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Abstract: Millions of children in the United States are growing up hearing multiple languages.
Memory flexibility is the ability to apply information from a past experience to future situations
that are perceptually different from the initial learning experience and differs between monolinguals
and bilinguals during infancy. We use a new, non-verbal object sequencing imitation task (OSI) to
measure memory flexibility changes in monolingual and bilingual preschoolers. In the OSI task,
children imitate target actions to produce a final pose on a robot figure. Children are tested with
different robots than those used to demonstrate the target actions to test memory flexibility. We
hypothesized that both monolingual and bilingual children would imitate the sequences significantly
above baseline, but bilingual preschoolers would do so at a greater rate than their monolingual peers.
To test this hypothesis, we visited 101 3-year-olds in their homes. An experimenter demonstrated 2-
to 5-step sequences on one robot, and children were tested on a functionally similar but perceptually
different robot. All preschoolers performed significantly above baseline on the total composite
percentage score (the correct number of movements and pairs summed across all sequences, divided
by the possible maximum score). There were no significant differences between monolinguals and
bilinguals in baseline and test trials. We repeated the same pattern of results using a multi-level model,
including all trials. The common binary classification of bilinguals and monolinguals often does not
adequately describe the complex experience of growing up in a bilingual environment. Modeling the
heterogeneity that arises from growing up in a bilingual home is important for understanding how this
arrangement could impact an individual’s cognitive development. To consider such heterogeneity, we
implemented latent profile modeling to identify language groups based on a series of variables such
as L2, L3 exposure, speakers’ nativeness to the languages, and speakers’ proficiency and identified
three profiles (low, medium, and high multilingual exposure). The pattern of results remained the
same. We conclude that memory flexibility differences exhibited during infancy may plateau during
early childhood.

Keywords: preschoolers; memory load; imitation; memory flexibility; working memory

1. Introduction

Growing up in a multilingual home is a common experience in the United States during
early childhood. By 2019, approximately 12 million children were living in homes where
a language other than English was spoken (Kids Count Data Center 2019). Researchers
have become increasingly interested in the role that growing up in a multilingual home
plays in executive functioning, particularly cognitive flexibility and working memory (see
Adi-Japha et al. 2010; Barac et al. 2014). Working memory is the short-term ability to
retain, manipulate, and update information (Baddeley and Hitch 1974). Although few
studies have examined precursors of cognitive flexibility, one potential precursor is memory
flexibility (MF).
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Memory flexibility is the ability to apply information from a past experience to future
situations that are perceptually different from the initial learning experience (Eichenbaum
1997; Hayne 2006; Karmiloff-Smith 1994). This process allows a child to generalize beyond
the specific details of the original encoding context to apply what they learned to diverse
problems (Barr and Brito 2014; Brito et al. 2019). Early in development, memory is con-
tingent on an exact match between encoding and retrieval conditions. With age, children
can increasingly tolerate differences between the encoding cues and those available at test
(Brito et al. 2019; Brito and Barr 2014).

Imitation paradigms are a robust measure of memory development and have been
used to assess memory flexibility differences between monolingual and bilingual infants
and toddlers. Imitation improves with age and correlates across ages. In one study, infants
were tested at 12, 24, and 36 months of age. There were age-related increases in imitation
across time, and some performance stability, with cross-age correlations highest between
24 and 36 months (Rose et al. 2005). Over an even more extended period, immediate
nonverbal recall on imitation tasks at 20 months of age was significantly associated with
nonverbal memory at six years of age (Riggins et al. 2013). Performance on imitation tasks
in infancy is also associated with later cognitive outcomes: using a median split approach,
infants who performed poorly on 1-step imitation tasks at nine months of age had poorer
general cognitive abilities as measured by the McCarthy Scales of Children’s Abilities at
four years of age than infants who had performed well (Strid et al. 2006). While previous
tasks have been able to discriminate cross-age correlations in memory performance and
associations with later cognitive outcomes (for review, see Brito et al. 2019), the restricted
range of scores may have limited the predictive value of imitation learning. However,
because other imitation tasks used with preschoolers were not explicitly designed to test
memory flexibility (e.g., Williamson et al. 2010), the relationship between language exposure
(monolingual vs. bilingual) and memory flexibility and working memory in preschoolers
has not been examined.

Rusnak and colleagues (Rusnak et al. 2022) developed an imitation task to measure
working memory and memory flexibility in preschoolers, the Object Sequencing Imita-
tion (OSI). We used the OSI to measure memory flexibility in monolingual and bilingual
preschoolers. In the OSI task, children imitate target actions to produce a final pose on a
wooden robot figurine. Rusnak and colleagues developed 2- to 5-step sequences and tested
3- to 5-year-olds. They calculated baselines for each sequence because well-designed imita-
tion tasks must have low (at or near zero) and age-invariant baselines (e.g., Barr and Hayne
2000; Meltzoff 1990) and found that baselines were uniformly low. They demonstrated that
the experimental group performed significantly above the baseline control. Increasing the
number of items to remember increases the working memory load. Consistent with other
research (e.g., Barr et al. 2016), Rusnak and colleagues found that performance on the OSI
task varied as a function of low versus higher cognitive load across multiple trials in 3- to
5-year-olds. The task was parameterized by age, and there were no age-related differences.
With multiple trials and multiple sequences, successful imitation of the robot sequences
requires that children update their memory from one pose to the next and measure visu-
ospatial working memory. The children imitated the target actions on a novel wooden
robot figurine exhibiting memory flexibility.

1.1. Memory Flexibility and Bilingualism

Memory flexibility is measured using generalization imitation tasks, which require
children to encode, retain, and retrieve a memory, even when perceptual details of the
objects change between encoding and retrieval. Bilingual infants and toddlers demonstrate
a different earlier trajectory of memory flexibility than monolinguals (e.g., Barr et al. 2019;
Brito and Barr 2012, 2014; Brito et al. 2014, 2015). Six- (Brito and Barr 2014) and 18-month-
old (Brito and Barr 2012; Brito et al. 2015) bilinguals performed above baseline on a puppet
generalization task, demonstrating that at a very young age, bilingual infants can transfer
the behaviors learned with puppet A onto a novel puppet B at a higher rate than their
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monolingual peers. Furthermore, 18- (Barr et al. 2019; Brito et al. 2021) and 24-month-
old bilinguals (Brito et al. 2014, 2021) performed above baseline on the animal and rattle
generalization task after a 24-h delay, while monolinguals did not. It is important to
note that monolinguals and bilinguals did not differ on a memory recall version of the
imitation task when the perceptual features did not change between encoding and retrieval
(Barr et al. 2019; Brito et al. 2014) or on an immediate working memory task (Brito et al.
2014, 2021). Infants growing up in a bilingual environment are exposed to more varied
speech patterns than monolingual infants and may have more practice using a wider
range of retrieval cues (Brito et al. 2014). Despite the evidence that language exposure
possibly alters children’s memory flexibility skills, until recently, no suitable tasks have
been developed for children above two. The OSI task generates a wide variability in scores
and can be used to test preschoolers making it the ideal task to test whether there are
memory flexibility and working memory differences between monolinguals and bilingual
preschoolers.

1.2. The Present Study

In an imitation paradigm, an experimenter demonstrates a series of actions on an
object. Following a delay ranging from a few seconds to several weeks, children are given
the opportunity to perform what they observed during the demonstration (Barr et al. 1996).
Following earlier memory flexibility protocols (Brito and Barr 2012; Rusnak et al. 2022),
children in the present study are tested with different robots than those used to demon-
strate the target actions to test memory flexibility. Furthermore, the nonverbal nature of
the OSI task ensures that preschoolers do not perform poorly because of verbal demands
(Brito et al. 2019). Using the 2- to 5-step sequences developed by Rusnak and colleagues
(Rusnak et al. 2022) and the multiple-sequence design allowed us to analyze children’s
imitation performance at each trial using multi-level models and create a composite per-
centage score. Rocha-Hidalgo and Barr (2022) conducted a scoping review to examine
extant literature defining bilinguals in children under three years. They suggested that
researchers consider not only binary Monolingual vs. Bilingual categorization but also
consider using a continuous approach and latent profile analyses to categorize participants.
We adopted these three approaches in the current study and examined whether the pattern
of results converged. We hypothesized that both monolingual and bilingual children would
imitate the sequences, indexed by performance using their composite scores across all
poses and their trial-based imitation scores, significantly above baseline but that bilingual
preschoolers would do so at a greater rate than their monolingual peers across trials.

2. Materials and Methods

The present study was conducted according to the guidelines in the Declaration of
Helsinki, with written informed consent obtained from a parent or guardian for each child
before any assessment or data collection. All procedures involving human subjects in this
study were approved by the Institutional Review Board at Georgetown University.

2.1. Participants

A total of 101 (48 girls) 3-year-old children (Mage = 39.47 months, SD = 2.54) were
recruited and tested in their homes between August 2016 and March 2022 as part of an
ongoing longitudinal study (see Rocha-Hidalgo et al. 2021 for additional study from this
project). Of the parents who provided demographic questions (N = 98), 76 reported their
child to be White/Caucasian, 4 Asian/Asian American, 1 African/African American, and
17 Mixed. Nineteen children were identified by their caregivers as Latino/a/x. Participants
were primarily from college-educated families, with a mean number of 17.57 years of
education (SD = 1.35; averaged between parents). Most of the children were from middle-
to high-income homes, with an average yearly income of $93,765.55 (SD = $30,463.21)
based on the median household income zip code for the family’s postcode at the time of
participation. Additional children were excluded from the analysis due to failure to interact
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with the experimental stimuli (N = 5), experimenter error (N = 3), and technology problems
(N = 7). Our criteria for failure to interact with stimuli include children who completed
less than 50% of the test trials. There were no significant differences between Monolinguals
and Bilinguals or among the profiles for the following variables: age, median household
income, and average parental education.

All children in the final samples were exposed to English or Spanish. The dominant
languages for children in the final sample for the Analysis Approach 1 were: English
(N = 63), Spanish (N = 7), Mandarin (N = 2), German (N = 1), Korean (N = 1), Russian
(N = 1), and Slovak (N = 1). The dominant languages for children in the final sample for the
Analysis Approach 2 were: English (N = 84), Spanish (N = 10), Mandarin (N = 2), German
(N = 1), Korean (N = 1), Russian (N = 1), and Slovak (N = 1).

2.2. Materials
2.2.1. NIH Toolbox Picture Vocabulary Test

The Picture Vocabulary Test was administered on an iPad (9.7-inch retina display)
through the NIH toolbox application to capture children’s receptive vocabulary. In each trial,
children hear a target word and are shown four images on an iPad screen. The child then
chooses the image that best matches the word heard. The toolbox calculates a theta score
reflecting the child’s receptive vocabulary score accounting for the difficulty of the item and
the probability of the response being by chance (Item Response Theory; Gershon et al. 2014).
The NIH Toolbox then calculates age-corrected scores based on the children’s raw scores
and norms for their age group. These age-corrected scores are the ones used for the present
study. Past studies examining the influence of multilingualism on memory generalization
have found that bilingual differences are not dependent on exposure to specific language
pairs (Brito and Barr 2012, 2014; Brito et al. 2015); therefore, the type of language was not
controlled for.

2.2.2. Bilingualism Measure

The Language Exposure Assessment Tool (LEAT; DeAnda et al. 2016) was used to
assess language exposure. Parents were interviewed to find out who spoke to the child
(i.e., mother, father, sibling, nanny, daycare, etc.), in which language, and for how many
hours per day, each day of the week. The percentage of time exposed to each language
was calculated for each child from the interview. This measure provided the informa-
tion needed for the latent profile analysis: language percent exposure (L1, L2, and L3),
whether caregivers were native speakers of the child’s primary language, and their average
proficiency score (0 = not proficient at all to 4 = Very proficient).

Binary Language Group Classification (Bilingual = L2 ≥ 20%)

A child was classified as bilingual if they were exposed to a second language for 20%
or more of their time from birth to the test day (i.e., cumulative bilinguals). Otherwise, the
child was classified as monolingual.

Group Classification by Latent Profile Analysis

Children’s language exposure information gathered using the LEAT was used to iden-
tify distinct subgroups (i.e., profiles) of individuals (see the design section for further details).

Second Language Exposure (L2%)

Analyses were conducted using the second language exposure estimate calculated in
the LEAT.

2.2.3. Stimuli

Small wooden robots (12-cm tall; Tobar) were used (See Figure 1). Each robot can be
manipulated to move its limbs and head into different positions (video demonstration can
be found in OSF, https://osf.io/q6wfn/ accessed on 12 October 2022). The limbs and head

https://osf.io/q6wfn/
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of the robot are connected to the body with an elastic cord, and the body contains spaces
next to each limb and head, allowing for movement into the joints. The limbs and head of
the robot can move into a total of 16 different positions. At each session, children saw three
robots out of six. The selected robots were functionally identical but varied in color, head
shape, foot shape, and body markings.
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2.3. Design and Procedure

Children participated in an open area in their own homes facing the experimenter.
Both the child and the experimenter were seated on the floor. The visit was performed
either in Spanish or English by a native speaker based on children’s current LEAT scores
and parent–child preferences. After a 60-s baseline session and training, there were 2 phases
presented in the same order for each sequence: demonstration and test, followed by a
manipulation check. On the day of the visit, the child saw three perceptually different
robots: robot A during baseline, robot B during training and test, and robot C, which
the experimenter used to demonstrate the target actions. Robots were counterbalanced
across conditions.

2.3.1. Baseline Phase

The experimenter placed robot A on the floor in front of the child and said, “It’s your
turn!” Children were then given 60 s from the time they first touched the robot to interact
with it. We used 60 s for the baseline period because this corresponds to the average length
a child spent imitating the most challenging pose (5-step pose).

2.3.2. Training Phase

Right after the baseline phase, children received a one-time training session. The
experimenter demonstrated how to move robot B’s left arm forward twice and invited the
participant to imitate the movement twice by stating, “Now it’s your turn! Can you show
me what I showed you?” The experimenter also demonstrated how to move robot B’s right
leg to the side twice and asked the participant to imitate the movement twice. This was
done to ensure the participant could perform the movements. One child did not participate
in the training phase but did not differ from the children who did receive the training on
test performance.

2.3.3. Demonstration Phase

Participants were seated approximately 50 cm from the experimenter. The experi-
menter used robot C for each different pose demonstration. The experimenter performed
the demonstration three times, ensuring to capture the child’s attention throughout. The
experimenter reset the robot between demonstrations outside the child’s visual field. Dur-
ing the demonstration phase, the experimenter made nonspecific, scripted comments to
keep the child engaged in the task (e.g., “Look at this!”, “Isn’t that fun?”). Four sequences
were demonstrated (see Table 1, Figure 1).
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Table 1. The 2- to 5-step sequences used.

Pose Sequence of Target
Actions

Test Length
(Min-Max) Max Score

2-step 1. Head back
2. Left-arm up 20–30 s 2 target actions + 1

pair = 3

3-step
1. Right arm forward
2. Left-arm forward

3. Right-leg back
30–40 s 3 target actions + 2

pairs = 5

4-step

1. Left-leg forward
2. Head forward
3. Left-arm up

4. Right-arm up

40–50 s 4 target actions + 3
pairs = 7

5-step

1. Head back
2. Right-arm up
3. Left-arm up

4. Left-leg forward
5. Right-leg forward

50–60 s 5 target actions + 4
pairs = 9

2.3.4. Test Phase

Children were tested using robot B immediately after each pose demonstration. The
experimenter placed robot B on the floor in front of the child and asked, “Can you show
me what I showed you?” For each test phase, the child was given a robot to imitate the
different poses. That is, they had to update the sequence on robot B but match the actions
to a demonstration on robot C. Children were tested on 2-, 3-, 4-, and 5-step sequences, and
test time varied as a function of the number of steps (see Table 1 and Rusnak et al. 2022).
If the child completed the pose before the allotted time, the experimenter reset the robot
outside the child’s visual field and asked the child to recreate the pose. Children did not
receive feedback on the accuracy of their imitation.

2.3.5. Manipulation Check

At the end of the last sequence’s test, if the child did not complete movements for
the sequence, the experimenter demonstrated each pose one time and asked the child to
imitate the target actions, guiding the child through the pose. This ensured that the child
possessed the motoric ability to complete each pose; all children did.

2.4. Coding and Dependent Variables

All sessions were video recorded for later coding. Coders converted each video using
Movavi Suite (https://www.movavi.com/ accessed on 12 October 2022) and ffmpegX
(https://www.ffmpegx.com/ accessed on 12 October 2022) software to a format compatible
with the Datavyu (http://datavyu.org/ accessed on 12 October 2022) software. Coding
in Datavyu consisted of timestamping each movement, indicating the piece, orientation,
and any comments associated with the movement or the entire task. All statistical analyses
were conducted in R version 4.1.1 (8 October 2021).

2.4.1. Total Correct Movements Score

The total number of correct pieces in the correct orientation at the end of the test phase.

2.4.2. Pair Score

This score refers to whether children followed a correct sequence of two steps, with
the maximum possible correct pair score depending on the pose. The possible range of
scores is 0 to 1 pair for a 2-step sequence, 0 to 2 pairs for a 3-step sequence, 0 to 3 pairs for a
4-step sequence, and 0 to 4 pairs for a 5-step sequence.

https://www.movavi.com/
https://www.ffmpegx.com/
http://datavyu.org/
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2.4.3. Composite Percentage Score

We combined the total correct movements plus the number of pairs that children
achieved to create a composite score for each sequence. We divided the composite score
by the total possible maximum composite score at each sequence to produce a composite
score and multiplied it by 100 to ease visualization and interpretation.

Composite Percentage Score =
Total Correct Movements + Total Pair Achieved
Total Posible Movements + Total Possible Pairs

∗ 100

2.4.4. Baseline Composite Percentage Score

Like the test trials, the 60-s baseline session was coded for the pieces moved and
the orientation of all the movements children produced. Then, we determined whether
any of the movements and pairs of movements that children spontaneously produced
corresponded to any of the sequences demonstrated during test trials. This was quite a
conservative approach, given that this estimate included all the sequences in each variant
that were demonstrated and any spontaneous movement could occur in more than one
sequence. That is, the same spontaneous production of a movement in a particular orienta-
tion could contribute to the baseline calculation for more than one sequence. For example,
a child that moves the robot’s head to the back during the baseline phase would count as a
correct movement for two poses (2-step and 4-step poses).

2.5. Latent Profile Analysis (LPA) Plan

Two Latent Profile Analyses were performed to find out the best number of latent
profiles based on children’s language exposure information with the sample from each
approach: L1% exposure, L2% exposure, L3% exposure, at least one parent native in the
child’s L1 (Yes = 1; No = 0), at least one parent native in child’s L2 (Yes = 1; No = 0), average
parental fluency in child’s L1 (0–4), Code Switching (0–30). For LPA, we looked at the
model fit of identifying two to six latent profiles. Based on the fit indices AIC, AWE, BIC,
CLC, and KIC (Akogul and Erisoglu 2017), an analytic hierarchy process suggested the best
solutions for the samples were Model 1 with three classes. The three classes were labeled
as Low, Medium, and High multilingual exposure (See Figure 2 of LPA with the sample
from Approach 1).
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2.6. Analysis Plan

Two analysis approaches were formulated to assess the generalization skills of children
growing up exposed to one or more languages.

1. For approach one, a summary of performance across 2- to 5-step sequences was
calculated. This included the number of target actions and pairs the child achieved, divided
by the possible maximum score. To be included in the three linear regression analyses,
children must have completed the baseline phase and all four poses. Of the 101 children,
76 had complete data for all poses and thus a score for each sequence length. There was no
differential dropout rate as a function of bilingual status. The full models were:

• Model 1: Binary Language Group Classification (Bilingual = L2 ≥ 20%)

total_composite_percentage_score ~ lang_group (Monolingual vs. Bilingual) +
L3%_exposure + child_sex + age_centered + edu_centered + income_centered + pvt_perc

• Model 2: Group Classification by Latent Profile Analysis

total_composite_percentage_score ~multilingual_exposure (Low vs. Medium vs.
High) + child_sex + age_centered + edu_centered + income_centered + pvt_perc

• Model 3: Second Language Exposure (L2%)

total_composite_percentage_score ~ L2%_exposure + L3%_exposure + child_sex +
age_centered + edu_centered + income_centered + pvt_perc

2. For approach two, we conducted three multi-level mixed-effects models to account
for the clustering of observations within subjects. Children were included in the dataset if
they had completed at least one valid trial. We used a random intercept to allow children’s
composite scores across conditions to vary. The full models were:

• Model 1: Binary Language Group Classification (Bilingual = L2 ≥ 20%)

total_composite_percentage_score ~ lang_group (Monolingual vs. Bilingual) +
L3%_exposure + child_sex + age_centered + edu_centered + income_centered + seq_length
+ pvt_perc + (1|subj)

• Model 2: Group Classification by Latent Profile Analysis

total_composite_percentage_score ~ multilingual_exposure (Low vs. Medium vs.
High) + child_sex + age_centered + edu_centered + income_centered + seq_length +
pvt_perc + (1|subj)

• Model 3: Second Language Exposure (L2%)

total_composite_percentage_score ~L2%_exposure + L3%_exposure + child_sex +
age_centered + edu_centered + income_centered + seq_length + pvt_perc + (1|subj)

For each analysis, a full model and a reduced model (without the education and
income covariates) were compared using Akaike values (AIC) for better fit.

3. Results
3.1. Inter-Coder Reliability

A primary coder for each child and each test was designated. A secondary coder
coded the video for reliability purposes using the timestamps for each movement coded
by the primary coder. For each timestamp, the reliability coder coded the piece, and
the orientation moved. The videos of 36% of the participants were coded for reliability
purposes. Inter-coder agreement on the piece and orientation (kpiece = 0.89, korientation = 0.93)
were in the acceptable range above 0.70 (Landis and Koch 1977).

3.2. Vocabulary Analysis

There was no significant difference on PVT Percentile scores across all language groups
or significant correlations with Composite Score at either Baseline or Test for the Approach
1, respectively, (r(61) = 0.19, p = 0.14; r(61) = 0.19, p = 0.13). Additionally, there was no
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significant correlation between L2% exposure for either sample (see Table 2 for more details
and descriptive analyses).

Table 2. PVT Percentile Score Analyses for All Analytical Approaches.

Variables M SD Min Max Statistic

Sample from
Approach 1

Binary Monolingual 45.21 23.83 1 91 t(29.91) = 0.65,
p = 0.52Bilingual 37.54 23.48 2 78

Profiles
Low 46.85 22.88 6 91 F(2, 60) = 0.752,

p = 0.476Medium 39.20 24.91 2 78
High 39.89 21.97 6 78

Continuous
PVT

Percentile 44.03 23.16 2 91 r(61) = −0.107,
p = 0.401

L2% 12.61 14.19 0 45.50

Sample from
Approach 2

Binary Monolingual 45.21 23.83 1 91 t(44.19) = 1.33,
p = 0.19Bilingual 37.54 23.48 2 78

Profiles
Low 46.06 22.85 6 91 F(2, 77) = 1.556,

p = 0.217Medium 41.90 26.54 1 78
High 33.08 21.92 2 78

Continuous
PVT

Percentile 42.91 23.84 1 91 r(78) = −0.156,
p = 0.168

L2% 13.34 14.66 0 45.5

3.3. Imitation

To ensure that preschoolers are imitating newly learned behavior, it is important
that their performance is compared to a condition without any demonstrations (baseline
condition). We expected that if children were indeed learning a new behavior, they would
present a low rate of spontaneous production of the target actions. For children with
complete data, the total composite percentage score for the Test condition ranged from 0 to
92% (M = 43.08, SD = 24.07) and 0 to 38 (M = 1.41, SD = 5.56) for the Baseline condition.A
t-test confirmed our hypothesis, as children had significant lower composite imitation
scores before any demonstrations were performed (t(75) = −14.91, p < 0.00001).

This finding was also replicated when their performance was analyzed at a trial-
by-trial level using the sample from approach 2, which included children with at least
one complete trial. Despite the level of steps required for the pose, children performed
significantly higher during the test trials than in baseline trials (see Tables S1–S3 of results
in the Supplementary Materials). Demonstrating that children were not as likely to come
up with the target actions of their own volition without the experimenter demonstration
showing that this is a feasible imitation task for this target age group. For the following
analyses, we focused on children’s performance during the test phase to investigate the
relationship between the type of language exposure (using three measures of multilingual
exposure) and generalization skills using the Total Composite Score (Approach 1) and the
Trial-by-Trial Composite Scores (Approach 2).

3.4. Analysis Approach 1: Linear Regression Analysis

For children with complete data (N = 76), the total composite percentage score for the
Test condition ranged from 0 to 92% (M = 43.08, SD = 24.07) and was normally distributed.

3.4.1. Binary Language Group Classification (Bilingual = L2 ≥ 20%)

The best fitting model was:
total_composite_percentage_score ~ lang_group (Monolingual vs. Bilingual) +

l3%_exposure + age_centered + pvt_percentile
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Table 3 shows the coefficient estimates from the best fitting model by bilingualism
proxy, and Figure 3 displays them. There was no significant difference between Monolin-
guals (N = 54, M = 49.14, SD = 22.78) and Bilinguals (N = 22, M = 40.61, SD = 24.34).

Table 3. Linear Regression Models for Analysis Approach 1-Monolinguals vs. Bilinguals.

Full Model
Estimate (SE)

Final Model
Estimate (SE)

(Intercept) 33.366 ** 33.400 ***
(9.773) (8.599)

Language Group (Monolingual vs. Bilingual) −2.699 −4.035
(8.046) (7.196)

L3% exposure 0.955 0.847
(0.810) (0.784)

Child’s Age in Months (Centered) 1.921 1.966
(1.320) (1.277)

PVT Percentile (Vocabulary) 0.197 0.204
(0.138) (0.135)

Child’s Sex (Male = 0; Female = 1) −1.754
(7.003)

Avg. Parental Education (Centered) −2.320
(2.776)

Income (Centered) −6.384 × 10−5

(1.192 × 10−4)

Num. Obs. 63 63
R2 0.130 0.115
R2 Adj. 0.019 0.054
AIC 591.1 586.2
BIC 610.4 599.0
Log. Lik. −286.553 −287.087
F 1.169 1.878
RMSE 24.47 24.03

Note. The income variable is based on the median household income zip code for the family’s postcode at the time
of participation. ** p < 0.01, *** p < 0.001.
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3.4.2. Model 2. Group Classification by Latent Profile Analysis

The best-fitting model was:
total_composite_percentage_score ~ multilingual_exposure (Low vs. Medium/Low

vs. High) + L3%_exposure + age_centered + pvt_percentile
A total of 45 children were clustered in the Low multilingual exposure group, 21 in

the Medium multilingual exposure group, and ten were classified in the High multilingual
exposure group. Table 4 shows the coefficient estimates from the best fitting model with
the identified profiles as the main predictor, and Figure S1 displays them. There was no
significant difference among the multilingual exposure profiles (Low vs. Medium/ Low vs.
High) or the added covariates (age, vocabulary percentile scores, and L3% exposure).

Table 4. Linear Regression Models for Analysis Approach 1-Latent Profile Analysis.

Full Model
Estimate (SE)

Final Model
Estimate (SE)

(Intercept) 27.305 ** 26.111 **
(8.246) (7.570)

Multilingual Exposure Profiles 11.807 11.402
(Low vs. Medium) (8.014) (7.744)
Multilingual Exposure Profiles 3.847 4.776
(Low vs. High) (11.210) (10.534)
L3% Exposure 0.829 0.719

(0.897) (0.871)
Child’s Age in Months (Centered) 1.511 1.611

(1.333) (1.293)
PVT Percentile (Vocabulary) 0.226 0.230 +

(0.138) (0.135)
Child’s Sex (Male = 0; Female = 1) −2.607

(6.914)
Avg. Parental Education (Centered) −2.730

(2.764)
Income (Centered) −6.344 × 10−5

(1.127 × 10−4)

Num. Obs. 63 63
R2 0.162 0.142
R2 Adj. 0.038 0.067
AIC 590.7 586.2
BIC 612.1 601.2
Log. Lik. −285.353 −286.080
F 1.305 1.894
RMSE 24.23 23.86

Note. The income variable is based on the median household income zip code for the family’s postcode at the time
of participation. + p < 0.1, ** p < 0.01.

3.4.3. Model 3. Second Language Exposure (L2%)

The best-fitting model was:
total_composite_percentage_score ~ L2%_exposure + L3%_exposure + age_centered +

pvt_percentile
Table 5 shows the coefficient estimates from the best fitting model with the child’s L2

exposure as our continuous main predictor and Figure S2 displays it. Neither L2 exposure
nor covariates were significant predictors of children’s generalization performance.
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Table 5. Regression Models for Analysis Approach 1-L2% Exposure.

Full Model
Estimate (SE)

Final Model
Estimate (SE)

(Intercept) 29.844 *** 28.656 ***
(8.292) (7.503)

L2% Exposure 0.131 0.155
(0.253) (0.237)

L3% Exposure 0.878 0.782
(0.828) (0.805)

Child’s Age in Months (Centered) 1.891 1.960
(1.315) (1.273)

PVT Percentile (Vocabulary) 0.200 0.206
(0.138) (0.135)

Child’s Sex (Male = 0; Female = 1) −1.774
(6.932)

Avg. Parental Education(Centered) −2.383
(2.776)

Income (Centered) −0.0000626
(0.0001139)

Num. Obs. 63 63
R2 0.132 0.116
R2 Adj. 0.022 0.055
AIC 590.9 586.0
BIC 610.2 598.9
Log. Lik. −286.464 −287.025
F 1.195 1.910
RMSE 24.43 24.01

Note. The income variable is based on the median household income zip code for the family’s postcode at the time
of participation. *** p < 0.001.

3.5. Analysis Approach 2: Multi-Level Modeling for Trial-by-Trial Performance

For children in the final dataset who contributed with at least one valid test trial
(N = 100), the total composite percentage score for the Test condition ranged from 0 to 100%
(M = 43.59, SD = 36.37).

3.5.1. Model 1. Binary Language Group Classification (Bilingual = L2 ≥ 20%)

The best-fitting model was:
total_composite_percentage_score ~ bilingual_group (Monolingual vs. Bilingual) +

L3%_exposure + child_sex + age_centered + seq_length + (1|subj)
Table 6 shows the coefficient estimates from the best fitting model by bilingualism

proxy, and Figure 4 displays them. There was no significant difference between Monolin-
guals and Bilinguals. Additionally, we could predict a 3.8% reduction in their test composite
score for any additional step added to the sequence.
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Table 6. Mixed Effects Models for Analysis Approach 2-Binary Language Classification.

Full & Final Model
Estimate (SE)

(Intercept) 44.797 ***
(8.117)

Language Group (Monolingual vs. Bilingual) 0.839
(6.796)

L3% Exposure 0.565
(0.688)

Child’s Sex (Male = 0; Female = 1) −7.193
(5.819)

Length of Sequence −3.776 *
(1.645)

Avg. Parental Education (Centered) −2.410
(2.241)

Income (Centered) −2.206 × 10−5

(9.998 × 10−5)
Child’s Age in Months (Centered) 1.996

(1.220)
PVT Percentile (Vocabulary) 0.174

(0.120)

SD (Intercept) 17.744
SD (Observations) 30.678

Num. Obs. 290
R2 Marg. 0.057
R2 Cond. 0.293
AIC 2893.4
BIC 2933.7
RMSE 28.31

Note. The income variable is based on the median household income zip code for the family’s postcode at the time
of participation. * p < 0.05, *** p < 0.001.
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3.5.2. Model 2. Group Classification by Latent Profile Analysis

The best-fitting model was:
total_composite_percentage_score ~ multilingual_exposure (Low vs. Medium/ Low

vs. High) + L3%_exposure + pvt_percentile + age_centered + seq_length + (1|subj)
A total of 58 children were clustered in the Low multilingual exposure group, 27 in

the Medium multilingual exposure group, and 16 were classified in the High multilingual
exposure group. Table 7 shows the coefficient estimates from the best fitting model with
the identified profiles as the main predictor, and Figure S3 displays them. There was no
significant difference among the multilingual exposure profiles (Low vs. Medium/Low vs.
High). Additionally, for every added step to the pose in the Test phase, we could predict a
3.4% reduction in their composite score.

Table 7. Mixed Effects Models for Analysis Approach 3-Latent Profile Analysis.

Full Model
Estimate (SE)

Final Model
Estimate (SE)

(Intercept) 44.112 *** 41.248 ***
(8.319) (7.889)

Multilingual Exposure Profiles 3.061 2.218
(Low vs. Medium) (6.724) (6.776)
Multilingual Exposure Profiles −0.240 −1.851
(Low vs. High) (9.566) (9.240)
L3% Exposure 0.598 0.623

(0.756) (0.765)
Child’s Age in Months (Centered) 1.932 1.904

(1.229) (1.229)
PVT Percentile (Vocabulary) 0.174 0.171

(0.120) (0.120)
Length of Sequence −3.765 * −3.715 *

(1.646) (1.647)
Child’s Sex (Male = 0; Female = 1) −7.039

(5.801)
Avg. Parental Education (Centered) −2.442

(2.244)
Income (Centered) −2.910 × 10−5

(9.859 × 10−5)

SD (Intercept) 17.654 18.081
SD (Observations) 30.691 30.704

Num. Obs. 290 290
R2 Marg. 0.058 0.046
R2 Cond. 0.292 0.292
AIC 2895.1 2891.4
BIC 2939.2 2924.4
RMSE 28.34 28.30

Note. The income variable is based on the median household income zip code for the family’s postcode at the time
of participation. * p < 0.05, *** p < 0.001.

3.5.3. Model 3. Second Language Exposure (L2%)

The best-fitting model was:
total_composite_percentage_score ~ L2%_exposure + L3%_exposure + age_centered +

seq_length + pvt_percentile + (1|subj)
Table 8 shows the coefficient estimates from the best fitting model with child’s L2

exposure as our continuous main predictor, and Figure S4 displays it. L2 exposure was not
a significant predictor of children’s generalization performance. Additionally, we could
predict a 3.72% reduction in their composite scores for every step added to the sequence
during the Test phase.



Languages 2022, 7, 268 15 of 20

Table 8. Regression Models for Analysis Approach 3 -L2% Exposure.

Full Model
Estimate (SE)

Final Model
Estimate (SE)

(Intercept) 44.821 *** 41.856 ***
(8.413) (7.949)

L2% Exposure 0.017 −0.014
(0.216) (0.211)

L3% Exposure 0.573 0.562
(0.694) (0.702)

Length of Sequence −3.775 * −3.721*
(1.645) (1.646)

Child’s Age in Months (Centered) 2.006 1.959
(1.221) (1.219)

PVT Percentile (Vocabulary) 0.173 0.170
(0.120) (0.120)

Child’s Sex (Male = 0; Female = 1) −7.123
(5.774)

Avg. Parental Education (Centered) −2.405
(2.247)

Income (Centered) −2.405 × 10−5

(9.794 × 10−5)

SD (Intercept) 17.749 18.155
SD (Observations) 30.678 30.694

Num. Obs. 290 290
R2 Marg. 0.057 0.045
R2 Cond. 0.293 0.292
AIC 2893.4 2889.6
BIC 2933.7 2919.0
RMSE 28.31 28.28

Note. The income variable is based on the median household income zip code for the family’s postcode at the time
of participation. * p < 0.05, *** p < 0.001.

3.6. Exploratory Analysis

Following Rusnak et al. (2022) ‘s protocol, we analyzed children’s cognitive load
performance during the test trials. 2- and the 3-step-sequences were classified as Low
Load trials, and 4- and 5-step-sequences were classified as High Load trials. Following the
previous analyses, we explored the relationship between bilingualism and generalization
performance using a binary language classification, a latent profile approach, and a contin-
uum measure of second language exposure (See Supplementary Tables S4–S6 and Figure 5
for visualization). Overall, children scored significantly worse in the higher load trials
compared to the low load trials, but there was no significant difference between language
groups or L2 percent exposure.
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Figure 5. Exploratory Analysis Measuring Load and Language Exposure. Three approaches to
measuring language exposure were used: a binary classification of Monolinguals and Bilinguals
(Top Panel), profiles using a Latent Profile Analysis approach (Middle Panel), and bilingualism as a
continuum using the L2 percent exposure as a proxy (Bottom Panel).

4. Discussion

We used the object sequencing imitation task (Rusnak et al. 2022) to test memory flexi-
bility and working memory in monolingual and bilingual 3-year-olds. We demonstrated
sequences on one wooden robot figurine and tested children on a functionally similar
but perceptually different robot. We hypothesized that all children would perform above
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baseline and that bilingual children would perform significantly better than monolingual
children. Both monolingual and bilingual preschoolers performed significantly above
baseline but did not differ on the total composite percentage score, which was a summary
of performance across 2- to 5-step sequences and included the number of target actions and
pairs children achieved, divided by the possible maximum score. The baseline score was
low, nearly zero, which is a hallmark of a robust imitation task.

Data were also analyzed using a multi-level model to include all participants who
completed two or more trials and increase the analytic power. Consistent with the across-
trials composite score model, we found that preschoolers performed significantly better
on the test than the baseline, that performance on the test decreased as a function of the
increasing sequence length, that performance increased as a function of age, and that
bilingual 3-year-olds did not differ from monolinguals on the task.

One goal of the present study was to examine whether it was feasible to examine
different patterns of language exposure using multiple methods, a traditional binary
categorization, a continuous %L2 measure, and a latent profile analysis. We achieved this
goal. We found that for this study, the findings converged across each approach. Future
studies should also examine whether the results pattern converges or differs across different
approaches to determine better and more consistent practice in bilingual definitions during
early childhood (Rocha-Hidalgo and Barr 2022). We could have taken other approaches to
bilingual categorization, such as looking more closely at the extremes of the sample but
based on the pattern of the results, we do not think that our findings would differ.

We found that there were no differences across our three analytic approaches on the
OSI task between children growing up in monolingual and bilingual households. There
are a number of possible explanations for these findings. We describe the task as both a
visual-spatial working memory task (Rusnak et al. 2022 and as a test of memory flexibility.
That is, the task includes elements of executive functioning and representational flexibility.
In terms of executive functioning, the lack of differences in performance as a function of
language status is consistent with recent meta-analyses. For example, Lowe and colleagues
(Lowe et al. 2021) reported no significant differences in executive functioning in 3- to 17-
year-olds. Their study excluded infants, toddlers, and adults. However, the classification
of bilinguals differed across the ages making it more difficult to interpret the findings
(Rocha-Hidalgo and Barr 2022). Gunnerud et al. (2020) conducted a systematic review of
children 18 years and under. They reported marginal differences between monolinguals and
bilinguals, particularly in code-switching and inhibition, but no differences with monitoring.
The authors reported that these findings might have been affected by publication bias.
Finally, Beaudin and Poulin-Dubois (2022) reported in a series of studies of toddlers
and preschoolers that any differences between monolinguals and bilinguals were limited
to differences in inhibitory control. Although the OSI task requires updating, it does
not explicitly measure inhibitory control, and therefore our findings are consistent with
Beaudin and Poulin-Dubois’ conclusions.

We suggest an alternate interpretation of our data. Studies examining differences
in executive functioning have not considered precursors to executive functioning in rep-
resentational processing, such as differences in memory flexibility. Although there were
no significant bilingual differences in the present study, there was a significant degree of
individual variability in performance. Changes in memory flexibility may be a precursor to
later differences in cognitive flexibility—the ability to adjust to changes in task demands
and switch between different rules and goals (Mahy and Munakata 2015)—that have been
reported between monolingual and bilingual children. Bilingual language status is associ-
ated with earlier trajectories in memory flexibility during infancy (e.g., Brito and Barr 2012)
and cognitive flexibility in preschool-aged children (Adi-Japha et al. 2010; Bialystok and
Martin 2004; Bialystok and Senman 2004; Carlson and Meltzoff 2008) and throughout the
lifespan (Bialystok et al. 2006; Costa et al. 2008). We hypothesize that there might be differ-
ent time points when cognitive processing trajectories diverge between monolinguals and
bilinguals. We argue that the current study suggests that the trajectory for memory flexibil-
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ity may be converging with monolingual and bilingual differences disappearing by three
years of age. That is, on average, monolinguals are improving in memory flexibility. Both
groups are about 50% on the composite; this shows this task was challenging. However,
we also compared high and low load performance, and we did not see a difference there
either. That is, based on our range of scores, the lack of differences between monolinguals
and bilinguals should not be attributed to floor or ceiling effects. At three years of age,
it is possible that differences in inhibitory control may be the most apparent cognitive
differences, as argued by Beaudin and Poulin-Dubois (2022).

Our contention requires empirical evaluation via longitudinal analysis, which our
group is currently evaluating. There may be age-related changes in how systems differ
between monolinguals and bilinguals. The collected data for the present study are part
of an ongoing longitudinal study examining language exposure, memory flexibility, and
cognitive flexibility in 1- to 5-year-olds. The individual differences exhibited in this task
make it particularly valuable to track changes in memory flexibility as language patterns
shift over time (Rocha-Hidalgo et al. forthcoming). For example, children may hear more
of a second language before entering childcare or preschool. After entering preschool,
their exposure to their primary and secondary languages may shift. The OSI task can
test memory flexibility across the preschool years as it allows us to manipulate memory
load via the number of items to remember, and data collection with 5-year-olds is ongoing.
Performance on the OSI task will be compared to performance on imitation tasks at younger
ages to examine whether earlier imitation performance measured by an interference task at
18 months and generalization tasks at 24 months predict later performance and whether
performance at three years is related to performance at five years of age.

There were, however, limitations to the present study. The OSI task differs from
prior memory generalization tasks used to measure memory flexibility in infants and
toddlers. It was by design that we created a task that required multiple updates and
hence flexibility across poses. Still, it is possible that children also rapidly overcame any
perceptual differences between the robots. Additional research using additional memory
flexibility tasks will be needed to test whether there are ongoing perceptual processing
or selective attention differences between monolinguals and bilingual preschoolers. This
could be achieved by taking advantage of the flexibility of the OSI task by increasing the
perceptual differences between the different objects.

Although we recruited widely, the distribution of our sample was skewed toward
monolinguals, and there were few balanced bilinguals, which may have reduced our ability
to fully exploit the utility of latent profile analysis. These data could also be subjected to
Bayesian analysis to determine the probability of the null findings but based on the pattern
of results; we would expect that these null findings are robust. There was significant
variability in performance which will be helpful in future longitudinal data analyses.
However, one potential source of unexplained variance may be because some data were
collected during the COVID pandemic and health guidelines meant that experimenters
were masked during the session. It is too early to know how these differences may be
related to imitation performance and whether there will be differences in social learning in
children born after the pandemic. Statistically, we did not have the power to analyze this
difference in our dataset.

5. Conclusions

Taken together, this study demonstrates memory flexibility and working memory
performance in a group of 3-year-olds who were very well characterized for language
exposure. Multiple methods were used to analyze language exposure differences, and
the results converged, showing no bilingual differences. There was significant individual
variability in this task, and these data will be further examined in longitudinal analyses.
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