the training folds, and, more importantly, for the participant in the holdout test 

fold. The process was repeated such that each participant participated once as a holdout fold. We 

then averaged RMSEs and R2 for each of the training sets (to compute RMSEtrain and R2train) and 

for each of the testing sets (to compute RMSEtest and R2test). Thus, the metrics for the testing sets 

provide more direct estimates of the predictive accuracy and fit to unmodeled data. All linear 

mixed effects regression models included a random intercept for subject. We did not add a 

random slope for trial type by subject, as our purpose was to assess fixed effects related to 

individual differences, and these would have been completely captured by a random slope by 

subject. P-values were computed using degrees of freedom approximated using the Satterthwaite 

approximation (Kuznetsova, Brockhoff, & Christensen, 2017). 

 Model comparisons via LRTs indicated that the best fitting model was the one that 

included interactions between trial type and each of the two entropy components, which 

 
4 While we focus on AIC in text for the purposes of model selection, we also report BIC in the 

tables of results. For the results here, BIC prefers the simplest model specification due to heavier 

penalization. 
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improved fit over the model with a main effect of trial type alone, c2(6) = 19.09, p = 0.004. 

Model selection via AIC indicated that the same model was the best fitting model (AIC = 

254,746.0; ΔAIC = 7.1 vs. model with trial type alone) suggesting this model should evidence 

the best predictive performance as well. Results for LRTs and AIC metrics are illustrated in 

Table 3.  

 Model selection via cross-validation provided further support that the best fitting, 

predictive model was the same as the one identified via LRTs and AIC (i.e., interactions between 

trial type and each of the two entropy components; MRMSE test = 161.362, SEMRMSE test = 1.639, 

MR2test = 0.207). Critically, however, visual inspection of the cross-validation results warrants 

some skepticism towards this finding. All models performed similarly in terms of R2test and 

RMSEtest performance on the hold-out fold. A common, though somewhat arbitrary, approach in 

machine learning is to choose a parsimonious model: the simplest model (fewest DF) that 

evidences performance within 1 SEM of the best performing model. Under this criterion, the 

model that contains trial type as the only fixed effect would be selected as the parsimonious 

model (MRMSE test = 161.433, SEMRMSE test = 1.623, MR2test = 0.207). Cross-validation results are 

illustrated in Table 4. 

 We inspected the best fitting model with interactions between trial type and language 

entropy components to assess specific direction of effects. See Table 5 for a summary of this 

model, including effect sizes and standardized β coefficients. Inspection of the model, Bintercept = 

384.98, 95% CI [377.23, 392.74], t(607.86) = 97.28, p < 0.001, indicated the following: AY 

trials were responded to slower than BX trials, BAY = 113.83, 95% CI [108.72, 118.95], 

t(19,364.32) = 43.61, p < 0.001, and BY trials were responded to more quickly than BX trials, 

BBY = -42.14, 95% CI [-47.04, -37.24], t(19,351.92) = 16.85, p < 0.001. The AY and BX 
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difference suggests that participants approached the task with a proactive strategy. However, 

there were also significant effects and interactions related to language entropy. 
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Table 2. Model specifications. Random effects were always random intercepts by subject (i.e., 1|Subject). 

 Model DF Fixed effects 

1. Trial type only 5 Trial type 

2a. Trial type by L2 AoA and Exposure  11 Trial type*aoa + Trial type*L2_exposure  

2b. Trial type by Entropy  11 Trial type*PCA_Work + Trial type*PCA_General 

3. Trial type by L2 AoA, Exposure, Entropy 
17 Trial type*aoa + Trial type*L2_exposure + Trial type*PCA_Work + Trial 

type*PCA_General 

4. All three-ways with L2 AoA 26 aoa * (Trial type*L2_exposure + Trial type*PCA_Work + Trial type*PCA_General)  
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Table 3. Model comparison results for linear mixed effects regression models fit on reaction time data (full dataset). The top half of 

the table illustrates comparisons with entropy components added after L2 exposure, and the bottom half illustrates comparisons with 

exposure added after entropy components. AIC and BIC are reported for each model, providing an indirect estimate of a model’s 

predictive performance on new data. Bolding illustrates the best fitting models for each metric. LRTs and AIC agree that the best 

model contained interactions between trial type and the entropy components. BIC prefers the model with trial type only.   

 Model DF logLik deviance Chisq Chi Df Pr(>Chisq) AIC BIC 

1. Trial type only 5 -127371.6 254743.1    254753.1 254792.6 

2a. Trial type by L2 AoA and Exposure  11 -127366.1 254732.1 11.012288 6 0.0597755 254754.1 254840.9 

3. Trial type by L2 AoA, Exposure, Entropy 17 -127359.1 254718.2 13.877692 6 0.0384592 254752.2 254886.4 

4. All three-ways with L2 AoA 26 -127356.1 254712.2 6.087412 9 0.8551724 254764.2 254969.4 

1. Trial type only 5 -127371.6 254743.1    254753.1 254792.6 

2b.. Trial type by Entropy  11 -127362 254724 19.095428 6 0.0039103 254746.0 254832.9 

3. Trial type by L2 AoA, Exposure, Entropy 17 -127359.1 254718.2 5.794552 6 0.3958833 254752.2 254886.4 

4. All three-ways with L2 AoA 26 -127356.1 254712.2 6.087412 9 0.8551724 254764.2 254969.4 
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Table 4. Leave-one-out cross-validation performance for linear mixed effects regression models fit on reaction time data. Cross-

validation provides a direct estimate of a model’s predictive performance on new data. Bolding illustrates the best fitting models for 

the RMSE metric on the hold-out testing sample. The model that minimized RMSE on the test sample  (i.e., evidenced best prediction 

performance) contained interactions between trial type and the entropy components. However, all models displayed similar 

performance, and indeed model with only trial type was within 1 SEM of the minimizing model. Thus in terms of predictive 

performance all simpler models performed similarly to most predictive model. 

 

Model DF 

Mean RMSE 

training 

Mean RMSE 

testing 

SEM RMSE 

testing 

Mean R2 

training 

Mean R2 

testing 

1.  Trial type only 5 144.8892275 161.4332774 1.623262248 0.333458411 0.207406183 

2a. Trial type by L2 AoA and Exposure  11 144.8473449 161.6123077 1.626639281 0.333842535 0.207198753 

2b. Trial type by Entropy 11 144.834644 161.3616435 1.638838663 0.333957718 0.207376613 

3. Trial type by L2 AoA, Exposure, Entropy 17 144.8129985 161.5420277 1.642476628 0.334156151 0.207057256 

4. All three-ways with L2 AoA 26 144.8015603 161.7891097 1.65041493 0.334260165 0.206478092 
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There was no statistical evidence for a simple effect for the general entropy component, 

Bgeneral = -4.24, 95% CI [-12.62, 3.77], t(605.25) = 1.05, p = 0.29, however, it did interact with 

the AY, BAY * general = 9.27, 95% CI [3.89, 14.65], t(19,363.65) = 3.37, p = 0.001, and BY, BBY * 

general = 7.45, 95% CI [2.29, 12.61], t(19,352.413) = 2.82, p = 0.005, levels of trial type. 

Specifically, as general entropy increased, so did the difference between AY and BX, suggesting 

that an increase in general entropy was associated with a greater engagement of proactive control 

via a widening of the AY BX contrast. See Figure 2 (Panel A) for an illustration of the effects 

related to general entropy. There was a simple main effect of the work entropy component, Bwork 

= 9.54, 95% CI [1.34, 17.43], t(608.076) = 2.27, p = 0.023. There was evidence for an interaction 

between this component and the AY levels of trial type, BAY * work = -5.45, 95% CI [-10.86, -

0.37], t(19,361.25) = 1.97, p = 0.048, suggesting that an increase in work entropy was associated 

a reduced engagement of proactive control via a narrowing of the AY BX contrast. See Figure 2 

(Panel B) for an illustration of the effects related to work entropy. 
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Figure 2. Illustration of the linear mixed effects regression model-estimated effects for the best 

fitting linear mixed effects regression model that included interactions between trial type and 

language entropy components (i.e., Model 2b). The plot illustrates AX-CPT reaction time as a 

function of language entropy components: general entropy (A) and work entropy (B). An 

increase in general entropy was associated with a divergence between the AY and BX trial types, 

consistent with a greater engagement of proactive control. An increase in work entropy was 

associated with a general increase in reaction time. Error bands illustrate 1 standard error of the 

mean (SEM).  

 

Table 5. Regression coefficients (unstandardized B and standardized β) for the best fitting linear 

mixed effects regression model that included interactions between trial type and language 

entropy components (i.e., Model 2b). Note: p-values were computed using Satterthwaite degrees 

of freedom. Effect sizes (d) were computed by dividing the slope estimate by the square root of 

the sum of the random effect variances, following (Brysbaert & Stevens, 2018; Westfall, Kenny, 

& Judd, 2014). Random effects: participant (variance: 5621, SD: 74.97), residual (variance: 

21427, SD: 146.38). 

Effect B 95% CI B d β t-value DF p 

  LL UL      

(Intercept = Trial Type: BX) 384.985 377.229 392.742  -0.11 97.283 607.866 0 

Trial Type: AY 113.831 108.715 118.947 0.69 0.64 43.608 19364.317 0 

Trial Type: BY -42.14 -47.041 -37.24 0.26 -0.24 -16.854 19351.923 0 

PC: Work Entropy 9.54 1.337 17.743 0.06 0.05 2.279 608.076 0.023 

PC: General Entropy -4.424 -12.618 3.77 0.03 -0.03 -1.058 605.252 0.29 

Trial Type: AY * PC: Work Entropy -5.449 -10.86 -0.037 0.03 -0.03 -1.974 19361.25 0.048 

Trial Type: BY * PC: Work Entropy -1.739 -6.924 3.446 0.01 -0.01 -0.657 19351.85 0.511 
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Trial Type: AY * PC: General Entropy 9.271 3.889 14.654 0.06 0.05 3.376 19363.649 0.001 

Trial Type: BY * PC: General Entropy 7.448 2.288 12.608 0.05 0.04 2.829 19352.413 0.005 

 

Analysis 2: AXCPT, Leave-one-out LASSO Regression Approach. 

 We used LASSO regression with leave-one-out cross-validation to assess reaction time 

performance on the AX-CPT in relation to trial type, individual differences in bilingual language 

experience, and interactions between them (model specification: L2 AoA * Trial type * 

L2_exposure + L2 AoA * Trial type * General Entropy Component + L2 AoA * Trial type * 

Work Entropy Component). Models were fit using the glmnet package (Friedman et al., 2010), 

and the model standardizes predictors and outcomes before fitting .  

 The cross-validation procedure and model fitting procedure are implemented in the 

cv.glmnet function, and we called this function with the k parameter set to 459 (to run leave-one-

out cross-validation) and the alpha parameter set to 1 (to apply the LASSO penalty). The model 

fitting procedures are described in more depth elsewhere (Friedman et al., 2001, 2010; James et 

al., 2013; Tibshirani, 1996), but we outline the procedure here. Generally, the cross-validation 

procedure tunes a regularization parameter (λ). This parameter applies a constraint to the linear 

regression model that functions to minimize the absolute value of the model coefficients in the 

model in addition to minimizing the sum of squared errors between data points and the best fit 

line. This procedure yields two models of interest: a model that minimizes cross-validation error 

and a more parsimonious model 1 SEM model. The minimizing model yields the lowest error 

metric when predicting out-of-sample data (e.g., RMSE). However, a common guideline 

specifies that, for parsimony, one should select the simplest model that performs within 1 SEM 

of the minimizing model’s performance (Friedman et al., 2001). In other words, if a set of 

models achieve similar performance in predicting out-of-sample data, it is best to select the 
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model with the simplest parametrization. Thus, the parsimonious model is fit with a stronger 

value of λ which results in additional regularization but that still falls within 1 SEM of the 

minimizing model. Here, we report both models. Throughout this section, the standard error of 

the mean is reported in brackets for RMSE (as opposed to the 95% confidence interval). 

 Figures 3 and 4 illustrate the impact of the regularization parameter, λ, on RMSE (Figure 

3A) and model coefficients (Figure 3B, Figure 4). Under a high regularization parameter, model 

coefficients converge to zero and the model makes high prediction errors. However, as the 

regularization parameter is lessened, coefficients become non-zero. As the model fits the data, 

the errors decrease to a point, and may gradually increase as the model begins to overfit the data. 

Leave-one-out cross-validation5 identified the minimizing model (log λ =  0.26, RMSE = 164.60 

[162.84, 166.33]) and the parsimonious model within 1 standard error of the mean (SEM) of the 

minimizing model (log λ =  2.96, RMSE =  166.05 [164.31, 167.76]). The minimizing model 

retained features related to trial type and one feature related to bilingual language experience. 

However the parsimonious model retained only features related to trial type.  

 The minimizing model, Bintercept = 380.82, contained an effect of the AY trial type, BAY = 

118.89, suggesting that AY trials were slower than BX trials, and an effect of the BY trial type, 

BBY = -36.56, suggesting that BY trials were responded to more quickly than BX trials. There 

was no simple main effect of the general language entropy component. However this component 

 
5 Of note, we also conducted 10-fold cross-validation, where participants are randomly divided 

into 10 folds. The results of this process were highly similar to the results of leave-one-out cross-

validation. We opted to report leave-one-out cross-validation because, unlike 10-fold, it is not 

subject to issues of randomization as every participant becomes a fold.     
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interacted with the AY trial type, BAY * general = 2.43, and the BY trial type, BBY * general = 1.95. 

This suggests that high general entropy is associated with greater engagement of proactive 

executive control. There was also an interaction between the general entropy component and L2 

AoA, Baoa * general = -2.66, suggesting that high general entropy and late L2 AoA were associated 

with faster reaction times overall. There was a simple main effect of the work language entropy 

component, Bwork = 6.24, and no indication for an interaction between this component and the 

levels of trial type, suggesting that an increase in work entropy was associated with slower 

performance overall. There was also an interaction between the work language entropy 

component and L2 AoA, Baoa * work = 4.20, suggesting that the combination of late L2 AoA and 

high work entropy was associated with slower reaction times. Finally, the model also included an 

interaction between L2 exposure and the AY trial type, Baoa * exposure = 0.31, and no main effect 

for L2 exposure, similarly suggesting that high L2 exposure was associated with greater 

engagement of proactive executive control. These effects are illustrated in Figure 5.  All other 

effects were regularized to 0. In comparison, the parsimonious model contained only main 

effects of trial type, Bintercept = 380.27, BAY = 92.66, BBY = -11.51. The cross-validated R2 of the 

minimizing model was 0.14 and the cross-validated R2 of the  parsimonious model was 0.12. The 

results of the LASSO regression are illustrated in Table 6. 
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Figure 3. Illustration the LASSO regression results for AX-CPT reaction time using leave-one-

out cross-validation. A. Illustrates prediction error (RMSE) as a function of the regularization 

parameter. The left-most dotted vertical line illustrates the value that minimized RMSE, and the 

right-most dotted line illustrates the parameter resulting in the simplest model within 1 SEM of 
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the minimizing model (i.e., the most parsimonious, predictive model). Effects that survive the 

minimizing value of lambda are colored in purple (i.e., a main effect of work entropy). Error 

bands illustrate 1 SEM. B. Illustrates model estimates (unstandardized B) as a function of the 

penalizing parameter. As the value of the parameter increases (left-to-right) effects are 

regularized to zero. Dotted lines again indicate minimizing value of lambda and the value 

leading to the most parsimonious, predictive model. The model that minimized RMSE contained 

several effects and interactions related to individual differences in bilingual language experience, 

but the most parsimonious model contained only effects of trial type.  

 
 
 
 

 

Figure 4. A zoomed-in reproduction of Figure 4B. This figure illustrates model estimates 

(unstandardized B) as a function of the penalizing parameter.  
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Figure 5. Illustration of magnitude of the model estimates (unstandardized B) for cross-validated 

LASSO regression at the minimizing value of lambda.  
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Table 6. Regression coefficients (unstandardized B and standardized β) for the LASSO 

regression. Estimates are included for both the minimizing model and the more parsimonious 1 

SEM model.  

Effect Minimizing model  1 SEM  

parsimonious model 

 B β  B β 

(Intercept) 380.82 -0.13  380.28 -0.14 

Trial Type: AY 118.89 0.67  92.67 0.52 

Trial Type: BY -36.56 -0.21  -11.51 -0.06 

PC: Work Entropy 6.24 0.04    

Trial Type: AY * L2 Exposure 0.31 0.00    

Trial Type: AY * PC: General Entropy 2.43 0.01    

Trial Type: BY * PC: General Entropy 1.95 0.01    

L2 AoA * PC: Work Entropy 4.20 0.02    

L2 AoA * PC: General Entropy -2.66 -0.02    

 

Summary of results.  

 Using a traditional model comparison approach, we found evidence for main effects of, 

and interactions between features related to bilingual language experience on executive control 

performance. Increased work entropy component scores were associated to slower reaction time 

overall and a barely significant reduction in AY-BX differences, suggesting that individuals with 

high work entropy engaged proactive control to a lesser degree relative to individual with low 

work entropy. Increased general entropy component scores were associated with larger AY-BX 

differences in reaction time, suggesting that individuals with high general entropy engaged in a 

proactive strategy to a greater extent than individuals with low general entropy. These results 

were confirmed when we used other metrics for model comparison that estimate predictive 
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performance on unmodeled data (e.g., AIC). These results were also partially confirmed when 

we estimated predictive performance more directly through cross-validation. However, the cross-

validation approach also indicated that a model more parsimonious model without individual 

differences performed reasonably well compared to the most predictive model.  

 A similar story emerged when considering LASSO regression. The model with the best 

predictive performance for AX-CPT reaction times included effects and interactions between 

trial type and effects related to language entropy and L2 exposure. The model also included main 

effects and joint effects related to L2 AoA. However, a less complex, more parsimonious without 

this effect performed similarly in terms of predictive accuracy.  

 Taken together, these results suggest that individual differences in bilingual language 

experience provide signal when estimating proactive executive control, although models with 

these features perform similarly to models without these factors (within 1 SEM). 

General Discussion 

 Our primary goal was to test whether individual differences in bilingual language 

experience predict engagement of proactive control by analyzing behavioral performance on the 

AX-CPT for a large sample of over 400 bilinguals and multilinguals from Montréal, QC, 

Canada. We extracted or computed several features that index bilingual language experience on a 

continuum, including L2 AoA, amount of current L2 exposure, and two latent language entropy 

components that index diversity of language experience among multilinguals. We then modeled 

task performance as a function of these features using linear mixed effects regression (Analysis 

1) and penalized LASSO regression (Analysis 2). In Analysis 1, we compare theoretically 

relevant models using LRTs, AIC, and cross-validation, which variously provide estimates of 

how well the models would predict performance on new, unmodeled data. In Analysis 2, LASSO 
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models essentially perform model selection through the tuning of the penalty parameter via 

cross-validation. 

In our first analysis, LRTs indicated a significant relationship between language entropy 

and the propensity to engage proactive control. Specifically, high general language entropy was 

associated with larger differences in reaction time between AY and BX trials, suggesting that 

integrated bilinguals who use their two languages in a balanced manner rely more on proactive 

control than compartmentalized bilinguals with low language entropy. We observed the reverse 

pattern as a function of work entropy, though this interaction was barely significant. Importantly, 

LRTs have been argued to lead to overfit models that will not generalize to new data. Thus, we 

also estimated the predictive performance of each of the models indirectly through the use of 

AIC and directly through cross-validation. Both estimates of predictive performance converged 

upon the same best model as LRTs. Of note, however, a stricter measure of performance from 

the cross-validation procedure indicated that a model without individual differences (i.e., with 

trial type alone) performed similarly to the best model (within 1 SEM). This suggests that some 

skepticism is warranted as to whether effects of individual differences on AX-CPT would truly 

generalize to a completely novel sample of participants.  

Despite potential skepticism over the present results, we highlight the fact that patterns 

related to general language entropy are consistent with previous work that assesses reaction time 

on the AX-CPT for different, smaller sample of bilinguals from Montréal (Gullifer et al., 2018). 

There, we found that increases in entropy (and corresponding increases in corresponding 

functional connectivity with the anterior cingulate cortex) were associated with increased 

reliance on proactive control, mirroring the results here. Together, these results suggest that 

bilinguals with high general language entropy may have adapted their cognitive systems to place 
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greater reliance on active goal maintenance to manage conflict, in line with predictions of the 

adaptive control hypothesis (Abutalebi & Green, 2016; Green & Abutalebi, 2013; Green & Wei, 

2014). High relative to low entropy bilinguals are more likely to participate in diverse 

communicative contexts that strongly activate all of the languages they know, but where the 

language demands may shift at any moment depending on the interlocutor. Thus for high entropy 

bilinguals, attention to goal relevant information (e.g., knowledge about who speaks what 

languages or attention to ambient cues about which language will come next) may be crucially 

important to help manage cross-language conflict.  

We also found evidence that high work entropy was associated with decreased reliance on 

goal maintenance and proactive control, and instead reliance on reactive control. However, this 

relationship was weak; it was barely significant at p = 0.048. This pattern of results is opposite of 

what would be predicted by adaptive control model. For these reasons, we do not wish to 

speculate on the origin of this pattern, but we only point out only that the work environment is 

somewhat unique in Montréal. Despite being a highly multilingual city, language use in most 

workplaces is mandated by the provincial government: people working in customer-facing jobs 

are mandated to use French (at least initially before switching to another language). We also 

point out that a number of participants conflated work and school contexts when answering the 

questionnaire. As such, the true pattern of results related to language use in the work 

environment may be clouded by these issues. Future work and questionnaires should more 

clearly distinguish between the school and work communicative contexts, at least for samples 

that include students.  

The results of the traditional analysis related to L2 AoA are inconsistent with our previous 

work (Gullifer et al., 2018). In that study, we found that participants with late AoA (and 
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corresponding decreases in between bilateral inferior frontal gyri) also had increased engagement 

of proactive control. In contrast here we found no evidence for interaction effects between trial 

type and L2 AoA in reaction time.  

Thus, it would seem that there is convergent evidence across studies that high general 

language entropy is associated with increased engagement of proactive control, but lack of 

convergence regarding L2 AoA. Effects of L2 AoA on executive control are not always 

consistently observed. For example, some studies show that early L2 AoA results in better 

executive control performance  (Kousaie et al., 2017; Luk, De Sa, & Bialystok, 2011), others 

show that late L2 AoA results in better performance (Tao, Marzecova, Taft, Asanowicz, & 

Wodniecka, 2011), and others no effect of L2 AoA (Pelham & Abrams, 2014). Going forward, 

the best approach may be to attempt to account for historical language experiences together with 

current language experiences jointly using multiple regression. This approach may help build a 

clearer picture of the associations between various types of language experience and behavior. 

Although individual differences in bilingual language experience improved estimates 

proactive control as measured by AX-CPT in a manner consistent with theoretical models and 

previous empirical work, there was not consistent evidence that individual differences were able 

to predict novel, unmodeled data on this task. The results of cross-validated regressions showed 

that although the models that minimized prediction error did include features related to bilingual 

language experience, simpler models with only effects of trial type performed comparably well 

(within 1 SEM). In other words, features related to bilingual experience did not substantially 

improve the predictive accuracy of models, at least for this sample of young adult bilinguals who 

performed this specific executive control task. There are several potential explanations for these 

paradoxical results. 
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One potential argument for the lack of predictive power on the AX-CPT could be that our 

indices of bilingual language experience are poor measures that are not sufficient to cross-

validate. However, we believe this explanation is unlikely for several reasons. In our previous 

work on a comparable sample of bilinguals, we showed that the same features related to bilingual 

experience were associated with self-report language outcome measures, including self-report L2 

accentedness and L2 abilities (Gullifer & Titone, 2019a). We reanalyzed these results (see 

Supplemental Information) using the same methods in this study (i.e., cross-validated LASSO), 

and we found that these features could indeed predict the outcome measures, even in the more 

conservative parsimonious machine learning models. The nature of the effects identified by those 

models were highly similar to those identified by our traditional analysis of that data (Gullifer & 

Titone, 2019a). Thus, in our view, the  indicators of bilingual language experience are sound, 

though further validation is always necessary.  

 At the same time, we acknowledge there are other unmeasured features and dependent 

measures which could plausibly enhance predictive accuracy of the machine learning models. 

For example, while L2 AoA provides a coarse measure of an individual’s duration being 

bilingual, and language entropy provides information about the extent of language usage in 

communicative contexts, we did not have access to information about the duration of use in these 

contexts. Nor did we have access to information about participants’ code-switching behavior. All 

of these factors are predicted to be important drivers of neurocognitive plasticity (DeLuca et al., 

2019; Green & Wei, 2014; Li, Legault, & Litcofsky, 2014). Moreover, we did not have access to 

neural data for these participants, and it is possible that neural changes may be the most sensitive 

measures neurocognitive changes.   
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A second possibility for the lack of predictive power on the AX-CPT is that this version of 

the task is not sufficiently sensitive to make good predictions related to individual difference on 

new data. The results of cross-validation indicated that trial type was by far the most important 

variable to retain in the model. This is important because it suggests the task manipulation 

consistently affects behavior in a predictable manner. At the same time, the magnitude of the 

prediction errors (e.g., approximately 75 ms for reaction time) is quite high relative to 

differences between trial types (e.g., approximately 86 ms for the AY-BX contrast), suggesting 

high variability in task performance. Given that the effect sizes of trial type by individual 

difference interactions were quite small when they were observed in the mixed effects regression 

model (unstandardized effect sizes: were less than 10 ms; standardized effect sizes were between 

0.01 and 0.06), it may be difficult for any model to make accurate predictions of this manner. 

Moreover, when models are further penalized by way of a regularization parameter (as in 

LASSO models) and through application of the stringent 1 SEM rule, it is unsurprising that these 

small effects are completely removed. It is possible that a more demanding or otherwise robust 

version of the AX-CPT (Morales et al., 2013) might be more sensitive in eliciting difference 

between trial types related to proactive executive control, allowing for better predictions as a 

function of individual differences.  

 A third possible explanation for the lack of predictive power with AX-CPT is that aspects 

of bilingual language experience do not modulate proactive control as measured by the AX-CPT, 

at least for this sample of younger adult bilinguals. This explanation is consistent with some of 

the variable results between studies and between analyses in this paper that include individual 

differences. For example, we previously mentioned the lack of agreement between the traditional 

approach here and the results of Gullifer et al. (2018) in terms of whether L2 AoA interacts with 
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trial type on the AX-CPT. Additionally, there is also some lack of agreement between various 

models reported in this paper as far as the which effects are identified important. While the core 

interactions between language entropy and trial type (e.g., AY-BX contrast) in the traditional 

analysis of reaction time were identified by both minimizing cross-validated mixed effects 

regression models and LASSO models, there were interactions and main effects that were not 

consistently identified by the LASSO and  mixed effects regression models (e.g., interaction 

between trial type and work entropy). High variance in model estimates when models are fit to 

different subsets of data is a hallmark of overfitting, and a key benefit of the machine approaches 

is that they acknowledge that overfitting (and underfitting) are possible and attempt find a 

balance between model simplicity and model complexity (James et al., 2013; Yarkoni & 

Westfall, 2017).  

 However, making this assumption would invalidate several consistencies identified 

between studies (e.g., related to general language entropy) and theoretical perspectives. For 

example, we would have to assume that the consistencies in (1) traditional models here, (2) the 

minimizing cross-validated models here, (3) the traditional models reported in Gullifer et al. 

(2018), and (4) in the neural models reported in Gullifer et al. (2018) are all simply due to 

overfitting noise in the data. This assumption would also invalidate several predictions of the 

adaptive control hypothesis, the corresponding evidence that was used to construct that 

theoretical perspective, and the various empirical tests of this perspective that have emerged 

since its publication. In our view, it would be a grave scientific error to completely disregard 

published evidence and theoretical perspectives to simply conclude on the basis of a single study 

that all previously reported findings are wrong. Thus, we offer a final alternative: that the 

adaptive effects of language experience on broader cognitive processes may exist, and if so, are 
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very small and therefore require an even larger sample size with increasingly validated measures 

to consistently identify them.  

To conclude, we conducted analyses on a large sample of bilingual and multilingual speakers 

immersed in a highly diverse language environment, a situation that might be predicted to yield 

robust evidence for an association between language experience and executive control abilities. 

These analyses yielded somewhat paradoxical results. On the one hand, features related to 

bilingual experience seemingly provide sufficient signal to estimate patterns of individual 

variation in the AX-CPT in ways that are theoretically interesting and consistent with previous 

studies. For example, we replicated a pattern of results in which bilinguals who integrate the 

usage of multiple languages across various domains displayed greater reliance on proactive 

executive control processes. On the other hand, these features are not uniquely predictive of 

performance on the task for novel participants, likely due to the small effect size. Moreover, 

there are some patterns that are inconsistent with previous studies and theoretical accounts. Thus, 

the best interpretation of these data we can offer is that relationships between bilingual language 

experience and proactive executive control, to the extent that they exist, are small. We likely 

would require a larger sample size together with valid estimates of bilingual language experience 

to uncover predictive effects related to these features of bilingual experience. Importantly, future 

studies with large sample sizes should absolutely ensure that they use validated measures of 

bilingual language experience. Otherwise, potential patterns may remain obscured due to high 

variability within samples or groups.  

Crucially, the import of this investigation is not limited the domain of bilingualism and 

executive control.  Rather, but the methods used here could similarly help to address empirical 

controversies in other domains. Thus, we agree with Yarkoni and Westfall (2017) that novel 
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analytic methods that assess prediction should be used throughout the behavioral and neural 

sciences when the sample size is sufficiently large.  Such approaches may better help us to 

identify the signal in the noise. 
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Research Context 

Bilingual language experience is thought to impact domain general executive control abilities.  

However, the precise quantification of the relationship between these two constructs is not well 

understood.  We believe this has occurred for at least three reasons. First, the field has not 

converged on a set of best practices for measuring the diverse array of bilingual language 

experiences, instead individuals are sorted into groups of bilinguals and monolinguals, when in 

fact the individuals in these groups may be quite heterogenous in terms of their language 

experiences. Second, many prior studies have ignored a crucial “mode” of executive control 

thought to be strengthened by bilingual language experience: on one’s ability to maintain and 

proactively apply goal-relevant information to preempt responses. Finally, there have been 
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suggestions that prior findings on bilingualism and executive control are due to publication bias, 

questionable research practices, or reliance on small sample sizes. Here we employ sophisticated, 

continuous measures of bilingual language experience as predictors of proactive executive 

control within a group of over 400 bilinguals. Our analysis is highly rigorous as it involves 

metrics which estimate model performance for unmodeled subjects. We find that there is indeed 

signal related to estimating proactive executive control, however, these effects are small. 
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