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Abstract

Given the significance of executive function (EF) for longer-term outcomes, it is important to understand the trajectory of EF
in childhood and how COVID-19 influenced this trajectory. 139 (71 girls) children were examined longitudinally from 2.5 to
6.5 years using the Minnesota Executive Function Scale. Individual differences in EF abilities were stable longitudinally, and
children with a more highly educated mother had higher EF scores. Children tested 1-3 years after the first lockdown showed
greater variation in individual differences over time. Additional analyses examined linear growth curves for children assessed
3-4 times from 2.5 to 6.5 years. Children who were in preschool during the first lockdown had steeper growth curve trajecto-
ries than children in the first year of primary school.
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Lay summary

We studied children’s self-regulation skills across early childhood focusing on executive functions. This was disrupted by COVID-19,
prompting us to investigate COVID-19’s influence on children’s executive functions. One hundred and thirty-nine (71 girls, 68 boys) chil-
dren visited our lab multiple times from 2.5 to 6.5 years of age, with 94 families first attending before COVID-19. Using the Minnesota
Executive Function Scale, we found children’s executive functioning increased consistently from 2.5 to 6.5 years of age but was affected
by COVID-19. We found children who had already started primary school showed slower gains in executive functioning relative to younger
children who were in preschools at the start of the pandemic, likely reflecting disruptions to early schooling and social routines during

this critical adjustment period.

Executive function (EF) is a central cognitive system that enables
self-control and flexibility, helping children to give a considered
rather than impulsive response and to stay on-task (Diamond,
2013). Although there are differences in how EF is conceptualized
(Howard et al., 2015; Miyake et al., 2000; Wiebe et al., 2011), one
common view posits that EF consists of a set of higher-level cogni-
tion processes that sit above and coordinate lower-level compo-
nent skills that include working memory, inhibition control, and
cognitive flexibility (Miyake et al., 2000). As an example, some EF
tasks ask people to follow one set of rules and then to switch and
follow a different set of rules. Executive function would keep the
higher-level rules of the task active in each phase and switch from
one rule set to the other as the situation changes.

Over the last two decades, EF has become an increasingly
important topic as evidence suggests EF is strongly linked to aca-
demic achievement and longer-term outcomes (Carlson, 2021;

Carlson et al., 2004; Moffitt et al., 2011). For instance, EFs predict
math and reading competence across the school years (Ahmed
et al., 2019; Bull et al., 2008; Gathercole et al., 2004), as well as
career and marriage satisfaction and positive mental and physical
health in adulthood (Dunn, 2010; Eakin et al., 2004; Moffitt et al.,
2011; Prince et al., 2007; Richmond-Rakerd et al., 2021). Given this
long-term predictability, a key issue is how EFs change in early
development. If we could optimize EF early in development—
ensuring that every child has good EF skills by 3-5 years—this
could have a positive societal impact (Heckman et al., 2006).

To achieve robust early assessment and design effective inter-
ventions, we need tasks that are optimized for these goals. This
also requires longitudinal assessment from early childhood,
which has been relatively rare in the literature (see Broomell
& Bell, 2022 and Willoughby et al., 2012 for exceptions). Finally,
we need to understand the mechanisms that underlie the early
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development of EF (Buss & Spencer, 2014; McCraw et al., 2024;
Spencer et al., 2025). Meeting these goals has proven to be diffi-
cult for several reasons.

First, children are rapidly changing in early development.
Consequently, EF tasks that are easy enough early in develop-
ment become too easy later in development. For instance, dur-
ing the first year of life, infants begin to search for hidden objects
and make the canonical A-not-B error (Piaget, 1954; Thelen et al.,
2001). Here, they perseverate by searching at an “A” location
after an object that was repeatedly found in location “A” has now
been hidden at a nearby “B” location (Bell, 2012; Diamond, 1990).
Critically, individual differences in performance in this task are
related to increased fronto-parietal activation from as young as
8 months (Bell, 2001), and longitudinal studies have shown that
A-not-B performance in infancy is correlated with planning and
executive control later (Wiebe et al., 2010), and predicts aspects
of later EF when included in a task battery (Broomell & Bell,
2022). Although this is the case, the use of this task as an early
assessment tool is limited by a lack of longitudinal stability in
this measure. Miller and Marcovitch (2015) found no correlation
in performance on the A-not-B task from 14 to 18 months of age.
Moreover, while the A-not-B task is appropriate in early infancy,
it reaches ceiling levels from around 24 months of age. After this
age, other tasks are required to examine EF performance longitu-
dinally (Broomell & Bell, 2022).

Several longitudinal studies have faced these obstacles by using
different tasks at different ages. This presents a theoretical chal-
lenge as we do not always understand how different tasks relate
to one another. As an example, the A-not-B task is often paired
with response inhibition tasks such as Stroop-like and “go/no-go”
tasks in longitudinal studies (Broomell & Bell, 2022; Johansson
et al., 2012). Although the A-not-B task does involve response
inhibition (i.e., infants have to inhibit responding to A after a cue
to B), theoretical models have suggested that working memory is
also involved as infants must actively maintain a memory of the
“B” hiding event on the B trials (Thelen et al., 2001). This differs
from the conceptualization of tasks such as the “go/no-go” task
which tend to focus solely on inhibitory processes (although see
Wijeakumar et al., 2017 for a discussion). Moreover, Stroop-like
and “go/no-go” tasks involve language, while the A-not-B task is
nonverbal. These differences make it difficult to interpret results
suggesting that performance on the A-not-B task in infancy is
related to later performance on a Stroop-like task in the toddler
period (Johansson et al., 2012), as we do not know precisely what
is changing over time to produce this relationship.

The theoretical picture gets even more complicated in early
development when we consider evidence that EF and its low-
er-level components are co-developing over time. For instance,
we see periods of vast improvement in young children’s working
memory, cognitive flexibility, and inhibitory control abilities dur-
ing early childhood (Diamond, 2013; Fuhs et al., 2014; Garon et al.,
2008). This makes it difficult to know if changes in EF are driven by
improvements in, say, working memory or inhibitory control vs.
changes in higher-level EF processes themselves such as in how
the higher-level rules of a task are represented (for discussion, see
Spencer et al., 2025).

One way forward empirically may be to use more complex tasks
that tap into multiple EF components at once. Once language
comprehension develops, toddlers can begin to play games in
which they have to understand and keep multiple rules in mind

and engage cognitive flexibility. This allows us to examine 2- to
5-year-old children’s ability to switch between tasks (Brooks
et al., 2003; Perner & Lang, 2002), inhibit actions (Steelandt et al.,
2012) and maintain and use information held in working mem-
ory (Cheng et al., 2020; Garon et al., 2014). For instance, in the
Dimensional Change Card Sort (DCCS) task (Frye et al., 1995), chil-
dren sort cards by one dimension (e.g., shape) and then switch
and sort cards by a second dimension (e.g., color). Theoretical
models have shown that this task integrates aspects of cogni-
tive flexibility, working memory, and inhibitory control (Buss
& Spencer, 2014), and more recent work shows that aspects of
language development—in particular, children’s understanding
of dimensional labels like “color” and “shape”—also contribute
(Buss & Spencer, 2014; Lowery et al., 2022; Spencer et al., 2025).
The link to language development here is interesting as this starts
to unpack the higher-level cognitive processes at play in this par-
ticular EF task.

Evidence from studies using the DCCS task shows rapid change
in performance from 3 to 5 years of age. Three-year olds are typ-
ically successful at sorting cards during a preswitch phase, but
they continue to sort the test cards by the first dimension during
a postswitch phase, although adaptations of this task have found
3-year olds are able to demonstrate successful switching when
dimensions are more separated (Diamond et al., 2005) or the spa-
tial location of the cards is changed postswitch (Buss & Spencer,
2014; Perone et al., 2015). By 5 years of age, children succeed in
the postswitch phase without adaptation, although there is still
improvement in performance beyond this age (Zelazo et al.,
2013). For instance, the DCCS task has been developed into a tab-
let task—the Minnesota Executive Function Scale (MEFS; Carlson,
2021). In a recent cross-sectional examination of over 51,000 par-
ticipants from different studies in the United States, performance
on MEFS improved rapidly across early childhood, with more
gradual improvements through adolescence (Carlson, 2021). Two
longitudinal studies have used the DCCS task. The first examined
EF from 18 to 26 months of age. At 18 months of age, Bernier et al.
(2010) used a hide-the-pots task (an A-not-B style search task)
and a DCCS style categorization task. These were compared with
multiple tasks at 26 months of age including a delay-of-gratifica-
tion task and two Stroop-like tasks. The hide-the-pots and DCCS
style categorization tasks were found to have a low correlation at
18 months of age. Despite this, both tasks were found to be pos-
itively related to a measure of “conflict EF,” which combined per-
formance across multiple tasks at 26 months of age. Once again,
it is difficult to make strong conclusions about the longitudinal
stability of individual differences in EF from these results because
this study used different tasks at different ages that may tap into
different components of EF.

A second longitudinal study, by contrast, used the DCCS task
consistently across ages with older children. Helm et al. (2020)
found that children’s performance on the DCCS at 4 years of age
was positively correlated with performance on the DCCS at 6 years
of age. Thus, at least with 4- to 6-year olds, individual differences
in performance in this task are stable longitudinally.

The goal of the present study was to assess whether individual
differences in EF abilities are stable over time before the age of
4 years using the DCCS task at each time point. We opted to use
MEFS starting at 2.5 years of age (30 months)—the youngest age
reliably tested using this assessment tool. We then tracked longi-
tudinal performance using MEFS from 2.5 years (30 months) to 6.5
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years (78 months). Our central question was whether we would
observe robust individual differences across this time frame. We
also examined whether these individual differences were influ-
enced by two factors: socioeconomic status and the impact of the
COVID-19 pandemic.

A large number of studies have examined how socioeconomic
factors shape child development (Duncan et al., 2017; Hughes
et al.,, 2009; Wiebe et al., 2011). A recent meta-analysis including
8,760 children found the correlation between EF and socioeco-
nomic status was statistically significant across all studies (Lawson
et al., 2018). Parental educational level has emerged as a strong
predictor of children’s cognitive outcomes from these studies.
For instance, Waters et al. (2021) found that parental education
level, and not income to needs, was associated with multiple EF
and academic achievement domains, including math and reading
ability. Thus, maternal education level was examined within the
present study to examine whether this socioeconomic factor was
associated with individual differences in EF abilities over time.

The second factor we examined was not preplanned—our lon-
gitudinal study was on-going when the SARS-CoV-2 (COVID-19)
pandemic began. The pandemic brought widespread disruption
to social, economic, and health environments, and it is likely EF
development was also impacted. The government in the United
Kingdom officially announced the first lockdown on March 23,
2020, where the public were asked to cease all nonessential travel
and contact (Prime Minister’s Office, 23 March 2020). Stress and
social deprivation were commonplace during these lockdown
restrictions, due to increased job losses and financial uncertainty.
Evidence shows that such stressors are harmful to EF (Chichinina
& Gavrilova, 2022). For instance, parent stress can impact parent-
ing quality and emotional availability (Korzeniowski, 2023). As
a result, parents may rely on control strategies rather than scaf-
folding techniques (Polizzi et al., 2021). Parents who experience
frequent distress may engage less in cognitively challenging tasks
or create a hostile environment, which can obstruct the develop-
ment of a child’s self-regulatory skills and overall cognitive growth
(Polizzi et al., 2021).

Younger children were also impacted by closures to daycare
centers, preschools, primary schools, and playgrounds. Exposure
to such structured environments and socializing with peers sup-
ports EF development during the preschool and primary school
years (Veraksa et al., 2024). When access to play and socialization
is limited, EF abilities are adversely affected (Holmes et al., 2016).
For instance, during the highly restrictive lockdown periods, chil-
dren under three experienced significant reductions in cognitive
abilities, scoring roughly 20 points lower on the Mullen Scales of
Early Learning relative to children tested prior to the pandemic
(Perry et al., 2023). Similarly, Navarro-Soria et al. (2023) reported
a significant decline in global executive functioning just 6 months
after the start of lockdown.

While various studies have explored the impact of the COVID-19
pandemic on EF (Chichinina & Gavrilova, 2022; Perry et al., 2023),
the majority of research has been cross-sectional. Longitudinal
research is necessary to track EF trajectories and determine
whether early COVID-19 impacts recover, persist, or worsen as
children age. Here, we provide a longitudinal examination of this
issue in the cohort of children who were assessed at 30 months of
age before the pandemic hit and again at 78 months of age. We
examined two key questions. First, how were individual differ-
ences in EF impacted by COVID-19 based on the cumulative period

from the onset of the first COVID-19 lockdown until the time when
each child was assessed (which we refer to as the “months since
COVID”)? Here, we emphasize that all children were tested around
78 months of age; however, some children were tested 1-2 years
after the first lockdown while other children were tested 3-4
years after the first lockdown. On one hand, we might expect that
COVID-19 was most disruptive in the 1-2 years after the first lock-
down as this period included multiple lockdowns and disruptions
to social and educational routines. In this case, individual differ-
ences might be less stable longitudinally. Alternatively, we might
expect that COVID-19 disrupted individual differences longer
term. In this case, individual differences might be less robust the
longer the time between the first COVID lockdown and testing at
78 months.

The second question we examined was how individual differ-
ences in EF trajectories were impacted by the age of each child at
the onset of the pandemic (which we refer to as the “age at COVID
onset”). Here, we examined EF trajectories over multiple time
points (30,42, 54, and 78 months) using data from a subset of chil-
dren who completed three or more MEFS assessments. Some chil-
dren were younger when the pandemic began (e.g., 45 months)
while other children were older (e.g., 56 months). This might have
important implications as the younger children were typically in
preschool, while the older children were typically in the first year
of primary school (i.e., reception). Preschool children might have
been more profoundly impacted by the societal upheaval created
by the pandemic as they might be more sensitive to early experi-
ences. Alternatively, we might expect to see stronger impacts on
primary school children because peer relationships—which were
limited during the pandemic—play a key role as children move
from preschool into primary school. In this case, we might expect
to see slower growth of EF skills longitudinally in children who
were older at the start of the pandemic.

Method
Study design

Data from the current study were collected as part of a larger
longitudinal study examining the early development of working
memory and EF. The larger study enrolled two cohorts of children.
Cohort 1 was enrolled at 6 months of age. These children visited
the lab for testing at 6, 18, and 30 months of age. Cohort 2 was
enrolled at 30 months of age. These children visited the lab for
testing at 30, 42, and 54 months of age. All children completed fol-
low-up testing at 78 months of age.

The present report analyzed data from the MEFS task which
were collected at different points in time for the two cohorts of
children. Children in cohort 1 completed the MEFS task at 30 and
78 months. Children in cohort 2 completed the MEFS task at 30,
42,54, and 78 months. Thus, when we combined the two cohorts,
we had a large number of children who completed the MEFS task
at 30 and 78 months. We also had a subset of children (cohort 2)
who completed the MEFS task up to 4 times.

Because data from cohorts 1 and 2 were collected in parallel
(i.e., we continuously enrolled children in cohorts 1 and 2 at the
start of the study), this created natural variability in the age of each
participant when the first COVID-19 lockdown was announced
(i.e., age at COVID onset) as well as variation in the time elapsed
between the first lockdown and the date of testing at 78 months
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Figure 1 Timeline of data collection (see x-axis) with COVID-19 periods noted in red shading. Dot color shows the data collection ages (in months). Line
colorindicates cohort 1 (red; initially enrolled at 6 months of age) and cohort 2 (blue; initially enrolled at 30 months of age).

(i.e., months since COVID). Figure 1 shows the full timeline of MEFS
data collection for the present report. The blue line shows MEFS
data collection for cohort 1 which ran from February 2019 until
June 2021, when the children were 30 months of age, and a sec-
ond distribution from February 2023 until February 2024 when
the children reached 78 months of age. The red line shows data
collection for cohort 2. Here, there is a more continuous distribu-
tion of data collection indicated by the dot color.

Figure 1 also highlights the two key COVID-19-related measures
we focus on in the analyses below. The first is the “age at COVID
onset”: this is the age of each child when the first COVID-19 lock-
down began on March 23, 2020. As is evident in Figure 1, we had
quite a variation in ages across cohorts 1 and 2 when the pan-
demic began. The second is a “months since COVID” measure: this
is the duration in months from the first COVID-19 lockdown until
data collection at 78 months. An example “months since COVID”
interval is shown by the horizontal arrow in Figure 1.

Participants

One hundred and thirty-nine children (71 girls) from Norwich in
the United Kingdom completed the EF tasks. Demographics for
each cohort are shown in the first two columns of Table 1. Average
maternal education level across cohorts was a Bachelor’s Degree,
and mean income was £40,645.69 (SD=11,720.63). Participants
had normal or corrected-to-normal vision. Color vision was exam-
ined through family history of color blindness risk; at-risk children
were excluded. All participants were full-term infants with no his-
tory of early brain trauma. The project was reviewed and approved
by the Ethics Committee at NHS England (IRAS ID 196063).

Parents signed an informed consent form on behalf of the child.
Children received a toy and a t-shirt for participating at each lab
visit. Parents were given £20 for each visit to the lab.

As described in Methods of analysis, we conducted five analy-
ses in the present report—two analyses addressed whether indi-
vidual differences in EF were stable longitudinally (analyses 1a
and 2a) and three analyses examined how COVID-19 impacted
these individual differences (analyses 1b, 2b, and 2c). Of the 139
children who participated in this study, 16 did not complete the
MEFS task at 30 months of age and a further 3 children did not
complete the follow-up MEFS task at 78 months of age. Thus, 120
children contributed data to analysis 1a (see column 3 of Table 1
for demographics).

Analysis 1b examined longitudinal changes in EF from 30 to 78
months, but only in the subset of children who had completed
their 30-month MEFS assessment before the onset of COVID-19
lockdown restrictions in the United Kingdom. Ninety-four chil-
dren were included in this analysis. Table 1 shows the demo-
graphic characteristics of these children in column 4 (see Table S1
for demographics split by cohort in columns 1 and 2).

In analysis 2a, 2b, and 2c, we examined longitudinal changes
in EF for the 57 children in cohort 2 who completed three or more
MEFS assessments (at 30, 42, 54, or 78 months). Demographic var-
iables for these children are shown in the fourth column of Table
1. These data are replicated in the fourth column of Table S1 for
ease of comparison. Detailed data counts for cohort 2 split by
each assessment age are shown in Table S2. The higher amount
of missing data at 42 and 54 months was due to the COVID-19 pan-
demic affecting our ability to collect data at these points in time
(Figure 1).
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Table 1 Demographic characteristics.

Cohort one Cohort two Analysis 1a Analysis 1b Analysis 2
Variable N=64 N=75 N=120 N=94 N=57
Gender
Boys 33 (52%) 35 (47%) 58 (48%) 49 (52%) 27 (47%)
Girls 31 (48%) 40 (53%) 62 (52%) 45 (48%) 30 (53%)
Maternal education level
Left school before 16 1(1.6%) 0%) 0 (0%) 0 (0%) 0 (0%)
GCSE/O levels or equivalent 4 (6.3%) 10 (13%) 11 (9.2%) 10 (11%) 7 (12%)
A levels or equivalent 6 (9.4%) 10 (13%) 11 (9.2%) 8 (8.5%) 6 (11%)
Trade apprenticeship 0 (0%) 5.3%) 4 (3.3%) 4 (4.3%) 4 (7%)
Some university 5(7.8%) 8.0%) 9 (7.5%) 7 (7.4%) 4 (7%)
Bachelor’s degree 30 (47%) 30 (40%) 55 (46%) 45 (48%) 24 (42%)
Master’s degree 12 (19%) 11 (15%) 21 (18%) 14 (15%) 9 (16%)
Doctorate or professional degree 6 (9.4%) 4 (5.3%) 9 (7.5%) 6 (6.4%) 3(5.3%)
Ethnicity
White British 54 (84%) 67 (89%) 105 (88%) 84 (89%) 51 (90%)
Asian 1(1.6%) 0%) 1(0.8%) 1(1.1%) 0 (0%)
Black African 0 (0%) 1.3%) 0 (0%) 0 (0%) 0 (0%)
South African 2(3.1%) 0%) 2 (1.7%) 2 (2.1%) 0 (0%)
White British and South American 2(3.1%) 0%) 2 (1L.7% 0 (0%) 0 (0%)
White British and Asian 1(1.6%) 2.6%) 3(2.5%) 2 (2.1%) 2 (3.5%)
White European and Asian 1(1.6%) 0 (0%) 1(0.8%) 0 (0%) 0 (0%)
White British and Black African 0 (0%) 2 (2.7%) 1(0.8%) 1(1.1%) 1(1.7%)
White British and Black Caribbean 0 (0%) 2 (2.7%) 2 (1.7%) 2(2.1%) 2 (3.5%)
White British and Other European 3 (4.7%) 1(1.3%) 3 (2.5%) 2(2.1%) 1(1.7%)

In addition to these five analyses, we also examined the expe-
riences of our participants during the COVID-19 period using a
COVID-19 questionnaire. Of the 139 families who participated in
this study, 88 completed this COVID-19 questionnaire. To test the
relationship between specific COVID-19 related variables and the
COVID-19 questionnaire, the dataset of 94 children from analysis
1b was used. Of these 94 families, only 55 completed the COVID-
19 questionnaire. Forty-eight out of these 55 families provided a
response to every question in the COVID-19 questionnaire.

Procedure

The MEFS (Carlson & Zelazo, 2014) is a 2- to 6-min tablet task (we
used a first generation 12.9 inch iPad Pro) based on the DCCS
tasks (Zelazo, 2006). The task involves increasingly difficult lev-
els requiring a child to sort cards into a virtual box according to
dimensions such as size, shape, or color (see Carlson, 2021 for
examples of the MEFS task). Before each level, the child receives
a demonstration and rule checks to ensure understanding of the
rules for that level. The child was then given a rule to follow based
on one of the aforementioned dimensions. The rule was restated
on the first two trials, e.g., “If it’s a small elephant, it goes in the
small elephant box” and the relevant dimension was emphasized,
e.g., “Hereis a small elephant.”

In the next five trials, a prompt was given to ensure the child
was ready, e.g., “Get ready!” After five trials, the experimenter

announced a “new game” in which the rule was switched. The
child was asked to follow this new rule, e.g., “the small elephant
goes in the big elephant box.” To complete the task, children must
focus on the task and pay attention, remember and update the
rule/s, inhibit the prepotent response from the previous rule, and
engage flexibility to switch rules. An age-appropriate starting level
was selected automatically by the app based on the child’s age
and test norms. Testing continued with a criterion score of 80% at
each level. If the criterion score was not met at the starting level,
the app automatically regressed levels until a lower level was
passed, setting the basal level.

There are a total of seven levels within the MEFS task. In level
1, the child is asked to sort the cards by shape. Level 2 focuses on
size. Level 3 involves sorting by both color and shape with sep-
arated dimensions. Level 4 involves sorting by shape and color,
but with integral dimensions. Level 5 involves the same stimuli,
however, now the child is asked to switch between the rules every
few trials. Level 6 also involves the same stimuli; however, there is
the introduction of a border rule (sort by shape with a black bor-
der, sort by color with no border), and there is no longer a ver-
bal prompt from the experimenter. In level 7, this border rule is
reversed.

Minnesota Executive Function Scale was completed in the lab
from 30 to 54 months of age. The experimenter and child were
each sat in a chair at a table. The tablet was placed on the table
in front of the child. Parents were in a separate room. If the child
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requested the parent to be in the room, they sat behind the child
so as to not influence the child’s responses. At 78 months of age,
the MEFS task followed a similar procedure but was conducted
inside the child’s home. The child was asked to sit on a chair at
their dining table and the tablet was located in front of them. If
no such table was present in the home, they were asked to sit on
a sofa next to the experimenter and the tablet was held on the
experimenter’s knee facing the child. As all MEFS assessments at
78 months of age were conducted in the home setting, these slight
differences between the lab to home setting applied to all chil-
dren equally. The remaining procedures were identical.

It is important to note that 16 MEFS assessments at 42 months
of age and 26 MEFS assessments at 54 months of age were con-
ducted in 2020. Due to the COVID-19 pandemic, many of these
assessments were conducted remotely. All guidelines from
Reflection Sciences (n.d.) on how to conduct remote assessment
were followed. During remote assessment, participants sat facing
a laptop with their parent sat behind them. A webcam allowed
the experimenter to see the child and parent in full. The experi-
menter screen shared the iPad screen displaying the MEFS app.
The experimenter first checked that both the parent and child
could hear them sufficiently. To ensure there were no issues with
webcam mirroring, the parent was asked to hold up their left
hand, and then their right hand. This allowed the experimenter
to confirm the side the child was pointing to if necessary. Parents
were instructed “not to help [the child] in anyway, we want to
know their skills not yours. Your child may look to you for the
answers, and instead of helping them ask them to listen to me.”
The MEFS task was explained in the same manner as for a non-
remote assessment except where the child would be instructed
to drag the card into the box, the child was now asked to verbally
respond naming the box they wanted the card to be sorted into. If
the child was unable to name the box, they were asked to point to
the box location, and the parent was asked to name the box (only
after a point had taken place).

COVID-19 questionnaire

In the winter of 2022, we added a COVID-19 Questionnaire to the
study design to assess the experiences of our cohorts during the
pandemic. The questionnaire was sent to families via email, and
they were invited to complete the questionnaire via a secure link.
The questionnaire asked the following questions: (1) did you have
any job related changes during the COVID-19 period? (yes/no); (2)
on average, how often was your child in formal childcare (includ-
ing in-person school) during lockdowns? (0-5 days a week); (3)
has your child ever had COVID-19? (never, once, twice, 3 or more
times); (4) how many caregivers were present in the child’s main
home during lockdowns? (number); (5) has the child’s caregiver(s)
ever had COVID-19 (never, once, twice, 3 or more times).

In addition, we asked caregivers to estimate the activities the
child was engaged in during lockdowns: (1) on average, how many
days per week did your child do the following activities, and (2) on
atypical date the activity was done, how much time did your child
spend doing the following activities? The activities listed were:
watching TV, playing games on a digital device, playing without
an adult, free play with an adult, structured play with an adult
(e.g., educational games), share book reading (e.g., being read to
or reading to an adult), one to one speaking with an adult, time
spent outdoors.

Finally, we included a set of additional questions listed below;
however, many families responded “Not Applicable” to these
queries so the data were too sparse to assess in detail: (1) com-
pared with prelockdown, what was the child’s sleep like? (fre-
quency, length, timing of bedtimes, and naps); (2) how long
did your child’s period of isolation last for each time they had
COVID-19? (<5 days up to >10 days); (3) has your child suffered
any long-term effects from having COVID-19? (select from a list
of symptoms); (4) has your child been formally diagnosed with
long COVID? (yes/no); (5) on average, how many days did car-
egivers spend working from home during lockdowns? (0-5 days);
(6) have the child’s caregivers suffered any long-term effects
from having COVID (select from a list of symptoms); (7) have the
child’s caregivers been formally diagnosed with long COVID?
(yes/no); (8) have any of your child’s siblings had COVID-19? [0
to 3+ times]; (9) have the child’s siblings suffered any long-term
effects from having COVID-19? (select from a list of symptoms);
(10) have the child’s siblings been formally diagnosed with long
COVID? (yes/no).

Methods of analysis

Scoring was automatically calculated by the MEFS app (MEFS App;
Carlson & Zelazo, 2014). A total score (ranging from 0 to 100) was
calculated using a proprietary algorithm accounting for accuracy
and reaction time. Additional scoring measures from the app
include highest level passed (0-7) and a standardized score. We
did not analyze the standardized scores as these were based on
norms outside of the United Kingdom. Where maternal educa-
tion level was included in models, it was entered as a scaled and
centered numerical variable. Here, a maternal education of “left
school at or before 16” was entered as 1, “GCSE/O levels or equiv-
alent” as 2, “A Levels or equivalent” as 3, “Trade Apprenticeship”
as 4, “Some University” as 5, “Bachelor’s Degree” as 6, “Master’s
Degree” as 7, and “Doctorate or Professional Degree” as 8. This
educational scale was adapted from Saleem and Jan (2020) and
has been used in prior work with this sample of children (Fibla
etal., 2023).

Preliminary analyses showed that the distribution of total score
had long tails at 30, 42, and 78 months. Thus, a Student’s ¢ distri-
bution was used in all statistical models. This approximates the
data distribution more robustly, leading to more normally dis-
tributed residuals. Longitudinal models were run using the glm-
mTMB R package (Brooks et al., 2017). This allowed us to capture
the within-subject nature of the data while also using the t family
distribution. The summary function from the R package (R Core
Team, 2021) was used to provide regression coefficients. For sig-
nificant predictors, the estimated magnitude and direction of the
effect are reported. For models with a random intercept, a type
Il Wald y? test from the car package in R (Fox & Weisberg, 2019)
was used to assess the contribution of each parameter in reducing
residual deviance of the model.

Total score was scaled (0-1.0) within all models. Across anal-
yses, participants were removed for missing data. Normality
was assessed by examining Q-Q plots from the DHARMa R pack-
age (Hartig, 2024). The impact of outliers was checked at each
stage by comparing models from different families that account
for the outliers. In analyses 1a and 1b, we report results from a
Student’s t family that is robust to the effect of outliers, and we
report the linear model results in the Supplementary material
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for comparison. Models for analyses 2a and 2b were run using a
mixed-effects model from the beta family to capture the shape
that requires asymptotes at 0 and 1. We report results from linear
mixed-effects models (Gaussian family) in the Supplementary
material for comparison. In no cases were our results affected
by outliers.

Analysis 1a examined whether individual differences in EF at 30
months predicted individual differences in EF at 78 months, that
is, were individual differences stable longitudinally across this
period of development. This was examined in a regression model
with total score at 78 months as the dependent variable and
total score at 30 months as the predictor variable. A significant
effect of total score at 30 months on the total score at 78 months
would indicate robust longitudinal stability in EF. This analysis
also included two other predictor variables. Maternal education
level was included to examine whether this socioeconomic factor
modulated EF outcomes at 78 months or interacted with the total
score at 30 months, that is, modulated how predictive individual
differences at 30 months were of the total score at 78 months.
We also included the age at testing at 78 months as this variation
undoubtedly impacted the total score (e.g., children tested at 70
months would be expected to have lower total scores than chil-
dren tested at 86 months).

Analysis 1b followed on from analysis 1a by asking if the lon-
gitudinal stability of individual differences from 30 to 78 months
was modulated by COVID-19. Here, we restricted the sample to
the subset of children who completed their 30-month assessment
prior to the first lockdown in the United Kingdom. This gave us an
assessment of EF abilities at 30 months of age without any con-
founding influence of the pandemic. We then examined if individ-
ual differences from 30 to 78 months were impacted by COVID-19
by adding “months since COVID” to the regression model. This
tested whether EF at 78 months varied systematically depending
on when the child was tested relative to the first COVID-19 lock-
down (which would be indicated by a main effect of “months
since COVID”). This analysis also probed if the longitudinal stabil-
ity of individual differences from 30 to 78 months varied depend-
ing on this COVID-related variable (which would be indicated by
an interaction between total score at 30 months and “months
since COVID?).

Analysis 2a focused on the fine-grained trajectory of MEFS
scores from the subset of children from cohort 2 who had at
least 3 MEFS assessments from 30 to 42 to 54 to 78 months.
Here, we conducted a linear mixed-effects model with arandom
effect for participant and a random slope over age in months at
time of testing. These random effects estimate a linear growth
curve for each child with a subject-specific intercept at the first
time point and a subject-specific slope over observations. By
including fixed effects in this model, we estimated whether
group-level trends in total score growth covaried with other
factors. We included age in months at time of testing to cap-
ture group-level growth in total score (the dependent variable).
We also included maternal education to, once again, probe if
the group-level trajectory varied based on this socioeconomic
factor.

Analysis 2b followed on from analysis 2a, asking if the fine-
grained trajectories of MEFS total score were modulated by
COVID-19. Here, we added “age at COVID onset” as a predictor
of total score. We expected that there might be an interaction
between age in months at time of testing (i.e., group-level

growth over age) and age at COVID onset. Such an interaction
would indicate that the group-level growth curve differed for
children who were, for instance, younger at the onset of the pan-
demic vs. older.

Finally, analysis 2c followed on from analysis 2b by focusing
on the individual growth curve estimates for each child, that is,
on the random effects from the model. This analysis tested if any
effects of age at COVID onset were reflected in an alteration of chil-
dren’s individual trajectories. For this analysis, we began with a
growth curve model of MEFS scores over age:

TotalScore ~ Age MEFS + (1 + Age MEFS|ID)

This model was run with a beta family and logit link to capture
the shape that has asymptotes at 0 and 1. As this full model with
all random effects and allowing for correlation between the ran-
dom intercept and slope did not converge with the glmmTMB
package in R, this model was run in brms, with 4 chains of 10,000
iterations, of which 5,000 were warmup iterations, and thinning
every second observation. The model converged with no diver-
gent transitions and Rhat < 1.1.

We then extracted for each participant the coefficient of the
intercept and the slope over age and correlated those coefficients
with age at COVID onset. If neither parameter correlated, it would
demonstrate the effects in 2b might simply be age effects. If the
effects correlated with the intercept, it would demonstrate base-
line differences before the onset of COVID-19 which would be sur-
prising as all baseline observations were from before the start of
the first COVID-19 lockdown. Finally, if the random slope over age
correlated with age at COVID onset that would indicate a differ-
ence in individual trajectories based on the child’s age at COVID
onset.

All data and analyses from this study can be found at https://
doi.org/10.17605/OSF.IO/X48EN.

Results

Before reporting the results of our primary analyses, it is first
useful to describe how our cohort of children experienced COVID-
19 and the national lockdowns which took place from 2020 to
2021. Results show 40% of the children within our sample did
not receive any kind of formal childcare during the lockdowns;
however, 52% did experience 1 day or more in formal childcare
(including preschool or primary school). Results also show that
60% of our sample did have the COVID-19 virus once or more (for
full details, see Table S3). Families were also asked about the
number of days per week their child did different activities. The
most popular activities completed >6 days per week on average
were time spent outdoors (M=6.05 days), 1-1 speaking with an
adult (M=6.42 days), and book reading (M=6.0 days; for full
details, see Table S4). Time spent watching TV was a bit lower
(M=5.37 days), followed by free play with an adult (M=4.74
days), structured play (M=4.05 days), and finally video games
(M=3.71 days).

To test whether maternal education level effects could have
been exacerbated during lockdowns due to other socioeco-
nomic variables, a correlation between job changes and mater-
nal education level was examined. There was no correlation
found between job changes experienced during lockdown
and maternal education level, (t(52)=0.61, p=.54). We also
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Table 2 Generalized linear mixed model results predicting Minnesota Executive Function Scale (MEFS) total score at 78 months from MEFS at 30 months,

maternal education level, and age at test for the 78 months assessment.

Predictor p SE z p
(Intercept) 0.74*** 0.01 84.33 <.001
Total score (30) 0.92*** 0.19 4,75 <.001
Maternal education level 0.00 0.01 0.04 .966
Age at test 0.00 0.00 177 077
Total score (30):maternal education level —0.63** 0.23 -2.72 .006
Total score (30):age at test —0.03 0.03 -0.99 322
Maternal education level:age at test 0.00 0.00 0.85 .396
Total score (30):maternal education level:age at test 0.02 0.01 1.73 .083
logLik 120.7

o2 0.0064

Note. Age at test refers to the age in months at the follow-up (78 months) MEFS assessment. AIC=—223.3, BIC=-198.2. logLik = log-likelihood. 5> = Dispersion

parameter for Student’s t. p-values: *<.05, **<.01, ***<.001.

examined whether the two key COVID-19 variables examined
below (months since COVID, age at COVID onset) correlated
with days each child was in formal childcare or whether the
child or caregiver had COVID-19. There was a moderate positive
relationship between the child’s age at COVID onset and the
number of times the child had COVID-19 (run using a Poisson
distribution: z(48) = 1.8, p=.07). Thus, children who were older
at COVID onset in our sample tended to have COVID-19 more
often.

Analysis 1a: do individual differences
in EF at 30 months predict individual
differences at 78 months?

Analysis 1a examined whether individual differences in MEFS total
score at 30 months predict individual differences in MEFS total
score at 78 months. We also examined if the longitudinal stabil-
ity of these individual differences was modulated by maternal
education and age at testing at the 78-month assessment point.
One hundred and twenty total participants were included in the
model, runin R as:

glmmTMB(Total score[78] ~ Total score[30]

x Maternal education level x Age at testing)

Minnesota Executive Function Scale total score at 30 months of
age significantly predicted MEFS total score at 78 months of age,
$=0.92, z=4.75, p<.001 (see Table 2 and Figure S1 for details).
There was also a significant interaction between total score at 30
months and maternal education, f=-0.63, z=-2.72, p=.006 (see
Table 2; Table S5 shows that this effect was robust to outliers). As is
shown in Figure 2, children from families with a more highly edu-
cated mother had higher total scores at 30 months and generally
higher total scores at 78 months resulting in an overall shallower
linear relationship between these measures. By contrast, some
children with a less educated mother had lower total scores at
both time points, resulting in a steeper linear relationship over
development.

Analysis 1b: was the longitudinal stability
of individual differences from 30 to 78
months modulated by COVID-19?

Analysis 1b examined whether the longitudinal stability of indi-
vidual differences in MEFS total score from 30 to 78 months was
modulated by variations in the time interval between the onset
of the first COVID-19 lockdown and the age at testing. To examine
this question, we added “months since COVID” as a predictor to
the regression model from analysis 1a. Ninety-four total partici-
pants were included in the model, runin R as:

glmmTMB(Total score [78] ~ Total score [30]
x Maternal education level
% (Age at testing +Months since COVID)

Note that “months since COVID” was allowed to interact with total
score at 30 months and maternal education level, but not with
age at time of testing as the latter variable covaried with months
since COVID. In addition, note that when we re-ran analysis 1a on
the subset of children included in analysis 1b, we replicated the
significant total score at 30 months main effect, f=1.20, z=4.90,
p<.001, as well as the interaction between the total score at 30
months and maternal education, f=-0.48,z=—1.98, p=.048.
Table 3 shows the results of analysis 1b. Once again, there
was strong evidence that individual differences in EF at 30
months predicted individual differences in EF at 78 months
(see the main effect of total score at 30 months). There was evi-
dence of an interaction between total score at 30 months and
age at testing, f=0.88, z=2.51, p=.012, as well as evidence of
an interaction between maternal education and age at testing,
p=-0.02, z=-2.53 p=.011. As shown in Table 3, these two-
way interactions were subsumed by a three-way interaction
between total score at 30 months, maternal education, and age
at testing, #=0.65, z=3.37, p<.001. Children from families with
a more highly educated mother showed a consistent relationship
between total score at 30 months and total score at 78 months,
regardless of when they were tested (Figure S2). By contrast, there
were larger differences in total score at 78 months for the children
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Figure 2 Graph showing Minnesota Executive Function Scale (MEFS) total score at the 78-month assessment by MEFS total score at the 30-month
assessment. Left panel shows children from families with a mother who had a bachelor’s degree or higher. The right panel shows children from families with
a mother with an educational level below a bachelor’s degree. Line shows the regression of the model predictions. Error shading indicates the confidence
intervals (standard error of the predicted mean). Dots show data values with darker shading indicating overlapping observations across children.

Table 3 Generalized linear mixed model results predicting Minnesota Executive Function Scale (MEFS) total score at 78 months from MEFS at 30
months, maternal education level, age at test (78 months), and months since COVID-19.

Predictor /] SE z p
(Intercept) 0.74*** 0.01 65.11 <.001
Total score (30 months) 1.49*** 0.27 5.56 <.001
Maternal education level 0.01 0.01 0.75 453
Age at test —-0.01 0.01 -0.70 A87
Months since COVID-19 —0.00 0.00 -1.16 248
Total score (30):maternal education level -0.23 0.26 -0.91 .363
Total score (30):age at test 0.88* 0.35 2.51 .012
Total score (30):months since COVID-19 0.07** 0.03 2.71 .007
Maternal education level:age at test —0.02* 0.01 —-2.53 .011
Maternal education level:months since COVID-19 0.00 0.00 —-0.16 .875
Total score (30 months):maternal education level:age at test 0.65*** 0.19 3.37 <.001
Total score (30 months):maternal education level:months since COVID-19 —0.04 0.04 —0.94 .346
logLik 97.4

c? 0.0062

Note. Age at test refers to the age in months at the follow-up (78 months) MEFS assessment. AIC=-168.7, BIC=-135.7, logLik=97.4, —2x log(L)=—194.7.

o?=Dispersion parameter for Student’s t. p-values: *<.05, **<.01, ***<.001.

from families with a less educated mother based on when they
were tested with children younger at test showing the lowest total
scores at the 78-month assessment.

Critically, Table 3 shows that there was also a COVID-related
finding in analysis 1b: there was a robust interaction between

total score at 30 months and the months since COVID-19 pre-
dictor, p=0.07, z=2.71, p=.007. This interaction is shown in
Figure 3. Children who were tested in the first 1-3 years after the
first COVID-19 lockdown showed a shallower linear relationship
between total score at 30 months and total score at 78 months.
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Figure 3 Graph showing Minnesota Executive Function Scale (MEFS) total score at the 78-month assessment by MEFS total score at the 30-month
assessment. Red shading shows children who were tested 12-34 months after the first COVID-19 lockdown in the United Kingdom. Blue shading shows
children who were tested 35-46 months after the first COVID-19 lockdown. Lines, dot shading, and error shading as in Figure 2.

Thus, individual differences at 30 months were less strongly
related to individual differences at 78 months in this group. By
contrast, children who were tested 3-4 years after the first COVID-
19 lockdown showed a steeper relationship between total score
at 30 and 78 months. Note that Table S6 shows that these effects
were robust to the influence of outliers.

Analysis 2a: examining the fine-grained
group-level trajectory of EF from 30 to 78
months

Analysis 1a demonstrated robust individual differences in EF over
time. To explore this further, EF performance was examined in a
more fine-grained model over age using only data from cohort 2.
Minnesota Executive Function Scale total score was examined in
a linear mixed-effects model with a random intercept for partici-
pant and a random slope over age at test. In addition, the model
included fixed effects of age at test to examine group-level growth
in MEFS total score over age as well as maternal education to exam-
ine if this group-level growth interacted with maternal education.
Fifty-seven participants were included in the model, run in R as:

glmmTMB[Total score ~ Age at test
xMaternal education level 4 (1+ Age at test||ID)]

A Wald y? test demonstrated that both age at test (X?(1) =473.10,
p <.001) and maternal education level (X?(1)=5.22 p=.022) sig-
nificantly explained variance in MEFS total score (see Table 4 for
regression coefficients; Table S7 shows that these effects are

robust to the presence of outliers). Figure 4 shows the individ-
ual data points with individual trajectories of total score growth
captured by the gray lines. The solid lines show the linear growth
estimates from the random effects structure of the model for chil-
dren from families with a more highly educated mother, while the
dashed lines show the linear growth estimates for children from
families with a less educated mother. Note that it would be opti-
mal to estimate nonlinear growth curves given the shape of the
data; however, this was not possible given the relatively modest
sample size. That said, the linear growth estimates do a decent
job of characterizing the individual trajectories over time. The
fixed effect of age at test is evident in these data with substantial
growth in total score over ages, as is the fixed effect of maternal
education with children from families with a more highly edu-
cated mother showing consistently higher total scores.

Analysis 2b: did COVID-19 modulate the fine-grained
group-level trajectory of EF from 30 to 78 months?
Here, we asked whether MEFS total scores were modulated over
age by COVID-19. To examine this question, we added “age at
COVID onset” to analysis 2a as a predictor of total score. Fifty-
seven participants were included in the model, runin R as:

glmmTMB[Total score ~ Age at test xMaternal education level
x Age at COVID onset + (14 Age at test ||ID)]

As in analysis 2a, age at test significantly explained variance in
MEFS total score, X?(1)=386.82, p<.001. Maternal education
also continued to significantly explain variance in MEFS total
score, X2(1)=3.93, p =.047 (see Table 5 for regression coefficients;
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Table 4 Generalized linear mixed model results for predicting Minnesota Executive Function Scale total score from age at test and maternal education

level.

p SE z p
(Intercept) —1.18*** 0.06 —18.65 <.001
Age at test 0.05*** 0.00 21.75 <.001
Maternal education level 0.14* 0.06 2.29 .022
Age at test:maternal education level 0.00 0.00 0.56 577
Dispersion parameter (3 family) 15.2
Random effects SD Variance Corr
Participant ID (intercept) 0.189 0.036 -
Age at test 0.002 0.00 0.00

Note. p-values: *<.05, **<.01, ***<.001.
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Figure 4 Individual trajectories of Minnesota Executive Function Scale total scores over ages at test for children from cohort 2 with three or more
observations. Solid lines connect data points (red dots) for each child longitudinally from families with a more highly educated mother. Solid red lines
show predicted linear trajectories for these same children from the linear mixed-effects model. Dashed lines connect data points (blue dots) for each
child from families with a less educated mother; dashed blue lines show predicted trajectories for these children.

Table S8 shows that these results were robust to outliers). Most
critically, the group-level growth of MEFS total score over age at
test interacted with age at COVID onset, X?(1) =5.52, p =.019. This
interaction is shown in Figure 5. Note that, rather than show a
strict median splitin the age at COVID onset measure (which had a
median value at 52.2 months), we have opted to split this measure
by schooling cohorts with a younger age at COVID onset reflecting
children who were in preschool when the first COVID-19 lockdown
happened (i.e., <54 months) and an older age at COVID onset
reflecting children who were in primary school (i.e., reception)
when the first lockdown happened (i.e., >54 months). Fifty-four
months was used as in the United Kingdom children begin school

at the first September after their fourth birthday. As the first lock-
down happened 6 months later in March 2020, the youngest chil-
dren who could be in school at this point would be 54 months of
age. As can be seen in Figure 5, children in the preschool cohort
showed steeper growth in MEFS total scores than children in the
primary school cohort.

Analysis 2c: did COVID-19 modulate fine-grained
individual trajectories of EF from 30 to 78 months?

A maximal model to capture the change in MEFS total score over
age was fit with brms. To allow for asymptotes at 0 and 100, we
rescaled the data to be between 0 and 1 by dividing by 100 and
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Table 5 Generalized linear mixed model results for predicting MEFS total score from age at test, age at COVID-19 onset, and maternal education level.

Predictor p SE z p
(Intercept) —1.20*** 0.07 —16.07 <.001
Age at test 0.05*** 0.00 19.67 <.001
Maternal education level 0.15* 0.08 1.98 .047
Age at COVID onset 0.00 0.01 0.21 .831
Age at test x maternal education level 0.00 0.00 0.57 .572
Age at test X age at COVID onset —0.00* 0.00 -2.35 .019
Maternal education level x Age at COVID onset —0.00 0.01 -0.21 .836
Age at test x Maternal education levelx Age at COVID onset —-0.00 0.00 —-0.72 AT1
Dispersion parameter (4 family) 15.6

Random effects SD Variance Corr

Participant ID (intercept) 0.190 0.036 -

Age at test 0.000 0.000 0.00

Note. p-values: *<.05, **<.01, ***<.001.
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Figure 5 Individual trajectories of Minnesota Executive Function Scale total scores over ages at test for children from cohort 2 with three or more
observations. Solid gray lines connect data points (red dots) for each child longitudinally for children who were in primary school during the first COVID
lockdown in the United Kingdom. Solid red lines show predicted linear trajectories for these same children from the linear mixed-effects model. Dashed
lines connect data points (blue dots) for each child in preschool during the first COVID lockdown; dashed blue lines show predicted trajectories for these

children.

fit the model with a Bayesian generalized linear mixed-effects
regression model from the beta family. This model took the form:

brm[Total score ~ Age MEFS + (1 + Age MEFS|ID)]

This model was fit to allow for the full random effect struc-
ture, as opposed to the previous analyses that removed the
correlation between slope and intercept in the random effect
structure due to nonconvergence. Having fitted this model, we

extracted the participant-level coefficients for intercept and
slope to correlate these coefficients with age at COVID onset.
The intercept term represents the participant score at 30
months, and the slope represents their linear growth in total
score over time.

There was little evidence of a correlation between the partic-
ipant intercept and age at COVID onset (t(55)=-1.94, p=.057);
however, there was evidence of a correlation between the par-
ticipant slope over age and the age at COVID onset (t(55) =—2.67,
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Figure 6 Graph showing the correlation between the participant slope
over age from a Bayesian model capturing longitudinal changes in
Minnesota Executive Function Scale total scores and age at COVID-19
onset.

p=.01). This correlation is shown in Figure 6. These results indi-
cate that the effect of age at COVID onset seen in analysis 2b is
not due to baseline differences in ability but rather is an emergent
effect that impacted the growth of EF over time such that the
preschool children in our sample who were younger at COVID-19
onset showed steeper growth than the children in the first year of
primary school.

Discussion

The goal of this study was to explore the longitudinal stability of
individual differences in EF from the toddler period through early
childhood using the same measure over time. This contrasts with
prior longitudinal studies that varied the index of EF across time
making it difficult to assess the continuity of EF in early develop-
ment. As the study was also on-going during a global pandemic,
we were well-positioned to assess the impact of the COVID-19
pandemic on early cognitive development. Critically, we had a
sample of children who were assessed at the same time point—30
months of age—and this assessment was complete before the
onset of the first COVID-19 lockdown.

Results showed an expected increase in EF abilities from 30 to
78 months with robust individual differences in performance over
time. Importantly, a fine-grained analysis of cohort two demon-
strated a year-on-year increase in EF from 30 to 54 months of age,
with a further age-related increase to 78 months of age. These
results provide evidence that individual differences in EF meas-
ured using the MEFS task are longitudinally stable over a 4-year
period from as early as 30 months of age. At each age, age-related
developments in EF were reflected by an increase in MEFS total
score, and individual differences in the total score were predictive
over development across both cohorts of children. These findings
support previous research suggesting that EF is longitudinally sta-
ble from 4 to 6 years (Helm et al., 2020) and research indicating
performance on DCCS-based measures is strongly associated with
age (Doebel & Zelazo, 2015).

Previous research suggests socioeconomic factors including
maternal education level are important for EF (Hackman et al.,
2015; Lawson et al., 2018). Results of the present study support

this. In particular, analyses 1a, 1b, 2a, and 2b revealed that mater-
nal education level was consistently related to the MEFS total score,
with higher MEFS scores for children with a more highly educated
mother. One important factor here may be that mothers with a
higher education level themselves have better EF skills and model
such skills during interactions with the child. For example, Kao
et al. (2018) demonstrated that parents who performed better on
EF tasks had children who also performed better on EF tasks. Other
studies have found that highly educated parents promote children’s
cognitive development in a number of ways, including engaging
in more stimulating activities, spending more time with their chil-
dren, and engaging in more complex speech patterns (Landry et al.,
2006). Other researchers have suggested that correlations between
a parent’s education level and child outcomes may be the result of
parental characteristics that lead parents to be both good students
and good parents (see Duncan & Magnuson, 2012 for a review).
Executive functions are also considered to be heritable and related
to intelligence (Friedman et al., 2006, 2008). For instance, parental
education is associated with child IQ (Lemos et al., 2011), so there
may be a genetic component to these maternal education effects.
Thus, there are many factors that could explain why a higher mater-
nal education level supports a child’s EF. Critically, this interaction
has important implications. As discussed by Waters et al. (2021),
increased access to educational opportunities for parents, particu-
larly those with a low-level of education, may be an important way
to support children’s cognitive development.

A central focus of our report was to examine the impact of the
COVID-19 pandemic on EF. As a first step in this direction, we used
data from a COVID-19 questionnaire that was sent to families to
characterize their experiences of the pandemic and the associ-
ated national lockdowns. Analyses of these data revealed broad
variation in the daily activities of children during lockdowns, as
well as variation in which children were in formal childcare during
the pandemic. We did not find strong relationships between these
questionnaire data and the two COVID-related variables we exam-
ined in the primary analyses, although there was some evidence
that children who were older at the onset of the first lockdown
tended to have COVID-19 more often.

Next, we examined how COVID-19 impacted individual dif-
ferences in EF trajectories from 30 to 78 months. Analysis 1b
revealed that the stability of individual differences in EF from 30
to 78 months varied depending on whether children were tested
1-3years after the first lockdown vs. 3-4 years after the first lock-
down. Interestingly, we found that individual differences were
less robust (i.e., a shallower linear slope in the regression model)
for children tested 1-3 years after the first lockdown. This was
a period marked by major changes in social and schooling rou-
tines. Thus, one interpretation is that these disruptions impacted
the within-subject stability of individual differences in EF, and
these effects were most severe close in time to the pandemic.
Consistent with this, previous research indicates a decline in EF
was evident as soon as six months after the start of lockdown
(Navarro-Soria et al., 2023). Interestingly, however, children with
the lowest EF scores at 78 months had low scores at 30 months
and were generally tested 3-4 years after the first lockdown. This
suggests that low-performing children might have felt the impact
of the pandemic for many years after the pandemic was over. A
child’s ability to overcome the impact of the pandemic on EF may
be strongly influenced by a child’s preexisting cognitive abilities.
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In particular, a strong baseline EF at 30 months of age may have
served as a protective factor, supporting children’s ability to
adapt and recover from the perturbations created by multiple
lockdown periods. This interpretation is supported by research
indicating children with stronger early EF were more capable
of overcoming challenges associated with risky environments
(Powell & Gunnar, 2024). It is also likely these children experi-
enced EF recovery—the idea that EF can recover following adver-
sity, particularly when exposed to stable environments (Hostinar
et al., 2012). In contrast, children with a lower baseline EF at 30
months of age continued to show lower EF scores at 78 months of
age, postpandemic, particularly when tested several years after
the first lockdown.

Analyses 2b and 2c showed that age at COVID-19 onset was asso-
ciated with individual differences in the slope of change over time,
with children who were in the first year of primary school during
the first lockdown showing a shallower change in EF skills over
time. These findings are consistent with results from Perry et al.
(2023) who found early EF development was negatively affected
by pandemic-related disruptions. While primary school teachers
were encouraged to provide at-home supportin a number of ways
during the COVID-19 pandemic (Moss et al., 2020), this support
was mainly focused on math and English, with a reduced focus
on personal, social, and emotional development (Nash et al,,
2022). Parents also self-reported that their own, and their child’s,
engagement with these school-provided resources declined as
lockdowns went on (Tracey et al., 2022). Consequently, children
who were disrupted during primary school and would usually
be receiving enriching input in a school setting, had reduced
academic, personal, social, and emotional development oppor-
tunities. School closures also reduced opportunities for routine
socialization with peers in early development. It is known that
EF abilities are adversely affected when peer socialization experi-
ences are restricted (Holmes et al., 2016). Note that children in our
study who were older at the first COVID-19 lockdown also tended
to have the SARS-CoV-2 virus more often. Thus, it is also possible
that these periods of illness contributed to the shallower growth
in EF skills.

In conclusion, results from the present study reveal robust
longitudinal stability in individual differences in EF skills from 30
months of age to 78 months of age. Importantly, this stability was
assessed using the same measure over time, reducing the pos-
sibility that our findings were impacted by variance in the skills
measured at different ages. The MEFS task not only revealed
longitudinal stability but also detected shifts in EF skill over time
based on differences in maternal education. Most critically, this
measure detected the impact of the global pandemic on early
cognitive development. Here, we found that COVID-19 disrupted
the longitudinal stability of EF during the initial 1-3 years after
the first lockdown. In addition, preschool children had steeper
growth in EF skills after the first lockdown relative to children
in the first year of primary school. It is possible this reflects the
importance of peer socialization to early EF skills during primary
school such that withdrawal of typical peer interactions during
the pandemic slowed the development of EF skills for these
children.
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