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ABSTRACT

Executive functions (EFs) are crucial for academic achievement, physical health, and
mental well-being. Previous studies using structural equation models revealed EFs’
developmental organization, evolving from one factor in childhood to three factors
in adults: inhibition, cognitive flexibility, and updating. Recent network model studies
confirmed this differentiation from childhood to adulthood. Reanalyzing previously
published data from 1019 children (aged 7.8 to 15.3; 50.4% female; 59.1% White,
15.0% Latinx, 14.3% Bi-racial, 6.7% African American, 4.2% Asian American, 0.6%
Other), this study compared three analytical methods to explore EF development:
structuralequation model, network model, and the novel latent variable network model.
All approaches supported fine-grained EF-specific trajectories and differentiation
throughout development, with inhibition being central in childhood and updating in
early adolescence.
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A classical definition of executive functions (EFs) describes a set of high-level cognitive functions
that enable individuals to intentionally regulate their thoughts and actions to successfully
achieve their goals (Diamond, 2013). Since EFs are too broad to be modelized computationally or
measured by a single variable, EFs have been either operationalized in a more precise manner or
broken down to be studied (Nigg, 2017). Using structural equation modeling, Miyake et al. (2000)
have laid the foundations in their model of EFs with inhibition, updating and shifting forming three
distinct (diversity of EFs) but still correlated (unity of EFs) latent factors or constructs. Each EF would
therefore be composed of a common part to all three EFs (common-EF) and a specific part to the
EF in question (EF-specific ability; Miyake & Friedman, 2012). Inhibition or inhibitory control can be
defined as the ability to resist automatisms and distractions in order to activate the appropriate
response in conflict situations (Diamond, 2013). Updating or working memory updating allows us
to keep information in memory and to perform operations on it (Diamond, 2013). While working
memory refers to the ability to store and process information simultaneously (Engle et al., 1992;
Oberaueretal., 2016), updating refers to the ability to operate on this temporarily stored information
in the light of new incoming information and to update working memory regarding the results
of this operation (Ecker et al., 2010). Finally, cognitive flexibility, also referred to as switching or
shifting, is the third EF classically described: it allows one to switch between different instructions,
strategies and thus to move from one cognitive operation to another (Diamond, 2013).

Of note, this distinction of three EFs is commonly accepted in adults but only one common EF
factor, with poor separation among EF tasks, is typically observed during early childhood (e.g.,
Wiebe et al.,, 2008; Willoughby et al., 2012). EFs differentiate into the three distinct factors
(inhibition, updating and cognitive flexibility) from late adolescence/early adulthood (for a
review, see Karr et al,, 2018). Research on EF organization primarily uses structural equation
modeling (SEM), which includes confirmatory factor analyses that allow to test whether
theoretical models with an a priori determined structure fit the experimental data. Such models
can represent a latent, unobserved factor (e.g., inhibition) from the shared covariance between
manifest, observed variables (e.g., scores on the Stroop, stop signal, and Mickey tasks) while
addressing the issue of measure-specific error (Weston & Gore, 2006). Therefore, these models
allow researchers to make inferences about psychological constructs that can be considered
as more reliable because of the absence of measurement error (Flora & Flake, 2017; Goring
et al,, 2021). However, constructing these models requires a large sample size (at least 100
participants) and 3-4 indicators per construct (Marsh et al., 1998). In the case of EFs, this
means proposing a battery composed of at least 9 to 12 tasks, which can be quite challenging
in a longitudinal sample. Karr et al. (2018) used confirmatory factor analyses to test seven
factorial models of EF structure derived from 17 previous SEM studies on two samples: one
of children and adolescents (ages 8.33-14.41) and one of adults (ages 17.30-72.24). The
analyses supported a one-factor (i.e., unidimensional model with no clear distinction between
the different EFs) or two-factor (with shifting merged either to updating or inhibition) structure
in the child/adolescent samples, and a nested-factor structure (i.e., one common EF factor and
two specific factors for both updating and shifting) in the adult sample (Karr et al., 2018). This
result, along with the extensive literature on factorial organization of EFs through development,
support a differentiation or segregation of the different EF components with age. Should this
hypothesis gain support over the idea of a more integrated development of EFs, it would
suggest that children are developing a more refined and complex set of cognitive skills, which
has implications for interventions tailored to specific EF components.

This differentiation through childhood, with increasing EF diversity with age, is also supported
by EF studies using network models (Hartung et al., 2020; Karr et al., 2022; Menu et al., 2022;
Younger et al.,, 2023). Network modeling, unlike SEM, allows for the study of relationships
between variables without any a priori theoretical assumptions. It is an exploratory analysis
in which each observed variable is represented by a node, and the relationship between these
nodes are estimated and represented through edges (Epskamp et al., 2012). This approach is
a complementary alternative to SEM. By estimating all associations, it allows to visualize the
interconnected nature of all the data and investigate all sources of overlapping covariance
among the measures. This is especially relevant in the context of EFs, where tasks often involve
more than one EF and are therefore non-pure measures (Miyake et al., 2000). However, the
accuracy of these models can be affected by the presence of measurement errors, unlike SEM
(Goring et al.,, 2021). Network models can investigate the development of EF structure with
age and specify which EFs become more central to general executive processing and have a
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greater influence on other EFs as age increases. Using network model on a cohort of children
aged 7 to 15 years, Hartung et al. (2020) found that the connections between the different EF
tasks remained stable with age, except for inhibition tasks. The inhibition tasks differentiated
early from the other EF tasks, with very poor inter-EF connections (Hartung et al., 2020). Of
note, the authors of this study used four components of EFs: inhibition, cognitive flexibility,
updating and working memory. Working memory and updating were found to have strong
interconnections, leading to ambiguous or redundant edges in the network, which can make
it difficult to interpret the true underlying relationships between the variables of the model.
Another cross-sectional study used network model to examine changes in EF organization from
3 to 85 years of age and reported a differentiation of EFs from childhood to adolescence and
a dedifferentiation during young adulthood, which accentuates at older adulthood (Karr et al.,
2022). Interestingly, a recent study using an accelerated longitudinal design network model
also support differentiation of EFs and found that the observed organizational changes between
ages 8 and 14 also occurred for each age group within a single year (Younger et al., 2023). A
better understanding of the age-related changes of EF organization at these ages is critical. EFs
are closely linked to many aspects of life (see Diamond, 2013 for review) including academic
achievement and school-related processes such as language (e.g., Gooch et al., 2016), reading
(e.g., Nouwens et al., 2021) or arithmetic (e.g., Roell et al., 2019). These processes develop
during the middle childhood period and their associations vary among EFs, ages, and academic
outcomes (for a recent meta-analysis, see Spiegel et al., 2021).

In this context, the aim of this study was to investigate the organization of the three core
EFs (inhibition, cognitive flexibility and updating) across development by reanalyzing previously
published data (Hartung et al., 2020) from the Texas Twin Project cohort (Harden et al., 2013),
but using a different methodology. EF were first estimated using network models in order to
investigate the links between the different EF tasks without any a priori on the EF structure. Then,
seven latent variable models were constructed in line with the work of Karr et al. (2018) and
Miyake et al. (2000) to compare different EF structures, adding to Hartung et al. (2020)’s work
which only investigated a bifactorial model organization. Finally, we used the recently developed
latent network models (Epskamp et al., 2017), combining network and latent variable models.
In latent network models, the researcher a priori defines latent variables, and a network is
estimated among these latent variables, while taking measurement error into account (Epskamp
et al,, 2017). This approach enables the exploratory examination of conditional independence
relationships between latent variables without assuming directionality or causality, unlike in
SEM (Epskamp et al,, 2017). These models are very appealing in the context of EFs since they
enable to explore the relationships between the various theoretically-defined constructs. To
date, no study has used latent network model approach in the context of EFs. The combination
of SEM, network model and latent network model, allowing for the comparison of different
theoretical models, aims at deciphering the complex and dynamics organization of EFs from
8 to 14 years. This period is crucial for the development of EFs and school acquisitions, such
as reading comprehension, mathematical abilities, and problem-solving. Overall, this study
could not only enrich basic knowledge but also have implications for the timing, design and
implementation of EF-based interventions.

METHODS
PARTICIPANTS

This study reanalyzes previously published data (Hartung et al., 2020), using weighted
covariances matrices (see below, Weighting function section). These data were drawn from
1019 participants (50.4% female) from the on-going Texas Twin Project (https://sites.la.utexas.
edu/twinproject/; Harden et al., 2013; Hartung et al., 2020) including children in Grades 3 to
8 (10.79 + 1.76 years, range = [7.8 and 15.3]). Children were recruited from school registers
(Harden et al., 2013). There were 479 twin pairs, 19 triplet sets, and 1 quadruplet set. In terms
of race/ethnicity, 59.1% of the sample identified as White, 15.0% as Latinx, 6.7% as African
American, 4.2% as Asian American, 0.6% as another race or ethnicity, and 14.3% as multiple
races or ethnicities (Hartung et al., 2020).

More details about the Texas Twin Project and this sample can be found in Harden et al. (2013)
and Hartung et al. (2020).

Menu et al.
Journal of Cognition
DOI: 10.5334/joc.355


https://sites.la.utexas.edu/twinproject/
https://sites.la.utexas.edu/twinproject/

EVALUATION OF EFS

We included 9 variables analyzed in the previous network model study (Hartung et al., 2020)
derived from several tasks that assessed different EFs: Animal Stroop, Stop signal auditory,
and Mickey for inhibition; Trail making, Plus-Minus, and Local Global for cognitive flexibility; and
2-Back, Running memory, and Keeping track for updating. We did not include the three measures
of working memory (Symmetry Span, Listen Recall and Digit Span Backward) in order to (1)
be consistent with most of the literature on executive functions organization, which includes
inhibition, cognitive flexibility, and updating only (e.g., Karr et al., 2018; Miyake et al., 2000), and
(2) avoid highly correlated nodes and ambiguous or redundant edges in the network and latent
variable networks that could make it difficult to interpret the true underlying relationships
between variables or factors. Of note, analyses with the 12 variables are available in Figure
$10 in Supplemental Materials.

The tasks and the dependent variables are briefly described in Table 1; a more detailed
description can be found in Hartung et al. (2020). Table 1 in Hartung et al. (2020) provides
descriptive statistics and reliability estimates.

TASK DESCRIPTION

DEPENDENT VARIABLE

Inhibition

Animal Stroop

Participants were asked to verbally identify animals

Mean reaction time cost

(Wright et al., from drawings based on their body. In the congruent for incongruent conditions
2003) condition, the face of the animal matched the body; in the relative to congruent and
incongruent condition, the face did not match the body; in neutral conditions
the neutral condition, the face area was blank.
Stop signal Participants were asked to indicate which way an arrow Stop signal reaction time,
auditory was pointing, but to inhibit their response if a tone (stop i.e., subtraction of the
(Verbruggen &  signal) sounded after the presentation of the arrow. average stop signal delay

Logan, 2008)

(time between arrow and
stop signal presentation)
from the mean go reaction
time

Mickey Participants were asked to indicate on which side of a Mean reaction time cost for
(Lee et al., computer screen a cartoon Mickey Mouse face appeared incongruent trials relative
2013) while ignoring any squares that flashed on-screen before. to congruent and neutral

In the congruent condition, a square flashed on the same
side of the Mickey; in the incongruent condition, a square
flashed on the opposite side; in the neutral condition,
squares flashed on both sides.

trials

Cognitive flexibility

Trail making Participants were asked to connect circles containing Switch cost, i.e., the
(Salthouse, numbers in numerical sequence and circles containing mean reaction time for
2011) letters in alphabetical order. In the two simple conditions, alternating conditions
only numbers or letters were presented. In the two relative to simple
alternating conditions, both numbers and letters were conditions
presented, and the participants had to connect the circles
in an alternating sequence (numbers-letters: 1-A-2-B, etc.
or letters-numbers: A-1-B-2, etc.).
Plus-Minus Participants were asked to complete simple addition and Switch cost, i.e., the
(Miyake et al., subtraction problems on paper. In the adding condition, mean reaction time for
2000) participants had to add 1 to each provided number; in alternating conditions
the subtracting condition, they had to subtract 1; in the relative to simple
alternating condition, they had to alternate between conditions
adding 1 and subtracting 1.
Local Global Participants had to identify letters and shapes composed Switch cost, i.e., the
(Miyake et al., of smaller letters and shapes. In the two local conditions, mean reaction time for
2000) participants had to name the small constituent letters or alternating conditions

shapes; in the two global conditions, they had to name the
large overall letter or shape; in the alternating condition,
they had to alternate between naming local and global
letters or shapes.

relative to simple
conditions

(Contd.)
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TASK DESCRIPTION DEPENDENT VARIABLE

Updating

2-Back Participants were asked to watch a sequence of shapes and ~ Total number of hits

(Jaeggi et al.,, to indicate when the current shape matched the shape (correct responses) minus

2010) from two trials prior. false alarms (responses
incorrectly identified as
matching)

Running Participants were asked to watch a sequence of single Total number of letters

memory letters and to recall the last n letter. correctly recalled

(Broadway &

Engle, 2010)

Keeping track Participants were asked to listen to words falling under four ~ Total number of words

(Miyake et al.,  categories and to recall the most recent word from a given correctly recalled

2000) category.

WEIGHTING FUNCTION

Rather than grouping participants based on the moderator range, here age, observations were
weighted around focal points (i.e., specific values of the continuous moderator variable). This
procedure is thought to be beneficial for age-group analyses because parameter estimates
have been shown to be more informative and less distorted with respect to age differences
(Hildebrandt et al., 2016). SEM but also network model and latent variable network model
were estimated sequentially for each focal age point using weighted samples of observations
(Hildebrandt et al., 2016).

Concretely, following the recommendations of Hildebrandt et al. (2009), a Gaussian kernel
function was used to weight observations for each specified value of the age variable (also
referred as ‘focal age point’). The largest weight was for the specified age point and observations
further from this age point had decreasing weights (Hildebrandt et al., 2009, 2016). The focal
age points ranged from 8.0 to 14.0 with 0.1 increments. In total, 61 weighted (co)variance
matrices were obtained (Hartung et al,, 2020). Of note, the original team that collected the
data and performed the initial analysis used the weighting function (Hartung et al., 2020) and
shared the resulting weighted covariance matrices to perform the current study.

NETWORK MODELS

Network models were constructed for each of the 61 focal age points based on the (co)
variance matrices of the 9 EF variables. 61 networks were thus estimated. Nodes of the
network corresponded to the scores at the 9 EF measures, which were grouped in three EFs. For
each focal age point, network was estimated and standard graph centrality indices (degree,
closeness and expected influence) were calculated. We used network models to analyze the
multiple relationships (edges) between the different EF tasks (nodes) while also examining how
these relationships change from 8 to 14 years of age.

All statistical analyses were performed using R-statistical software, version 3.6.3 (R Core Team,
2021). Network models were constructed and visualized using the package ggraph version
1.6.9 (Epskamp et al,, 2012).

LATENT VARIABLE MODELS

To investigate the factorial structure of EFs through development, we built and tested the seven
factorial latent models described in (Karr et al., 2018):

e Unidimensional model: one latent factor defined by the 9 EF variables (Common-EF)

» Cognitive Flexibility-Updating Merged model: two latent factors model, one referring to
inhibition and one referring to cognitive flexibility and updating merged

* Inhibition-Updating Merged model: two latent factors model, one referring to cognitive
flexibility and one referring to inhibition and updating merged

» Inhibition-Cognitive Flexibility Merged model: two latent factors model, one referring to
updating and one referring to cognitive flexibility and inhibition merged
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* Three-Factor Model: three latent factors model, each referring to one EF (inhibition,
updating and cognitive flexibility)

* Nested Factor Model: three latent factors model, one referring to cognitive flexibility,
another referring to updating and a last one defined by the 9 EF variables (Common-EF)

* Bifactor Model: combination of the Three-Factor and the Unidimensional models: 4 latent
factors, three referring to each EF (inhibition, updating and cognitive flexibility) and a last
one defined by the 9 EF variables (common-EF)

Each model was constructed and then fitted separately for each focal age point. To find out
which model provides the best fit for each of the 61 age points, the fit indices (BIC, CFI, RMSEA,
SRMR) were compared for each model and each focal age point. The respective factor loadings
and details of the estimates for each model were then inspected.

The latent models were constructed and estimated using the package lavaan version 0.6-7
(Rosseel, 2012).

LATENT NETWORK MODELS

Finally, for each focal age point, a latent variable network model derived from the classical
three-factor model was constructed and estimated following the method described by
Epskamp et al. (2017).

This latent variable network model allows to combine the two previous approaches by assessing
the network of the latent variables (representing inhibition, updating and cognitive flexibility),
and not of the tasks themselves. Of note, in the case of the unidimensional EF model, there is
only one latent variable (common-EF), and therefore there is no possibility to create a latent
variable network model (a network requires at least two nodes).

The latent variable network model was constructed and estimated using the package lvnet
version 0.3.5 (Epskamp et al,, 2017).

The code associated to this study is available on OSF at https://osf.io/2bzjc/. The (co)variances
matrices are available upon request to the authors and with formal agreement of Prof. Harden
& Tucker-Drob. This study was not preregistered.

RESULTS
NETWORK MODELS

Network model analyses reveal a differentiation of EFs with age (see Figure 1 and online
Supplemental materials for visual animations). While networks are initially very dense, with
many intra- and inter-EF connections, their structure become sparser with age. In particular, all
inhibition tasks are initially central in the network, with significant weight at the first focal age
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Figure 1 Overview of the
latent network model at
different focal age points.

A = Stroop; B = Stop signal; C

= Mickey; D = Trail making; E =
Plus-minus; F = Local global; G
= 2-back; H = Running memory;
[ = Keeping track. Green edges
indicate positive weights,

red edges indicate negative
weights, and the thickness
indicates the magnitude of
these weights.


https://osf.io/2bzjc/

points, but quickly separate from the rest of the EF tasks. On the contrary, updating tasks gain
more weight and become central with age.

These visual inspections were followed by a quantitative analysis of network topology using
classical graph indices: degree, expected influence, and closeness (see Appendix Al and
Figures S1, S2, and S3 in Supplemental Materials), which further confirmed the observed
differentiation process. For instance, the degree - the index of the number of connections
for each node of the network, weighted by the size of these connections - of inhibition tasks
diminishes drastically from 8 years of age while a strong increase of the degree of updating
tasks is observed after 12 years of age (see Figure S1 in Supplemental Materials). Similar
results are observed regarding the closeness - the index of how strongly a node is indirectly
connected with the network, calculated as the inverse of the total length of all the shortest
paths between the selected node and all other nodes in the network - of inhibition tasks,
suggesting that the indirect connections follow the same trajectories as the direct ones (see
Figure S3 in Supplemental Materials).

However, it is important to note that tasks within each EF do not follow exactly the same
pattern with age. Tasks for inhibition, in particular, follow different trajectories. Indeed, the
degree of Stroop is the highest at first and then decreases almost linearly with age until 12.5
y.0., preceding a slight rebound, whereas the degree of Mickey drops only until 9.2 y.o. before
slowly increasing again, peaking at the focal age point of 10.2, and decreasing again slowly
through 13.5 y.o. Therefore, the different inhibition tasks do not play the same role in the
network through time. Similarly for cognitive flexibility, the graph indices of the different tasks
also vary across ages. Of note, the situation is different for updating tasks which present high
homogeneity with time.

Furthermore, the network analyses also show that tasks attributed to different EFs exhibited
non negligible connections (i.e., shared non negligible variance). For instance, the edge linking
Stroop (inhibition) and Plus-Minus (cognitive flexibility) tasks is among the most important edge
in the network between 8 to 10 years and the edges between Trail making (cognitive flexibility)
and all updating tasks are important throughout the entire age range.

LATENT MODELS

In this section, we present results of the SEM analyses conducted on the same data with
different EF structure and latent variables.

Model fit

Some models fail to converge at some focal age points. The bifactor model (i.e., the model
that includes 4 latent factors, three referring to each EF and a fourth one defined by all 9 EF
variables representing common-EF) only converges for a minority of focal age points (20 out of
61). The nested model (i.e., the model that includes three latent factors model, one referring to
cognitive flexibility, another referring to updating and a last one defined by the 9 EF variables)
fail to converge for 19 focal age points, mostly located at the endpoints (between 8 and 8.9
years and between 12.4 and 13.9 years).

Regarding model fit measures (BIC, AIC, CFI), the bifactor model presents the best fit indices
between 8 and 8.5 years, then, the nested model shows the best fit indices. However, fit
variations between the different models are minimal and all models present correct fit (i.e.,
CFI>0.95, RMSEA < 0.05; Schermelleh-Engel et al., 2003) after 10 years. Before this age, none
of the models present acceptable fit (i.e., CFI < 0.95, RMSEA > 0.05). BIC, CFI, RMSEA fit results
can be found in Figure 2. SRMR results can be found in Figure S4 in Supplemental Materials.

Loadings of EF latent variables

We focus on this section on the loadings obtained for the unidimensional models (i.e., one
latent factor defined by the 9 EF variables; Figures 3 and 4) which provides a simple comparison
with the network analyses presented above. Indeed, the loadings represent the strength and
direction of the relationships between the observed variables and the underlying latent EF,
which is the common-EF for the unidimensional model. Of note, the findings obtained with the
unidimensional models are highly similar to the findings obtained with the 3-factor models
(see Figure S5 in Supplemental Materials).
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The loadings of different tasks do not contribute to common-EF in the same way during
development, in line with the early differentiation reported above. In particular, the loadings
of inhibition tasks are high at 8 years old but decrease drastically with age to stabilize around
alow loading of 0.15 around age 12, reflecting the early differentiation of inhibition tasks from
common-EF. On the other hand, the increasing loadings in updating tasks following 12 years of
age indicate the increasing contribution of these tasks to common-EF, especially for the 2-Back
and Running Memory tasks.

Similar to the findings reported in the network analyses, the loading patterns vary between
different tasks of cognitive flexibility and inhibition, while the loading patterns are more
homogeneous for updating tasks. Specifically, the Mickey and stop signal tasks both present
negative loadings, meaning a negative relationship with common-EF, at early ages, in contrast
to the Stroop task, which presents the highest positive loadings at 8 years old. This suggests
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Figure 2 Fit indices of the

7 latent models. (A) = BIC
(Bayesian information criterion)
for each model by focal age
point. (B) = CFI (comparative
fit index) for each model by
focal age point. (C) = RMSEA
(root mean square error of
approximation) for each
model by focal age point. Dot
line corresponds to threshold
for acceptable fit (CFI > 0.95,
RMSE < 0.08) and dashed line
corresponds to threshold for
good fit (CFI > 0.97, RMSE <
0.05; Schermelleh-Engel et al.,
2003).

Figure 3 Loadings of the 9
EF variables with age in the
unidimensional models.



that, initially, these inhibition tasks are inversely related to the latent variable, here the

common EF. However, this effect could also be related to the poor fit of the model before 10
years of age.

Animated figures of all models are available online in Supplemental materials (Figures S6-S9).
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LATENT NETWORK MODELS

Latent network model analysis provides loadings for each latent variables, i.e., EF (see Figure 5).
The factor loadings obtained from the latent network models are quite similar to the loadings
obtained from the previous latent analysis: inhibition task loadings decrease through time,
whereas loadings of updating tasks increase from 12 years of age. These similarities cross-
validate the latent variable and latent network methods.
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In addition to the task loadings, our latent network model analysis offers the unique opportunity
to explore the network between the latent factors, i.e., the connectivity between EFs, and
through development (see Figure 5). From 8 to 9 years old, the connections between inhibition
and both cognitive flexibility and updating are low and negative but relatively stable. At the
same period, the positive edge between updating and cognitive flexibility increases slightly.
From 9.3 years old, inhibition and cognitive flexibility share a very strong and positive connection
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Figure 4 Overview of the
unidimensional latent model
at different focal age points.
A = Stroop; B = Stop signal; C
= Mickey; D = Trail making; E =
Plus-minus; F = Local global; G
= 2-back; H = Running memory;
[ = Keeping track. Green edges
indicate positive loadings,

red edges indicate negative
loadings, and the thickness
indicates the magnitude of
these loadings.

Figure 5 Overview of the
latent network model at
different focal age points.
A = Stroop; B = Stop signal; C
= Mickey; D = Trail making; E =
Plus-minus; F = Local global;
G = 2-back; H = Running
memory; [ = Keeping track.

1 =Inhibition; 2 = Cognitive
flexibility; 3 = Updating.
Green edges indicate positive
weights, red edges indicate
negative weights, and the
thickness indicates the
magnitude of these weights.



that starts to decrease slowly from 10.5 years old until 11 years old. Between 11 and 12.9 years
old, the connection between EFs remains positive but weak with very few fluctuations. But from
12.9 years old, the connection between updating and inhibition starts to increase importantly
and continues to do so until 14 years old.

Finally, the latent network model analysis indicates how the factor loadings contribute to the
latent network. For example, between 8 and 9.1 years of age, the connections with inhibition
are negative, while the loading of the Stroop task is high and negative. However, starting at 9.1
years old, all the connections of the EF network become and remain positive, which coincided
with the switch to a positive loading from the Stroop task.

DISCUSSION

This study investigates the structure of executive functions across development and provides
new findings at both theoretical and methodological levels. At the theoretical level, this study
provides evidence of EF differentiation during development, with inhibition having a central
role in childhood while updating smoothly gets this central place in early adolescence. At the
methodological level, this study applies three complementary advanced analytic methods,
including the recently developed latent network models combining network models and latent
models.

A main strength of this study relies on the very consistent and similar findings provided by three
different statistical approaches. The tasks with a substantial weight in the latent models were
also the tasks with large and strong connections in the network models. The results reported
in this study are likely independent from the specific method used to analyze the data. This
is important as these methodologies are based on different assumptions. Indeed, latent
(factorial) analyses are based on the hypothesis of a factorial organization while network model
are a priori free of any hypothesis. Network models thus make it possible to assess the links
between a variable of one EF with the variables of another EFs, while SEM cannot assess such
links. On the contrary, SEM can address the general question of the factorial organization of EFs
by directly testing and comparing different models with more or less latent factors. Finally, the
latent network model analyses provide an additional level of information by assessing the links,
without any a priori, between the theoretically-defined latent factors (here, the EFs).

At the EF level, these three complimentary methods revealed that the connections between
the tasks and the ones between the latent variables decrease with age. This is particularly clear
with the network analyses which resulted in a very integrated network with many inter- and
intra-EF connections at early ages and a very sparse and segregated network for the oldest
ages. For cognitive flexibility, a segregation at the intra-EF (fewer and weaker connections
between cognitive flexibility tasks) and inter-EF (fewer and weaker connections between
cognitive flexibility tasks and tasks of other EFs) levels was observed. Regarding inhibition, there
was a specific pattern with initial negative loadings and connections of some tasks. These inter-
and intra-EF connections then disappeared quite early in development. In the network models,
inhibition was almost separated from the rest of the network, and, in the SEM, inhibition tasks
had almost null loadings. Thus, there appears to be a very early dissociation of inhibition from
other EFs, possibly reflecting the nested organization observed in adults (Karr et al,, 2018).
Finally, for updating, the intra-EF connections remained relatively stable with age. The inter-
EF connections decreased a little during development but it remained the EF with the most
connections with the other EFs in the oldest participants. This pattern is found in all models,
where loadings and weights of edges between tasks or between latent variables increased
in the last age groups. These findings are in line with previous studies demonstrating that
inhibition becomes less central as individuals age and develop EFs, while updating becomes
increasingly important in EF organization starting in adolescence and lasting until adulthood
(Best et al., 2009; Huizinga et al., 2006; Isquith et al., 2004).

At the task level, the analyses provided complementary findings. For the updating tasks (2-
back, Running memory, Keeping track), the three tasks followed the same trajectory with just
a small gap in childhood (peak at 9.5 years for Keeping track and Running memory, peak at
10.5 years for 2-back). These very similar patterns suggest that the three updating tasks tap
on similar processes, supporting a homogeneity of the measure. For the cognitive flexibility
tasks (Trail making, Plus-minus, Local global), trajectories differed slightly, suggesting that the
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different tasks may tap on different cognitive flexibility processes. Of note, the use of Trail
making as a measure of cognitive flexibility is debated (for a review: Sanchez-Cubillo et al,,
2009), as this task requires also updating and inhibition (Brocki & Tillman, 2014; Chaytor et
al., 2006; Chevalier et al., 2012; Miner & Ferraro, 1998). Finally, concerning the inhibition tasks
(Stroop, Stop signal, Mickey), the three tasks initially had different properties, especially the
Stroop task, which had opposite loadings and correlations compared to the two other inhibition
tasks. These differences between tasks decreased with age until a homogenization around age
12. These differences may also be related to the different processes involved in the inhibition
tasks : the Stroop task measures the interference control while the Mickey and stop signal tasks
measure response inhibition (Diamond, 2013). Hence, these two inhibition components are
likely initially distinct and become increasingly united and integrated with age.

Overall, our study supports the developmental differentiation of EFs, an hypothesis developed
and applied in intelligence studies that suggest that the structure of a child’s development
is unitary early in infancy but becomes more differentiated with age and the acquisition of
cognitive abilities (Anderson & Nelson, 2005; Tucker-Drob, 2009). This differentiation, consistent
with previous findings (Hartung et al., 2020; Karr et al.,, 2022; Younger et al., 2023), may also
explain the different developmental trajectories of the three EFs reported in the literature (e.g.,
Best et al., 2009) in association with the segregation of brain networks with age (e.g., Baum et
al., 2017). Our findings also suggest that there may be distinct sensitive periods for common-EF
and each specific-EF components (Thompson & Steinbeis, 2020).

The findings of the three cutting-edge statistical approaches highlight their complementarity.
Indeed, the network models allowed us to observe important connections between EF tasks that
could not have been observed through latent or latent network models. We could also observe that
some tasks were connected even though they are not theoretically related to the same EF. These
connection can also be explained by the fact that some tasks tap on more than one EF, such as the
Trail making and Local Global tasks designed to measure cognitive flexibility but which also solicit
updating (Brocki & Tillman, 2014; Chevalier et al., 2012). These findings are consistent with previous
network studies (Hartung et al., 2020; Younger et al., 2023) and raise issues regarding the a priori
selection of tasks to define each EF latent variable. Future research should aim at understanding
how the impurity of the tasks used to measure different EFs can contribute to a more refined
understanding of EFs and their components. Overall, there is a need for research employing a
range of EF tasks with both exploratory and confirmatory approaches, in order to enhance the
accuracy of EF definitions, measurements, and therefore our understanding of EF organization.

The use of latent variable models gave us the opportunity to explore, for the first time, the
relationships between EF constructs instead of EF tasks. The analyses revealed that correlations
between EFs change with age, with animportant coupling betweeninhibition and cognitive flexibility
observed from 9.3 to 10.5 years old, and an important coupling between inhibition and updating
observed from 12.9 years old. These EF-dependent changes raise the question of sensitive periods
for EF coupling. Future research should explore the underlying mechanisms and developmental
factors contributing to the observed age-related changes in the relationships between EFs. Studies
identifying potential sensitive periods for EF interactions could provide insights into the timing of
these interactions and inform intervention strategies for specific developmental stages.

Finally, the latent models allowed us to directly test the factorial organization of EFs (Karr
et al,, 2018; Miyake et al., 2000). We found that the seven theoretical models tested in this
study provided very similar fit indices after the age of 10. This result is consistent with the low
rates of model selection reported in Karr et al. (2018). In our analyses, the fit indices showed
acceptable values after the age of 10, suggesting that model convergence was not an issue.
Of note, model selection using fit indices was found to be associated with differences in the
number of estimated parameters, more complex models usually fitting the data better than
less complex ones (Morgan et al., 2015). Overall, our findings similarly supports models with
different latent components related to different EFs and models with one common EF, in line
with the unity/diversity of EFs, found at both behavioral (Miyake & Friedman, 2012) and neural
(Engelhardt et al., 2019) levels. This finding could suggest that these factorial models should
be considered from a hierarchical perspective as distinct but co-existing observational prisms,
rather than as competing options.

Taken together, our findings demonstrates that EF differentiate throughout development.
Of note, our analyses could not identify the ‘best’ theoretical factorial model that would
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outperform the other models, which raises the general issue of the relevance of latent models
for EFs (Camerota et al., 2020). We do not think that latent models should be abandoned to
analysis EF, but we consider that the use of a latent model should be carefully justified in
line with the research question. If the research question regards the specificity of the EFs and
their latent components, the latent models are highly relevant. If the research question is not
focused on EF specificity but is more concerned with the relationships between EF tasks, then
another model, for example a network model, might be more appropriate. Lastly, in examining
the relationship between EFs and other areas of development, even though further research is
necessary to fully comprehend the factorial organization of EFs, two approaches are available.
The first approach is theory-driven, basing model construction on the literature in the domain,
whereas the second is data-driven, using exploratory factor analysis or principal components
analysis to arrange EF measures, potentially reducing them to fewer measurements.

Generally, the field of EFs can be complex due to the existence of numerous overlapping
definitions across various disciplines (Nigg, 2017) and the EF measures are often non-pure
(i.e., they involve other cognitive processes than just the targeted EF; Miyake et al., 2000).
Additionally, latent model studies have unveiled the existence of subcomponentsin each EF. For
instance, a model of inhibition has demonstrated that interference control - the ability to resist
interference from external stimuli and evaluated through visual matching tasks such as Stroop
or Flanker tasks - and response inhibition - the ability to inhibit a prepotent motor response,
typically measured through non-selective stopping tasks such as the stop signal or Go/No-go
tasks - could be modeled as independent constructs, implying that they may be separate and
functionally unrelated cognitive abilities (Tiego et al., 2018). It is also important to note that
recent theories assert that EFs are developed to address specific tasks in our environment and
are therefore dependent from the environment (Doebel, 2020). Interindividual differences and
the factors that can influence them, including environment or culture (e.g., Roos et al., 2017),
should then be taken into account.

Several methodological issues call for caution when interpreting our results. First, before the age
of 10, the different models globally fitted poorly, in line with previous work (Karr et al., 2018), and
thus should be interpreted with caution. This poor fit could be related to psychometry issues,
measuring EFs in young participants is difficult and may be noisy and/or biased (Petersen et al.,
2016). It can also be related to the high inter-individual variability in young ages, as observed
in Younger et al. (2023). Further research using validated and development-sensitive measures,
coupled with exploratory modeling approaches, are needed to produce more accurate and
meaningful results in EF latent modeling before 10 years of age. Indeed, some of the results we
observed could stem from how adaptable certain tasks are for specific age ranges. We cannot
rule out the possibility of floor or ceiling effects influencing our results. This highlights the
complexity of measuring EFs in developmental cohorts: while it is essential to keep the same
protocol for comparisons, it may introduce age biases that could skew the results. Additionally,
the various calculation methods of the dependent variables (reaction time vs. accuracy scores)
could influence our results. Future studies should explore other calculation methods, such as
inverse efficiency (Gdrtner & Strobel, 2021) or drift rate (YangUez et al., 2023) scores, to achieve
better homogeneity in task measurements. Second, this study is based on a sample including
twins. Pairs of participants of this sample therefore shares a significant common genetic part
which we know impact differently the common-EF and the specific-EF components (Friedman
et al.,, 2008). Then, this study focuses on ages 8 to 14, an important developmental window for
EF development, but it would also be very interesting to investigate later stages of adolescence.
The age range in the sample was relatively limited because the age sampling was very high.
This dense sampling was necessary to investigate changes over very short age periods and
detect fine-grained dynamics over the course of a year and also over the course of a month.
However, this fine-grained sampling strategy resulted in a significant number of focal age
points. While the issue of multiple testing is recognized, it remains an open issue in latent
and network modeling literature. The fact that we estimated 61 networks using the same
dataset exemplifies this issue of multiple testing, and raises questions about the robustness
and interpretability of our results. Of note, classical guidelines recommend approximately 3-10
subjects per estimated parameter or variable for latent models (Bentler & Chou, 1987; Cattell,
1978) but, to our knowledge, there are no specific recommendations for network models.
Finally, this study employed a cross-sectional approach, which, unlike a longitudinal approach
with repeated measures, cannot track individual trajectories. To further validate and expand our
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findings, it is necessary to replicate them in an independent longitudinal sample of unrelated Menu et al.

.. . . . . Journal of Cognition
participants, spanning all stages of adolescence, while maintaining a comparable dense- DOT: 10.5334/joc.355
sampling approach. In addition, while our results are supported by three different statistical
methods, they are primarily based on descriptive analyses. Further inferential analyses are
necessary for a definitive conclusion on the potential differentiation of EFs with age.

CONCLUSION

In conclusion, this analysis study offers a comprehensive exploration of the structural
organization of EFs during development, from 8 to 14 years of age, cross-validated with
three complementary cutting-edge analytical approaches. Specifically, we observed an early
differentiation of inhibition from the other EFs, followed by the differentiation of cognitive
flexibility, while the role of updating increases in the structure of EFs with age. Importantly,
major changes occurred within a single year, suggesting that future investigations should use
narrow age ranges. While this study does not advocate for a specific factorial organization, our
analyses provide support for the differentiation of EFs throughout development, a hypothesis
which should be reevaluated in future inferential and independent studies.

DATA ACCESSIBILITY STATEMENT

Data are available upon request to the authors and with formal agreement of Prof. Harden &
Tucker-Drob.

CODE AVAILABILITY STATEMENT

Code associated with the current submission is available at https://osf.io/2bzjc/.

ADDITIONAL FILE

The additional file for this article can be found as follows:

* Supplemental Materials. Appendix A1 and Figures S1-S10. DOI: https://doi.org/10.5334/
joc.355.51

ETHICS AND CONSENT

Due to the nature of this secondary analysis study, which did not involve direct contact with
human subjects or identifiable information, no ethics approval or consent was required.

ACKNOWLEDGEMENTS

We thank the Texas Twin Project team, and particularly Prof. Elliot Tucker-Drob, Prof. Kathryn
Paige Harden and Dr. Johanna Hartung, who provided us the age-weighted (co)variance
matrices used in the current study.

FUNDING INFORMATION
This work was supported by the CNRS.

COMPETING INTERESTS

The authors have no competing interests to declare.

AUTHOR CONTRIBUTIONS

Conceptualization, I.M. and A.C.; methodology, I.M.; validation, G.B. and A.C.; formal analysis,
.M.; writing — original draft preparation, I.M.; writing — review and editing, .M., G.B. and A.C.
All authors critically reviewed the paper and contributed to its writing.

Grégoire Borst and Arnaud Cachia contributed equally.

13


https://osf.io/2bzjc/
https://doi.org/10.5334/joc.355.s1
https://doi.org/10.5334/joc.355.s1

AUTHOR AFFILIATIONS Menu et al.

Journal of Cognition
Iris Menu 2 orcid.org/0000-0001-7587-2493 DOI: 10.5334/joc.355
Department of Child & Adolescent Psychiatry, NYU Langone Health, New York, NY 10016, US; Université
Paris Cité, LaPsyDE, CNRS, F-75005, Paris, FR
Grégoire Borst "~ orcid.org/0000-0002-5815-3419
Université Paris Cité, LaPsyDE, CNRS, F-75005, Paris, FR; Institut Universitaire de France, Paris, FR
Arnaud Cachia " orcid.org/0000-0003-2125-4985
Université Paris Cité, LaPsyDE, CNRS, F-75005, Paris, FR; Université Paris Cité, Imaging biomarkers for brain
development and disorders, UMR INSERM 1266, GHU Paris Psychiatrie & Neurosciences, F-75005 Paris, FR

REFERENCES

Anderson, M., & Nelson, J. (2005). Individual differences and cognitive models of the mind: Using the
differentiation hypothesis to distinguish general and specific cognitive processes. In J. Duncan,
L. Phillips & P. McLeod (Eds.), Measuring the Mind: Speed, control, and age (pp. 89-114). Oxford
University Press. DOI: https://doi.org/10.1093/acprof:0s0/9780198566427.003.0004

Baum, G. L., Ciric, R., Roalf, D. R., Betzel, R. F., Moore, T. M., Shinohara, R. T., Kahn, A. E., Vandekar, S.
N., Rupert, P. E., Quarmley, M., Cook, P. A,, Elliott, M. A,, Ruparel, K., Gur, R. E,, Gur, R. C., Bassett,
D. S., & Satterthwaite, T. D. (2017). Modular Segregation of Structural Brain Networks Supports the
Development of Executive Function in Youth. Current Biology, 27(11), 1561-1572.e8. DOL: https://doi.
0rg/10.1016/j.cub.2017.04.051

Bentler, P. M., & Chou, C.-P. (1987). Practical Issues in Structural Modeling. Sociological Methods &
Research, 16(1), 78-117. DOL: https://doi.org/10.1177/0049124187016001004

Best, J. R., Miller, P. H,, & Jones, L. L. (2009). Executive functions after age 5: Changes and correlates.
Developmental Review, 29(3), 180-200. DOI: https://doi.org/10.1016/j.dr.2009.05.002

Broadway, J. M., & Engle, R. W. (2010). Validating running memory span: Measurement of working
memory capacity and links with fluid intelligence. Behavior Research Methods, 42(2), 563-570. DOI:
https://doi.org/10.3758/BRM.42.2.563

Brocki, K. C., & Tillman, C. (2014). Mental Set Shifting in Childhood: The Role of Working Memory
and Inhibitory Control: The Role of WM and Inhibition in Childhood Set Shifting. Infant and Child
Development, 23(6), 588-604. DOI: https://doi.org/10.1002/icd.1871

Camerota, M., Willoughby, M. T., & Blair, C. B. (2020). Measurement Models for Studying Child Executive
Functioning: Questioning the Status Quo. Developmental Psychology, 56(12), 2236-2245. DOL:
https://doi.org/10.1037/dev0001127

Cattell, R. B. (1978). The Scientific Use of Factor Analysis in Behavioral and Life Sciences. Springer US. DOI:
https://doi.org/10.1007/978-1-4684-2262-7

Chaytor, N., Schmitter-Edgecombe, M., & Burr, R. (2006). Improving the ecological validity of executive
functioning assessment. Archives of Clinical Neuropsychology: The Official Journal of the National
Academy of Neuropsychologists, 21(3), 217-227. DOI: https://doi.org/10.1016/j.acn.2005.12.002

Chevalier, N., Sheffield, T. D., Nelson, J. M,, Clark, C. A. C., Wiebe, S. A, & Espy, K. A. (2012). Underpinnings
of the Costs of Flexibility in Preschool Children: The Roles of Inhibition and Working Memory.
Developmental Neuropsychology, 37(2), 99-118. DOI: https://doi.org/10.1080/87565641.2011.632458

Diamond, A. (2013). Executive Functions. Annual Review of Psychology, 64(1), 135-168. DOL: https://doi.
org/10.1146/annurev-psych-113011-143750

Doebel, S. (2020). Rethinking Executive Function and Its Development. Perspectives on Psychological
Science, 15(4), 942-956. DOI: https://doi.org/10.1177/1745691620904771

Ecker, U. K. H., Lewandowsky, S., Oberauer, K., & Chee, A. E. H. (2010). The components of working
memory updating: An experimental decomposition and individual differences. Journal of
Experimental Psychology: Learning, Memory, and Cognition, 36(1), 170-189. DOI: https://doi.
0rg/10.1037/a0017891

Engelhardt, L. E., Harden, K. P., Tucker-Drob, E. M., & Church, J. A. (2019). The neural architecture of
executive functions is established by middle childhood. NeuroImage, 185, 479-489. DOI: https://doi.
0rg/10.1016/j.neuroimage.2018.10.024

Engle, R. W,, Cantor, J., & Carullo, J. J. (1992). Individual differences in working memory and
comprehension: A test of four hypotheses. Journal of Experimental Psychology: Learning, Memory,
and Cognition, 18(5), 972-992. DOL: https://doi.org/10.1037/0278-7393.18.5.972

Epskamp, S., Cramer, A. O. J., Waldorp, L. J., Schmittmann, V. D., & Borsboom, D. (2012). qgraph:
Network Visualizations of Relationships in Psychometric Data. Journal of Statistical Software, 48(4).
DOLI: https://doi.org/10.18637/jss.v048.i04

Epskamp, S., Rhemtulla, M., & Borsboom, D. (2017). Generalized Network Psychometrics: Combining
Network and Latent Variable Models. Psychometrika, 82(4), 904-927. DOL: https://doi.org/10.1007/
s11336-017-9557-x

14


https://orcid.org/0000-0001-7587-2493
https://orcid.org/0000-0001-7587-2493
https://orcid.org/0000-0002-5815-3419
https://orcid.org/0000-0002-5815-3419
https://orcid.org/0000-0003-2125-4985
https://orcid.org/0000-0003-2125-4985
https://doi.org/10.1093/acprof:oso/9780198566427.003.0004
https://doi.org/10.1016/j.cub.2017.04.051
https://doi.org/10.1016/j.cub.2017.04.051
https://doi.org/10.1177/0049124187016001004
https://doi.org/10.1016/j.dr.2009.05.002
https://doi.org/10.3758/BRM.42.2.563
https://doi.org/10.1002/icd.1871
https://doi.org/10.1037/dev0001127
https://doi.org/10.1007/978-1-4684-2262-7
https://doi.org/10.1016/j.acn.2005.12.002
https://doi.org/10.1080/87565641.2011.632458
https://doi.org/10.1146/annurev-psych-113011-143750
https://doi.org/10.1146/annurev-psych-113011-143750
https://doi.org/10.1177/1745691620904771
https://doi.org/10.1037/a0017891
https://doi.org/10.1037/a0017891
https://doi.org/10.1016/j.neuroimage.2018.10.024
https://doi.org/10.1016/j.neuroimage.2018.10.024
https://doi.org/10.1037/0278-7393.18.5.972
https://doi.org/10.18637/jss.v048.i04
https://doi.org/10.1007/s11336-017-9557-x
https://doi.org/10.1007/s11336-017-9557-x

Flora, D. B., & Flake, J. K. (2017). The purpose and practice of exploratory and confirmatory factor
analysis in psychological research: Decisions for scale development and validation. Canadian Journal
of Behavioural Science/Revue Canadienne Des Sciences Du Comportement, 49(2), 78-88. DOI: https://
doi.org/10.1037/cbs0000069

Friedman, N. P., Miyake, A, Young, S. E., DeFries, J. C., Corley, R. P., & Hewitt, J. K. (2008). Individual
differences in executive functions are almost entirely genetic in origin. Journal of Experimental
Psychology: General, 137(2), 201-225. DOI: https://doi.org/10.1037/0096-3445.137.2.201

Gdrtner, A., & Strobel, A. (2021). Individual Differences in Inhibitory Control: A latent Variable Analysis (1),
4(1), Article 1. DOI: https://doi.org/10.5334/joc.150

Gooch, D., Thompson, P., Nash, H. M., Snowling, M. J.,, & Hulme, C. (2016). The development of executive
function and language skills in the early school years. Journal of Child Psychology and Psychiatry,
57(2), 180-187. DOL: https://doi.org/10.1111/jcpp.12458

Goring, S. A., Schmank, C. J.,, Kane, M. J,, & Conway, A. R. A. (2021). Psychometric models of individual
differences in reading comprehension: A reanalysis of Freed, Hamilton, and Long (2017). Journal of
Memory and Language, 119, 104221. DOI: https://doi.org/10.1016/j.jm[.2021.104221

Harden, K. P., Tucker-Drob, E. M., & Tackett, J. L. (2013). The Texas Twin Project. Twin Research and
Human Genetics, 16(1), 385-390. DOI: https://doi.org/10.1017/thg.2012.97

Hartung, J., Engelhardt, L. E., Thibodeaux, M. L., Harden, K. P., & Tucker-Drob, E. M. (2020).
Developmental transformations in the structure of executive functions. Journal of Experimental Child
Psychology, 189, 104681. DOLI: https://doi.org/10.1016/j.jecp.2019.104681

Hildebrandt, A,, Liidtke, O., Robitzsch, A., Sommer, C., & Wilhelm, 0. (2016). Exploring Factor Model
Parameters across Continuous Variables with Local Structural Equation Models. Multivariate
Behavioral Research, 51(2-3), 257-258. DOL: https://doi.org/10.1080/00273171.2016.1142856

Hildebrandt, A., Wilhelm, O., & Robitzsch, A. (2009). Complementary and competing factor analytic
approaches for the investigation of measurement invariance. Review of Psychology, 16(2), 87-102.

Huizinga, M., Dolan, C. V., & van der Molen, M. W. (2006). Age-related change in executive function:
Developmental trends and a latent variable analysis. Neuropsychologia, 44(11), 2017-2036. DOI:
https://doi.org/10.1016/j.neuropsychologia.2006.01.010

Isquith, P. K., Gioiq, G. A., & Espy, K. A. (2004). Executive function in preschool children: Examination
through everyday behavior. Developmental Neuropsychology, 26(1), 403-422. DOL: https://doi.
0rg/10.1207/s15326942dn2601_3

Jaeggi, S. M., Studer-Luethi, B., Buschkuehl, M., Su, Y.-F., Jonides, J., & Perrig, W. J. (2010). The
relationship between n-back performance and matrix reasoning—Implications for training and
transfer. Intelligence, 38(6), 625-635. DOI: https://doi.org/10.1016/j.intell.2010.09.001

Karr, J. E., Areshenkoff, C. N., Rast, P., Hofer, S. M., Iverson, G. L., & Garcia-Barrera, M. A. (2018). The
unity and diversity of executive functions: A systematic review and re-analysis of latent variable
studies. Psychological Bulletin, 144(11), 1147-1185. DOI: https://doi.org/10.1037/bul0000160

Karr, J. E., Rodriguez, J. E., Goh, P. K., Martel, M. M., & Rast, P. (2022). The unity and diversity of executive
functions: A network approach to life span development. Developmental Psychology, 58(4), 751-767.
DOTI: https://doi.org/10.1037/dev0001313

Lee, K., Bull, R., & Ho, R. M. H. (2013). Developmental Changes in Executive Functioning. Child
Development, 84(6), 21. DOI: https://doi.org/10.1111/cdev.12096

Marsh, H. W., Hau, K.-T., Balla, J. R., & Grayson, D. (1998). Is More Ever Too Much? The Number of
Indicators per Factor in Confirmatory Factor Analysis. Multivariate Behavioral Research, 33(2),
181-220. DOLI: https://doi.org/10.1207/s15327906mbr3302_1

Menu, I, Rezende, G., Le Stanc, L., Borst, G., & Cachia, A. (2022). A network analysis of executive
functions before and after computerized cognitive training in children and adolescents. Scientific
Reports, 12(1), 14660. DOI: https://doi.org/10.1038/s41598-022-17695-x

Miner, T., & Ferraro, F. R. (1998). The Role of Speed of Processing, Inhibitory Mechanisms, and
Presentation Order in Trail-Making Test Performance. Brain and Cognition, 38(2), 246-253. DOL:
https://doi.org/10.1006/brcg.1998.1034

Miyake, A., & Friedman, N. P. (2012). The Nature and Organization of Individual Differences in Executive
Functions: Four General Conclusions. Current Directions in Psychological Science, 21(1), 8-14. DOL:
https://doi.org/10.1177/0963721411429458

Miyake, A., Friedman, N. P., Emerson, M. J., Witzki, A. H., Howerter, A., & Wager, T. D. (2000). The
Unity and Diversity of Executive Functions and Their Contributions to Complex “Frontal Lobe” Tasks:
A Latent Variable Analysis. Cognitive Psychology, 41(1), 49-100. DOL: https://doi.org/10.1006/
cogp.1999.0734

Morgan, G. B., Hodge, K. J., Wells, K. E., & Watkins, M. W. (2015). Are Fit Indices Biased in Favor of
Bi-Factor Models in Cognitive Ability Research?: A Comparison of Fit in Correlated Factors, Higher-
Order, and Bi-Factor Models via Monte Carlo Simulations. Journal of Intelligence, 3(1), Article 1. DOI:
https://doi.org/10.3390/jintelligence3010002

Menu et al.
Journal of Cognition
DOI: 10.5334/joc.355

15


https://doi.org/10.1037/cbs0000069
https://doi.org/10.1037/cbs0000069
https://doi.org/10.1037/0096-3445.137.2.201
https://doi.org/10.5334/joc.150
https://doi.org/10.1111/jcpp.12458
https://doi.org/10.1016/j.jml.2021.104221
https://doi.org/10.1017/thg.2012.97
https://doi.org/10.1016/j.jecp.2019.104681
https://doi.org/10.1080/00273171.2016.1142856
https://doi.org/10.1016/j.neuropsychologia.2006.01.010
https://doi.org/10.1207/s15326942dn2601_3
https://doi.org/10.1207/s15326942dn2601_3
https://doi.org/10.1016/j.intell.2010.09.001
https://doi.org/10.1037/bul0000160
https://doi.org/10.1037/dev0001313
https://doi.org/10.1111/cdev.12096
https://doi.org/10.1207/s15327906mbr3302_1
https://doi.org/10.1038/s41598-022-17695-x
https://doi.org/10.1006/brcg.1998.1034
https://doi.org/10.1177/0963721411429458
https://doi.org/10.1006/cogp.1999.0734
https://doi.org/10.1006/cogp.1999.0734
https://doi.org/10.3390/jintelligence3010002

Nigg, J. T. (2017). Annual Research Review: On the relations among self-regulation, self-control,
executive functioning, effortful control, cognitive control, impulsivity, risk-taking, and inhibition for
developmental psychopathology. Journal of Child Psychology and Psychiatry, 58(4), 361-383. DOI:
https://doi.org/10.1111/jcpp.12675

Nouwens, S., Groen, M. A., Kleemans, T., & Verhoeven, L. (2021). How executive functions contribute to
reading comprehension. British Journal of Educational Psychology, 91(1), e12355. DOI: https://doi.
0rg/10.1111/bjep.12355

Oberauer, K., Farrell, S., Jarrold, C., & Lewandowsky, S. (2016). What limits working memory capacity?
Psychological Bulletin, 142(7), 758-799. DOTI: https://doi.org/10.1037/bul0000046

Petersen, L. T., Hoyniak, C. P., McQuillan, M. E., Bates, J. E., & Staples, A. D. (2016). Measuring the
development of inhibitory control: The challenge of heterotypic continuity. Developmental Review:
DR, 40, 25-71. DOTI: https://doi.org/10.1016/j.dr.2016.02.001

R Core Team. (2021). R: A Language and Environment for Statistical Computing [Computer software]. R
Foundation for Statistical Computing. https://www.R-project.org/

Roell, M., Viarouge, A., Houdé, 0., & Borst, G. (2019). Inhibition of the whole number bias in decimal
number comparison: A developmental negative priming study. Journal of Experimental Child
Psychology, 177, 240-247. DOL: https://doi.org/10.1016/j.jecp.2018.08.010

Roos, L. E., Beauchamp, K. G., Flannery, J., & Fisher, P. A. (2017). Cultural contributions to childhood
executive function. Journal of Cognition and Culture, 8, 61.

Rosseel, Y. (2012). lavaan: An R Package for Structural Equation Modeling. Journal of Statistical Software,
48(2). DOL: https://doi.org/10.18637/jss.v048.i02

Salthouse, T. A. (2011). What cognitive abilities are involved in trail-making performance? Intelligence,
39(4), 222-232. DOTI: https://doi.org/10.1016/j.intell.2011.03.001

Sdanchez-Cubillo, I, Peridiez, J. A., Adrover-Roig, D., Rodriguez-Sdnchez, J. M., Rios-Lago, M., Tirapu,
J., & Barceld, F. (2009). Construct validity of the Trail Making Test: Role of task-switching, working
memory, inhibition/interference control, and visuomotor abilities. Journal of the International
Neuropsychological Society, 15(3), 438-450. DOI: https://doi.org/10.1017/S1355617709090626

Schermelleh-Engel, K., Moosbrugger, H., & Miiller, H. (2003). Evaluating the Fit of Structural Equation
Models: Tests of Significance and Descriptive Goodness-of-Fit Measures. Methods of Psychological
Research, 8(2), 23-74.

Spiegel, J. A,, Goodrich, J. M., Morris, B. M., Osborne, C. M., & Lonigan, C. J. (2021). Relations between
executive functions and academic outcomes in elementary school children: A meta-analysis.
Psychological Bulletin, 147(4), 329. DOI: https://doi.org/10.1037/bul0000322

Thompson, A., & Steinbeis, N. (2020). Sensitive periods in executive function development. Current
Opinion in Behavioral Sciences, 36, 98-105. DOI: https://doi.org/10.1016/j.cobeha.2020.08.001

Tiego, J,, Testa, R, Bellgrove, M. A, Pantelis, C., & Whittle, S. (2018). A Hierarchical Model of Inhibitory
Control. Frontiers in Psychology, 9, 1339. DOI: https://doi.org/10.3389/fpsyg.2018.01339

Tucker-Drob, E. M. (2009). Differentiation of cognitive abilities across the life span. Developmental
Psychology, 45(4), 1097-1118. DOI: https://doi.org/10.1037/a0015864

Verbruggen, F., & Logan, G. D. (2008). Response inhibition in the stop-signal paradigm. Trends in Cognitive
Sciences, 12(11), 418-424. DOI: https://doi.org/10.1016/.tics.2008.07.005

Weston, R., & Gore, P. A. (2006). A Brief Guide to Structural Equation Modeling. The Counseling
Psychologist, 34(5), 719-751. DOI: https://doi.org/10.1177/0011000006286345

Wiebe, S. A, Espy, K. A,, & Charak, D. (2008). Using confirmatory factor analysis to understand executive
control in preschool children: 1. Latent structure. Developmental Psychology, 44(2), 575-587. DOL:
https://doi.org/10.1037/0012-1649.44.2.575

Willoughby, M. T., Wirth, R. J,, Blair, C. B., & Family Life Project Investigators. (2012). Executive function
in early childhood: Longitudinal measurement invariance and developmental change. Psychological
Assessment, 24(2), 418-431. DOL: https://doi.org/10.1037/a0025779

Wright, 1., Waterman, M., Prescott, H., & Murdoch-Eaton, D. (2003). A new Stroop-like measure of
inhibitory function development: Typical developmental trends: A new measure of inhibitory
function development. Journal of Child Psychology and Psychiatry, 44(4), 561-575. DOI: https://doi.
org/10.1111/1469-7610.00145

Yangiiez, M., Bediou, B., Chanal, J., & Bavelier, D. (2023). In search of better practice in executive
functions assessment: Methodological issues and potential solutions. Psychological Review, 131(2),
402-430. DOL: https://doi.org/10.1037/rev0000434

Younger, J. W., O’Laughlin, K. D., Anguera, J. A., Bunge, S. A, Ferrer, E. E., Hoeft, F., McCandliss, B.

D., Mishra, J., Rosenberg-Lee, M., Gazzaley, A., & Uncapher, M. R. (2023). Better together: Novel
methods for measuring and modeling development of executive function diversity while accounting
for unity. Frontiers in Human Neuroscience. DOI: https://doi.org/10.3389/fnhum.2023.1195013

Jul 3

Menu et al. 16
Journal of Cognition
DOI: 10.5334/joc.355

TO CITE THIS ARTICLE:
Menu, 1., Borst, G., & Cachia,

A. (2024). Latent Network
Analysis of Executive Functions
Across Development. Journal
of Cognition, 7(1): 31, pp.1-16.
DOTI: https://doi.org/10.5334/
joc.355

Submitted: 29 September 2023
Accepted: 06 March 2024
Published: 02 April 2024

COPYRIGHT:

© 2024 The Author(s). This
is an open-access article
distributed under the terms
of the Creative Commons
Attribution 4.0 International
License (CC-BY 4.0), which
permits unrestricted use,
distribution, and reproduction
in any medium, provided the
original author and source
are credited. See http://
creativecommons.org/
licenses/by/4.0/.

Journal of Cognition is a peer-
reviewed open access journal
published by Ubiquity Press.


https://doi.org/10.5334/joc.355
https://doi.org/10.5334/joc.355
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1111/jcpp.12675
https://doi.org/10.1111/bjep.12355
https://doi.org/10.1111/bjep.12355
https://doi.org/10.1037/bul0000046
https://doi.org/10.1016/j.dr.2016.02.001
https://www.R-project.org/
https://doi.org/10.1016/j.jecp.2018.08.010
https://doi.org/10.18637/jss.v048.i02
https://doi.org/10.1016/j.intell.2011.03.001
https://doi.org/10.1017/S1355617709090626
https://doi.org/10.1037/bul0000322
https://doi.org/10.1016/j.cobeha.2020.08.001
https://doi.org/10.3389/fpsyg.2018.01339
https://doi.org/10.1037/a0015864
https://doi.org/10.1016/j.tics.2008.07.005
https://doi.org/10.1177/0011000006286345
https://doi.org/10.1037/0012-1649.44.2.575
https://doi.org/10.1037/a0025779
https://doi.org/10.1111/1469-7610.00145
https://doi.org/10.1111/1469-7610.00145
https://doi.org/10.1037/rev0000434
https://doi.org/10.3389/fnhum.2023.1195013

