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Living here day by day, you think it's the center of the world. You believe nothing
will ever change. Then you leave: a year, two years. When you come back,
everything’s changed. The thread’s broken. What you came to find isn’t there.
What was yours is gone. You have to go away for a long time... many years... before
you can come back and find your people. The land where you were born.
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Chapter 1: Introduction

Humans are in constant interaction with their surrounding environment that
is filled with stimulation. Every moment we are immersed in an
immeasurable amount of information from our surroundings. Our eye
receptors receive the light contrast of a vast landscape, our ears are filled with
sounds, and our skin detects temperature and pressure. If we were to focus
on every piece, we would be overwhelmed. A clear illustration of this is that
the nice music you were listening to only a few moments ago becomes
disturbing when confronted with a difficult task, such as parking in a very
narrow spot. You might also find it difficult to read while other people are
chitchatting nearby, or even a laundry machine can interfere with your

thoughts if you are attempting a challenging test.

Given the limitations of human cognitive system, we must select and
retain the key aspects of the environment, which also contains irrelevant
details. This requests an optimal level of activation, filtering the crucial
elements, and guiding and adapting our behavior. It would be impossible to
achieve our goals if we were in a drowsy state, as this impedes us from
detecting the important stimuli of our surroundings, and our behavior would
not be well planned if our arousal level is too high. When we have an optimal
level of activation, not too low or too high, we can optimize the processing of
surrounding information. However, we do not need to pay attention to every
tree branch while walking, but we need to be able to detect the moving cars
crossing the street. Therefore, we must select relevant elements throughout a
constant interplay between what is useful and salient. Then, we will be ready
to respond appropriately in a particular context according to our goals.
Importantly, our behaviors must be changed when they are ineffective. For
instance, if we have missed the train three times in a row, it may be time to
change the alarm, or if we have pushed the same button more than those in
a vending machine without the results, we should look for what is going on.
Accordingly, acting in a self-regulated volitional manner requires several
orchestrated processes, among which attentional processes play a crucial role
(Rueda et al., 2021).

The three functions we referred to, namely alerting, selection, and

control, are supported by different structural and functional brain networks
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Chapter 1: Introduction

in constant interaction according to Posner’s model of attention (1990;
Petersen & Posner, 2012), and are immature at birth. The maturation of the
volitional control of attention has its roots in the first years of life,
underpinned by the development of functional brain activity. For this reason,
age-related changes in attention and its relationship with brain function
development will be the goal of this thesis. We aimed to further delineate
electrophysiological activity changes and the maturation of executive
attention (EA) in the first three years of life. To that end, in this introductory
chapter, we will describe in further detail the attentional model of Posner and
colleagues to then introduce the emergence of attentional capabilities from
infancy to early childhood. Finally, we discuss the progress that brain

function has in the same period, linking it to the emergence of attention.

1.1. The Human Attentional System

According to Petersen and Posner’s (2012) model, five different
networks are the biological substrates of alerting, orientation, and executive
processes. Each has its own role but works interconnectedly to achieve our

objectives (Fig. 1.1.).
1.1.1. Alerting

The alerting network involves brainstem areas that modulate arousal
levels via noradrenergic neurotransmitter activity (Aston-Jones et al., 1994;
Coull et al., 2001; Usher et al., 1999). It controls our alerting level in both
phasic (elicited by a stimulus) and tonic (sustained activation) manners. Its
activity is modulated by high-order control networks to adjust the alertness

level to the task demands.

1.1.2. Orienting

Neuroimaging research has shown that attentional orientation
involves two functional networks (Corbetta & Shulman, 2002; Fox et al.,
2006). The dorsal attention network (DAN) has a general role in the control
of attention, being related to voluntary orientation towards a stimulus, either
endogenous or exogenous, and comprises bilateral regions of the superior
parietal lobule (SLP), frontal eye field (FEF), and intraparietal sulcus (IPS). In
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Chapter 1: Introduction

contrast, the ventral attention network (VAN) is involved in bottom-up or
stimulus-driven attention. The VAN is deactivated during prolonged
attention periods but is transiently triggered along with the DAN when the
attentional focus is reoriented, especially when the target is salient (Corbetta
et al., 2008; Spadone et al., 2015; Tosoni et al., 2023). It involves the ventral
frontal cortex (VFC) and temporoparietal junction (TPJ).

LH FEF :
dIPFC'_ . 'SP SP‘ \ ‘ dIPFC
) W . 1P :

AR

aPFC ' -
} ‘ ./ _Tfj\ "
,AI/fO‘ . N - Al/fO
e~ = =)
- V4 /// . N " - -
Midline
Alerting @

| — @ DAN
‘ 2 “ . dACC rienting VAl
l?;'ecpneus ; N\ E " ‘ FPN
i N\ VMFC xecutive @ con
S _ ﬁ'la‘largus_“ <

Fig. 1.1. Graphical representation of the main brain nodes of the activation,
orientation, and executive attention networks. DAN = Dorsal Attention Network,
VAN = Ventral Attention Network, FPN = Frontoparietal Netwok, CON = Cingulo-
opercular Network. aPFC = anterior Prefrontal Cortex, dIPFC = dorsolateral
Prefrontal Cortex, FEF = Frontal Eye Field, al/fO = anterior insula/ frontal operculum,
SP = Superior Parietal lobe, IP = Intraparietal Sulcus, dACC = dorsal Anterior
Cingulate Cortex, VMFC = ventromedial Frontal Cortex, TP] = Temporoparietal
Junction. Adapted with the permission of Rueda et al. (2021).

DAN has a crucial role moving the attentional “spotlight”, and its
activation can be both tonic and sustained (Tosoni et al., 2023). VAN presents
a dynamic pattern, being triggered when a relevant stimulus is detected,
especially if it is unexpected, but being desynchronized when we voluntarily
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Chapter 1: Introduction

shift our attentional focus (Shulman et al., 2003; Stevens et al., 2005). VAN is
sensitive to relevant and/or salient features of the environment (Fockert et al.,
2004) and it shows low spatial selectivity and slow triggering (Corbetta et al.,
2008). Therefore, the interplay between DAN and VAN provides a flexible
toolkit to efficiently select relevant information, sustain attentional focus, and

adjust it according to endogenous goals or intentions.

1.1.3. Executive

Controlling our behavior requires several intertwined processes. We
must create a mental set with our objectives and the necessary information to
guide our behavior. Within this context, we need to detect whether our
actions have brought us closer to our goal and adjust our plain if it fails or
the environment changes. Consequently, controlling our behavior requires
selecting the most appropriate answer, implementing it, and evaluating
whether our current situation is incongruent with our goals to flexibly
change subsequent responses. Therefore, it involves, at least, three core
mechanisms: 1) context monitoring, 2) cognitive flexibility (CF), 3) inhibitory
control (IC).

There is evidence showing that these processes involved in goal-
driven behavior are supported by two distinct brain networks: the
cinguloopercular (CON) and frontoparietal (FPN) (Dosenbach et al., 2008).
CON is involved in maintaining a stable mental representation within a task,
whereas short-term adjustment relies on FPN activation. According to
Posner’s model, the dorsal anterior cingulate cortex (AACC) is the main core
of the CON network because of its relevance in conflict monitoring (Botvinick
etal., 2001) in connection with the anterior Prefrontal Cortex (aPFC), the
anterior Insula (al) and frontal operculum (fO). On the other hand, the
dorsolateral Prefrontal Cortex (dIPFC), which is involved in inhibition,
updating, and task-set reconfiguration (Badre & Nee, 2018, Marek &
Dosenbach, 2018), is considered the main node of the FPN, and is connected
to the precuneus, superior parietal lobe (SP) and intraparietal sulcus (IP).

Both CON and FPN contribute to volitional behavior by supervising
and adapting the activities of other attentional systems (Rueda et al., 2015).
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When our goals are pursued, the CON and FPN will procure an optimal level
of alertness and monitor the orientation process. Notice that the control of
our behavior may also rely on automatic processes when they have been
largely practiced or are implicit (D’Angelo et al., 2013). This is beneficial
when the context is stable because it has a lower demand for adjustment
processes as it triggers to lesser extend the executive networks. However, it
results in a more rigid umbrella of actions as they are mostly driven by the
environment. In these cases, executive networks will monitor the results and

change to conscious control when an error occurs.

The concept of EA (Engle & Kane, 2003; Petersen & Posner, 2012) is
very similar to that of executive functions (Diamond, 2013; Friedman &
Miyake, 2017; Miyake & Friedman, 2012). The different names are mostly due
to them being originated in different research backgrounds. While both EA
and executive control involve mechanisms of conflict monitoring, error
detection, and cognitive control, executive functions definition add working
memory (WM). However, the principal components of flexible adaptation to
the situation (CF) and inhibiting responses (IC) are common processes of
executive control. In this thesis, which is mostly focused on cognitive
flexibility (CF) and inhibitory control (IC), we use the definition proposed by
Diamond (2013). She refers to CF as the capacity to flexibly switch between
answers/task sets and defines IC as the ability to withhold a prepotent

answer.

1.2. Early Development of Attention Networks

At birth, attentional processes are immature. Infants spend most of
their time sleeping, do not maintain their attentional focus, and are unable to
self-regulate their behavior. Consequently, most of their actions are driven
by external stimulation or automatic drives. However, these processes
mature rapidly in the first years of life. From a developmental perspective,
the maturation of attention is protracted when compared to other processes.
Additionally, it is thought that the maturation of attentional processes occurs
in two axes: within and between processes (Hendry et al., 2016, 2019; Posner
et al., 2014). Every process will quantitatively augment its capacity with age;

however, given the slower maturation of executive systems, their functions

33|Page



Chapter 1: Introduction

seem to be undertaken by the other attentional systems that mature earlier
(Posner et al., 2014). As a result, attentional control transitions from bottom-
up to top-down from early infancy to childhood, and both sustained attention
(alerting) and endogenous selection (orienting) have been proposed as the
founding blocks of EA (Conejero & Rueda, 2017; Hendry et al., 2016; Posner
et al., 2014).

1.2.1. Alertness development

The time a newborn spends in an alert state is very restricted. At
birth, infants spend approximately 25% of their time awake (Colombo &
Degen Horowitz, 1987). However, by the twelfth week of life, infants display
regular cycles of alertness and sleep, and reduce the time sleeping until the
second year of life (Dias & Figueiredo, 2020; Figueiredo et al., 2016; Paavonen
et al., 2020). In addition, alerting is primarily caused by external stimulation
in the first months, but with age they ability to sustain the attentional focus
improves steadily (Colombo, 2001; Lawson & Ruff, 2004; Richards, 1985; Ruff
& Lawson, 1990). This improvement in the ability to regulate arousal allows
increasing the time babies interact with their environment, which is crucial

for exploring and learning about the world.

1.2.2. Orienting development

Similar to the arousal level, selecting the relevant elements and
orienting the attentional focus rely on external stimulation at birth. The first
few months of life are characterized by infants’ inability to endogenously
shift their attentional focus when something has attracted it (a phenomenon
named sticky fixation). Therefore, babies remain fixated in the object or event
up until something captures their attention again (Stechler & Latz, 1966).
Starting at about the third month of life, infants start to move their gaze
voluntarily, as shown in their newly acquired capacity to disengage and
anticipate (Hendry et al., 2019; Johnson et al., 1991).

Regarding the ability to disengage attention from an object or event,
most studies have employed gap overlap and fixation shift protocols to study
its development. Both tasks present a central stimulus and, when the infants
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are looking at it, a peripheral stimulus is displayed. In these tasks,
disengaging capacity is measured by considering the number of times that
infants can move their gaze to look at the peripheral stimulus, as well as the
latency of that movement. For instance, the gap overlap task consists of two
conditions: gap (the central stimulus disappears when the peripheral one is
presented) and overlap (the central stimulus remains when the peripheral
one is presented). The gap condition is easier because it does not require
inhibition of the foveated stimulus to move the gaze, and even the
disappearance of the central stimulus may serve as an alerting cue (Csibra
et al., 2001; Ellis et al., 2021).

Before the third month of life, infants rarely disengage in overlap
conditions in the gap overlap task (Atkinson et al., 1992). This rapidly change
after that age (Atkinson et al., 1992; Papageorgiou et al., 2014), despite of
presenting the general cost of latency in overlap (vs. gap) condition
(Holmboe et al., 2018; Johnson et al., 1991; A. Nakagawa & Sukigara, 2019).
Beyond the third month, the time needed to foveate the peripheral stimulus
in gap trials steadily diminishes (Moyano et al., 2023; Siqueiros Sanchez et al.,
2021), but the development of the overlap is less clear, as latency appears not
to vary with age or even increase (Moyano et al., 2023; Nakagawa & Sukigara,
2013, 2019). Instead, longer explorations of the central stimulus are shown to
be related to self-regulation in toddlerhood (Nakagawa & Sukigara, 2019). In
fact, in the case of the gap/overlap task the central stimulus is usually more
salient than the one in the periphery (Holmboe et al., 2008; Kwon et al., 2016).
This suggests that with age also increases the capacity to inhibit peripheral
stimuli when a foveated stimuli causes interest (Holmboe et al., 2018).

The capacity to endogenously orienting is also studied by means of
anticipatory and sequence paradigms. For example, the Visual Expectation
Paradigm (VExP; Canfield & Haith, 1991), Visual Sequence Learning (VSL;
Clohessy et al., 2001), and shifting tasks (Kovacs & Mehler, 2009; Shinya et al.,
2022) present sequences of stimuli that follow a spatial pattern combining
both simple and complex transitions. In the first, it is not necessary to monitor
the context to anticipate as the following stimulus is always certain, but in
complex transitions context monitoring is necessary to properly move the

attentional focus to upcoming events due to its probabilistic nature. Previous
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studies has shown that despite of the ability to detect regularities being
present in newborns (Bulf et al., 2011), at this age infants cannot displace their
gaze to search for stimuli (Colombo, 2001; Hendry et al., 2019). The capacity
to anticipate simple transitions appears from the third month of life but
predicting complex sequences does not appear until some months later
(Clohessy et al., 2001; Sheese et al., 2008). The percentage of reactive (vs.
anticipatory) looks is reduced from infancy to the fourth year of life (Moyano
et al.,, 2022; Rothbart et al., 2003; Sheese et al., 2008), which unveils a more
proactive approach with age instead of relying on bottom-up search
(Chatham et al., 2009).

1.2.3. Executive attention development

The transition from exogenous- to endogenously driven orienting is
not sufficient to self-regulate our behavior. Nonadaptive patterns of behavior
must flexibly change when the outcome is not desired. These processes have
even more protracted development, but their roots are already present in the
second half of the first years of life (Conejero & Rueda, 2017; Hendry et al.,
2016) supported by the parallel and rapid development of frontal brain areas
and executive networks (Diamond, 2013; Fiske & Holmboe, 2019).

Conflict monitoring appears relatively early. Paradigms exploring
this process usually present an object/situation that violates infants’
expectative (vs. non-violation). For example, we can resolve incorrectly
mathematical equations (e.g., 2 — 1 = 2) and compare it when the equations
were correct (e.g., 2 — 1 =1). Starting at 6 to 9 months of age, infants interact
and pay more attention to the situations that violated their expectations and
remarkably their behavior is biased by the unexpected event (Berger &
Posner, 2023; Stahl & Feigenson, 2015). This has been shown in behavioral
and neuroimaging protocols, with different stimulus and error types causes,
such as mathematical errors, physical laws, and semantical alterations
(Berger et al., 2006; Conejero et al., 2016; Koster et al., 2019, 2021; Stahl &
Feigenson, 2015). The appearance of this mechanism in the first years of life
supposes that, even if it is still immature (Davies et al., 2004; Segalowitz &
Davies, 2004), infants are ready to detect the incongruences found in the

environment to then adapt their behavior.
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Behavioral development of IC and CF has been studied mostly using
the A-not-B task in the first months of life (Piaget, 1954). In this task, a
researcher presents a toy to infants and hides it in one of two locations (A).
Then, the infant is encouraged to retrieve the object after a short delay. This
procedure is repeated a fixed number of times or until looking/reaching the
object at location A becomes prepotent. Subsequently, the object is shown but
hiding it the other place (B). Thus, infants must inhibit their previous answer
to search for the object in the newest location and the performance is
evaluated by the perseverative looks or behaviors conducted in that block.
Due to its simplicity, it has been used from the fifth month of life in both
behavioral (Clearfield etal., 2006; Diamond, 1985) and looking (Bell &
Adams, 1999) versions.

Previous studies employing the A-not-B task in longitudinal studies
has found that infants younger than 7 to 8 months of life do not persevere in
behavioral protocols. At this age, infants are equally accurate in both A and
B trials, probably because the immaturity of both motor and memory systems
(Clearfield et al., 2006). After an initial increase in perseverative behaviors,
those are steadily reduced and children perform more accurate even when
the delay between the hiding and retrieval is increased (Cuevas & Bell, 2010;
Diamond, 1985; Diamond & Doar, 1989; Espy et al., 1999; Marcovitch &
Zelazo, 1999). For example, the performance increases between 15 and 30
months of age with 5s of delay (Diamond et al., 1995) and so does between
24 and 66 months of age when the delay last for 10s (Espy et al., 1999). This
pattern of results also occurs in eye-tracking versions of the A-not-B (Bell &
Adams, 1999) although infants perform better than in the reaching one
arguably probably because of the gradual development of motor capacity
(Cuevas & Bell, 2010; Marcovitch & Zelazo, 1999).

Further studies have provided evidence of a developmental
trajectory similar to that of A-not-B using other eye-tracking paradigms that
measure perseverative looking, such as the shifting task (Kovacs & Mehler,
2009). This task consists of two blocks of trials. In the first block, a stimulus
always appears on the same side of the screen until infants can anticipate
where it will appear. In the second block, the location of the stimulus is
shifted to the opposite side of the screen. CF is measured by the number of
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perseverations in the second block (i.e., times anticipating the location of the
first block). By the eighth month, infants gradually stop persevering in the
second block (Kovacs & Mehler, 2009) and the number of anticipations
increases from 6 to 9 months, and then decreases at 18 months of age

(Moyano et al. In prep).

One limitation of the A-not-B and shifting tasks is that they rely on
memory processes (Holmboe etal., 2018). Prove of this is the lack of
perseveration found in younger infants in the A-not-B task (Clearfield et al.,
2006). Additionally, recent research of our laboratory shows an inverted “u”
shaped trajectory of the perseverations in the shifting task (Moyano et al. In
prep.). It is unlikely that infants’ capacity to adjust their behavior/gaze
decrease. Therefore, the development of other necessary processes for the
task are probably influencing the results (Hendry et al., 2016). In the case of
these tasks, both require the maintenance of the location in the memory to
build a prepotent tendency. Given the rapid maturation of working memory
in this period (Courage & Cowan, 2022), a stronger representation of the pre-
switch blocks may account for the initial increase in perseverative behaviors
(Clearfield et al., 2006). In fact, the relationship between WM and IC found
with this task in 2 to 5 years old children supports this idea (Espy et al., 1999).

To address the limitations of A-not-B and shifting-task, recent
authors has developed the freeze-frame and the early childhood inhibitory
touchscreen tasks (ECITT; Holmboe et al., 2008, 2021). The freeze-frame task
consists of the presentation of a static or dynamic central stimulus and tests
infants” capacity to suppress peripheral images. In this task, 6-month-old (-
mo.) infants present lower interference when the central stimulus is dynamic
(vs. static). Additionally, their capacity to inhibit the peripheral stimuli
increases from 6 to 9 months of age, suggesting that the IC capacity matures
in this period independently of the memory. This is corroborated in wider
age range in the ECITT task. This task consists of displaying two blue
rectangles on both sides of the tablet, with one containing a smiley face
(target). When infants touch the target, positive feedback appears with sound
and animation. The target appears most of the time on one side of the screen
(prepotent trials), and less frequently on the opposite side (inhibitory trials).
Thus, it creates prepotency based on contingency-learning, without requiring
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memorization, and permits the evaluation of IC and CF when the target
changes its location. This task is doable in 10 months old infants (Fiske et al.,
2022; Hendry et al., 2021). Additionally, both cross-sectional and longitudinal
studies have shown the improvement in inhibitory trials. For instance,
Holmboe et al. (2021) shown an increase in inhibitory trials accuracy from 18
months onward, while Hendry et al. (2021) found reduced switching cost,
but not inhibitory cost, from 10 to 16 months of age. Importantly, both the
freeze-frame task and the ECITT were related to the performance in A-not-B
(Hendry et al., 2021; Holmboe et al., 2018). For instance, the accuracy of
inhibitory trials and switching trials at 16-mo. was negatively correlated with
perseverations in the A-not-B, although this relationship was not significant
at 10-mo. (Hendry et al., 2021).

From about the second year of life on, children can comprehend more
complex instructions, which permits the evaluation of executive processes
with paradigms that are more similar to those used with adults. However,
longitudinal research during this period is scarce. Most studies have not
employed the same task systematically in part because of the rapid
maturation of IC and CF. Consequently, several authors have labelled this
period as “resolving conflict” maturation (see Hendry et al., 2016) because of

the difference in tasks employed with similar rationale.

When it comes to CF, one of the most employed task designs consist
of evaluating children’s capacity to shift between sets of rules. For example,
the dimensional change card sorting (DCCS) test (Zelazo et al., 2003) and the
reverse categorization task (Carlson, 2005; Hongwanishkul etal., 2005)
follow this logic. In the DCCS, children must sort cards according to an
unknown rule, and after several correct trials, the sorting principle changes
to other criteria. CF is measured by the number of incorrectly sorted cards
used before following the new rule. This task is not suited for children below
four years in the standard version (Zelazo et al., 2003); however, it is doable
before that age if simplified to reduce conflict (Blakey et al., 2016; Garon et al.,
2014). For instance, 36-mo. children can correctly sort the cards according to
one rule but fail to sort the cards when the rule is changed (Zelazo, 2003).
However, if we remove the conflict elicited by removing the switching
between the set tasks 18-mo. toddlers can accurately change their behavior
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(Garon et al., 2014). In reverse categorization task children are asked to sort
the object following an initial rule, and then the experimenter tell them to
classify it in the opposite way. For example, the researcher can instruct the
children to introduce small objects into a tiny box and then change the rules
and ask them to introduce small objects into a big box. This task is less
demanding than the DCCS (Carlson, 2005); however, children are not
accurate until the second and a half year approximately (Carlson, 2005;
Conejero et al., 2023), although this may be related to the cost of retaining and
updating the information in the WM (Carlson, 2005). This aligns with the
protracted emergence of conflict in incongruent-like tasks, as toddlers seem
to response at random until approximately 30 months of age (Garon et al.,
2014; Blackey et al., 2016).

The development of IC between toddlerhood and early childhood
has been assessed using different paradigms, including spatial conflict
(Gerardi-Caulton, 2000), strop-like modifications (Kochanska et al., 2000),
and Go/NoGo (Casey et al., 1997) tasks. These protocols either create an
incongruency that must be resolved to produce the appropriate response
(e.g., the target appears on the contralateral side with respect to the
answering key) or build a tendency that must be withheld.

In the spatial conflict task two houses appear on the screen. Each one
of the houses corresponds with a specific animal. To guide the animal to its
house, children must press a key that is ipsilateral (congruent) or
contralateral (incongruent) with respect to the house. In this task, infants
answer above chance approximately at 30 months of age and children
become more accurate and faster in incongruent trials between that age and
the 48 months of life (Gerardi-Caulton, 2000; Jones et al., 2003; Rothbart et al.,
2003). Similarly, in the child-version of the Stroop task the incongruency is
elicited either by semantic or size incongruencies. For example, we can ask
the children to speak out the small fruits nested in bigger ones, such as a small
apple that is contained in a big pineapple (Kochanska et al., 2000). Children’s
capacity to resolve incongruent trials improves in this task between 2 and 3

years of life, even in different versions of the task (Carlson, 2005).
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The Go/NoGo paradigm is suitable for children from about three
years of age on (Clark et al., 2023). This task usually presents two stimuli.
One of them appear in a larger proportion of trials (Go) and require that
children press a key. On a few occasions another stimulus appears (NoGo),
and children must withhold their behavior to correctly answer it. In this task,
IC is measured by the number of commission errors in NoGo trials. The
performance in this task increases with age because of the number of
commission errors is reduced between early and middle childhood (Clark
et al.,, 2023; Howard & Melhuish, 2017; Johnstone et al., 2005; Mehnert et al.,
2013). In addition, children’s incapacity to conduct other protocols that
involve larger demands of IC also accounts for its development. For example,
in the stoop signal task infants must answer all the time to the target but stop
their behavior if a warning sound is presented (Logan & Cowan, 1984). This
task will not be doable until the fifth year and present a more protracted
development than the Go/NoGo task (Bedard et al., 2002; Carver et al., 2001),

signaling the constant maturation of IC.

Finally, other protocols that aim to capture several attentional
mechanisms cannot be implemented until three and a half years owing to the
complexity of their instructions. For example, the child version of the
Attentional network test (ANT; Fan et al., 2002) developed by Rueda et al.
(2004) combines a Eriksen’s flanker task with alerting and orienting cues. In
the Child ANT a row of fishes is displayed on the screen and children are
instructed to “feed” the fish in the middle of the row by pressing a key
according to the side the fish is pointing to (either left or right key). To "feed”
the middle fish properly, they must ignore the peripheral fishes that can
either look to the same side (congruent) or the opposite side (incongruent) of
the target fish. In their original study, Rueda et al. (2004) found an increase
in conflict resolution capacity in the incongruent trials between the fourth
and the sixth year of life. Additionally, a recently developed variant of this
task, substituting directionality with colors, was developed by Casagrande
et al. (2022). This task is doable starting at approximately 40 months of life
and previous experiments has shown the improvement of conflict resolution
and orienting that takes place between the third and the fourth, fifth, and
sixth years of life.
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Taken together, previous studies have shown that in the first two
years of life attentional processes go through a dramatic maturation. Infants’
attention will be exogenously driven by the external stimulation in the first
months until they become able to endogenously guide their attentional focus.
This first milestone in the development of volitional control emerges at
around three months, when infants can disengage and displace their gaze
voluntarily to explore and anticipate their surrounding (Johnson et al., 1991).
The increase in sustained attention, tonic alertness, and orienting will derive
in the exploration of the environment volitionally, increasing its
opportunities to interact with their surroundings (Hendry et al., 2020; Posner
et al., 2014; Colombo, 2001).

Some months later, around the 6 month of life, infants start to detect
the incongruences of the environment (Berger & Posner, 2023; Koster et al.,
2021). They behave differently when face with objects that present
unexpected outcomes; thus, being able to monitor and adapt their behavior
to them (Berger et al., 2006; Stahl & Feigenson, 2015). Also, around 6 to 8
months of life, infants” behavior become more flexible (Hendry et al., 2016;
Conejero & Rueda, 2017). At this age, infants are able to modify an action that
no longer provides the desired results (e.g., Kovacs et al., 2009). The ability
to withhold and modify the previous answer rapidly changes from infancy
to toddlerhood, as with age children commit less perseveration when face
inhibitory/shift trials (Holmboe et al., 2021; Hendry et al., 2021).

Beyond the second year of life, alertness and sustained attention
keeps improving (Paavonen et al., 2020; Ruff & Lawson, 1990) and so does
orienting capacity (Hendry et al., 2019; Moyano et al., 2022). In this period,
executive attention development has measured based on the feasibility of the
tasks and performance indicators of conflict-based tasks. Among the task
used, most of them can not be performed below two years and a half because
children respond mostly at random (e.g., spatial conflict) or with very poor
performance (e.g., DCCS). However, starting at that age, children start to
resolve the conflict elicited, improving their performance in the following
months. For example, between the third and fourth year of life they will pass
the DCCS without adaptation or the accuracy in conflict tasks will increase
(Zelazo et al., 2003; Gauron et al., 2000). This development will continue in
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the following years which speaks for the protracted development of

executive functions.

1.3. Brain Development from Infancy to Early Childhood and its Correlates
with Cognition

The brain changes that take place in the first three years of life are the
most drastic and rapid of the entire lifespan (Bethlehem etal., 2022).
Newborns’ brains are relatively large, complex, and metabolically active
compared to those of adults (Gilmore et al., 2018). Although some neuronal
processes, such as neuronal migration, are completed by birth, the brains of
infants continue to be refined both structurally and functionally (Dubois,
2014; Ouyang et al., 2019; Vértes & Bullmore, 2015).

1.3.1. Structural brain development

One of the most marked changes between infancy and early
childhood is an increase in brain volume. The newborn’s brain has one-third
of the volume of an adult, and reaches ~80% of the adult volume on the third
birthday (Knickmeyer, 2008). By that time, both gray and white matter had
undergone several changes with different maturation rates (Gilmore et al.,
2018). The gray matter volume increases on average by 100% in the first year
of life and about 15% on average in the second year, whereas the white matter
volume increases on average by 15% per year until the second birthday to
then slow down the maturation rate (Groeschel etal., 2010). Other
parameters, such as the brain surface area and cortical thickness greatly
increase from the prenatal period, showing an extraordinary growth during
the first years of life (Bethlehem et al., 2022; Vasung et al., 2019).

The development of gray and white matter is not equivalent across
all brain regions. The posterior areas mature before the associative and
frontotemporal areas (Bethlehem et al., 2022). For example, the peak volume
of gray matter is reached at about 5 years of age in the occipital areas, whereas
peak volume in most of the prefrontal cortex and the anterior cingulate is not
reached until puberty (Bethlehem et al. 2022). This pattern of growth is
related to the hierarchy of cognitive control processes in the first years of life
(Amso & Scerif, 2015).
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A similar developmental pattern is also observed with white matter.
Although most of the white matter tracts are present at birth (Qiu et al., 2015),
only sensory connections are myelinated (Dubois, 2014). For example, by the
fourth month of life, sensory areas are mostly myelinated, while fibers that
connect parietal and frontal areas begin their myelination process around the
sixth month of life (Dean et al., 2014; Ouyang et al., 2019). This myelination
process is the fastest of all lifespan between infancy and early childhood,
which suggests that beyond this point, there is a period of reorganization and

fine-tuning of the already present brain circuits (Gilmore et al., 2018).

1.3.2. Functional brain development

1.3.2.1. Electrophysiological brain function development

Parallel to structural changes, brain function rapidly evolves in the
first three years of life. Given the low tolerance to neuroimaging protocols of
awake infants and toddlers, most studies investigating functional brain
development have employed electroencephalography (EEG). EEG
recordings provide information about the extracellular postsynaptic
potentials of large groups of neurons, mostly pyramidal parallel to the cortex,
which synchronously fire and create large electric dipoles (Buzséki et al.,
2012). As EEG records electrical activity with sensors located in the surface
of the head, it offers functional information with high temporal precision, but
low spatial resolution. This permits the exploration brain of brain activity
divided by several brain rhythms: (e.g., alpha) each of one linked to different
yet complementary cognitive processes in developing samples (Anderson &
Perone, 2018; Cuevas & Bell, 2022; Saby & Marshall, 2012).

Both evoked and baseline/resting-state (rs-EEG) protocols have been
used in very young participants. In evoked tasks, brain function is related to
the appearance of an auditory/visual stimulus, whereas rs-EEG usually
involves presenting images and sounds to engage children’s attention and
help them to remain soothed during the recording period. Although both are
applied in young children, rs-EEG has been widely used in infancy and
toddlerhood because it does not require to pay attention to the stimuli
(Cuevas & Bell, 2022; Saby & Marshall, 2012). In rs-EEG, the gold-standard
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measurement is the power of the signal divided into canonical bands, which
include theta (3 — 5 Hz), alpha (6 — 9 Hz), and beta (9 — 30 Hz) activity. This
power can be considered in its absolute value, or as a relative value when the
power of a specific frequency band is divided by the added power of all

frequency ranges (e.g., alpha power/theta + alpha + beta power).

The rs-EEG undergoes profound reconfiguration during the first
decades of life (Anderson & Perone, 2018). Pioneering studies have
demonstrated that the dominant rhythm (alpha) gradually emerges during
infancy and moves from lower to higher frequencies (Smith, 1939). An
increase in alpha peak frequency has been repetitively reported and is
considered a marker of brain function development (Freschl et al., 2022;
Miskovic et al., 2015; Stroganova et al., 1999). Similarly, alpha power appears
to increase in the first years of life and along childhood (Marshall et al., 2002;
Perone et al., 2018). Findings on other frequency bands have yielded mixed
results, particularly when considering the absolute (vs. relative) distinction.
Some studies have reported an increase in absolute power in all frequency
bands followed by a decrease in middle childhood (Dustman et al., 1999;
Gasser et al., 1988; Jing et al., 2010; Wilkinson et al., 2023). In contrast, when
relative power is considered, the power is redistributed from lower (e.g.,
theta) to higher (e.g., alpha and beta) frequency bands (Anderson & Perone,
2018; Brandes-Aitken et al., 2023; Clarke et al., 2001; Marshall et al., 2002).

A recent reconceptualization of electrophysiological activity, which
considers the power spectrum as a mixture of aperiodic and oscillatory
activity, may reconcile the mixed pattern of results (Donoghue, Haller, et al.,
2020). That is, previous studies have considered absolute/relative power as
oscillatory activity. However, oscillatory activity is narrowband and limited
(He, 2014), whereas scale-free or aperiodic activity accounts for most of the
power spectrum energy (Voytek & Knight, 2015). This aperiodic activity
corresponded to the decaying background curve obtained from the power
spectrum (Fig. 1.2A). It follows a power-law distribution (1/f-like) with less
energy at higher frequencies because of the low-pass filter properties of the
neurons and shorter integration time window (Buzsaki et al.,. 2012; Voytek
& Knight, 2015). This aperiodic activity is independent of the presence (or
absence) of oscillatory activity. In fact, its broadband power (offset of the
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background curve) is related to the spiking rate of the neurons (Miller et al.,
2009), whereas the decay rate (slope or exponent of the background curve) is
determined by the balance between excitatory and inhibitory currents (Gao
et al., 2017).
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Fig. 1.2. Periodic and aperiodic power spectrum components. (A) Decomposition of
power spectra. The aperiodic background curve is defined by the offset (energy at the
lowest frequency) and exponent (1/f decay rate). (B) Changes in aperiodic
components may cause changes in relative and absolute power but not in oscillatory
activity. Offset changes affect absolute power, while exponent changes drive a change
in both absolute and relative power.

The aperiodic background curve is already present in newborns
(Fransson et al., 2013) and flattens in the first two years of life (Brandes-
Aitken et al., 2023; Schaworonkow & Voytek, 2021). This reduction also
occurs from childhood to adulthood and from adulthood to old age (Trondle
etal., 2022; Voytek et al., 2015). This suggests an increase in the excitatory
currents in the excitatory/inhibitory balance throughout life (Perica et al.,
2022).

Given the systematic changes in aperiodic activity, previous
developmental results of absolute/relative power may have been mislead
(Ostlund et al., 2022). Changes in the offset or exponent are sufficient to alter
the power ratios between the bands or absolute energy (Donoghue et al.,
2020; see Fig. 1.2B). For example, a flatter curve would result in less relative
power in the theta band, even when oscillatory activity does not change.

Additionally, recent studies have explored the development of alpha and
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theta oscillatory activity (Hill etal., 2022; McSweeney etal, 2021;
Schaworonkow & Voytek, 2021). These studies have replicated the steady
increase in alpha peak frequency, and some have found an increase in alpha
presence or energy from birth to the seventh month of life, and from early
childhood to adulthood (Donoghue et al., 2020b; Trondle et al., 2022;
Schaworonkow and Voytek, 2021; but see Cellier et al., 2021; Hill et al., 2022),
which speaks for the constant changes of alpha band even when the aperiodic
component is removed from the signal. Nonetheless, classic power ratios in
children are more related to the aperiodic component than to the absolute
power, except when alpha band is included (Donoghue et al., 2020).

1.3.2.2. Brain oscillations and cognitive processes in the first years of life

Oscillatory activity has been related to cognition in both evoked and
rs-EEG protocols in infancy and childhood, especially over frontal areas
(Cuevas & Bell, 2022). To achieve this, three approaches (baseline, evoked,
and baseline vs. evoked) have been used to understand how brain function
relates to cognition and individual differences of efficacy in particular

cognitive processes.

To date, most studies have explored alpha and/or theta bands in
developing samples. These bands has shown their sensitivity to context
stimuli, differentiating between social and non-social, play vs. static, and
room illumination (Anderson et al., 2022; St. John et al., 2016; Stroganova
etal., 1999). Both have been also associated with the cognitive processes
targeted with evoked paradigms, suggesting similar roles for adult

oscillations, albeit at lower frequencies, as described below.
Theta Band

The theta band has been considered an index of cognitive control,
resource allocation, memory, and sustained attention across several
paradigms (Barwick etal., 2012; Cavanagh & Frank, 2014; Fiebelkorn &
Kastner, 2019; Klimesch, 1999; Sauseng et al., 2010). Memory maintenance
and item manipulation triggers theta activity (Klimesch, 1999; Klimesch et al.,

2007), and the allocation of cognitive resources promotes theta
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synchronization (Sauseng, Klimesch, Schabus, etal, 2005; Sauseng,
Klimesch, Stadler, et al., 2005). In addition, observing an error or unexpected
event increases theta power over the frontal-medial areas (Cohen & Donner,
2013; Fu et al., 2023; Ito et al., 2003). Thus, theta plays a central role in EA
processes (Botvinick et al., 2001; Cavanagh & Frank, 2014; Cohen, 2016) as it
has been shown to modulate cognitive control tasks (Cooper et al., 2015;
Eschmann et al., 2018).

Theta band power has had similar functional roles in early
development. In infants, theta power is triggered in anticipatory attention
protocols (Orekhova etal., 1999) and while infants present a sustained
attention state (Stroganova et al., 1998). In addition, recent studies by Xie et
al. (2018) and Brandes-Aitken et al. (2023) provided further evidence of
higher theta power in frontal areas during sustained (vs. inattention) periods
starting from the third month of age. Similarly, theta power increases when
infants watch a dynamic video before 1 year of age (Braithwaite et al., 2020;
Jones et al., 2020) suggesting its early involvement in cognitive resource
allocation. Theta power also increases when infants and children manipulate
objects in either experimental or naturalistic contexts. Remarkably, this is
related to the posterior recognition of the objects, suggesting its involvement
in memory (Begus etal., 2015; Wass et al., 2018). Finally, protocols that
involved error-detection or violation of expectations induce larger theta
power (Berger etal., 2006; Conejero & Rueda, 2018; Koster etal., 2021)

speaking for its role in early conflict monitoring.

At rest, the theta band has been generally related to individual
differences in high-order cognitive processes. However, although a
relationship between cognition and performance has been found, to date the
results have been mixed. In evoked and modulation protocols, higher theta
power appears to be a positive predictor of children’s performance in
memory, EA processes, and intelligence (Begus et al., 2015; Braithwaite et al.,
2020; Jones et al., 2020). On the contrary, studies measuring the absolute and
relative powers in rs-EEG protocols have found an association in the opposite
direction (Cai et al., 2021; Perone et al., 2018; Tan et al., 2023). For instance, a
larger power at rest in early childhood and infancy has been linked to poorer
intelligence at age 18 years (Tan et al., 2023), lower EA performance (Cai
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et al., 2021; Perone & Gartstein, 2019), and worse WM capacity (Maguire &
Schneider, 2019), although this relationship is not always found (Brito et al.,
2016; Maguire & Schneider, 2019; Troller-Renfree et al., 2020).

Alpha band

The alpha band is considered multifaceted owing to its several roles,
and because it is generated in different brain areas (Clayton et al., 2018;
Wang, 2010). Its roles mainly involve processes related to attention and
perception (Klimesch, 2012) by inhibiting the non-relevant brain areas while
guiding the attentional focus (Klimesch etal.,, 2007) and communicating
between brain areas to modulate the activity of other zones (Palva & Palva,
2011; Sadaghiani & Kleinschmidt, 2016). The modulation of perception and
attention via adjusting the activity of other brain areas occur through long-
range connections (Sadaghiani & Kleinschmidt, 2016) and is key in filtering
and inhibition processes (Jensen & Mazaheri, 2010).

In infancy, the power of alpha band is modulated by the cognitive
demands of the paradigm (Bell & Fox, 1997; Cuevas et al., 2012). For instance,
alpha power increases over frontal areas when WM and executive control are
required to complete a task (Cuevas etal, 2012; Wolfe & Bell, 2004).
Additionally, alpha band is desynchronized in sustained (vs. inattentive)
states, suggesting an online modulation of alpha functional activity during
the task period (Xie et al., 2018). Posterior alpha has similar roles with respect
to adult alpha, as its power attenuates when there is illumination in a room
(vs. a dark room) (Stroganova et al., 1999), and it is triggered in anticipatory
attention paradigms, albeit in the opposite direction with respect to adults
(Cuevas & Bell, 2022; Orekhova et al., 2001). These results account for the
early involvement of alpha in attentional processes and suggest a similar role
than adult alpha.

Several studies have linked baseline and task-evoked alpha to
cognitive performance. In general, greater alpha power is a positive predictor
of individual differences in EA (Cuevas & Bell, 2022; Hofstee et al., 2022). For
example, in her studies Bell (2001, 2002) found larger differences between
task-evoked (versus baseline) and better IC performance in infancy. Also, a
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larger alpha at baseline is associated with improved performance in large
cross-sectional and longitudinal analyses (Cuevas et al., 2012; Marcovitch
et al., 2016; Morasch & Bell, 2011; but see Perone & Gartstein, 2019), although
this relationship interacts with the type of task and the effect size is greater
in older children (Hofstee et al., 2022). Additionally, age-related changes in
baseline alpha are positively related to IC in early childhood (Whedon et al.
2020). In fact, given the marked trajectory of the alpha band and its early
involvement in high-order cognitive processes some authors claim that alpha
band is one of the candidates for measuring brain maturation (Cuevas & Bell,
2022).

Beta and gamma frequency bands

Beta and gamma frequency bands have also been related to high-
order cognitive processes, including, but not limited to, WM and EA (e.g.,
Bastos et al., 2020; Lundqvist et al., 2016). These bands have been less studied
in infants because of their sensitivity to motor artifacts. However, previous
studies have linked these bands to children’s cognitive capacity (Saby &
Marshall, 2012). Gamma power over frontal areas seems to be positively
associated with EA (Perone et al., 2018; Tarullo et al., 2017) and language
acquisition (Benasich etal., 2008; Cantiani etal., 2019) in infancy and
childhood. For example, larger gamma power over frontal electrodes (eyes
open) appears to be related to the scores of the Minnesota Executive Function
Scale in childhood (Perone et al., 2018), and gamma power at birth predicts
cognitive outcomes several months later (Brito et al., 2016). Additionally,
both gamma and beta (frontal right) seem to predict better orientation

obtained via part-reported questionnaires (Perone & Garstein, 2019).
Aperiodic activity

Even though studies incorporating the measurement of aperiodic (vs.
oscillatory) activity are still scarce, this activity has been linked to cognitive
performance in both offline and online paradigms. For example, aperiodic
activity has been associated with executive functions (Donoghue et al., 2020)
and processing speed (Pathania et al., 2022). In addition, some studies have

suggested the existence of alterations in the aperiodic exponent in attention
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deficit and hyperactivity disorder (ADHD; Karalunas et al., 2021; Ostlund
et al., 2021). However, the results are somewhat inconsistent when treatment
and age is considered. For instance, Robertson et al. (2019) found larger and
equal slopes in non-medicated and medicated ADHD children (vs. controls),
respectively. On the contrary, other studies has reported reduced slope
(Arnett etal., 2021; Ostlund et al., 2021). Additionally, infants at risk of
autism spectrum disorder (ASD) at 10-mo. presented flatter background
curve in a recent study (Carter Leno et al., 2022). Remarkably, in the same
study the symptomatology was mediated through EA capacity. Larger EA
scores were a protective factor of ASD behaviors. These results suggest the
link between aperiodic activity and cognition in both neurotypical and
children at risk or diagnosed with a neurodevelopmental disorder. Indeed,
as absolute power and power ratios conflate both aperiodic and oscillatory
activity, it is possible that part of the previous results may be explained by

the contribution of aperiodic components.
1.3.2.2. Functional networks development

Brain regions coordinate their activity to flexibly orchestrate
cognitive processes (Buzsaki, 2006; Fries, 2015; Petersen & Posner, 2012),
Therefore, effective communication between brain regions is crucial for
development of attentional mechanisms as this synchronous activity permits
integration between both proximal and distal areas (Buzsaki, 2006; Fries,
2015). However, brain communication is immature at birth, especially in
frontal-parietal circuits that support executive processes (Gilmore et al., 2018;
Vértes & Bullmore, 2015), albeit some recent studies have shown the
involvement of frontal areas in fMRI/fNIRS studies in infancy (Ellis et al.,
2021; Fiske etal., 2022) despite their immaturity (Dehaene-Lambertz &
Spelke, 2015).

Most studies have employed fMRI in asleep infants to study the
development of functional networks because its good spatial resolution and
the possibility to measure metabolic (i.e. BOLD signal) changes over time in
precise brain regions. In addition, in the last decade, graph theory has been
implemented as a reference choice because of the richness of the data it

provides to explore the functional organization of the brain. This framework

51|Page



Chapter 1: Introduction

extends the information of direct connectivity by considering all the brain as
a set of nodes interconnected by edges, which permits a more comprehensive
characterization of the human connectome. Nodes can be voxels of gray
matter, regions of interest, or electrodes, whereas the edges refer to their
synchronization (e.g., BOLD correlation or EEG coherence). Thus, graph
theory provides a common mathematical principle, independent of
neuroimaging techniques, that offers an opportunity to describe functional

network development across studies undertaking a similar framework.

Human functional brain networks present a balance between short-
and long-range communication to integrate proximal and distal areas
(Bassett & Bullmore, 2006, 2017). This topological configuration, called small-
word, optimizes the information flow and reduces the wiring cost of the
network (Achard & Bullmore, 2007). Thus, it presents a trade-off between the
cost of integrating the network and its adaptability (Bullmore & Sporns,
2012). In addition, brain networks nodes group into specialized modules.
Those comprise a group of areas that are highly interconnected to ease the
short-range communication while promoting brain segregation (Alexander-
Bloch et al., 2013). Importantly, modules are interconnected with the other
modules through long-range edges (Salvador et al., 2005). This permits the
efficient integration between specialized zones and helps to orchestrate the
information across the brain (Bullmore & Sporns, 2012). Additionally, the
degree of connections is not evenly distributed. A handful of nodes,
denominated hubs, accounts for a large proportion of the connections
(Guimera & Amaral, 2005). Hubs are crucial to optimize information flow
within- and between- modules (Heuvel & Sporns, 2013) because the existence
of highly interconnected nodes promotes the local and global efficiency of
brain networks (Bullmore & Sporns, 2012).

Several measures can be computed to determine the topological
characteristics of brain networks (Rubinov & Sporns, 2010; see Fig. 1.3.).
These can be mostly divided into segregation and integration properties.
Segregation has been largely evaluated using the clustering coefficient, which
represents the number of triangular connections between three neighbor
nodes (Watts & Strogatz, 1998), while the participation coefficient represents
the percentage of connections within- (vs. between-) modules. The capacity
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to integrate brain information has been measured using the characteristic
path length. It represents the cost of integrating each pair of nodes
considering all the intermediate steps. If we average the path length of every
pairwise connection we obtain the characteristic path length of the network,
and the global efficiency is the inverse of this value (Latora & Marchiori,
2001). Integration and segregation characteristics can be combined to obtain
a single index of the topological properties of the network, the so-called
small-world index (SWI), and small-word propensity (SWP) scores. They
result from normalizing the original clustering and path length values with
random networks (SWI) or random and lattice networks (SWP) to provide a
summary measure. That is, we compare the real distribution of edges to a
network with the edges randomly distributed (random) or placed to promote

the maximum segregation of the net (lattice).

When the network approach has been applied to development,
studies has shown synchronous fluctuations in BOLD activity in preterm
infants, mainly in the primary and sensorimotor areas (Cao etal., 2016;
Fransson et al., 2007; Smyser et al., 2010). At birth, visual and sensorimotor
networks show a great degree of maturation, with a distribution similar to
that of homologous networks in the adult brain (Doria et al., 2010; Fransson
et al.,, 2011). In contrast, higher-order networks, such as visual orientation
and executive progress, are present at birth, but their connectivity patterns
are scarce and fragmented (Gao et al., 2011; Gao, Alcauter, Elton, et al., 2015;
Gao, Alcauter, Smith, et al., 2015). However, by the end of the first year the
orienting networks present a similar pattern of connectivity and they are
anticorrelated to the default mode network (DMN) that it is recruited in
mind-wandering states (Gao et al., 2011, 2013; Power et al., 2010). Executive
networks (i.e., FPN and CON) have shown an even more protracted
developmental trajectory, with evidence of further refinement up to
adulthood (Dosenbach et al.,, 2010; Fair et al.,, 2009; Gao, Alcauter, Elton,
et al., 2015).
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Fig. 1.3. Network topology measures. The measures of integration are represented
in green, whereas those of integration are represented in blue. Red represents
centrality measures, whereas yellow represents patterns of local connectivity.
Extracted with permission from Rubinov & Sporns (2010).

The emergence of functional networks comes with the
reconfiguration of topological network properties (Vértes & Bullmore, 2015;
Zhao et al., 2019; see Fig, 1.4.). Despite of networks presenting a small-world
distribution, hubs, and modules at birth (Asis-Cruz et al., 2015; Cao et al.,
2016; Wen et al.,, 2019), functional networks are still immature. With age,
brain hubs displace from primary to posterior areas, accompanied by gradual
segregation of the modules (Cao etal, 2016; Yin etal, 2019). This
specialization occurs by pruning irrelevant edges between modules and
promoting within-module connectivity (Gao et al., 2011; Wen et al., 2019; Yin
et al., 2019). At the same time, the emergence of long-range connections and
their strengthening permits the connection of previously isolated brain
regions (Vértes & Bullmore, 2015; Zhao et al., 2019). Consequently, the
network capacity to integrate the information increases (Wen et al., 2019).
These refinement processes seem to last at least until middle childhood (Fair
etal., 2009; Fransson et al., 2011), although some authors found no differences
between the first and second years (Gao et al., 2011). Driven by the drastic
reconfiguration and strengthening of the edges, the global efficiency of
information integration in the brain steadily increases until early childhood
(Gao et al., 2011; Wu et al., 2013; but see Cao et al., 2014). Also, evidence has
shown that hubs reach an adult-like distribution around the fifth year of life
(Gao et al.,, 2011; Heuvel & Sporns, 2013).
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Fig. 1.4. Topological network development in infancy and early childhood. (A)
Structural brain network development is well established before birth, and after birth,
it mainly involves the strengthening of long-range connections. (B) Functional brain
development is delayed compared to structural development. However, it followed
a similar, albeit delayed, pattern. Extracted from Zhao et al. (2019) with permission.

One limitation of fMRI studies on connectivity analysis is its low
temporal resolution. However, to date, only a few studies have employed
other neuroimaging techniques to study functional network development in
infancy and early childhood, yielding mixed results. For example, a study
using MEG showed the development of somatosensory networks from
random topology to small-world from infancy to childhood (Berchicci et al.,
2015). In addition, two recent cross-sectional studies have reported
topological variations in network properties with EEG recording. A high-
density EEG study by Xie et al. (2019) found an increment in segregation in
alpha and beta frequency bands from the sixth to the twelfth month of life,
but a reduction in small-world topology. However, Hu et al. (2022) showed
that small-world topology was already present at birth and the rest of
parameters in their study were stable until the second year of life, suggesting
the existence of a stationary period in the development of EEG network
organization. Not supporting this stationarity of topological properties,
changes in integration and segregation properties in EEG networks have
been reported from childhood to adulthood. Specifically, results are
consistent in showing age-related increases in segregation (Boersma et al.,
2011; Miskovic et al., 2015; Smit et al., 2012), whereas both better integration
or worse integration with age has been found (Bathelt et al., 2013; Boersma

et al., 2011, 2013). This may be consequence of the steady increase in strength
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of connections that also present a rapid maturation in the early years (Barry
et al., 2004; Bell & Wolfe, 2007).

Given the involvement of functional networks (Cole et al., 2014;
Marek & Dosenbach, 2018; Petersen & Posner, 2012) and connectivity (Fries,
2015; Palva & Palva, 2011; von Stein & Sarnthein, 2000) in cognition, some
authors have addressed the relationship between executive process capacity,
development, and connectivity parameters. Age-related changes in WM and
EA in childhood are supported by the strengthening of fMRI/fNIRS
connections within the regions of the FPN (Alcauter et al., 2015; Buss et al.,
2014; Buss & Spencer, 2018; Fiske & Holmboe, 2019; Marek et al., 2015). In
addition, from a network perspective, the progressive segregation of brain
structural and functional networks underpins the emergence of executive
control (Baum et al., 2017; Cui et al.,, 2020; Marek et al., 2015, Wang et al.,
2021). Additionally, executive networks are the main contributors to
individual differences in cognitive performance in children (Keller et al.,
2022; Keller, Pines, etal.,, 2023) and executive networks have the largest
weight to predict brain age employing machine learning algorithms
(Dosenbach et al., 2010).

In terms of functional connectivity in specific frequency bands, high-
frequency bands are thought to be involved in local communication, whereas
low-frequency bands support long-range connectivity (Buzsaki, 2006; Marek
& Dosenbach, 2018; von Stein & Sarnthein, 2000). Both alpha and theta
connectivity seem to be modulated by attentional demands. For instance,
internally directed attention appears to strengthen frontoparietal connections
in the alpha band (Kam et al., 2019). Remarkably, theta and alpha band
increase their connection strength when IC is required (vs. baseline state), but
only the theta band can distinguish between reactive or moment-by-moment
(vs. proactive; Braver, 2012) IC (Cooper et al., 2015). Alpha and theta
connectivity are also involved in other attentional processes (Palva & Palva,
2011), memory (Muthukrishnan et al., 2020; Sauseng, Klimesch, Schabus,
et al., 2005), and top-down modulation from anterior to posterior brain areas
(Sadaghiani et al., 2012; Sadaghiani & Kleinschmidt, 2016). Importantly, the

co-activation of executive network areas is linked to the strengthening of
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connections from frontal to posterior areas in alpha band supporting its role

of modulator of lower-order brain areas (Sadaghiani et al., 2012).

Infants show alpha and theta reconfigurations in evoked paradigms.
From the eighth month, alpha connectivity between frontal and parietal areas
increased while infants perform a WM + IC tasks (vs. baseline; Bell, 2001,
2002). This results has been recently replicated in other studies of the same
group (Cuevas et al., 2012). On the other hand, theta band in infants has been
linked to social conditions (Van Der Velde etal.,, 2021). Importantly,
individual differences in alpha predict EA and WM capacities, with larger
differences between evoked and baseline protocols as positive predictors
(Bell & Fox, 1992). In addition, the development of alpha band connectivity
forecasts EA and social competence from infancy to early childhood
(Broomell etal., 2021; Whedon etal., 2016). This also occurs in other
frequency bands, as children’s performance in WM and intelligence is linked
to the efficient integration of posterior and anterior areas in the beta band
(Barnes et al., 2016; Wu et al., 2014).

Cross-sectional studies have also shed light on the relationship
between functional connectome and EA. In general, in resting-state protocols
with MRI, a more segregated yet efficiently integrated network has been
linked to better performance in executive and intelligence tasks (Cole et al.,
2012; Van Den Heuvel et al., 2009; but see Kruschwitz et al., 2018), which also
occurs in EEG recording studies (Knyazev et al., 2017; Langer et al., 2012;
Langeslag et al., 2013). In addition, the balance between segregation and
integration in functional networks appears to be altered in
neurodevelopmental disorders that compromise attention, such as ADHD
(Henry & Cohen, 2019; Konrad & Eickhoff, 2010). For instance, recent studies
have shown more segregated networks in adults and children diagnosed
with ADHD (Ahmadi et al.,, 2021; Ghaderi et al., 2017 but see Ahmadlou
et al., 2012), whereas others have found lower global efficiency in ADHD (Lin
et al.,, 2014).

The results of previous experiments have revealed the significant
changes in functional activity, both in oscillatory/aperiodic energy and the

functional connectivity networks. The changes found in evoked and resting
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state protocols underscores the rapid development of oscillatory and
aperiodic brain function. This is shown in the increase of alpha energy, the
displacement of the peak frequencies, and the similar functional roles of the
frequency band in the evoked paradigms (Anderson & Perone, 2018; Cuevas
& Bell, 2022). Additionally, brain functional networks drastically reconfigure
their connectivity patterns. The orienting networks emerge around the sixth
month of life (Gao et al., 2011) while the executive ones are delineated near
the start of the second year of life (Gao et al., 2015; Gilmore et al., 2018). This
maturation comes with better integration and larger segregation in the first
three years of life, which seem to occur until adulthood in executive networks
(Fair et al., 2009; Zhao et al., 2019).

The refinements of functional networks and oscillatory/aperiodic
activity arguably underpins the development of attentional capacity that also
undergo a profound maturation in the same period. Infants attentional
control is initially driven by the environment, and gradually start to control
volitionally their attentional focus (Hendry et al., 2019; Posner et al., 2014).
Some months latter, they start to adjust their behavior, changing it when
necessary (Conejero & Rueda, 2017; Hendry et al., 2016). The emergence of
the networks responsible for those processes in adults broadly occurs in the
same period. Orienting networks start to be delineated at the sixth month of
life, and executive networks appearance is found in the end of the first year
(Gao et al., 2011; Gao et al., 2015). The latter development of the executive
network aligns with the more protracted development of CF and IC and
supports the early role of orienting networks as a precursor controller system
(Posner et al., 2014). Additionally, the gradual strengthening of frontoparietal
connections supports the emergence of IC and WM in older children, and so
does the progressive segregation of executive networks (Buss & Spencer
2018; Fiske & Holmboe, 2019; Marek et al., 2015).

Given the relevant role of oscillatory activity and functional
connectivity in human cognition (Buzsaki, 2006; Fries, 2015) its development
will probably be linked to EA maturation. With this respect, the gradual
development of alpha and theta band, responsible for attentional and high-
order cognitive processes, will be key in the maturation of attention. In this
sense, presenting a more developed pattern of brain activity (i.e., larger
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alpha, stronger connections) may result in better performance as it possible
reflects the degree to which the brain is ready to exert a particular cognitive
function. However, to testing this hypothesis is necessary to follow-up the
children to explore the cognitive gains and brain function changes with age.
To date, previous research has addressed this relationship mostly in cross-
sectional studies or in older children. Longitudinal neuroimaging studies
that evaluate both EEG measures and fine-grained tasks of attention in the
first years are scarce (e.g., Braitwaite et al., 2020; Tan et al., 2023). Therefore,
further studies combining both is necessary to deepen in the brain-behavior

relationship in the first years of life.
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Chapter 2: Aims and Method

As this thesis is based on a longitudinal study, this chapter presents the goals
and overall method of the study, which are common to the following
experimental chapters. This chapter includes information about the aims of
the thesis, experimental protocols, data preprocessing, and the analysis plan.
Here, we provide a general guide for understanding what we aimed for and
how we did it. Some of the details are repeated to ease the understanding in
each chapter, and the hypotheses explained below are more general than

those in the experimental chapters.

2.1. Aims

This thesis aimed to investigate the development of attention-based
executive processes in infancy and early childhood, emphasizing the
connection between brain function and behavior. The objectives of this

dissertation were as follows:

1. Investigating changes in patterns and functional organization of
brain electrophysiological activity during the first three years of life
and its stability.

2. Examining the development and individual stability of executive
attention (EA) during this early period.

3. Exploring the relationship between brain function and the early

development of EA processes.

Several questions arise from these aims, which can be summarized
into three main categories: developmental change, stability, and the brain-
cognition relationship. That is, we aimed to understand whether measures of
brain function and cognition vary in the first few years of life, whether
individual differences and earlier performance significantly predict later
time points, and how these variables relate to each other. Next, we provided

a more specific focus on each topic.

2.1.1. Brain function development

EEG recordings in baseline protocols have been widely used in
developmental neuroimaging over the past few decades, with previous

studies utilizing the absolute or relative power in standard frequency bands

63|Page



Chapter 2: Aims and Method

to investigate age-related changes. These studies have found significant
developmental changes with age, including rapid maturation of the alpha
band and changes in the low- and high-frequency bands. However, as
discussed in the first chapter, these measurements conflate aperiodic and
oscillatory activities that have different biological properties. This
phenomena may have biased earlier reports on brain development, leading
to reports of oscillatory changes that may not have occurred. To address this
issue, it is important to employ a fine-grained distinction between oscillatory
and aperiodic activity to determine which, if not both, undergoes changes
and correlates with behavior. In the first experimental chapter (Chapter 3A),
we aimed to explore brain function development while isolating oscillatory
and aperiodic parameters and comparing them with age-related changes in
relative power. Based on previous literature, we expected to find an increase
in high frequencies (alpha, beta) and a reduction in low frequencies (theta)
with age in relative power, as well as a flattening of aperiodic background
activity. Generally, we predicted that relative power would conflate both
oscillatory power and aperiodic components. Also, while alpha oscillatory
activity was expected to increase with age, the developmental trajectory of

the oscillatory power in other frequency bands was unclear.

In Chapter 3B, we analyze functional networks using EEG
recordings to investigate brain connectivity development. Our aim was to
explore the development of brain networks using graph theory
measurements, as these measures provide a common framework for
studying brain connectivity and exhibit significant reconfiguration with age.
Most of the existent literature has been based on fMRI experiments and
defined a clear age-related pattern, however few longitudinal studies have
been conducted using EEG yielding mixed results. Thus, to ensure a
comprehensive exploration of network development, we employed a
multiverse  perspective, computing connectivity using different
synchronization measures to examine age-related changes. Our goal was to
explore the specialization and integration of connectivity and its topology
over time, and to assess whether previous results may be explained by the
network construction process. We expected to find different trajectories for
each measure, but the development of the network towards a more mature

pattern in general. We hypothesized that brain networks would develop
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towards a small-world connectivity pattern, promoting both segregation and

efficient integration of information processing.

2.1.2. Flexibility and inhibitory control development

In Chapter 4, we explore the development of EA using two new child-
friendly tasks: early childhood inhibitory touchscreen task (ECITT) and Bee-
Attentive. The ECITT provides information about cognitive flexibility (CF)
and inhibitory control (IC) but does not involve memory load as previous
inhibition paradigms that have been used in infants and toddlers (e.g., A-not-
B). Bee-Attentive combines a Go/NoGo paradigm with a visual-search task.
Thus, it evaluates IC, sustained attention, and focused attention (see below).
In these tasks, we expected a cost when children must withhold a prepotent
answer (IC) to adapt trial by trial flexibly. In the Bee-Attentive task, we
expected poorer performance in trials with a large (versus low) number of
distractors. We also hypothesized that behavioral performance between tasks
will be correlated, which would mean that cognitive performance is stable
over time, and that current processes rely on previous simpler cognitive
skills.

2.1.3. Bain function correlates of cognitive development

In chapters 5A and 5B, we explore whether the organization of
functional activity correlates with individual differences in EA. The aim of
this chapter is to understand whether a more mature pattern of brain function
is positively correlated with children’s cognitive performance. This should
appear as a more segregated yet efficiently integrated network that is related
to better executive attention, while in power we expect higher alpha power

and flatter background to be a positive predictor.

2.2. The BEXAT and EDEXAT Projects

To achieve our goals, we conducted a longitudinal study from
infancy to early childhood. The data included in this thesis are part of the
data collected in two funded projects: the Babies Executive Attention
Development Project (BEXAT) and the Early Development of Executive
Attention Project (EDEXAT). The two projects followed a large cohort of
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infants and they aimed to study the development of attention, brain function,
and their relationship with the environment in five waves: 6, 9, 16, 36, and 48
months of life. In this thesis, we include an analysis up to the fourth session.
By combining these four waves (Fig. 2.1), the project consisted of over 10

tasks, four EEG protocols, and questionnaires. However, we will only detail

the paradigms included in this dissertation.

6 mo. 9 mo. 16 to 18 mo. 36 mo.
- N7 Y- N7 )
Lab. Tasks Lab. Tasks Lab. Tasks Lab. Tasks
Eye-Tracker Eye-Tracker Eye-Tracker EEG
® VSL ® vsL ® vsL ® Baseline
* Gov * Gov ®* Gov ®* ERN
® Shifting ® shifting ® Shifting ® BeeAtt
EEG EEG EEG Behavioral
a ® Baseline ® Baseline * Baseline ® WIPPSI
2 * ERN * ERN * Do
a ® Alertin
E Behavioral Behavioral . Orientigg
0] ® ECITT * ECITT
3 * DoG * DoG
|
QNR. QNR. QNR. QNR.
® SES ® IBQ-VS ® ECBQ-VS ® CBCL
® CHAOS * Lg. * Lg. * BDI
* BDI ® BDI ® SES
® IBQ-VS ® SES ® CBQ
® CHAOS ®* CHAOS
. VAN J\\ J\\ J

Fig. 2.1. Schematic summary of the BEXAT and EDEXAT projects. The figure
displays each one of the behavioral and neuroimaging protocols (Lab. Tasks) and the
questionnaires sent to the families (QNR.) in each session.

2.3. Demographical Information

Infants (initial N = 160) were recruited from nurseries, hospitals, and
advertising in the metropolitan area of Granada (Spain). If families showed
willingness to be included in the study, they were called when the infants
were 6-mo. We followed these families at 9 (n =123), 16-18 (n = 93) and 36-37
(n = 94) months of life. Premature (gestational weeks < 37) and low weight
(birth weight < 2.5 kg) infants were excluded from the analysis (n = 14). We
also excluded infants at a risk of developing neurodevelopmental disorders
(e.g., first degree relatives diagnosed with ADHD; n =4). All families received
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a voucher to be exchanged for a toy in a local store (sessions 1 to 3) or a
payment of 25€ (session 4) in each session. The third session age range was
due to the COVID-19 pandemic, which forced laboratories to interrupt
research activity for several months and obliged us to widen the participant’s

age window for the third session.

Families provided information about their socio-demographic
characteristics, economic status, and mental health (mother). Based on this
information (n =112 at 6 months, n =75 at 16 months, and n =72 at 36 months),
we observed that the majority of children were only exposed to Spanish at
home (84%). Bilingual families mostly talked in English to their children (1 =
7), but there were also parents who spoke Portuguese (1 =1), Euskera (n=1),
Arab (n =1), or German (n = 1). Mothers were the main caregiver, spending
more than 6h per day with her children. The education level of the families
was high, with nearly 60% having a post-compulsory degree (i.e., technical
degree, bachelor’s degree, or higher), and were above the poverty level
according to the National Institute of Statistics (INE; 75%). A ~75% of the
mothers did not have a clinical level of depression, although ~25% were
above the threshold of mild depression or higher, as determined by the BDI-
IT questionnaire. See the Appendix of Chapter 2 for further information.

2.2. Apparatus, Questionnaires and Experimental Task

2.2.1. General structure of the sessions

All sessions included a set of behavioral and eye-tracking recordings.
The first three sessions started with three eye-tracking protocols. The
children then performed behavioral tasks followed by evoked EEG
paradigms. The baseline EEG recording was always the last protocol. The
children were seated over their caregiver’s lap in the 6, 9 and 16 months of
age sessions, while in the 36-mo. session the parents were seated inside the
room. The first session lasted approximately 30 min, while the other sessions
lasted between 1h and 1h 30min including resting between tasks and EEG
preparation. The parents were instructed to not interfere with or interact with
their children. We videotaped all tasks to qualitatively review the register

prior to preprocessing for all behavioral and EEG protocols.

67 |Page



Chapter 2: Aims and Method

2.1.1.1. Behavioral Protocols
The early childhood inhibitory touchscreen task (ECITT)

We employed the ECITT to evaluate EA processes at 9 and 16 months
of life. We used an Apple iPad tablet (screen: 9.7 In; resolution: 2048 x 1536
px) to present the stimuli. The task was programmed by Henrik Dvergsdal
(Holmboe et al., 2021) and is available online (https://ecitt.app).

We followed the standard ECITT protocol described by Hendry et al.
(2021). The session started with a Familiarization Phase to allow infants to
interact with the tablet. In this phase, the experimenter encouraged the
infants to touch a butterfly displayed on a tablet screen. If the child did not
touch it, the experimenter modeled the action and provided positive
feedback when the child imitated him or her. Afterwards, the infants
completed a Practice Block in which a centrally positioned blue button with a
“smiley face” (target button) appeared on the screen, and the experimenter
prompted the infant to touch it. A short animation with music was presented
as positive feedback after the infant tapped the button. This step was used to
create an association between the target and the positive feedback. Once the
infant demonstrated competence in touching the target button, the
Experimental Block was initiated. During the experimental trials (Fig. 2.2), two
blue buttons, one empty (blank button) and one with the “smile face” on it,
were displayed on the sides (right or left) of the screen. The experimenter
gently encouraged the infant to touch the target by saying ‘Can you touch the
smiley face?’. Correct touches were immediately followed by child-friendly
feedback (short cartoon animation with music), whereas the stimuli

remained unchanged following incorrect or off-button touch.

Each infant underwent a single block of 32 experimental trials. The
target button appeared more frequently on one side of the screen (75%
prepotent location) and less frequently on the opposite side (25% inhibitory
location) of the screen. The prepotent location was counterbalanced between
participants but was the same for each infant in the two longitudinal sessions
(at 9 and 16 months of age). The experimental block began with at least three

consecutive prepotent trials to establish an initial tendency. Trial selection
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was pseudo-randomized, allowing a maximum of five prepotent trials in a
row and a maximum of two consecutive inhibitory trials. Infant behavior was
visually coded by the researchers to discard invalid trials (responding
without looking, reaction time below 300ms, and/or parents signaling the
correct answer). Infants were excluded if they did not reach 60% accuracy in
prepotent trials, had fewer than two inhibitory trials, or did not complete at
least 50% of the trials (Lui et al., 2021).

Prepotent Trial

Correct
(Animation)

Prepotent Trial
(No-Switching)

Correct
(Animation)

Inhibitory Trial
(Switching)

Correct
(Animation)

Prepotent Trial
(Switching)

Incorrect
(No animation)

Fig. 2.2. Schematic representation of the ECITT task. The figure displays a sequence
of trials in the experimental block, showing the three types of trial (PS, IS, PNS) and
the feedback provided in hits (vs. errors).

Task performance on the ECITT was measured as the percentage of
correct valid answers under three conditions: Prepotent Non-Switch (PNS),
Prepotent Switch (PS), and Inhibitory Switch (IS). The PNS trials were those
in which the target appeared at a prepotent location as in the previous trial.
In the PS trials, the target appeared at a prepotent location but following a
presentation in the inhibitory location. In the IS trials, the target appeared at
the inhibitory location following the presentation at a prepotent location.
Unlike previous studies using the ECITT, we decided to consider sequential

changes in the target location to disentangle the IC from response-switching
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costs, an effect related to CF and control (Koch et al., 2018). In addition, we
computed two general indices of task performance: the Inhibitory Effect (PS
Accuracy - IS Accuracy) and the Switching Effect (PNS Accuracy — PS
Accuracy). The Inhibitory Effect measures the cost of accuracy owing to
failure to inhibit touching the prepotent location, whereas the Switching
Effect reflects the general costs of changing from one location to another.
Note that the performance indices in our study vary from those used in
previous studies on ECITT (e.g., Hendry et al, 2021). We provide the
behavioral results using the original indices in the Appendix of Chapter 4.

Bee Attentive Task

At 36 months of age, we designed and programmed the Bee-
Attentive task to evaluate executive and focused attention. The task was
programmed in Eprime-2.0 and video recorded with the software of the Brain
Vision Recording 2.0. The stimulus was presented on a 24-inch monitor
(BenQ-XL24T) with a native resolution of 1920x1080 pixels. The answers
were recorded using a Logitech k120 keyboard. The keyboard was covered
to allow only the spacebar to be visible. The children performed the task

while sitting in a chair, approximately 50 cm from the monitor screen.

The Bee-Attentive task combines the Go/NoGo rationale with a visual
search task. This task has the objective of helping the Bee (Go stimulus) collect
honey while avoiding helping the Wasp (NoGo stimulus) because it “stoles
the honey from the Bee.” Apart from the target stimulus, in each trial, the
children must ignore irrelevant distractors (insects) that appear alongside.
The distractor number varied depending on the trial load: low load (1-2

insects) and high load (5-6 insects). The size of the stimuli was 114 x 75 pixels.

All the children started with a Discrimination Block (Fig. 2.3A). In this
block, experimenters showed the children a big picture of the Bee and the
Wasp, and prompted them to express their differences (e.g., the Bee was more
orange-like). Once the differences were noted, the researchers gave the
children smaller pictures of Bee and Wasp. Children were asked to help the
researcher put them where they belonged (i.e., smaller bees with a bigger
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bee). There were 18 pictures in total (9 bees and 9 wasps), which had the same
shape and position than the ones used in the experimental blocks.

Once the children understood the differences between the Bee and
Wasp and correctly sorted the pictures, we started the Instruction Block (Fig.
2.3B). In this block, the experimenter told the children the goal of the game
and instructed them to press the spacebar key when the Bee appeared but
withheld answering if the target was a wasp. The instruction block consisted
of eight trials (4 bees and 4 wasps). In the first four trials, both the Bee and
Wasp appeared alone, and in the remaining four trials, the stimulus was
presented along with the two insects. The sequence was always two bees
followed by two wasps. In each instruction trial, the experimenter asked the
infants what stimulus was on the screen and what they should do,
encouraging them to press the bar in case the Bee was present. In the Wasp
trials, we considered a correct answer if they told us that they should not
press the key after seeing it. In the distractor trials, we instructed the children
to avoid the insects because they were not relevant to the task. In these eight
trials, the stimulus remained on the screen until children answered. Every
time the children correctly responded to the Bee, positive feedback appeared
(sound plus static image of the bee happy appeared for 1s), but if they pressed
the key when the Wasp was present, a negative feedback sound plus an
image of a sad bee was displayed. This block was repeated as many times as
necessary until the children understood the dynamics of the task. Five

children were excluded because they did not understand the instructions.

Once the children understood the task instructions, they proceeded
with a Practice Block. Trials in this block had the same parameters as those in
the Experimental Blocks. Thus, it was designed to make the infants used to the
speed of the task. We encouraged the children to be as fast as possible but, at
the same time, accurate enough to not help the Wasp. This block consisted of
four trials, three bees, and one wasp that was always presented in that order.
The stimulus was to last up to 6s or until the response, with a feedback sound
of 1s, and an inter-stimulus interval randomly selected between .8 and 1.2 s
(Fig. 2.3C). The distractors were randomly selected for either a Low Load
(one to two insects) or a High Load (five to six insects). The practice block
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was repeated the necessary times until the child showed a clear

understanding of the instructions and was used to the task dynamics.

Finally, the Experimental Blocks took place. It consisted of 6 blocks of
20 trials (120 trials, 70% bees and 30% wasps; 50% low load and 50% high
load). The blocks were self-balanced, thus displaying the general proportion
of Go/NoGo and load conditions. Stimulus selection was random with three
exceptions: 1) each block always started with three bees to create a tendency,
2) no more than four bees could appear sequentially, and 3) only two wasp
trials could appear in a row. Between the blocks, the children received
feedback based on their performance. It appeared as a “deposit” of honey
that will fill with honey panels over the blocks. The panels were cumulative,
and the current panels were added to the previously ones, making the

ultimate objective of the “game” fulfilling the “honey deposit.”

The performance on the task was measured by mean accuracy for
each condition (e.g., Go Low load) to measure IC. Focalized attention was
measured using the median RT and the standard deviation of the RT in the
Go Low load (vs. Go High load) conditions. In addition, we computed
performance after committing an error (vs. after a hit) in both RT (slowing
after error; SAE) and accuracy as a measure of response adjustment (i.e. self-
regulation). Finally, sustained attention was measured as the progression of
performance over the experimental blocks. Children must have more than
50% accuracy, and 28 Go and 12 NoGo valid trials (excluded n = 3) to be
included in the analysis. The researcher reviewed the video recordings of the
sessions to determine the validity of the trials. Trials were marked as invalid
when a child answered without looking at the screen, were faster than 200ms,
and/or the parent helped him/her to determine the correct answer.
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Fig. 2.3. Bee-Attentive task protocol. The figure shows the two initial blocks of the
task (A, B) and a sequence of a typical experimental trial with the proportion of
conditions by its side (C).

2.3. Electroencephalography

2.3.1. EEG recording

The resting state consisted of two blocks each one lasting 2 minutes.
During the first block the experimenter used a device that blew soap bubbles,
whereas at the second block a video was presented on the computer screen
showing geometrical shapes and soft music. The presentation screen was the
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same as that used in the Bee Attentive task. In all four sessions, we employed
a high-density EGI geodesic net of 129 channels to record the brain signals.
In the first three sessions, we recorded it using the software Net Station
(Eugene, OR, USA), whereas in the fourth session, we changed the recording
system to Brain Vision Ant Champ Plus (Brain Vision Recorder 2). We
recorded the signal with a 1000 Hz frequency rate and filtered it online with
high-pass (0.1 Hz) and low-pass (100 Hz) filters. The only difference between
the acquisition set-up was in the online reference. As the brain vision system
adapter did not support channel 129 of the EGI net (Cz — vertex reference),
we referenced the signal to Cz in the first three sessions and to electrode 55,
the most proximal in the middle line to Cz, in the fourth session. In the
preprocessing step, the Cz electrode was reintroduced by spherically

interpolating the surrounding electrodes.

2.3.2. EEG preprocessing

To process the EEG signal, we combined the MADE (Debnath et al.,
2020) and APICE (Fl16 et al., 2022) pipelines in EEGlab (see the Appendix Fig.
A2.4 for the scheme of the preprocessing steps). The signal was filtered (FIR;
0.2 -48 Hz), and the boundary electrodes (1 =20) were excluded from further
processing because they were excessively noisy (Fig. 2.4). Global bad
channels (i.e., noisy in most of the register) were then detected using the
EEGIlab plug-in FASTER (Nolan et al., 2010) and removed from the dataset.
Next, we created a copy of the dataset and computed an independent
component analysis (ICA) after clearing the artifacts (high pass filtered to 1
Hz; segmented into 1s epochs; threshold = +1000 uV; activity detected
between 20 and 30 Hz). Bad components were detected using the children’s
version of the ADJUST plugin (Leach et al., 2020), which were copied into the

original dataset and removed from the recording.

Over the continuous EEG data, we detected the “transient bad
moments” with an adaptive threshold based on the power spectrum,
amplitude, and variance of the signal. If these transient bad moments lasted
less than 100ms, the pipeline targeted them using principal components
analysis (PCA) and removed the components that explained up to .90 of the
variances of that brief period. Then, the signal was divided into 5s (power)
or 1s (connectivity) epochs (50% of overlapping), and we redefined the
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“transient bad moments.” The difference in the epoch length was due to the
improved fit of longer epochs in power-spectrum decomposition (Rico-Pico
et al., 2023; Schaworonkow & Voytek, 2021) and the larger reliability found
in short epochs in the connectivity measures (Haartsen et al., 2020). If more
than over the 30 percent of the signal within an epoch was marked as noisy,
the epoch was removed. Otherwise, the channels of transient bad moments
were interpolated within the epoch. Finally, the global bad channels initially
excluded by FASTER were reintroduced using spherical interpolation, and
the signal was re-referenced to the average. Over the remaining epochs, we
applied a £110uV voltage threshold, and in the case of 20% of the channels
surpassed it, the epoch was discarded. Finally, experimenters visually
inspected the segments and removed the bad segments if necessary. Children
with less than 20s or 90s of clean valid data were excluded from power and
connectivity analyses, respectively. In case where children had more than 10
global bad electrodes detected in the step two by FASTER plugin,

participants were also excluded from the analysis (1 = 0).

Fig. 2.4. Geodesic EGI layout
employed in the EEG
recordings. It shows the 129
electrodes filled by cluster: red
(electrodes excluded), dark
brown (central cluster), light
brown (temporal), dark green
(parietal), light green
(occipital), pink (frontal), beige
(frontal pole).
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2.3.3. Power variables: aperiodic and oscillatory/relative power

We obtained the aperiodic and oscillatory parameters using the
Specparam toolbox (Donoghue et al., 2020) through a MATLAB2021a wrapper
(https://github.com/bfbarry/EEGLAB-specparam). This toolbox models the
results of an FFT (1-20 Hz, 0.2 Hz steps) provided by the pop_spectopo
function (Welch’s method — 100% of signal) into aperiodic and oscillatory
power. It considers the power at each frequency to be a combination of

aperiodic and oscillatory activities. The aperiodic activity is defined as:

1)
L(f) = b —log[fx]

where L corresponds to the aperiodic power in each frequency (f), b is the
offset value of the power, and y is the aperiodic exponent. The oscillatory
part consists of a series of Gaussian curves over the aperiodic components,

modeled as:

()

(F —o)?

Gn =a X exp(— 2

)

where a is the logio amplitude of the peak, c is the center frequency (Hz), w is
the standard deviation of the Gaussian (Hz), and F is the vector of
frequencies. Therefore, the power spectrum consists of:

)

N
PSD=L+ZGn

n=0

where the power spectrum (PSD) is the sum of the aperiodic components and

oscillatory Gaussian peaks.

76 |Page



Chapter 2: Aims and Method

The spectral fitting parameters were similar to those employed in
previous infant studies (peak width limits: [2.5 Hz — 12 Hz]; maximum
number of peaks: 5; aperiodic mode: fixed; peak threshold: 2; see
Schaworonkow and Voytek, 2021). To ensure reliability of the results, we
excluded channels with fit values below R?= .95. Infants must had at least
50% of electrodes surpassing that threshold per ROI to be included in the

analysis.

We computed the oscillatory and relative powers in three frequency
bands, theta, alpha, and beta. Alpha and theta frequency ranges were
centered on the infants’ individual alpha (IAF) and theta (ITF) peak
frequencies over the parieto-occipital ROIs. We selected these ROIs and
adapted the frequency ranges because the parieto-occipital area shows larger
reconfiguration in infants when exposed to resting conditions, and the peak
frequency steadily increases in the first years of life (Freschl etal., 2022;
Marshall et al., 2002; Stroganova et al., 1999). After obtaining the IAF and ITF,
we constructed a frequency range considering the full width at half
maximum (FWHM) of the oscillatory Gaussian curve provided by the
Spectparam toolbox for each infant (e.g., IAF + FWHM alpha). The beta band
range was considered to start at the upper limit of the alpha range plus 1 Hz
to 20 Hz (i.e., IAF + FWHM alpha + 1 Hz — 20 Hz) because we did not find
clear beta peaks in the power spectrum, in agreement with the literature (see
Rayson et al., 2022). Frequency bands were indistinctly employed in the

power and connectivity analysis.

To obtain oscillatory power, we subtracted the aperiodic background
curve from the absolute power for each frequency band. The relative power
was computed using the same frequency range as that of the oscillatory
power. However, its computation consisted of dividing the absolute power
of a frequency band by the power of all the power spectra (e.g., alpha absolute
power / 1 to 20 Hz power). Each measurement was calculated per electrode
and averaged over the cluster, excluding the electrodes with goodness of fit
R2< 95. In the case of the IAF and ITF, we excluded electrodes that did not
present a peak.
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2.3.4. Network construction and graph variables

The connectivity measures were computed using the FieldTrip
toolbox (Oostenveld etal., 2011). To estimate the spectral connectivity
between pair of channels we used imaginary coherence (iCoh) and phase lag
index derivates (weighted: wPLI, debiased weighted: dwPLI) because these
measurements are resistant to instantaneous connectivity and therefore
diminish the risk of volume conduction (Bastos & Schoffelen, 2016). The iCoh
measure (Nolte etal, 2004) is the cross-correlation projected over the
imaginary axis and evaluates the proportion of the signal of one electrode
that can be explained by another, including both the signal amplitude and
phase. The PLI and its derivatives (Vinck etal, 2011) capture the
synchronization of the phase independent of the amplitude, and can be

defined as:

PLI = |sign[sin(Ac1>(tk))]|

where the sign is the signum function and the A is the difference in the
imaginary part of the signals’ cross-spectrum between each electrode pair at
the time point ¢ for k timepoints per epoch. | | indicates that the values are
considered absolute; thus, PLI values can range from 0 to 1. Then, the
debiased weighted phase lag index (dwPLlI) is calculated as follows:

©)

(X Ad)* — X Ap?
X182 - X Ad?

dwPLI =

The dwPLI considers the number of epochs to reduce bias by normalizing the

values obtained from the weighted phase-lag index values.

78| Page



Chapter 2: Aims and Method

Once the connectivity matrices were obtained, we used the brain
connectivity toolbox in MATLAB (Rubinov & Sporns, 2010) to compute the
graph parameters, with the exception of small-world propensity (SWP),
which was calculated using the code provided by the authors (Muldoon
et al.,, 2016). Raw adjacency matrix for each band was firstly filtered with a
proportional threshold between .15 and .35 (.05 steps) and normalized or
binarized (Fig. 2.5).

Original Connectivity
Matrix (dwPLlI; PLI, iCoh)

!

(pozijewaou)
pajybram

Fig. 2.5. Pipeline of the network constructions steps. Starting with the original
connectivity matrix, the strongest percentage of connections is kept (proportional
threshold) and their strength can be either retained (weighted) or transformed into a
perfect connection (1; binary). Then the network is constructed, and its metrics
computed.
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Once filtered the networks, we computed the local and global
efficiency of the networks and its general topology (SWP). SWP is computed
by correcting the characteristic path length and clustering efficiency using
random and lattice networks, which maximize long- and short-range

connections, respectively. The SWP is computed as:

d=1- ’ﬁ

where the SWP (@) results from 1 less the square root of the delta clustering
(AC) and path length (AL). Delta clustering and path length can be defined as

follows:

(6)

7)

w w
Clatt_ Cobs

AC= ————M
w w
Clatt_ Crand
)
w w
obs™ Mrand
AL= ~——w—
latt rand

where obs, latt, and rand represent the observed, lattice, and random
networks, respectively, and clustering corresponds to C¥ and the
characteristic path length with L.

We characterized the modularity of the networks by employing
Louvain’s algorithm (Blondel et al., 2008), because it optimizes the network
structure while minimizing the connection between modules. Modularity
was then explored using Newman’s Q (2005) and the segregation of modules
using the participation coefficient (Guimera & Amaral, 2005). Based on the
results of the participation coefficient (P) and within-module z-degree, we
classified the nodes into non-hubs (within-module z-degree < 2.5) and hubs
(within-module z-degree > 2.5) following the guidelines of Guimera and
Amaral (2005):
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e Non-Hubs
o Ultraperipheral (P <.30)
o Peripheral (.30 <P <.62)
o Non-Hub connector (.62 <P <.80)
o Non-Hub kinless (P > .80)
e Hubs

o Provincial hub (P <.30)
o Connector hub (.30 <P <.75)
o Kinless hub (P >.75).

2.4. Analysis Plan

All analyses were conducted using R software v4.2.1 (R Core Team)
in RStudio (RStudio Team, 2020). Data manipulation was conducted using
Tidyverse-related packages (Wickham et al., 2019), and data visualization
was performed using ggplot2 (Wickham, 2016).

2.4.1. Longitudinal development of brain function and behavior

As attrition is common in developmental studies and missing data
might affect the statistical power of the analysis and bias the results (Enders,
2013; Graham, 2009; Matta et al., 2018), we employed maximum likelihood
estimation to address missing values. We included participants with at least
half of the data points with valid data (e.g., two sessions with valid EEG data
and two missing). Missing data was considered when 1) a technical problem
occurred 2) a participant did not attend the session. Little’s test determined
that the data was missing completely at random (Little’s test, #(163) = 1.78, p
= .205). Additional analysis revealed that the socioeconomic status of the
family did not vary between children who attended (vs. missed) the session
at 9-mo. (EEG: F <1; ECITT: F(1,70) = 1.53, p = .22), 16-mo. (EEG: F <1; ECITT
F(1,70) <1), and 36-mo. (EEG: F(1,52) <1).

We employed linear mixed models to explore the longitudinal
changes that occurred in the behavioral and rs-EEG variables (Ime4 package:
Bates et al., 2014). The models were constructed using a bottom-up approach.
First, we fitted the random effects (random intercept vs. random slope of
time) and then added the fixed effects individually. We determined the fittest

model based on the Akaike Information Criteria corrected (AICc), thus
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correcting the fit by the number of independent variables. If the residuals
were non-normally distributed (performance package; Liidecke et al., 2021), we
transformed the data based on the Tucker stair of the ladder transformation
guide and re-ran the models in the first step. We employed the Satterthwaite
approximation to compute the degrees of freedom and Nakagawa et al.

(2017) R? formula for the effect size of conditional and marginal effects.

2.4.2. Stability analysis

The stability analysis consisted of the Spearman’s rank correlation
between each pair of sessions. In the case of rs-EEG, we explored both within-
participants and spatial stability. Spatial stability consists of averaging the
electrode values of all the participants, and then correlating it between
sessions. Within-participant stability correlated the individual values of each

participant of one session with the following one.

2.4.3. Relationship Analysis

When studying the relationship between cognition and brain
function, we employed two different strategies for power and connectivity

because of qualitative differences in the data.

2.4.3.1. Cognition and power variables

Given previous studies on brain power and cognition (e.g., Bell,
2002), we decided to employ the frontal cluster as the ROI for power and
aperiodic components. In addition, we included the IAF and ITF over the
parieto-occipital clusters averaged to address individual differences in the
peak frequency. The glmulti package was used to study the relationship
between ECITT and Bee-Attentive performance and functional brain power.
This package conducts linear regressions by creating all possible
combinations, given the matrix of independent variables, and finds the one
that fits the best to predict the dependent variable. In the ECITT task, we
examined concurrent (e.g., 9-mo EEG predicting 9-mo. ECITT) and
longitudinal (9-mo EEG predicting 16-mo. ECITT) relationships between
brain and behavior. In the case of Bee-Attentive, we only explored concurrent
models. We transformed the raw values in cases where the residuals were

non-normally distributed.
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2.4.3.2. Cognition and functional connectome

As we aimed to introduce several ROIs in the analysis to explore how
the graph property in each area was related to cognitive performance, we
employed partial least squares (PLS) to reduce the dimensionality of the data.
PLS methods are not different from other reduction analyses, such as PCA,
but they maximize the covariance between two or more matrices of data,
identifying the variables that contribute the most to those relationships
(Wold, 1975). PLS methods create a series of components (i.e., latent
variables), in which each variable is loaded with different weights. Therefore,
it provides the opportunity to include several ROIs and frequency bands
simultaneously, while avoiding collinearity problems. PLS analyses were
conducted using the MixOmics package (Rohart etal., 2017) with an
adaptation of the code provided by Johnson et al. (2021) in their study.

We conducted canonical PLS employing the block.pls function to
predict a single variable for our behavioral tasks, thus limiting it to one
component per matrix. We included the topological network properties in
each session as separate matrices of data, and each held information about
network properties divided by ROIs and frequency bands. Therefore, we
employed 3-block and 4-block PLS (canonical, RGCCA, Horst’s scheme) to
study the relationship between ECITT and Bee-Attentive with functional
networks, respectively. We evaluated both the direct (e.g., 6-mo. functional
connectome — PS accuracy) and indirect paths (e.g., 6-mo. functional
connectome is related to PS accuracy through a 9-mo functional connectome).
We determined the significance of the direct paths based on the results of
5000 permutations, whereas the indirect paths and significant weights of the
components were determined by 5000 bootstraps with replacement (Nitzl
et al., 2016; Taylor & MacKinnon, 2012). If the beta coefficient of the direct
paths was withing the 5% extreme values of the permuted distribution, it was
considered significant. Indirect paths and reliable weights were decided
using the 95% ClI of the bootstrap results. If the bootstrap results did not cross
the zero value (i.e., did not flip the sign), they were considered reliable.
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Chapter 3A: EEG Power Development

Both brain structure and function undergo profound changes in the first
years of life, which are related to the emergence and development of
cognitive processes (Gabard-Durnam & McLaughlin, 2020; Gilmore et al.,
2018). Among the techniques that measure brain function,
electroencephalography (EEG) has been widely used to characterize
functional development in infants and toddlers because of its ease of use and
adaptability (Saby & Marshall, 2012).

EEG signals provide information regarding neural oscillations,
reflecting the synchronization and desynchronization of neuronal activation
at different rhythms in both micro- and macro-neural circuits (Buzsaki, 2006;
Buzsaki et al., 2012; Buzsaki & Draguhn, 2004; Cohen, 2017). In infants, EEG
activity is usually recorded at rest (resting-state EEG; rs-EEG) because it
offers information about the intrinsic activity of the brain without task
constraints. As a result, rs-EEG has been widely implemented to explore
brain function development, as it does not require following task instructions
or paying attention to the stimuli. In infants, rs-EEG protocols usually
involve an external source of stimulation (e.g., soap bubbles or stimuli
presented on a screen) to help them to stay as calm as possible (Anderson &
Perone, 2018; Bell & Cuevas, 2012; Saby & Marshall, 2012)

Resting-state EEG provides several measures ranging from signal
energy to connectivity. However, the gold-standard measurement of infant
rs-EEG consist of decomposing the signal to extract power in standard
frequency bands: theta (3-6 Hz), alpha (6-9 Hz), beta (9-20 Hz), and gamma
(+20 Hz; Saby & Marshall, 2012). The power of each frequency band can be
obtained in absolute terms (i.e., the actual value obtained for a particular
frequency) or relative terms when the energy of a particular frequency is
divided by the power of the rest of the signal or frequency bands (e.g., theta—
beta ratio; Anderson & Perone, 2018; Saby & Marshall, 2012).

When the development of rs-EEG is explored during the first years
of life, the relative power is more sensitive than the absolute power because
the latter can be affected by skull changes over the lifespan (Marshall et al.,
2002). In fact, the transition from infancy to toddlerhood is a period of rapid
reconfiguration of relative power in all frequency bands. Evidence suggests

that the relative power in the theta band is higher in younger infants
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(Orekhova et al., 2006). In addition, the alpha peak appears at around the
fourth month of life. It appears as a sudden energy “bump” between 5 and
7Hz, moves toward higher frequencies, and augments its relative power
with age during the first years of life (Clarke et al., 2001; Gasser et al., 1988;
MacNeill et al., 2018; Orekhova et al., 2006; Stroganova et al., 1999; Whedon
et al., 2020). Furthermore, the alpha band relative power appears to show
within-individual stability during infancy (Marshall et al., 2002). Finally,
although research on higher-frequency bands in infants is still scarce, a study
by Tierney et al. (2012) suggested a reduction in frontal beta and gamma
between the fifth and twenty-fourth months of life.

Although previous research suggests that relative power is sensitive
to developmental changes, it only considers the energy of standard frequency
bands, which does not separate background activity (aperiodic) from
oscillatory brain activity (Donoghue, Haller, et al., 2020; He, 2014; Ostlund
et al., 2022; Voytek et al., 2015). In fact, EEG power is a composite of a 1/f-like
curve that accounts for most of the signal (aperiodic background) with some
“bumps” or peaks that appear over it (periodic or oscillatory activity). More
specifically, the aperiodic background curve is defined using two
parameters: offset (power at the lowest frequency of the aperiodic curve) and
slope or exponent of the curve. In contrast, oscillatory brain activity refers to
the frequency of the peaks and energy above the aperiodic curve and has

different generators.

As a result of this conceptualization of EEG power, some authors
argue that developmental variations in absolute and relative power can be
attributed to changes in either the aperiodic or periodic components of the
EEG (Donoghue et al., 2020; Ostlund et al., 2022). Consequently, different
research groups have examined the maturation of aperiodic and oscillatory
components (e.g., Cellier et al., 2021). Recent research has shown an aperiodic
background curve in asleep newborns that flattens from birth to the seventh
month of life (i.e, a reduction in the exponent; Fransson etal., 2013;
Schaworonkow & Voytek, 2021). This pattern is constant as the aperiodic
power curve becomes flatter from the age of three years onward (Hill et al.,
2022; McSweeney et al., 2021; Voytek et al., 2015). Interestingly, the aperiodic

parameters have been linked to cognitive processes and neurodevelopmental
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disorders, which accounts for their biological importance (Demuru &
Fraschini, 2020; Immink et al., 2021; Karalunas et al., 2021; Shuffrey et al.,
2022). Studies on the oscillatory activity of rs-EEGs have focused on the alpha
frequency band. The alpha peak frequency and number of alpha bursts
increase in the first year of life (Schaworonkow & Voytek, 2021), and it
generally increases its energy during childhood, suggesting a rapid
reconfiguration of oscillatory brain activity (Cellier et al., 2021; Hill et al.,
2022; McSweeney et al., 2021).

Cumulative research indicates that relative power is parallel to
changes in the oscillatory and aperiodic components of the EEG.
Consequently, both types of activity likely underlie age-related changes in
relative power. Nevertheless, further research is needed to unveil the
relationship between relative power and aperiodic and oscillatory
components as well as the differential trajectories and stability of the signal
in unexplored periods of the lifespan, such as the transition between infancy
and toddlerhood. Therefore, we employed our longitudinal data based on rs-
EEG in four different waves (at 6, 9, 16, 18, and 36 months of age) to explore
aperiodic and oscillatory changes. We isolated the aperiodic components and
oscillatory power in different standard bands (theta, alpha, and beta) and
compared with the trajectory of relative power. In addition, we assessed the
stability and contributions of oscillatory and aperiodic components to the

relative power.

We expected to replicate the changes in relative power previously
reported: a reduction in the relative power in the theta and beta bands but an
increase in the relative power of the alpha band. We hypothesized similar
trajectories of oscillatory power (versus relative power) and the flattening of
the aperiodic background curve with age. Secondly, we predicted that
measurements across waves would be correlated, indicating that rs-EEG
measurements would be stable during the transition from infancy to early
childhood. Thirdly, we expected that relative power would capture both

aperiodic and oscillatory brain activities.
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3A.2. Results
3A.2.1. Early development of rs-EEG power

We computed the aperiodic and oscillatory activities using the
Specparam toolbox (Donoghue, Haller, et al., 2020). It models the absolute
power as a background curve with Gaussian peaks over it (oscillatory). To
explore developmental trajectories, we employed a linear mixed model,
including Time, Time Squared and Cluster as well as Time x Cluster
interaction as fixed effects. In this analysis, we included the frontal, central,
parietal, and occipital clusters. We included a random intercept and slope in
the time variable for each participant. All information regarding the
participants is shown in Table 3A.1. In the main text of this chapter, we
provide a graphical representation and description of the mean of all the
electrodes included in the analysis and topological maps. See the Appendix

of Chapter 3A for descriptive information on the individual clusters.
3A.2.1.1. Aperiodic parameters development

The exponent of the aperiodic background significantly diminished
(marginal 2= .41, conditional 2= .73; Table 3A.2, and Fig. 3A.1 and Fig. 3A.2)
from the sixth to the thirty-sixth months of life (time: g = -0.25, #(687.50) = -
14.30, p <.001, 95% CI = [-0.28 —-0.22]), reducing the rate of change in the later
months (time squared: §=0.03, (177.63) =6.11, p <.001, 95% CI=[0.02 - 0.04]).
Age-related reduction over the frontal cluster was lower than that over the
central area (f = 0.04, #(691.30) = 4.73, p <.001, 95% CI =[0.02 — 0.06]), but the
other clusters did not differ in the linear trajectory (all ts < 2). Pairwise
comparison revealed a posterior-anterior pattern with larger exponent values
in the occipital than in the rest of the clusters (all zs > 9.65, all ps <.001), equal
values between the parietal and central clusters (z < 1), and lower values in
the frontal cluster than in the other areas (all zs >-9.65, all ps <.001).
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Table 3A.2
Descriptive statistics of the aperiodic parameters.
Parameter Sex 6-mo. 9-mo. 16-mo. 36-mo.
Exponent F 2(025 1.92(0.22) 1.83(0.21) 1.75(0.19)
M 2.03(0.25) 1.93(0.24) 1.88(0.2) 1.78(0.19)
Offset F 1.87(0.26) 1.92(0.23) 1.88 (0.24) 1.82 (0.26)
M 1.91(0.24) 1.94(0.24) 1.97 (0.22) 1.84 (0.25)

Note. F = Female, M = Male. The table displays the mean (standard deviation).

The offset aperiodic parameter (marginal 72 = .54, conditional ? = .83)
did not change over time (time ¢ < 2), but the change rate had a negative
significant quadratic effect (time squared: g =-0.03, #(703.10) = -5.27, p <.001,
95% CI = [-0.05 — -0.02]). Furthermore, the frontal and occipital clusters had
larger linear changes than the central cluster (frontal: § =0.09, {(707.05) =9.67,
p <.001, 95% CI=[0.07 - 0.10]; occipital: § =0.04, £(707.05) = 4.31, p <.001, 95%
CI = [0.02 - 0.06]), but the linear change between the parietal and central
clusters did not differ (f < 2). The frontal area had a larger offset than the
central cluster (z = 2.92, p = .02), but smaller than the parietal and occipital
areas (all zs <-18.77, all ps <.001). The central cluster had a lower offset than
the occipital and parietal areas (all zs <-21.69, all ps <.001), and the occipital
area had a larger offset than the parietal area (z = 24.34, p <.001).
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Fig. 3A.1. Slope and offset aperiodic component development. (A) Aperiodic
exponent and offset development. Each dot corresponds to a participant, whereas the
gray line represents the individual trajectory. (B) Absolute (solid line) and aperiodic
(dashed line) power spectrum per session. The figure displays the mean and 2.5 the
standard error (shaded area).
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Fig. 3A.2. Topological development of the slope and offset aperiodic components.

3A.2.1.2. Oscillatory power development
Theta and Alpha Peaks

The channels with a clear theta peak (marginal 7? = .09, conditional r?
= .61; Table 3A.3) diminished from six months onward (time: g = -0.12,
£(152.18) = -6.22, p < .001, 95% CI = [-0.16 — -0.08]), with a slower reduction
over the frontal cluster (8 = 0.06, #(152.18) = 3.02, p = .003, 95% CI = [0.02 -
0.10]). No other clusters differed in their linear trajectory (all ts < 2).
Furthermore, there were no differences in the percentage of channels with a
theta peak per cluster (all zs < 2.4, all ps > .08), except between the occipital
cluster, which had a lower percentage than the frontal cluster (z =-3.88, p <
.001).

Theta peak frequency (marginal 72=.19, conditional r>=.59; Fig. 3A.3)
increased significantly in this period, pacing down the trajectory in later
sessions (time: p = 0.63, #(518.20) = 9.81, p <.001, 95% CI = [0.50 — 0.75]; time
squared: f =-0.17, #(591.63) = -7.22, p < .001, 95% CI = [-0.21 — -0.12]). The
central and frontal clusters had the same increment rate (¢ < 2), but both the
occipital (B = -0.15, #(627.98) = -4.53, p < .001, 95% CI = [-0.22 — -0.09]) and
parietal (5 =-0.09, £(622.13) = -2.84, p = .046, 95% CI = [-0.15 — -0.03]) clusters
had slower increases in the peak frequency. The frontal cluster had a slower

peak frequency than the rest of the areas (all zs <-3.26, all ps <.01). In addition,
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the central cluster peak frequency was lower than that of the parietal and
occipital areas (all zs < -4.29, all ps < .001), but there were no significant
differences between the occipital and parietal clusters (z <2, p = 68).

The percentage of channels that presented a peak within the alpha
range (marginal 7> = .18, conditional 7> = .57) increased between 6 and 36
months of life (time: f = 0.25, #(734.18) = 8.73, p < .001, 95% CI =[0.19 - 0.30]),
slowing down the increment in later months (time squared: f=-0.08, #(741.58)
=-8.52, p<.001, 95% CI =[-0.10, -0.06]). The increment was faster in the frontal
area (f =0.07, t(718.06) = 4.96, p <.001, 95% CI =[0.04 — 0.10]) and slower over
the occipital cluster (f = -0.03, #(718.06) = -2.04, p = .042, 95% CI = [-0.06 — -
0.00]) than in the central cluster. There were no significant differences

between clusters after correcting for multiple comparisons (all zs < 2).

Alpha peak frequency (marginal 72 = .49, conditional r* = .73)
significantly increased from 6.83 Hz to 8.4 Hz (time: f =1.47, £(716.20) = 17.74,
p <.001, 95% CI = [1.31 — 1.64]) reducing the change rate in the later months
(time squared: (B =-0.34, £(694.41) =-10.83, p <.001, 95% CI = [-0.40 — -0.28]).
We did not find any differences in alpha peak frequency between the clusters
after correcting for pairwise comparisons (all zs <2.07, all ps >.16). See Table
3A.3 and Fig. 3A.3.

Table 3A.3
Descriptive statistics of the power peaks per age.
S 6-mo. 9-mo. 16-mo. 36-mo.
g Freq.  %.  Freq.  %.  Freq.  %.  Freq.
F 087 684 095 721 099 783 096 8.5
Alpha (0.34) (0.9) (0.22) (0.73) (0.12) (0.66) (0.19) (0.68)
M 072 682 081 717 095 782 093 824
(0.45) (1.04) (0.4) (0.91) (0.22) (0.73) (0.26) (0.69)
F 062 398 0.68 4.2 0.56 44 042 438
Theta (0.49) (0.62) (0.47) (0.54) (0.5) (0.45) (0.49) (0.48)
M 0.7 397 076 418 072 426 049 433

(0.46) (0.64) (0.43) (0.58) (0.45) (0.45) (0.5) (0.51)
Note. F = Female, M = Male. The table displays the mean (standard deviation) of the
percentage of electrodes with clear oscillatory peaks and peak frequencies in the
alpha and theta bands.
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Fig. 3A.3. Peak frequency and oscillatory power development. (A) Peak frequency
trajectories in theta and alpha bands. The gray lines represent the individual
trajectories. (B) Oscillatory power development. The solid line represents the average
per session, and the shaded area 2.5 times the standard error.

Theta Oscillatory Power

The oscillatory power in the theta band (marginal r>= .08, conditional
r?> = .68; Table 3A .4, Fig. 3A.4, Fig. 3A.5) neither linearly varied during this
period nor had a significant quadratic effect (time: t < 1; time squared: = -
0.09, 1(686.69) =-1.64, p =101, 95% CI =[-0.19 — 0.02]). However, the occipital
(B =-0.39, £(696.00) = -5.26, p < .001, 95% CI =[-0.54 — -0.25]) and parietal (f =-
0.29, #(696.00) =-3.85, p <.001, 95% CI =[-0.43 — -0.14]) clusters showed a more
negative linear trajectory than the central area, whereas the frontal cluster did
not showed a different linear trajectory when compared to the central cluster
(t <2). Theta oscillatory power did not differ across areas after correcting for
pairwise comparisons (all zs <2.10, all ps > .15).

Alpha Oscillatory Power

Alpha oscillatory power increased significantly in this period
(marginal 7> = .23, conditional 72 = .82) with a faster increment in the first
months, followed by a paced change (time: f =4.76, #(279.05) = 15.87, p < .001,
95% CI = [4.17 — 5.35]; time squared: = -1.44, (703.58) = -13.27, p < .001, 95%
CI =[-1.65 — -1.23]). The frontal cluster had lower oscillatory power than the
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other areas (all zs < -7.05, all ps <.001), with no other significant differences
(all zs <2.44, all ps > .07).

Beta Oscillatory Power

Beta oscillatory power (marginal r> = .21, conditional 72 = .51)
diminished in the study period, with a larger change in the first months (time:
B =-0.72, £(792.10) = -4.05, p < .001, 95% CI = [-1.06 — -0.37]; time squared: =
0.19, t(754.16) = 3.12, p = .002, 95% CI = [0.07 — 0.32]). The frontal cluster
displayed a larger reduction (8 =-0.37, £(694.45) = -3.98, p < .001, 95% CI = [-
0.56 — -0.19]), but no other trajectories varied (all ts < 2). Furthermore, the
frontal cluster had larger power than the other areas (all zs > 8.47, all ps <
.001). In addition, the central and parietal clusters had larger powers than the
occipital clusters (all zs <2.94, all ps <.02), but they did not differ significantly
(z<2).

Theta

Alpha

Beta

Fig. 3A.4. Topological development of oscillatory power.
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Fig. 3A.5. Oscillatory power development per frequency band. Each dot
corresponds to a participant, and the gray lines represent individual trajectories.

3A.2.1.3. Relative power development

Theta Relative Power

The relative power in the theta band (marginal 2 = .34, conditional r?
=.77; Table) significantly decreased with age (time: $=-0.97, £(658.36) =-13.79,
p <.001, 95% CI = [-1.11 - -0.83]) but paced the reduction rate in the later
sessions (time squared: g = 0.21, #(677.26) = 7.74, p < .001, 95% CI = [0.16 —
0.26]). The central cluster presented a larger theta relative power than the rest
of the areas (all zs > 3.44, all ps <.001), without any other significant pairwise
comparison (all zs <2.23, all ps <.11). See Fig. 3A.6 and 3A.7.

Alpha Relative Power

Alpha relative power (marginal 7= .28, conditional 72 = .83) increased
significantly (time: p = 5.14, #(211.08) = 18.58, p <.001, 95% CI = [4.59 — 5.68])
with a negative quadratic effect (time squared: g =-1.55, +(684.37) = -17.47, p
< .001, 95% CI = [-1.72 — -1.37]). The linear trajectory did not interact
significantly with the Cluster variable (all ts <1). The frontal cluster had less
relative power than other areas (all zs < -2.76, all ps < .01), but no other

differences between clusters were found (all zs < 2.20, all ps > .12).
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Fig. 3A.6. Relative power development per frequency band. The gray lines
represent the individual trajectories, and the red line represents the average
trajectory. Each dot corresponds to one participant.
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Fig. 3A.7. Topological development of relative power.
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Chapter 3A: EEG Power Development

Beta Relative Power

The relative power in the beta band (marginal #? = .34, conditional 72
=.63) significantly increased (time: = 0.59, #(771.52) =3.73, p <.001, 95% CI =
[0.28 — 0.90]) with slower change in later sessions (time squared: = -0.14,
t(727.20) = -2.46, p = .014, 95% CI = [-0.26, -0.03]). The occipital ( = 0.27,
t(703.29) =3.29, p = .001, 95% CI = [0.11 — 0.44]) and parietal (§ = 0.26, £(703.29)
=3.12, p=.002, 95% CI =[0.10 — 0.43]) clusters had larger linear changes than
the central cluster, but the frontal area did not vary (t < 1). The frontal cluster
had a larger relative power than the rest of the areas (all zs > 7.88, all ps <
.001), and the central cluster had an increased relative power in comparison
to the parietal and occipital clusters (all zs > 11.51, all ps <.001). No differences

were found between occipital and parietal clusters (z=1.5, p = .44).

3A.2.2. Spatial and within-participant stability

To determine the stability of the electrophysiological measures, we first
conducted Spearman rank correlations in pair waves (e.g., 6-to-9-mo.
sessions) for the electrodes (i.e., spatial stability) in all variables (e.g.,
exponent, offset). If this analysis revealed spatial stability between sessions,
we then conducted intra-individual variability over the average of the
electrodes (i.e., subject values over time). Otherwise, we separately correlated
the inter-individual variability for each cluster. See Table 3A.5 for descriptive

statistics of the sample included in the stability analysis.
3A.2.2.1. Spatial stability

The spatial stability of the aperiodic parameters was high,
independent of the session pair and the variable tested (slope: rs> .91, all ps <
.001; offset: rs >.74, all ps <.001). Furthermore, spatial stability was significant
(rs> .54, all ps < .001; Table 3A.6 and Table 3A.7) for all power parameters
(oscillatory and relative) and frequency bands (theta, alpha, and beta).
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Chapter 3A: EEG Power Development

Table 3A.6
Spatial stability in the relative and oscillatory power.
Waves Theta Alpha Beta
) . 0.78** 0.97%%* 0.92+%*
om0 75.08]  [0.97-098]  [0.91 - 0.93]
Oscillatory 9-mo. — 16-mo 0.84%** 0.98*** 0.87%%*
Power ' " [0.82-0.85] [0.98-098]  [0.86-0.89]
0.71%%% 0.88%++ 0.77%%%
16-mo0. — 36-mo.
6-m0. =360\ 7 074]  [0.86-089]  [074-08]
095+ 0.98*** 0.98***
6-mo. — 9-mmo.
MO-TIMO 10.94-095]  [0.98-0.98]  [0.98-0.99]
Relative o . 0.92%+* 0.98*** 0.96***
Power ' ©[091-093] [0.98-098]  [0.95-0.96]
0.78%+ 0.86%++ 0.84%++
16-mo. =36-mo- 75 0g]  [0.85-0.88]  [0.82- 0.86]

Note. All correlations had N = 109, which was equal to the number of electrodes. The
table displays the Spearman’s rank correlation results [95% CI] obtained by
correlating the average values of the electrodes between the sessions in each
frequency band. Confidence intervals were computed using 1000 bootstrap
replicates. *** p < .001.

Table 3A.7
Spatial stability of the aperiodic components.
Waves Offset Exponent
0.98%** 0.98***
6-mo.-9-mo. ;5 098] [0.98-0.98]
0.74%%+ 0.91%*
-mo. - 16-mo.
-mo.-16-mo. o 6761 [0.9-092]
0.84%* 0.9%+*

16-mo. - 36-mo.
6rmo. -36-m0- 1567 -0.86] [0.89-0.91)

Note. All correlations had N = 109, which was equal to the number of electrodes. The
table displays the Spearman’s rank correlation results [95% CI] obtained by
correlating the average values of the electrodes between the sessions in each
frequency band. Confidence intervals were computed using 1000 bootstrap
replicates. *** p <.001.
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3A.2.2.2. Within-participant stability

Given the high spatial stability, we correlated the individual values
of each participant between sessions. Previous values in aperiodic
components positively predicted the next session in all the pairs of sessions
and condition (rs> .35, all ps <.05). On average, relative power was positively
related between all the pairs of sessions (rs > .37, all ps < .05), except beta
between 9 and 16 months of life (rs=.12, p >.05) and alpha between 16 and 36
months of life (rs = .24, p > .05). Oscillatory power was generally correlated
between sessions in all combinations (rs > .4, all ps <.05). See Tables 3A.7 and
3A.8.

3A.2.3. Aperiodic and oscillatory contributions to the relative power

We used a hierarchical linear mixed model to study the contributions
of aperiodic and oscillatory powers to relative power, including Time and
Time Squared, to control for age-related changes. The models were
constructed using a bottom-up strategy, first testing the aperiodic
contribution (offset and exponent), and then the oscillatory power. We
selected the fittest model based on the AICc.

The theta band (marginal r? = .83, conditional r? = .89) was positively
related to the exponent (f = 1.50, #(305.99) = 9.58, p <.001, 95% CI = [1.19 -
1.81]) and oscillatory power (= 0.38, #(303.12) = 24.59, p <.001, 95% CI=[0.35
—0.41]), but not with the offset (t <1). Alpha relative power (marginal r? = .49,
conditional r? = .60) was only significantly predicted by oscillatory power (
=0.36, #(268.75) = 8.68, p <.001, 95% CI = [0.28 — 0.44]; aperiodic parameters:
all ts < 2). Finally, relative power in the beta band (marginal 12 = .59,
conditional r? =.70) was positively related to beta oscillatory power (f =0.52,
£(305.83) = 13.53, p <.001, 95% CI = [.44, - .59]), but negatively related to both
offset ( = -1.71, #(282.91) = -5.14, p < .001, 95% CI = [-2.36 — -1.06]) and
exponent (B =-2.87, 1(297.43) =-7.84, p <.001, 95% CI =[-3.59 —-2.15]) aperiodic

components.
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Table 3A.8
Within-participant stability in relative and oscillatory power.
Waves n Theta Alpha Beta
0.59%+* 0.58%%* 0.41%
“mo. —9-mo. 7
6-mo. =9-mo. 79 1053.063] [053-063] [0.34-047]
Osc. 0.33* 0.6 0.41*
Power M-~ 16m0- 3900 042]  [052-0.67]  [0.31-05]
0.53* 0.44* 0.44*
16-mo0. — 36-mo0.
omo-—36m0. 30 1043 062]  [033-054]  [0.33-0.54]
0.49%+* 0.33* 0.47%%%
6-mo. — 9-mo. 79
0. = Immo [042-054]  [026-04]  [0.4-0.52]
Rel. 0.45% 0.41% 0.31
9-mo. — 16-mo. 39
Power 1o = 2bmo [036-053]  [031-05] [0.21-0.41]
0.43* 0.23 0.37*

16-mo. =36-mo.
6-mo. —-36-mo. 30 [0.32 - 0.53] [0.1-0.35] [0.25-0.47]

Note. Osc. = Oscillatory, Rel. = Relative. The table displays Spearman’s rank
correlation results [95% CI]. Confidence intervals were computed using 1000
bootstrap replicates. * p <.05. ** p <.01. *** p <.001.

Table 3A.9
Within-participant stability in aperiodic components.
Waves Offset Exponent
6-m0. - 9-mM0. 0.56*** 0.57***
[0.51-0.61] [0.52-0.62]
0.42** 0.36*
9-mo.-16-mo. > 051] [0.26-0.45]
0.63*** 0.36%

16-mo. - 36-mo.
6-mo.-36-mo. o5 0.71] [0.26 - 0.45]

Note. The table displays Spearman’s rank correlation results [95% CI]. Confidence
intervals were computed using 1000 bootstrap replicates. * p <.05. ** p < .01. ** p <
.001.
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3A.3. Discussion

The goal of this study was to understand the developmental
trajectory of relative power, oscillatory, and aperiodic components and
evaluate their stability in baseline rs-EEG in infants. In addition, we
examined the contributions of the oscillatory power and aperiodic exponent
and offset to relative power. Our results replicated earlier results (e.g.,
reduction in theta relative power) and expanded previous findings
suggesting differential developmental curves when power was isolated from
an aperiodic background. Additionally, the relative, oscillatory, and
aperiodic components were stable across sessions, suggesting a large within-
participant relationship with age. Finally, only alpha oscillatory activity was
the main predictor of relative power, whereas the other bands incorporated

aperiodic components.

3A.3.1. EEG power development

The offset did not change with age in our study, whereas the
aperiodic exponent decreased with age in the four waves, slowing down the
reduction change over time. This supports previous results in infants and
children as well as the initial hypothesis, and signals a marked trajectory in
the first years of life of the aperiodic exponent (Cellier et al., 2021; Donoghue,
Haller, et al., 2020; Hill et al., 2022; McSweeney et al., 2021; Schaworonkow &
Voytek, 2021; Voytek et al., 2015).

Our results showed that the aperiodic background curve flattens
between 6 and 36 months of age (i.e., aperiodic curve power decays slower in
older children). This suggests a change toward more excitatory activity in the
excitatory/inhibitory balance (Gao et al., 2017; Voytek & Knight, 2015), which
has been proven from adolescence to adulthood (Perica etal., 2022).
Interestingly, the exponent and offset displayed an anterior-posterior pattern
with larger intercepts in the posterior areas and a steeper aperiodic power
curve. This may be related to protracted development in the frontal areas.

Contrary to our general prediction of similar development of relative
power and oscillatory power, the development of relative power compared
with periodic power displayed variations in theta and beta bands, and only

was similar in the alpha band. First, the relative power in theta diminished
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between 6 and 36 months of age, whereas theta oscillatory power did not
exhibit age-related changes. Similarly, beta relative power increased with
age, whereas oscillatory power diminished during the same period.
Additionally, the channels with a clear alpha peak augmented in the studied
period, whereas both the alpha and theta peaks increased the peak frequency.
This is probably related to the maturation of the white matter, as previously
suggested (Caffarra et al., 2022).

The developmental trajectories in relative power were similar to
those in previous experiments with infants: a reduction in theta relative
power and an increment in alpha relative power (Marshall et al.,, 2002;
Orekhova et al., 2006; Stroganova et al., 1999). However, the beta results
aligned with those of other studies that found an increase in absolute power
(Wilkinson et al., 2023) but differed from to those of Tierney et al. (2012) that
found a reduction of beta relative power. One difference is the nature of the
relative power (vs. absolute), as well as the range employed (we removed
from 21 Hz onward), which may explain the differences between our study

and Tierney et al. (2012) findings.

When we isolated the oscillatory power over the power spectrum,
only the alpha band showed the same results as in the earlier experiments
with relative and absolute power (e.g., Marshall et al., 2002). This increment
is consistent with age-related variations in the burst activity of the alpha band
(Schaworonkow & Voytek, 2021). Additionally, the peak frequency in our
study remained in the so called infant alpha range (Marshall et al., 2002;
Orekhova et al., 2001; Stroganova et al., 1999) and given the trajectory found,
alpha peak will likely achieve adult frequencies in childhood as found in
previous experiments (Cellier et al., 2021; Freschl et al., 2022). One general
aspect of relative and oscillatory power in our study was the quadratic shape
of the developmental curves. Other studies have found larger changes in the
tirst few months, followed by a reduction in the maturation rate. This has
leaded to suggest the presence of two different developmental slopes
(Bethlehem et al., 2022; Wilkinson et al., 2023).
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3A.3.2. EEG power stability

The aperiodic measures were generally stable, with the distribution
of values across electrodes and individual differences being constant
throughout the sessions. Like the aperiodic components, rs-EEG relative and
oscillatory power measurements were stable during the transition between
infancy and early childhood. This stability was both spatial and within-
participant, with only a few exceptions between the second and third (beta
relative) and the third and fourth (alpha relative) sessions. This shows that
earlier power distribution is a good predictor of the functional activity
topology of the following sessions and that individual values are somehow
predictive of future brain activity. Therefore, rs-EEG measures might be
considered a fingerprint of individual brain activity (Demuru & Fraschini,
2020).

The stability results found aligns with previous research showing the
stability of alpha relative power between 10 and 14 months and between 14
and 24 months of age, but not between 5 and 10 months of age (Marshall et
al., 2002). These differences might be due to the increase in the age at the first
session (from 5 to 6 months), which suggests that the EEG becomes more
stable during this period. Another plausible explanation is the computation
of the frequency range for each band. We focused on the alpha and theta
peaks to capture inter-individual variability in our sample. For this reason,
we computed the area around the peak based on the FWHM of each peak
and children with a resolution of 0.2 Hz. This might have contributed to
determining the stability between sessions, as each participant had its own
frequency range in each band and this method also considered the Gaussian
curve shape above the aperiodic background curve. In fact, the Gaussian
width changes depending on the burst and rhythmic properties of the
frequency (Ede et al., 2018). Thus, this range construction also accounts for
the type of oscillation underlying the power spectrum to some extent.

The fact that the aperiodic power was more stable than the relative
power supports the idea of the sensitivity of these measurements to
individual variations and their distinctiveness in adults (Demuru and
Fraschini, 2020). However, the lack of correlation between months 9-months-
old and 16-months-old and 16-months-old to 36-months-old may be due to
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the sample size of those analyses and the separation between sessions (e.g., n

9 to 16 months = 32)

3A.3.3. Contributions of aperiodic and oscillatory activity to relative power

The relative power was a mixture of oscillatory and aperiodic
components in most frequency bands. Theta and beta relative powers were
predicted by the exponent (theta) and both the exponent and offset in the case
of beta band. Only alpha was explained by oscillatory power, without
considering the contribution of other aperiodic components. Therefore, the
relative power captured the oscillations above the aperiodic background
activity; however, this was usually a mixture of aperiodic and periodic

power.

Our results are consistent with those of an earlier study by Donoghue
et al. (2020). They compared the correlation between aperiodic parameters
and periodic power to several power ratios (e.g., theta/beta) with data from
the MIPDB project and found that alpha ratios were more correlated with the
direct power of alpha than aperiodic parameters; however, the opposite
pattern appeared when the ratios did not include the alpha frequency band
(e.g., theta/beta).

Our results also indicate that age-related changes in alpha power
might bias the results of the rest of the frequency bands when computing
relative power. In other words, the large increment in alpha energy seen in
early development probably overshadows age-related changes in the

periodic power of other frequency bands when the relative power is used.

3A.3.4. Limitations

The current study focused on the early development of rs-EEG power
in different frequency bands, disentangling the aperiodic and oscillatory
components from the theta to beta bands. Therefore, our range of frequencies
was narrower than that in other studies with adults and children, as we were
forced to remove +20 Hz owing to artifacts (see Rico-Picd etal., 2023 to
explore these details). This is a constant problem in awake infant
neuroimaging studies, as previous experiments has also found better fits

after removing high-frequency bands (e.g., Schaworonkow & Voytek, 2021).
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However, studies on asleep infants did not present these artifacts, revealing
the difficulty of this study (Fransson et al., 2013).

Regarding the preprocessing, we wanted to compare the oscillatory
power and aperiodic components of the signal to relative power in a classical
approach. We anchored the frequency to the ITF and IAF over the corrected
power spectrum by removing the aperiodic components, but we did not find
a beta peak. Other studies have employed lagged-coherence measurements
to reveal the beta peak, as it is less sensitive to muscular noise (Rayson et al.,
2022). Additionally, even when we considered the brain power to be
oscillatory and aperiodic, we assumed that the rs-EEG is a stationary signal.
It is well known that the shapes of waves differ in each frequency band (Cole
& Voytek, 2019). There is the possibility that our approach might be
insufficient for capturing all the properties of the oscillatory power. In
addition, oscillatory activity occurs in both sustained and phasic ways (Zich
et al., 2020), and the amplitude of the burst may vary differently from the
oscillatory power, even when the aperiodic background is removed. We

explore these possibilities in the Appendix of Chapter 3A.

As infant protocols usually incorporate an active baseline, they
cannot be considered to be purely at rest (Camacho et al., 2020). In fact, there
are differences in oscillatory power development between open- and closed-
eye development (Hill et al., 2022). Although this might be beneficial because
an active baseline likely captures the general cognitive state when infants are
awake, it hinders the comparison with adult rs-EEG studies. Complementing
EEG recordings with other behavioral and peripheral registers could provide
valuable insights to increase comparability between lifespan periods (Xie
et al.,, 2018).

3A.4. Conclusion

Computing the relative power is one of the most common choices for
studying rs-EEG signals in young samples. Patterns of the relative power of
different frequency bands show rapid changes in the early years of life and
are associated with the risk of cognitive development and
neurodevelopmental disorders. Although it is usually assumed that the

relative power purely represents oscillatory activity, the EEG signal conflates
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aperiodic activity. Our results indicated that relative power development is
partially driven by age-related changes in aperiodic activity, at least during
the transition from infancy to early childhood. Therefore, the relative power
probably captures both the aperiodic and oscillatory activities of the EEG
power instead of the putative oscillations. This highlights the necessity of
incorporating more fine-grained measurements of EEG power to unveil the
mechanism underlying brain maturation and its relationship to cognitive

processes.
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Chapter 3B: EEG Connectome Development

During the first three years of life, the human brain undergoes profound
structural and functional changes (Collin & Heuvel, 2013; Gilmore et al,,
2018). In the first postnatal month, brain volume and gray matter
dramatically increase (Bethlehem etal., 2022; Knickmeyer, 2008) with
unparallel changes in white matter (Miller, 2012; Ouyang et al., 2019, 2019).
Changes in white matter paths result in the refinement of structural circuitry
(Dubois, 2014; Stephens et al., 2020) followed by the emergence of functional
brain networks (Gilmore et al., 2018; Vértes & Bullmore, 2015; Zhao, Xu,
etal., 2019).

The study of functional network development has proliferated
rapidly, owing to advances in neuroimaging techniques. In recent decades,
the connectome concept of the human brain has also helped unveil the age-
related reorganization of functional networks. This framework employs the
graph theory to determine the topological properties of brain networks
(Watts & Strogatz, 1998). It considers the brain as a group of nodes (e.g., gray
matter, sensors) interconnected by edges (e.g., co-fluctuation of BOLD signal,
coherence), which permits the use of common mathematical principles

independently of the network scale.

The human brain possesses non-trivial topological characteristics
that promote its efficiency (Bullmore & Sporns, 2012), including small-world
architecture (Achard & Bullmore, 2007; Bassett & Bullmore, 2017; Vaessen
et al.,, 2010), modular distribution (Alexander-Bloch et al., 2013; Salvador
et al., 2005), and hub presence (He & Evans, 2010; van den Heuvel & Sporns,
2013; Tomasi & Volkow, 2011). Brain network connections are mostly short-
range (vs. long-range), clustered within proximal areas to create specialized
modules that are connected by long-range edges (Salvador et al., 2005). This
maintains an optimal balance between wiring cost and flow integration
(Bullmore & Sporns, 2012). Furthermore, most edges pass through a handful
of nodes (hubs) that account for most of the connections and are
interconnected between them. This permits the rapid and flexible
reconfiguration of functional networks throughout the so-called rich-blub
community (van den Heuvel & Sporns, 2011)

Functional networks emergence has been mainly explored using
fMRI technique in the first years of life (Grayson & Fair, 2017; Vértes &
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Bullmore, 2015). There is evidence that BOLD signal between brain areas co-
fluctuate functionally in preterm infants at birth (Fransson etal., 2007;
Smyser et al., 2010). However, the resultant networks are fragmented, except
for the primary networks that are already delineated in neonates (Cao et al.,
2017; Fransson et al., 2011). However, high-order networks gradually emerge
in the first two years of life (Gao, Alcauter, Elton, et al., 2015; Gao, Alcauter,
Smith, et al., 2015; Power et al., 2010), albeit with further refinements beyond
early childhood (Dosenbach etal.,, 2010; Fair etal.,, 2009). At birth, the
functional networks of neonates already follow a small-world topology
(Asis-Cruz et al., 2015), are separated into modules (Wen et al., 2019), and
possess hubs, whilst placed in more posterior areas in comparison to adults
(Ball et al., 2014; Cao et al., 2016). In the following months, the brain modules
became more segregated while reinforcing hub connections (Ball et al., 2014).
This process results in an increase in clustering/local and global efficiency in
the first few years (Zhao et al., 2019), which expands beyond childhood (Cao
et al., 2014; Fair et al., 2008, 2009).

One limitation of fMRI is its low temporal resolution. Brain function
occurs at different frequency speeds, creating micro- and macroscale
functional circuits through coherence and phase synchrony (Buzsaki, 2006;
Fries, 2015; Vinck et al., 2023). Furthermore, due to the invasiveness of fMRI
(versus EEG/NIRS), most studies have been conducted in slept/sedated
infants. As a consequence, functional networks in fMRI resemble more to
those of sleep (vs. awake) adults (Mitra et al., 2017). Therefore, alternative

techniques such as EEG may complement previous fMRI studies.

To date, few studies have explored early connectome development
using EEG (e.g., Xie et al., 2019). EEG networks in neonates display clustered
connections over the anterior and posterior areas, and present a small-world-
like topology (Omidvarnia et al., 2014; Toth et al., 2017). Additionally, classic
studies on the connectivity strength unveiled increases in the coherence
between electrodes during development (Barry et al., 2004; Chu et al., 2015).
However, the development of EEG connectome in the first few years of life
remains unclear. Only two cross-sectional studies have explored this, with
one finding a refinement in segregation and small-world (Xie et al., 2019) and
other stable connectome parameters (Hu et al., 2022). Results beyond early
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childhood are also mixed, reporting a larger segregation with age (Boersma
et al.,, 2011; Kav¢ic et al., 2023) but either an improvement or decrease in
integration cost depending on network construction choices (Miskovic et al.,
2015; Smit et al., 2012, 2016).

Previous evidence suggests rapid changes in EEG networks with age,
but current evidence is limited. In addition, studies have varied in electrode
number and connectivity measures and were cross-sectional, which may
have promoted previous inconsistencies. In this study, we addressed these
limitations by performing a multiverse analysis of a longitudinal sample
from infancy to early childhood. We then delineated the development of a
functional network with the most consistent results obtained in the
multiverse. We expected different trajectories according to the connectivity
measures despite a general increase in connectivity strength. We further
hypothesized the development of the functional networks towards a more
segregated and modular yet efficiently integrated pattern of connectivity but
only in some connectivity measures. Finally, we predicted that networks will
be modular a present a small-world topology, and this topology will be
promoted with the efficiency changes, but depending on the construction

parameters of the network.

3B.2. Results

From the longitudinal sample, we included children who had at least
two waves with valid data and two missing (valid N = 85) waves among the
four waves included in the study (Table 3B.1; see also Appendix Fig. A3B.1
and Table A3B.1). The baseline EEG data were recorded using a high-density
geodesic net. We then computed connectivity based on the phase lag (dwPLI
and wPLI; Stam et al., 2007; Vinck et al., 2011) and imaginary coherence
(iCoh; Nolte et al.,, 2004) measurements (Bastos & Schoffelen, 2016). We
explored age-related changes in edge strength and network efficiency (global
and local; Latora & Marchiori, 2001), small-world propensity (Muldoon et al.,
2016), participation coefficient (Guimera & Amaral, 2005), and modularity
(Newman, 2006) for a network density ranging from .15 to .35 with .05
increments. First we conducted a multiverse analysis (Fig. 3B.1) and then
delineated the development of the network with the largest age-related

changes.
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Chapter 3B: EEG Connectome Development

Fig. 3B.1. Multiverse analysis of network development. The figure displays the t-
values of the time fixed effect in the linear mixed models divided by network
parameters, band, and connectivity measures in the weighted (top) and binary
(bottom) networks. Str. = strength, Ge = global efficiency, Le =local efficiency, SWP =
small-world propensity, Modules = number of modules, P = Participation Coefficient,

Q =Modularity. * p <.05, ** p < .01, ** p <.001.
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Chapter 3B: EEG Connectome Development

3B.2.1. Development of electrophysiological brain network: a multiverse
approach

Age-related network changes was explored using linear mixed
models, including Time, and Time Squared as fixed effects, and subjects as
random intercepts. We report the t-value statistic of the linear change as a
proxy for time variations in Fig. 3B.1 (see Fig. A3B.2 in the Appendix of
Chapter 3B). Connectivity strength increased in iCoh and PLI (alpha and
beta) but remained constant in dwPLI. Both PLI and iCoh showed similar
increases in global and local efficiencies. Small-world propensity increased
in PLI/dwPLI (theta) and decreased in iCoh in the theta band. The
participation coefficient of the nodes decreased in the iCoh measures, but not
in the dwPLI/PLI measures. The number of modules and modularity did not
change with age.

Binary networks showed similar patterns in participation coefficient
and small-world propensity. However, local, and global efficiencies
decreased in coherence-based binary networks and the PLI/dwPLI efficiency
measures remained stable. Given the larger reconfiguration found in iCoh,
we selected this connectivity measure (density = .25, weighted edges) to

further analyze the development of electrophysiological networks.

3B.2.2. Network efficiency, centrality, and small-world topology
development

The coherence-based network topology (Fig. 3B.2) presented two
clusters over the posterior and frontal areas connected by long-range
connections in alpha and theta, whereas beta band connectivity had a sparser
connection pattern. The node degree and betweenness centrality (Fig. 3B.3)
distribution was truncated to lower values, with a handful of nodes
accounting for most connections in all frequency bands. The network

descriptives can be found in Appendix Table A3B.2.
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Fig. 3B.2. Network
topology development.
The figure displays
pairwise connections of
the top 25% of edges in
the iCoh connectivity
matrix averaged over the
participants. Colors
represent the strength of
the connections, while
the size of the nodes the
degree. Lighter edges
(vs. blacker or browner)
represent stronger
connections, and a larger
node size indicates a
higher node degree.

Fig. 3B.3. Node degree and
betweenness centrality. The
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Global Efficiency

The global efficiency (Fig. 3B.4 and Fig. 3B.5) increased with a
negative quadratic effect in all the frequency bands: theta (marginal R?>=.12,
conditional R?=.34; time: § = 0.03, #(160.32) = 5.59, p <.001, 95% CI = [0.02 -
0.04]; time squared: g = -0.01, #(164.34) = -4.91, p < .001, 95% CI = [-0.01 — -
0.01]), alpha (marginal R?=.17, conditional R?= .41; time: = 0.04, £(159.38) =
6.35, p <.001, 95% CI =[0.03 — 0.05]; time squared: g = -0.01, #(163.05) =-5.17,
p <.001, 95% CI =[-0.02 — -0.01]), and beta (marginal R?= .33, conditional R?=
.54; time: $=0.04, £(115.84) =6.87, p <.001, 95% CI=[0.03 — 0.06]; time squared:
p=-0.01, £(118.63) = -4.44, p <.001, 95% CI =[-0.02 —-0.01]).

Local Efficiency

The local efficiency (Fig. 3B.4 and Fig. 3B.5) linearly augmented with
a negative quadratic effect independently of the frequency band studied:
theta (marginal R?= .16, conditional R?=.81; time: § = 0.06, £(59.36) = 9.50, p <
.001, 95% CI = [0.05 — 0.08]; time squared: = -0.02, #(983.44) = -9.63, p < .001,
95% CI =[-0.02 —-0.02]), alpha (marginal R?=.15, conditional R?>=.90 ; time: 8
=0.08, t(60.76) = 10.06, p <.001, 95% CI =[0.07 — 0.10]; time squared:  =-0.02,
t(1278.20) = -11.65, p < .001, 95% CI = [-0.03 - -0.02]), and beta (marginal R?=
.24, conditional R?=.85; time: = 0.09, (64.60) = 13.30, p <.001, 95% CI=[0.08
- 0.11]; time squared: g =-0.02, £(1095.17) = -11.86, p <.001, 95% CI =[-0.03 — -
0.02]). In the theta band, the temporal area had a larger linear increase than
the rest of the clusters (8 =0.01, £(1031.70) =2.68, p =.007, 95% CI =[0.0 - 0.01]),
but no other differences were found (ts < 2). In the alpha band, the frontal
and frontal-pole areas had smaller increments than the central cluster (f = [-
0.01 —-0.02], all ts(1086.76) = -2.22, all ps <.027, 95% CI =[-0.02 —-0.00]), while
the temporal cluster displayed the opposite pattern (5 =0.01, (1086.76) = 2.08,
p =.038, 95% CI =[0.00 — 0.01]). No other interactions were significant (all ts
< 2). In the beta band, we did not find any significant interactions between

cluster and time (all ts < 2).
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Fig. 3B.4. Network global and local efficiency development. The figure shows the
global (top) and local (bottom) efficiency maturation in each frequency band. Each
participant corresponds to a dot and the gray lines represent individual trajectories.

Local efficiency varied across clusters in the theta band. The temporal
cluster did not vary in local efficiency when compared to the frontal area (z =
1.70, p = .53) and the parietal area did not differ from the central area (z = -
2.23, p = .229). In addition, the central and parietal areas had smaller local
efficiency than the other clusters (all zs < -7.64, all ps < .001), while the
temporal and frontal clusters had smaller values than the occipital and
frontal-pole areas (all zs < -7.47, all ps <.001). Finally, the frontal pole had a
larger local efficiency than the occipital cluster (z =2.96, p =.04).

Alpha band local efficiency distribution analysis revealed no
differences between the frontal, temporal, and occipital areas (all zs <2, all ps
> .42). Those clusters in alpha had larger values than the central and parietal
areas (all zs > 9.46, all ps < .001), but smaller values than the frontal-pole
cluster (all zs <-9.48, all ps < .001). The frontal-pole cluster had larger values
than the central and parietal areas (zs >20.91, all ps <001), whereas the central
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cluster had lower local efficiency scores than the parietal cluster (z =-6.70, p
<.001).

In the beta band, the occipital, frontal pole, and temporal regions did
not differ (all zs <2.40, all ps >.14), but the frontal pole had larger values than
the temporal cluster (z =4.26, p <.001). These three clusters had a larger local
efficiency than the rest or areas (all zs >4.25, all ps <.001), whereas the frontal
cluster had a larger local efficiency than the central and parietal clusters (all
zs > 3, all ps < .03). The central cluster had augmented local efficiency

compared with the parietal cluster (z =3.10, p = .02).

Local Efficiency Global Efficiency

Theta

Alpha

Beta

0.4 05 025 03 035
Fig. 3B.5. Development of network efficiency topology. This figure shows the global
and local efficiency parameters averaged over the participants across the electrodes.
Note that, as the global efficiency formula does not provide a value per electrode, we
consider global efficiency as 1/(Avg. Path length of the node). This formula is
equivalent to global efficiency when removed the summatory of all the electrodes.

Network Centrality

The values of the maximum betweenness centrality (Fig. 3B.6 and Fig.
3B.7) did not change over time, independent of the frequency band: theta
(marginal R? = .01, conditional R? = .14; t < 2), alpha (marginal R?= .01,
conditional R?= .03; t < 2), and beta (R?< .01, conditional R?= .21; t < 1)

frequency bands.
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Regarding the theta band, the parietal cluster had the largest
betweenness centrality (all zs >4.17, all ps <.001), whereas the central cluster
did not vary when compared to the frontal and frontal-pole areas (all zs <
2.62, all ps > .09). Additionally, the frontal cluster presented higher
betweenness centrality compared to the frontal-pole (z =3.57, p <.001). These
three clusters were more centralized than the occipital and temporal areas
(all zs >7.75, all ps <.001) and the temporal areas had larger values than the
occipital cluster (z =4.09, p =.001).

In the alpha band, the parietal and central (z < 2), occipital and
temporal (z < 2), and frontal and frontal-pole (z < 1) regions had equivalent
betweenness centrality. The parietal and central clusters had the largest
centrality (all zs > 5.45, all ps <.001), followed by the frontal and frontal-pole
(all zs >4.52, all ps <.001).

Beta band distribution analysis revealed equal betweenness
centrality values in the central and parietal clusters (z = 2.04, p = .32), which
also presented higher centrality than the other areas (all zs>3.57, all ps <.001).
The frontal and frontal-pole (z <1) and the temporal and occipital pole (z < 2)
had equivalent values, with higher betweenness over the frontal clusters (all
zs >4.52, all ps <.001).

Small-World Propensity

The small-world topology (Fig. 3B.6) did not vary in theta (marginal
R2= .02, conditional R?=.50; time: t < 2) or alpha (no fixed effects) bands. In
the beta band, SWP decreased over time with a positive quadratic effect
(marginal R?= .03, conditional R?= .41; time: § = -0.02, #(137.57) = -2.92, p =
.004, 95% CI = [-0.04 - -0.01; time squared: = 0.01, #(143.23) = 2.83, p = .004,
95% CI = [0.00 — 0.02]).
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Fig. 3B.6. Small-world topology and centrality development. The figure shows the
individual values of small world propensity (SWP) index and the betweenness
centrality (Bet.) and their trajectory. The gray lines represent individual trajectories,

and the red line represents the average trajectory.

Betweenness Centrality
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Fig. 3B.7. Development of
betweenness centrality topology.
The figure displays the mean
values of betweenness centrality
per electrode across participants
per session, age, and frequency
band.
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3B.2.3. Modularity development

In addition to modularity and propensity score, we computed
within-module z-score connections to determine the role of the nodes in the
network. We classified the nodes based on the guidelines of Guimera and
Amaral (2005). Only a handful of nodes could be considered hubs (within-
module z-score >> 2.5) across all participants, sessions, and bands (theta:
three hubs, alpha: three hubs, beta: 0 hubs). Therefore, we focused only on
non-hub nodes during development (Fig. 3B.8). The participation coefficient
and modularity development are displayed in Fig. 3B.9, and the topological

development of the participation coefficient is shown in Fig. 3B.10.
Theta

Regarding the theta node type proportion (marginal R? = .35,
conditional R?= .43), most of the electrodes were peripheral (all zs <7.74, all
ps < .001), followed by non-hub connectors (all zs > 3.93, all ps < .001) and
ultra-peripheral ones (z =3.13, p = .01).

Theta participation coefficient decreased with a positive quadratic
effect (marginal R?= .47, conditional R?= .51; time:  =-0.05, #(1346.53) = -4.63,
p <.001, 95% CI = [-0.07 — -0.03]; time squared: = 0.01, £(1347.47) = 2.20, p =
.044, 95% CI = [0.00 — 0.02]). The frontal, frontal-pole, and occipital areas
showed smaller reductions with age when compared to the central cluster (8
=[0.02 — 0.03], ts(1263.58) > 2.45, all ps < .014, 95% CI = [0.00 — 0.04]), but no
other interaction was significant (all ¢s < 2). Participation coefficient scores
did not differ among occipital, frontal, and central clusters (all zs < 2). These
three areas had larger values than the frontal-pole and temporal clusters (all
zs >12.80, all ps <.001), but lower values than the parietal ones (all zs <-4.91,
all ps <.001). The parietal cluster had higher values than the temporal and
frontal-pole clusters (all zs > 6.13, all ps <.001) and the temporal cluster had
lower values than the frontal-pole (z =-8.21, p < 001).
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Fig. 3B.8. Node roles per session and frequency band. The figure displays the z-
score degree (Z) and participation coefficient (P) averaged across the participants for
each electrode. The color represents the role of the nodes: beige (connector), pink
(peripheral), or brown (ultra-peripheral). Note that none of the electrodes could be
considered a hub (Z << 2.5) when averaged.

Alpha

Alpha nodes (marginal R?

.34, conditional R? = .44) were

predominantly peripheral (all zs > 3.51, all ps <.001), followed by connector

non-hub nodes (all zs >10.30, all ps <.001), and ultra-peripheral and kinless

nodes were equally present (z <2).

The alpha participation coefficient (marginal R?= .43, conditional R?=
.48) linearly decreased during this period (time:  =-0.04, £(1346.97) =-3.37, p
<.001, 95% CI = [-0.06 — -0.02]; time squared: t < 2). The frontal and frontal-
pole areas had smaller reduction rates (f = [0.02 — 0.03], £(1264.29) > 2.25, ps <
.025, 95% CI = [0.00 — 0.04]) than the central area, with no other significant
interaction (f <2). The parietal cluster had the largest participation coefficient
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value (all zs >3.97, all ps <.001), and the occipital and frontal areas had equal
participation coefficient (z < 1), and displayed larger values than the frontal-
pole, central, and temporal clusters (all zs > 4.82, all ps <.001). The temporal
cluster had the lowest participation coefficient score (all zs < 13.31, all ps <
.001), and the central cluster had a higher value than the frontal pole (z =5.82,
p <.001).

Beta

In the beta band (marginal R? = .30, conditional R? = .42), kinless
electrodes were the scarcest (all zs <11.19, all ps <.001), whereas most nodes
were peripheral (all zs >17.02, all ps <.001), followed by non-hub connectors
(all zs >19.49, all ps <.001).

The participation coefficient of the electrodes decreased with a
positive quadratic effect (marginalR?= .47, conditional R?=.51; time:  =-0.05,
t(1346.53) = -4.63, p < .001, 95% CI = [-0.07 — -0.03]; time squared: § = 0.01,
1(1347.47)=2.02, p =.043, 95% CI=[0.00 — 0.02]). The frontal, frontal-pole, and
occipital clusters decreased more slowly than the central cluster ( = [0.02 -
0.03], #(1263.58) > 2.45, ps < .014, 95% CI = [0.00 — 0.03]), but no other
interactions were significant (all ts < 2). The frontal, central, and occipital
clusters had equivalent participation coefficients (all zs <1), and the three had
larger values than the temporal and frontal-pole areas (all zs > 12.80, all ps <
.001), but smaller than the parietal zone (all zs <4.91, all ps <.001). The parietal
area participation coefficient was higher when compared to the temporal and
frontal-pole (all zs > 18.93, all ps <.001), with larger values in the frontal-pole
than in the parietal area (z = 8.21, p <.001).
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Fig. 3B.9. Topological
development of participation
coefficient. The figure displays

Participation Coefficient
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= the mean values of the
participation coefficient per
electrode across participants per
session, age, and frequency band.
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Fig. 3B.10. Network modularity and participation segregation coefficient
development. The figure displays Newman’'s Q value of modularity and
participation coefficient. Each dot corresponds to a participant, and the gray lines

represent individual trajectories.
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3B.2.4. Brain Networks Topologic Stability

To study topological stability (Table 3B.2), we averaged the values
across the participants to obtain a single value for each electrode, session, and
band. Then, we correlated them between session pairs (e.g., 6-mo. to 9-mo.).
Individual stability is presented in the Appendix of Chapter 3B. Because we
needed the value of each node, we could not perform the analysis using the
SWP value. In addition, we substituted the global efficiency with the inverse

of the shortest path length for each electrode.

Spatial stability was high and independent of network measurement
and frequency band (rs = [.45 — .99], all ps < .001). In addition, within-
participant spatial stability was high, with more than half of the children
presenting a similar distribution between sessions, except in betweenness
centrality. See Table 3B.3. and Appendix Tables A3B.5, A3B.6, and Fig. A3B.3.

Table 3B.2
Descriptive information of the sample included in the stability analysis.

Demographics EEG

Waves N BW Epoch
(female)  (kg) oW Age (days) Number

6-mo.: 6-mo.:

196.18 293.51
3.14 38.86 (7.87) (120.37)

6-mo.—9-mo.  63(28) 4 ce (189) 9-mo.: 9-mo.:
284.4 253.7

(12.5) (95.77)

9-mo.: 9-mo.:

29 (14) 297 38.22 285.78 238.72

(0.63) (1.86)

9-mo. — 16-mo. (14.2) (86.54)
16-mo.: 16-mo.:

520.3 255.97
(21.2) (140.18)
16-mo.: 16-mo.:

24 (11) 3:34 3914 527.38 268.38

(0.35) (1.46)

16-mo. — 36-mo. (19.41) (145.9)
36-mo.: 36-mo.:

1123.84 371.29

(20.77) (97.26)

Note. BW = Birth Weight, GW = Gestation Weeks. The table displays the mean
(standard deviation).
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Table 3B.3
Spatial stability of functional network properties.

Waves Theta Alpha Beta
oo 0.99%% 0.97%% 0.98%%
: " [0.99-0.99] [0.97-0.97] [0.98 - 0.98]
0.99%+* 0.99%+* 0.98%+*
Lo 9mo-16mo. 456 099] [0.99-099] [0.97-0.98]
0920+ 0.88%+* 0,84+

16-mo. - 36-mo.
6-m0. - 36-m0. () 91 _0.93] [0.86-0.89] [0.82 - 0.86]
I 0.99%% 0.97%% 0.97%%
: " [0.99-0.99] [0.97-0.97] [0.96-0.97]
0.98%% 0.99%% 0.98%%

. 9-mo. - 16-mo.
Str. 9-mo.-16-mo- 6 9e (991 [0.99-0.99] [0.98 - 0.98]
0.91%%* 0.86%%* 0.81%%

16-mo. - 36-mo.
6-m0. - 36-m0. () 09 _0.92] [0.84-087] [0.78 - 0.83]
o 0.97%% 0.95%% 0.96%
' " [0.97-097] [0.94-0.95] [0.95-0.96]
0.94%% 0.93%% 0.91%%

Leff  9-mo. - 16-mo.
€ 9-mo. -16-m0. 6 93 _0.94] [0.92-094] [0.9-0.92]
0.54%% 0.56%% 0.51%%

16-mo. - 36-mo.
Mo- =200 1049 0.59]  [0.51-0.6] [0.46 - 0.56]
o 0.92%% 0.88%% 0.85%+
' " [0.91-093] [0.86-0.89] [0.83-0.87]
0.88%% 0.88%% 0.86%%*

Bet.  9-mo. - 16-mo.
et.  9omo.-16-mo. o6 089] [0.87-09] [0.84-0.87]
16 5 0.48%% 0.48%%* 0.45%%
0= 0O 1043 20.53]  [0.43-053] [0.4 - 0.51]
o 9o 0.97%% 0.93%% 0.93%%
: " [0.97-098] [0.92-0.94] [0.92-0.94]
Ex Ex Ex 3

P oo 16mms 093 0.93 0.95

[0.92-0.94] [0.93-0.94] [0.94-0.96]
0.73%% 0.69%% 0.79%%

16-mo. - 36-mo.
6-mo. - 36-mo- 1y 69 0.76] [0.66-0.72] [0.76 - 0.81]

Note. The table displays the Spearman’s rank correlation results [95% CI] obtained
by correlating the average values of the electrodes between the sessions for each
network parameter, pair of sessions, and frequency bands. Bet = Betweenness
centrality. Leff = Local Efficiency, P = Participation Coefficient. L = Path length, Str. =
Strength. All correlations had N = 109, which was equal to the number of electrodes.
Confidence intervals were computed using 1000 bootstrap replicates. *** p <.001.
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3B.3. Discussion

In this study, we aimed to explore the developmental maturation of
electrophysiological connectome. First, we conducted a multiverse analysis
with three connectivity measurements (dwPLI, PLI, and iCoh), different
network densities, and edge types (binary vs. weighted). We then analyzed
the development of the weighted iCoh network, which showed the most
consistent results. In general, our results indicate a profound reconfiguration
of brain network properties, improving both integration and segregation

without affecting the general topology of the net.

3B.3.1. Multiverse Analysis

The developmental trajectory of the connectome varied depending
on the connectivity measurement and the edge type. Networks constructed
with weighted edges derived from iCoh connectivity presented larger age-
related variation and consistent patterns of results. Furthermore, the results
between the binary (vs. weight) networks differed significantly in global
integration, although both had similar results in terms of network
segregation properties. These differences may be attributed to the underlying
principles of the connectivity measures. While iCoh captures amplitude and
phase properties, PLI/dwPLI relies only on phase synchronization (Bastos &
Schoffelen, 2016). Therefore, networks constructed using different measures
probably capture similar but nonoverlapping processes. Importantly, the
differences between phase-based and coherence-based networks occurred
also when the networks were binarized. Therefore, it is unlikely that the
variations in edge strength found accounts alone for the differences between
iCoh and PLI/dwPLI in our study.

The pattern of results in the multiverse conducted mostly coincided
with that of previous studies when divided by connectivity measures. Phase
connectivity networks increase their segregation with age (Hu et al., 2022;
Smit et al., 2016; Xie, Mallin, et al., 2019) with either no change (Hu et al,,
2022; Xie et al.,, 2019) or an increase in integration capability (Kavcic et al.,
2023; Smit et al., 2012). Coherence networks in childhood decrease their
integration costs with age in the alpha band (Miskovic et al., 2015).
Additionally, the strengthening of PLI and coherence has been previously

reported, revealing an increase in the capacity to connect electrodes (Barry
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et al., 2004; Bell & Wolfe, 2007b; Righi et al., 2014; Smit et al., 2012; Thatcher
et al., 2008).

One difference from previous studies is the SWP improvement in PLI
and the decrease in the iCoh theta band network. This finding contrasts with
previous results in infancy, which found either stable or decreasing SWI
properties (Xie et al. 2019; Hu et al. 2022). These changes might be driven by
the sample (longitudinal vs. cross-sectional) and the computed parameters.
We employed SWP (vs. small-world index; SWI), which contrasts the original
network with lattice and random surrogate networks, whereas previous
studies normalized only with random networks. In addition, the lack of
change in integration may be derived by considering the normalized
parameters in other studies instead of efficiency parameters (Xie et al., 2019;
Hu et al., 2022).

Surprisingly, age-trend changes in the binary network had the same
segregation pattern, but the opposite was true for the integration efficiency.
Previous studies that explored the connectivity backbone with the minimum
spanning tree approach have shown similar results, with decentralization
and larger integration costs from middle childhood onwards (Boersma et al.,
2011, 2013; Smit et al., 2012; Smit et al., 2016). It is possible that the binary
network in EEG recording misleads the real integration capacity because it
ignores the strengthening of the long-range connections that occur during
this period (e.g., Thatcher et al., 2008). Indeed, some authors have highlighted
the relevance of edges in networks to fully understand their topology (Betzel
et al., 2023; Faskowitz et al., 2022).

3B.3.2. Brain Network Development

The weighted coherence-based network showed a general
improvement in the efficiency and further segregation of modules with age.
These variations were mainly quadratic, coinciding with other functional
properties of EEG (Rico-Pico et al., 2023; Wilkinson et al., 2023) and the
drastic maturation between birth and age three of brain structure (Bethlehem
et al., 2022).

The connectome presented two clusters in the occipital-parietal and

frontal areas. This aligns with the findings of previous EEG studies in infants
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(Omidvarnia etal., 2014; Shrey etal., 2018; Téth etal, 2017) that have
revealed a clear configuration of connections from birth. These two clusters
had large intracluster connections, with weaker connections between distal
areas. In addition, the nodes presented a truncated distribution of node
degree/betweenness centrality, with only a few nodes (but not hubs)
accounting for most of the shortest path lengths. This truncated distribution
of node centrality is also present in fMRI (Salvador et al., 2005) and accounts
for the presence of a small-world topology (Bassett & Bullmore, 2017), as
indicated in our study by SWP values > .6. However, segregation/integration
capability changed with age. Infants” functional networks became capable of
integrating information independent of the frequency band. In addition, local
efficiency increased, being lower in the middle lines and largely changing in

the peripheral zones (e.g., temporal clusters).

Infants” networks were modular on average (Q > .3). Despite not
varying in modularity scores with age, network modules also underwent
reconfiguration toward a more segregated pattern. The nodes pertaining to
more centered areas segregated more than the peripheral ones, with evidence
of larger intermodule connectivity in the parieto-central areas. Therefore, the
between-module connections generally weaken, which is consistent with the
changes in local efficiency. Surprisingly, the spatial distribution settled from

the first session, revealing the results of spatial stability correlations.

Our results for increasing efficiency were consistent with previous
fMRI results (Gao et al., 2011; Zhao, Xu, et al., 2019) and partially coincided
with previous literature with EEG, as stated above. In fMRI, infant” brain is
already modular (Wen et al., 2019) and presents hubs (Ball et al., 2014; van
den Heuvel et al., 2018) with primary networks delineated at birth (Fransson
et al., 2011). In addition, network nodes become more integrated with age,
owing to the appearance of long-range connections that integrate distal areas,
but at the same time they become more segregated promoting the

specialization of functional connectome (Yin et al., 2019).

Contrary to the fMRI literature, our networks did not present any
hubs, the modules were less defined, and the spatial distribution was stable
over time. In fMRI, hubs tend to synchronize together and move forward in

anterior and more distributed areas with age, promoting a rich-club structure
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(Oldham & Fornito, 2019; Wen et al., 2019). It is possible that EEG, even when
employing a high-density net, has an insufficient spatial resolution to capture
the presence of hubs. In addition, we had a larger density of networks (vs.
fMRI), as usual in EEG studies, which might have resulted in the delineation
of sparser modules. In fact, a recent study by Xie et al. (2019) showed a similar
topographic reconfiguration (vs. fMRI) when the source space was
reconstructed, which suggests the limitations of functional networks over the

sensor space.

The reconfiguration of the functional networks may have been driven
by white matter maturation (Chu etal, 2015). The first year of life is
characterized by an increase in the density of synapses, followed by selective
pruning and myelination (Ouyang et al., 2019). White matter sensory tracts
in neonates are mostly delineated (Dubois, 2014), and during this period,
structural connections are strengthened via myelination with a posterior
anterior pattern (Dean etal, 2014). Importantly, structural circuitry
influences functional activity in fMRI (Deco et al., 2013; Honey et al., 2009;
Hwang et al., 2013). In addition, EEG connectivity strength is related to white
matter maturation, which varies according to myelination and pruning
periods (Bosch-Bayard et al., 2022; Smit etal., 2012). Given the parallel
changes in the white matter compared with functional activity, the
maturation of short- and long-range connections probably supports the

integration of brain function (Chu et al., 2015; Gilmore et al., 2018).

Another possible explanation for the gradual segregation of
functional networks is related to alertness level development. Recent studies
have shown higher segregation in awake (versus asleep) infants (Smith et al.,
2021). Therefore, the regulation of circadian rhythms and the gradual
increase in tonic alert states in infants (Dias & Figueiredo, 2020; Paavonen
etal., 2020) might contribute to the progressive specialization of brain

networks.

3B.3.3. Limitations and future directions

The present study employed an identical baseline for all sessions.
Compared with adult protocols, the resting-state protocol involves the
presence of both sounds and images. Therefore, it is possible that the
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networks varied, as the children’s states were not purely mind-wandering.
In fact, an infant’s network configuration varies across sustained (versus
inattentive) states (Xie et al., 2019). Therefore, future studies will benefit from
the concurrent recording of attention-related variables such as heart rate. In
addition, our analysis was based on EEG sensors. Other studies that
reconstructed the signal (Chirumamilla et al., 2023; Xie et al., 2019) found
differences between the sensor (vs. source) networks. Therefore,
reconstructing the signal, preferably with the same infant MRI template,
would contribute to further exploration of the EEG network development. In
addition, multi-imaging studies will be helpful for aligning structural, BOLD,
and electrophysiology-based networks because previous studies have found
different connectivity profiles in each neuroimaging technique (e.g.,
Omidvarnia et al., 2014).

3B.4. Conclusion

Functional networks undergo profound reconfiguration in the first
years of life towards a more segregated but efficiently integrated topology.
To date, most of the results have explored network development in asleep
infants using fMRI, and only a handful of studies have addressed it using
EEG providing mixed findings. In this study, we showed that part of the
inconsistency in previous research may be driven by connectivity and
network construction. In addition, we delineated the maturation of
functional networks based on the coherence between electrodes, as it showed
the most reliable results. This network presented a stable small-world
topology and modularity, but it increased the segregation and integration
capacity of the networks with age. This underscores the development

towards a more segregated yet efficient functional network from infancy to
early childhood.
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Chapter 4: Executive Attention Development

Efficient attentional mechanisms are necessary for goal-oriented and self-
regulated behavior (Rueda et al. 2021). According to Petersen and Posner’s
model (2012), attention has three core functions (alerting, orienting, and
executive) that support volitional and flexible behavior. Alerting involves
maintaining an optimal level of activation, while orienting is the ability to
move attentional focus to the surrounding and inner elements according to
goals and stimuli salience. Executive attention (EA) refers to the ability to
adapt behavior to context requirements and readjust in shorter time scales
when needed. This includes flexibility (CF), inhibitory control (IC), and
monitoring. These processes are essential for cognitive and socio-emotional
adjustment as difficulties with these functions have been associated with
poorer outcomes (Allan et al., 2014; Moffitt et al., 2011).

The development of endogenous orienting and EA is protracted
compared to other simpler processes, but it rapidly develops during the first
three years of life (Colombo, 2001; Hendry et al., 2016, 2019). In the first three
months of life, infants cannot voluntarily displace their attentional focus
(Atkinson et al., 1992; Johnson et al., 1991). By the third month, infants start
to endogenously shift their gaze to explore their surroundings based on their
interests (Canfield & Haith, 1991; Hendry et al., 2019; Moyano et al., 2023;
Shafto et al., 2012). This is shown by their ability to disengage, anticipate, and
use contextual knowledge to guide their attentional focus (Amso & Scerif,
2015; Markant & Amso, 2016; Tummeltshammer & Amso, 2018). Orienting
capacity improves with age in parallel with other executive mechanisms,
which will ease the selection of relevant information for our goals
(Gerhardstein & Rovee-Collier, 2002; Moyano et al., 2022, 2023; Woods et al.,
2013).

The development of endogenous orienting is thought to precede the
emergence of EA processes (Conejero & Rueda, 2017; Hendry et al., 2016) and
seem to underpinning voluntary control until the executive networks reach a
mature state (Posner et al., 2014). However, there is evidence of EA networks
recruitment before the twelfth month of life in tasks involving working
memory (WM), incongruency effects, and conflict (Bell, 2002; Berger et al.,
2006; Berger & Posner, 2023; Ellis et al., 2021; Koster et al., 2019; Stahl &
Feigenson, 2015). In addition, infant-friendly IC paradigms, such as the A-
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not-B task, speak of the rapid development of executive processes between
infancy and toddlerhood (Clearfield et al., 2006; Diamond, 1985; Holmboe
et al., 2018; Johansson et al., 2014), although it may be partially a consequence
of age-related changes in WM capacity (Holmboe, 2021). However, recently
researchers have addressed this limitation, showing similar developmental
patterns when the task does not involve WM, underscoring the rapid
development of CF and IC independently of memory processes (Fiske et al.,
2022; Hendry et al., 2021; Holmboe et al., 2021).

Beyond toddlerhood, EA processes undergo quantitative and
qualitative changes due to the maturation of FPN and CON (Posner et al.,
2014). Additionally, children can understand more complex verbal
instructions. This makes them suitable for adult-like paradigms that involve
CF and IC as the reverse categorization task (Gerardi-Caulton, 2000;
Hongwanishkul et al., 2005; Kochanska et al., 2000; Zelazo et al., 2003), albeit
with simplified versions in some cases (Carlson, 2005; Garon et al., 2014;
Rueda et al., 2004). IC and CF continue to develop until adolescence and early
adulthood, reducing the cost of flexibly adapting behavior and inhibiting a
prepotent response (Carver et al., 2001; Casey et al., 1997; Johnstone et al.,
2005; Mehnert et al., 2013; Rothbart et al., 2003). Simultaneously, orienting
capacity continues to improve as they become more capable of exploring
complex scenarios (Woods et al., 2013).

Although early childhood EA tasks accurately assess IC and CF, they
do not consider the interaction between two or more attentional processes
(e.g., orienting and executive). Additionally, evaluating the three attentional
processes and their interactions (e.g., child version of the attentional network
task, ANT; Rueda, 2004) seem to be not suitable in children younger than 3
and a half years of age (Casagrande et al., 2022). Therefore, these tasks do not
account for other attentional processes that are key to self-regulating
behavior, such as selecting relevant elements. Also, EA is usually evaluated
by measuring the accuracy in incongruent or inhibitory situations. This is
disadvantageous for impulsive-like children but fail to capture other profiles
of children that may make an error because they are easily distracted (i.e.,
attentional focus differences). To overcome these shortcomings, we have

developed a Bee-Attentive task. This task combines a Go/NoGo rationale
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with a visual-search paradigm. Consequently, it permits the comparison of
performance in prepotent and inhibitory trials, and simultaneously
manipulates the load requirements of the trial (i.e, a low number of
distractors vs. a high number of distractors). To properly answer this task,
children must ignore irrelevant distractors (focused attention) top-down
guiding their gaze to search for the target. In addition, they had to withhold
their answers when a NoGo trial appears. Therefore, the task aims to capture
both impulsive and distracted children by evaluating the cost of inhibiting
the answer and finding the target.

EA processes are hypothesized to emerge from simpler cognitive
processes, making it feasible to predict current cognitive abilities in complex
processes from simpler ones in previous sessions (Conejero & Rueda, 2017;
Hendry etal, 2016). Indeed, some studies have reported consistent
individual differences between infancy and early childhood. For instance, a
recent study by Conejero et al. (2023) found that early attentional processes
predict neural markers of IC in early childhood, while other studies have
shown stable individual differences linking early orientation to posterior EA
capacity (Gagne & Saudino, 2016; Hughes & Ensor, 2005; Johansson et al.,
2016; Rothbart et al., 2003; Veer et al., 2017). However, other authors have not
found positive associations between EA tasks (Hendry et al., 2021; Miller &
Marcovitch, 2015), which might reflect the continuity and discontinuity of
cognitive abilities in childhood.

Altogether, evidence suggests the rapid maturation of EA in the first
few years of life, but there is a lack of consensus regarding the stability of
executive processes, and more research is needed on novel tasks that isolate
attentional mechanisms and explore their interactions. Therefore, the
objectives of this study were threefold: 1) to evaluate the development of CF
and IC over a wider range than previous studies using the ECITT (9 - 16 vs.
10 — 16 months of age), 2) to behaviorally test the newly developed Bee-
Attentive task (36 months of age), and 3) to explore the stability of attentional
processes between toddlerhood and early childhood in these tasks. We
predicted a general improvement in infant performance in the ECITT task
during the transition from infancy to toddlerhood. Regarding Bee-Attentive

task, we expected worse accuracy in the NoGo trials (versus Go trials) and
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slower RT when the number of distractors increased. We hypothesized an
interaction between the load (low vs. high) and the type of trial (Go vs.
NoGo), with a larger rate of commission errors in the low-load condition but
higher omission errors in high-load trials. Finally, we predicted the stability
between the two sessions in the ECITT and between the ECITT task and Bee-

Attentive performance.

4.2. Results

4.2.1. Longitudinal development of inhibitory control and stability in the
ECITT task

To examine the development of the ECITT task, linear mixed models
were conducted. These included Trial Type, Time, and Trial Type x Time as
fixed effects. Radom effects were tested for both random intercept, and
random intercept plus random slope. However, only the random intercept
model converged. Thus, all models presented with ECITT included random
intercepts per child. We included in the analysis (Table 4.1) those children
who had both sessions with valid data, or at least one session with valid data
and the other one missing (9-mo: n = 57, female n = 26, M valid trials = 18.74;
SD valid trials = 3.61; 16-mo: n = 51, female n = 25, M valid trials = 28.59; SD
valid trials = 4.3). Performance was determined by accuracy in the PNS
(prepotent non-switch, prepotent trials preceded by a prepotent trial), PS
(prepotent switch, prepotent trial preceded by an inhibitory trial) and IS
(inhibitory switch, inhibitory trial after a prepotent trial). We also computed
two indices: Inhibitory Effect (PS accuracy — IS accuracy) and Shifting Effect
(PS — PNS accuracy).

Table 4.1
Demographic information of the sample included in the longitudinal analysis of the
ECITT task.

Session Age (days)

Sex GW (weeks) BW (kg)
9-mo. 16-mo.

Female 39.36 (1.25) 3.26(0.4) 284.65(9.41) 514.79 (22.89)
Male 39.67 (1.29) 3.35(0.44) 285.22 (7.66) 522.75(25.82)
Note. GW = gestation weeks; BW = birth weight. This table presents the data of the 74

infants included in the linear mixed models (9-mo. n = 57; 16-mo. n = 51). The table
shows the mean (standard deviation).
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The general accuracy of the ECITT in the direct indices (i.e., PS, PNS,
and IS; marginal R?=.32, conditional R?>= .41; Fig. 4.1 and Table 4.2) increased
between 9 and 16 months (5 = 0.16, #(331.11) = 3.09, p = .003, 95% CI =[0.06 —
0.27]). In addition, after multiple comparisons, children had greater accuracy
in the PNS trials than in the IS and PS trials (all zs > 5.82, all ps <.001), while
they were more accurate in the PS trials than in the IS trials (z=7.21, p <.001).
The Type of Trial x Age interaction was not statistically significant (¢ < 2).
Regarding the indexes computed, neither the Switching Effect (marginal R?<
.01, conditional R?= .14; t < 1) nor the Inhibitory Effect (marginal R?< .01,
conditional R?=.01; t = 1) changed between sessions (See Fig. A4.1 of the

Appendix of Chapter 4).
Table 4.2
Mean (standard deviation) performance in the ECITT task at 9 and 16 months of age.
. Accuracy Inhibitory Switching
Session  Sex
IS PNS  PS Effect Effect
0.35 0.8 0.63 0.27 0.18
Female
. 0.28)  (0.1) (0.25)  (0.34) (0.21)
-mo.
0.51 085 0.72 0.2 0.13
Male
(026)  (0.1) (0.19)  (0.33) (0.12)
0.51 093  0.68 0.18 0.25
Female
032)  (0.1) (0.22)  (0.34) (0.23)
16-mo.
0.6 089 0.77 0.17 0.12
Male
(0.35) (0.19) (0.23) (0.42) (0.31)

Note. This table presents the data of the 74 infants included in the linear mixed
models (9-mo. n =57; 16-mo. n = 51).

It is possible that some of these trajectories are significant, whereas
others fail to reach significance. To explore this assumption, we analyzed the
development of each trial type. Accuracy increased in the PNS (marginal R?
=.09, conditional R?=.35; =0.11, £(123) = 3.50, p <.001, 95% CI=[0.05-0.17])
and IS (marginal R?= .05, conditional R?>=.37; = 0.18, t(63.52) =2.77, p = .007,
95% CI =[0.05 - 0.30]), but not in the PS trials (marginal R?>= .02, conditional
R?=11; t<2).
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To determine the stability of the ECITT task and account for the
missing values, we conducted a linear model including the 9-mo.
performance as a predictor of the 16-mo. performance. This was conducted
for each variable with a random intercept per participant to compute the
stability of the measurements. Only IS accuracy was related between the two
sessions (adj R?=.16; f=0.40, F(1,73) =2.74, p < .01, 95% CI =[0.13 0.80]), with
no other significant relationship (all Fs < 1; Table 4.3).

Table 4.3

Linear regression models predicting the ECITT performance at 16-mo. based on 9-
mo. results.

Overall Model Regression Parameters
df 72 F B (SE) 95% CI B z
PNS 1,72 0.03 <1 -0.28 (0.25) [-0.780.21] -0.18  -1.12
PS 1,72 0.01 <1 0.09 (0.16)  [-0.210.41] 0.10 0.62
IS 1,72 0.16 7.72%* 0.47 (0.17) [0.13 0.80] 040  2.74**
SE 1,72 0.02 <1 0.09 (0.16) [-0.210.41] 0.10 0.62

IE 1,72 <0.01 <1 0.06 (0.19) [-0.320.43] 0.10 0.29

Note. The regression model included FIML to account for missing data (N = 74). The
beta and CI estimates were computed using 5000 bootstraps. PNS = Prepotent Non-
Switch accuracy; PS = Prepotent Switch accuracy; IS = Inhibitory Switch accuracy; SE
= Switching Effect index; IE = Inhibitory Effect index. ** p <.01.

4.2.2. Bee attentive task: behavioral results

Bee-Attentive performance was analyzed using linear mixed models
with random intercepts per participant with the Type of Trial (Go vs. NoGo)
and load condition (low vs. high). In the case of RT, we explored the
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children’s median RT and SD RT with load condition as a fixed effect to
evaluate the cost of searching for a target and distractibility, respectively. See
Table 4.4. for demographic information of the participants included in the

analysis.
Table 4.4
Demographic information of the sample included in the Bee-Attentive task analysis.
G NoG
Sex 1 ———o 080 gy w28
High Low High Low (days)
Female 31 37.87 3784 1623 161 348 39.59 1115.68
(6.27) (6.78) (2.84) (2.8) (0.54) (1.45) (16.11)
. . 15.79 . . . .
Male 18 37.26 37.18 1555 337 39.48 1120.61

(7.8) (7.99) (3.62) (3.36) (0.41) (1.33) (31.12)

Note. BW = Birth Weight (kg); GW = gestational weeks. The table shows the mean
values (standard deviation).

The model that best fitted the accuracy included only the Type of
Trial as a fixed effect (marginal R?= .23, conditional R?= .48). This model
revealed that children performed worse in the NoGo trials than in the Go
trials (8 =-0.24, t(207) =-10.86, p <.001, 95% CI =[-0.28 — to-0.19]). In addition,
high-load trials were slower than low-load trials (marginal R? = .06,
conditional R?= .84; = -276.84, t(69) = -7.11, p < .001, 95% CI = [-354.05 — -
198.84]), and the variability in RT was smaller under low-load (vs. high-load)
conditions (marginal R?=.02, conditional R?=.70; § =-71.20, t(69) =-2.47, p =
016, 95% CI = [-128.64 — -13.75]) (Fig.4.2, Table 4.5).

1.00 1 Med. RT SD. RT
> 0.75 4000 1
‘“ -
= 0.50 g 3000
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o
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' 1000 1 é
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Go NoGo 0 T T T T
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Fig. 4.2. Bee-Attentive task performance. The figure displays the mean accuracy
divided by the distractor load and the median RT and SD. RT in Go hits (right). It
displays the individual values (dots) and trajectories (gray lines).
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Table 4.5
Descriptive statistics of performance in the Bee-Attentive task.
Go NoGo (Acc.)
Sex High Low .
T Acc RT  Lsh Low
Female 0.94 2165 0.96 1838 0.77 0.8
(0.23) (104458) (0.21)  (995.86)  (0.42)  (0.4)
0.96 2000.5 0.97 1738 0.72 0.73
Male

(0.19) (1045.16) (0.16) (1009.03) (0.45) (0.44)

Note. The table displays the mean (standard deviation) of the accuracy and RT
variables.

We further examined the effects of committing an error (vs. hit) on
RT and accuracy (see Fig. 4.3. and Appendix Table A4.3). We used a linear
mixed model introducing Sequence Type (After Error vs. After Hit), Type of
Trial (Go vs. NoGo), and Load condition (low vs. high) in the accuracy
analysis. In the RT derivatives, we only included the Sequence Type and
Load condition. Children were slower after committing an error (marginal R?
= .04, conditional R?= .35; = -317.25, +(199.73) = -7.11, p < .001, 95% CI = [-
354.05 — -198.84]), but this did not affect RT variability (marginal R*< .01,
conditional R?=.27; t < 1). No interactions were included in the RT model.
Regarding accuracy (marginal R?= .14, conditional R?>=.31), we found better
performance after an error in Go trials (f = .12, #(432.45) = 3.85, p <.001, 95%
CI = [0.06 — 0.18]), but NoGo trials had detrimental performance (f = -.33,
1(434.45)=-9.91, p <.001, 95% CI=[-0.40 —-0.27]). This analysis did not interact
with load conditions (¢ < 1).
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Fig. 4.3. Performance after committing an error in the Bee-Attentive task. The figure
displays the accuracy divided by trial type (Go vs. No-Go) and load (high vs. load),
and the median RT and SD RT in Go trials in the trials preceded by an accurate answer
(hit) or error. Each dot corresponds to an individual value, whereas the gray lines

represent the individual trajectory.
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Fig. 4.4. Performance per
block in the Bee-Attentive
task. The figure displays the
accuracy divided by load
(high vs. load) and trial type
(Go vs. NoGo), and the
median RT and SD RT in Go
trials across the blocks. It
shows the mean value of the
participants and the error
bars corresponding to the
standard error.

4.2.3. Relationship between the Bee-Attentive and ECITT tasks

To evaluate the stability between the ECITT task and Bee-Attentive,

we conducted Spearman’s rank correlation between the ECITT variables and
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the Bee-Attentive ones. We correlated the accuracy in PS, PNS, and IS with
the accuracy, RT, SAE, and RT cost (RT high-load — RT low-load) in the Bee-
Attentive task. To be included in the analysis, children had to have valid data
for both tasks (Table 4.6). See Appendix Table 4.6, for further details on the
performance of the sample in both tasks. These analyses revealed that ECITT
accuracy at 16-mo. (absolute rs = [-.39 — .09], all ps > .05) was not related to
Bee-Attentive variables after correcting for multiple comparisons (see Table
4.7).

Table 4.6
Demographic descriptives of the participants behavioral stability analysis between
the ECITT and Bee-Attentive tasks.

Session Age
Sex n BW GW (days)
16-mo.  36-mo.
3440 39.76 514.78 1116.92
(538.1) (1.44) (22.03) (18.24)
3269.23 3948 514.24 1119.18
(335.9) (1.33) (19.64) (35.53)

Note. BW = Birth Weight (Kg), GW = Gestation Weeks

Female 18

Male 25

Table 4.7
Spearman’s Rank Correlation between the ECITT performance at 16-mo. and the
Bee-Attentive at 36-mo.

ECITT
Bee-Attentive
1S PNS PS
o 0.04 0 0.01
AcC [0.07-0.14] [-0.1-011] [-0.09-0.12]
No Co -0.06 012 -0.07
[-0.17-0.05] [-022--0.01] [-0.18 - 0.04]
-0.01 -0.01 0.1
an RT
Median [-0.12-0.09] [-0.12-0.09] [-0.2-0.01]
0.09 -0.07 -0.04
D RT
RT S [0.02-0.19] [-0.18-0.04] [-0.15 - 0.06]
KT Cost -0.14 0.02 -0.04
[-0.24--0.03] [-0.09-0.12] [-0.15-0.06]
0. 0. 0
SAE 0.14 0.39

[-0.25--0.04] [-0.48--0.3] [-0.11-0.11

Note. Confidence Intervals were computed using 5000 bootstraps. It displays the
coefficient and 95% CI.
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4.3. Discussion

The main goal of this chapter was to study the development of IC and
CF from infancy to toddlerhood and examine the performance of three-year-
old children on the newly developed Bee-Attentive task. We also aimed to
test the stability of the IC and CF measurements, withing task (i.e., between
9 and 16 months of age in the ECITT), and between two IC child-friendly
paradigms (16 months of age and 36 months of age). We evaluated infants’
IC and CF by means of their performance of the ECITT protocol, which had
been previously demonstrated to be appropriate for infants as young as 10
months of age (Fiske et al., 2022; Holmboe et al., 2021; Hendry et al., 2021).
We also developed the Bee-Attentive paradigm, which combines the

rationale of Go/NoGo and visual-search tasks.

Our results indicate that there is a significant development of IC in
the transition from infancy to toddlerhood despite the persistent difficulty in
changing attention from one target location to another on a trial-by-trial
basis. Moreover, we found that the Bee-Attentive task was suitable for three-
year-old children. They performed over the chance level in the Go and NoGo
conditions, showing the expected main effects, such as the RT increment in
the high (vs.low) load condition. Finally, we found stability within the ECITT
task in the most complex trials (IS), but ECITT performance was not linked
to Bee-Attentive task.

4.3.1. Executive control development from infancy to toddlerhood

Unlike prior studies that used the ECITT (Fiske et al., 2022; Hendry
et al., 2021; Lui et al., 2021), we separately analyzed prepotent trials based on
whether they were preceded by a change in the target location (PS vs. PNS
trials). At both 9 and 16 months of age, participants experienced greater
difficulty touching the target button on the prepotent location when it was
previously displayed at the non-prepotent location compared with repeating
the prepotent location. This switching cost implies that, to respond
successfully, infants must adjust their attention to the target’s location on a
trial-by-trial basis. Previous studies has shown that infants who were better
able to switch between prepotent and inhibitory trials (in both directions)
also made fewer errors in the A-not-B task (Hendry et al., 2021). This result
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underscores the relevance of trial-by-trial adjustments and the involvement
of both inhibition and flexibility mechanisms in the performance of A-not-B
and ECITT tasks.

Beyond the response-switching cost, we found that responses to IS
trials were the most challenging for infants of both ages. IS trials require
withholding a strong response prepotency (IS trials were preceded by PNS
trials ~83% of the time) in addition to effective switching of attention to the
opposite location. Therefore, the ECITT provides a measure of both CF and
IC, which can be dissociated in terms of behavioral accuracy.

Age-related changes in task performance revealed different
developmental trajectories for inhibition and switching flexibility.
Developmental changes were observed in PNS trials, suggesting that
building a prepotent tendency improves with age. We also observed an
improvement in the accuracy of the IS trials with age, despite the lack of
change in the performance of the PS trials. This pattern of results suggests
that the observed change in IS with age can be attributed exclusively to the
enhancement of inhibitory control skills, while the response-adjustment cost
for changing the spatial location of the target remains of a similar magnitude.
Indeed, we observed similar age-related changes (better inhibition and
accuracy in non-switch trials at 16 months) when we computed the indices in
the ECITT task, as reported in previous studies (see Appendix of Chapter 4).
This pattern reveals an additional dissociation between flexibility of CF and
IC. However, this differs from previous experiments studying development
from 10 to 16 months of life (Hendry et al., 2021), which might be attributed
to the wider age range explored in this study. In addition, we did not find
any significant correlation between age in days and toddlers’ performance at
16 months session (Appendix Table A4.2).

4.3.1. Bee-Attentive Performance

Regarding the Bee-Attentive task, we found the expected main effects
of IC and visual search. Children were more accurate at Go (vs. NoGo) and
performed with a larger variability in RT and slower when a high number
(vs. low number) of distractors appeared. This accounted for the difficulty of

withholding a prepotent answer and the searching costs in the task. In
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addition, they self-regulated their behavior after an error, indicating their

ability to adjust their answers.

Previous studies have reported accuracy cost when children must
suppress an answer in several paradigms such as Go/NoGo (Casey et al.,
1997). Their capacity to inhibit answers in inhibitory trials reaches a plateau
in late childhood in Go/NoGo tasks, although this capacity continue to
mature in more challenging paradigms (Carver et al., 2001; Johnstone et al.,
2005; Mehnert et al., 2013). In addition, children can perform visual search
tasks starting in infancy (Amso & Johnson, 2006; Gerhardstein & Rovee-
Collier, 2002; Tummeltshammer & Amso, 2018), which is consistent with
their capacity to distinguish between the target and distractors, even when
they are semantically related in our task. As expected, the number of
distractors affects children’s performance, which will improve in the
following years (Amso & Scerif, 2015; Woods et al., 2013).

The slower RT found after the commission and error replicates the
classical effect found in other tasks (Dudschig & Jentzsch, 2009; Jentzsch &
Dudschig, 2009). Surprisingly, this affected their performance differently in
the Go (vs. NoGo) trials. Children were more accurate after an error in the
Go trials, but the accuracy of the NoGo trials diminished. This may be due to
the feedback employed. We displayed a “buzz” sound was when children
failed an answer. This might have served as a phasic alerting tone that
redirected their attentional focus to the screen and augmented their arousal.
Consequently, it is possible that anticipated answers occurred when the
children detected something like a target, which reduced the accuracy of the

NoGeo trials but promoting it in the Go trials.

Contrary to our hypothesis, we did not observe any significant
interaction between the load condition and accuracy. In addition, children
performed better in the latter blocks than in the first. This was shown as an
increase in the NoGo trial accuracy during the task, with lower RT and
variability in the RT, especially in low-load conditions. In addition, compared
to other tasks in which children had larger problems withholding their

answers, our sample performed well in the NoGo trials (Carlson, 2005).
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Several factors may have contributed to these results. First, it is
possible that the time between trials (~2s) negatively affected building
prepotency. Other tasks have shown that the strength of prepotency is
essential to understanding the performance of inhibitory trials in childhood,
as three-year-olds are unable to stop answering in very prepotent trial or
when they have already initiated a motor response (Bedard et al., 2002;
Zelazo, 2015). Thus, more dynamic trials would lead to higher inhibition
costs. Additionally, the time window for answering was large compared to
children’s performance. As shown in Fig. 4.2, the slowest median RT was
approximately 4s, and children needed about 3s on average to answer
correctly in the high-load condition. This may have reduced the difficulty of
inhibitory and prepotent trials because they had sufficient time to search for
a target and provide a response. Increasing the number of distractors,
reducing the time window, and making distractors more similar could help
achieve interaction effects. In addition, adjusting the time window to
individual differences in RT may help identify larger inhibitory and visual
search costs across tasks and prevent the maintenance of performance over
the blocks. Regarding the block effects it is possible that the increment across
blocks could be due to increased practice in distinguishing between Bee and
Wasp. This can be solved by adapting the time window or changing the target
stimulus after two or three blocks, although the last solution would hinder
the compression of the task because it affects to the storytelling and

introduces new elements.

4.3.3. Executive attention stability

In this study, we found within- but not between-task performance
stability. In line with the results of Hendry et al. (2021), we found that
previous performance in IS trials was positively linked with accuracy in the
same trials at 16 months of age. This was significant, even after controlling
for PS and PNS accuracy, although both significantly contributed to the
prediction of IS performance (Appendix Table A4.1). These results suggest
that the building blocks of EA (IC and CF) emerge in infancy and are likely
to be based on brain mechanisms that, although likely to be subject to both
environmental and constitutional variables, show a certain degree of
developmental stability in this early maturational period when the same task
is employed (Bornstein, 2014; Conejero et al., 2023; Hendry et al., 2016).
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The stability from the ECITT to the Bee-Attentive task was not
significant despite having a similar rationale, which contrasts part of the
literature. For example, better performance at 30 months in a visual search
task has been linked to hot IC at 36 months (Veer et al., 2017), and IC at 9
months was a positive predictor of children’s performance in IC at 24 months
of age with different paradigms (Holmboe etal., 2018). However, early
results also failed to find within- and between-task stability. For example, the
A-not-B task did not predict ECITT performance several months later
(Hendry et al., 2021), and A-not-B performance was not related between 14
and 18 months of age (Miller & Marcovitch, 2015; see Petersen et al., 2016). In
addition, in stability studies, only a few variables usually correlate between
earlier and current performance between infancy and toddlerhood. For
instance, in a recent study conducted in our laboratory, only three tasks were
significantly related to longitudinal sessions (Conejero et al., 2023), which has
also been found in other laboratories (Broomell et al., 2021).

This instability may be related to the time at which the measures were
taken. Some studies have found greater stability beyond the second year of
life (Hughes & Ensor, 2005; Kloo & Sodian, 2017; Kochanska et al., 2000) and
between simpler paradigms (Posner et al., 2014) but not between the first and
third years of life (Gagne & Saudino, 2016; but see Joyce et al., 2018). This
reveals the heterogeneity of the stability in the development of executive
processes (Bornstein, 2014). One possible explanation for this difference is the
changes in the functional networks that underpin these functions (Hendry et
al., 2016; Posner et al., 2014). The protracted development of executive
networks may have created a qualitative change in how the tasks were

conducted, thus provoking a discontinuity in the measurements.

4.3.4. Limitations and future studies

The current study was limited by its modest sample size, particularly
in the stability analysis (n = 43 between ECITT and Bee-Attentive). In
addition, we only explored the stability between the ECITT and the Bee-
Attentive despite having several research protocols concurrent with both
tasks (e.g., Gap-Overlap task, Spatial Incongruency task). Employing other
tasks or reducing the time between sessions might help find stability over
time (Conejero & Rueda, 2017; Hendry et al., 2016). In fact, some authors
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argue that indirect paths between predictors can be more sensitive when
temporal moments are distal (Shrout & Bolger, 2002), which may be assessed
by employing more complex multilevel analyses, such as lagged cross-panel

lags or structural modeling.

Although one of the main advantages of the ECITT is that it allows
the administration of a greater number of trials than other infant-appropriate
IC tasks (e.g., the A-not-B task), the ECITT version still presents a limited
number of trials. In addition, the probability of the occurrence of a non-
switch inhibitory trial was low (~13%). New variations in ECITT, increasing
the number of trials, and including switch and non-switch inhibitory trials in
an equivalent proportion will help to further dissociate the contribution of
CF and IC processes in the performance of this task. Additionally, the first
version of the Bee-Attentive method had some design limitations. Because of
the session volume in the fourth session, in which they were also 16-mo.
sessions, we could not pilot the task before its implementation.
Consequently, the time window and the number of distractors were not
properly adjusted to three-year old performance, although we found the
expected main effects. However, future studies could benefit from reducing
the time window or adjusting it individually to create larger inhibitory costs,

as discussed previously.

4.4. Conclusion

In our study, we presented evidence of the early emergence of EA
processes at the end of the first year of life. Our results indicate that between
infancy and toddlerhood, IC skills improve when using a newly developed
task (ECITT) that permits a more fine-grained measurement of EA (i.e., IC
and CF) than previously used measures (A-not-B task and parent-reported
questionnaires). This is in line with recent research and supports the
feasibility of ECITT with an independent longitudinal sample. In addition,
we developed a new task that aimed to evaluate IC and focused attention by
combining a Go/NoGo task with a visual search paradigm. Despite it was the
first version, this task was doable for three-year-old children and created a
cost to inhibit the answer and search for the targets. This task may serve with

some modifications to evaluate two of the attention functions, providing
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valuable attentional indices earlier than other more complex tasks, such as
the child-ANT.
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Chapter 5A: EEG Power and Executive Attention

The capacity to flexibly adjust behavior in a goal-oriented manner relies on
executive attention (EA) processes (Rueda et al., 2021). EA involves the ability
to inhibit (IC; Inhibitory Control) and flexibly modify behavior (CF), which
has proven its impact on daily life (Allan et al., 2014; Conejero & Rueda, 2017;
Moffitt et al., 2011; Tang et al., 2020).

Studies in the last decade have indicated that the foundation of EA
originates from simpler building blocks in the first months of life (Diamond,
2013; Fiske & Holmboe, 2019; Hendry et al., 2016). First-year infants rapidly
improve their performance in IC + working memory (WM) tasks such as the
A-not-B (Clearfield et al., 2006; Diamond, 1985, 1990; Johansson et al., 2014)
and other tasks that isolate IC and CF components like the ECITT (Holmboe
et al., 2021). Children’s performance in EA continues to improve rapidly
beyond the second birthday, as shown by their ability to resolve more
demanding paradigms, such as Go/NoGo (Casey et al., 1997), Dimensional
Desk Sorting Card (Zelazo, 2023; Zelazo etal.,, 2003), and Attentional-
Network Test (Casagrande et al., 2022; Rueda et al., 2004), but with a large
margin to improve, as shown by their inability to conduct the stop-signal task
(Carver et al., 2001).

The development of EA is thought to be supported by the maturation
of frontal brain structure and function (Bell & Cuevas, 2012; Cuevas & Bell,
2022; Diamond, 2013; Fiske and Holmboe, 2019; Gilmore, 2018). To study the
maturation of frontal brain activity, most experiments have employed EEG
recordings at rest (rs-EEG) because of their adaptability and ease of use in
infants (Saby & Marshall, 2012). The gold standard measure of rs-EEG in
developmental samples is the absolute or relative power of canonical bands,
such as theta (3-6 Hz) and alpha (6-9 Hz).

Longitudinal studies have shown a profound reconfiguration of these
measurements in the first years of life (e.g., an increase in alpha power),
highlighting the potential of EEG to capture brain maturation (Anderson &
Perone, 2018; Marshall et al., 2002; Orekhova et al., 2006; Stroganova et al.,
1999). More importantly, individual differences in power have been
associated with EA development during infancy (Bell & Cuevas, 2016). For
example, greater frontal alpha power at rest and larger differences between
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rest and task-evoked alpha power are related to better EA (Bell, 2001; Bell and
Deater-Deckard, 2007; Bell and Fox, 1997, 1992; Hofstee et al., 2022; Wolfe and
Bell, 2004). In addition, infants’ theta modulation at rest or its values in
evoked paradigms suggest that it is related to high-order cognition (Begus et
al. 2015, Braithwaite et al. 2020; Conejero et al. 2016).

A limitation of using absolute/relative power is that it conflates
narrow and broadband activity (Donoghue et al., 2020; Ostlund et al., 2022).
When the EEG signal is analyzed in terms of the power of different frequency
bands, most of the energy follows a power-law decay curve (aperiodic),
whereas only the peaks of energy above this curve represent oscillatory
activity (He, 2014; Voytek et al., 2015). In fact, aperiodic activity is the most
important predictor of several band ratios (e.g., theta/beta), except for the
alpha band (Donoghue, Dominguez, et al., 2020; Rico-Picé et al., 2023). In
addition, the aperiodic curve flattens throughout the lifespan (Cellier et al.,
2021; Fransson et al., 2013; Hill et al., 2022; McSweeney et al., 2021; Rico-Pico
et al., 2023; Voytek et al., 2015), and only the alpha band exhibits the same
trajectory of oscillatory (versus relative) power (Rico-Picd et al.,, 2023;
Schaworonkow and Voytek, 2021). Thus, previous results may have been
misled by co-occurring aperiodic maturation, particularly in the theta band,
which is influenced by the aperiodic exponent (Donoghue et al., 2020).
Furthermore, recent studies have linked disorders that compromise EA to the
aperiodic components of EEG signals (Karalunas et al. 2021; Shuffrey et al.
2022).

Cumulative research has confirmed the involvement of the frontal
areas and network topological characteristics in the development of
cognition. However, more research is needed, especially by means of
isolating the oscillatory (vs. aperiodic) components of brain function. This
study aimed to explore the contributions of oscillatory (frontal power and
parietal frequency) and aperiodic components to EA. We expected a flatter
aperiodic exponent and a larger alpha power to be significantly related to EA
proficiency. However, as theta power ratios are highly related to aperiodic
activity, we anticipated that the association between that band and EA might

disappear when controlling for aperiodic background activity.
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5A.2. Results

We used the ECITT (9-mo., and 16-mo.) and Bee-Attentive (36-mo.)
tasks to evaluate EA. We selected the PNS, IS, and PS variables in the ECITT
to evaluate the infants” and toddlers” performance. In the Bee-Attentive task,
we included the accuracy in Go and NoGo trials, and the median RT, SD RT,

and RT costs to measure IC and focalized attention.

We extracted the oscillatory power in the alpha and theta bands and
aperiodic exponent over the frontal cluster and computed the peak frequency
of alpha (IAF; individual alpha frequency) and theta (ITF; individual theta
frequency) because of the age-related steady increase. Peak frequency was
extracted from the parieto-occipital area, as these clusters display larger
reconfiguration in resting states in infants, and the emergence of an alpha
peak appears over them (Stroganova et al., 1999). See Fig. 5A.1. for a
schematic representation of the power modulation between oscillatory

(versus aperiodic) activities in the sample included in the ECITT analysis.

We conducted a multiple regression analysis including the
oscillatory/aperiodic brain variables as predictors of children’s behavior.
Instead of creating a model with all variables, we selected the fittest model
using the R package glmulti. This package selects the fittest mode to
determine the contribution of independent variables that result in the lowest
values of AICc, thus correcting for the number of variables. In the case of
ECITT, we evaluated concurrent and longitudinal associations, while

regarding to Bee-Attentive, we studied only the concurrent relationship.

161|Page



Chapter 5A: EEG Power and Executive Attention

Session — 9mo. — 16 mo.
Original power-spectrum Oscillatory power-spectrum
Oscillatory
>& \ Peak >EG'4
= 14 N b
2 Exponent | 245
[=] [=]
o | o
(=] e00
‘§, Offset ‘g,
= 5 10 15 20 = 5 10 15 20
Frequency (Hz) Frequency (Hz)

]
=
@

=
s

o

=
=]

log10 Power (pV*2)

log10 Power (pV2)
(=]
o

ol ]
(=]

5 10 15 5 10 15 20
Frequency (Hz) Frequency (Hz)
Power —— Absolute === Aperiodic

Fig. 5A.1. EEG layout and power decomposition. The figure represents the layout of
the EGI net, and the colors represent the boundary-excluded electrodes (red),
occipital-parietal cluster to detect and extract the frequency peaks (pink), and frontal
cluster included in which we computed the oscillatory power and exponent (yellow).
It also displays the absolute power and aperiodic activity per age, signaling the
relevant parameters and the oscillatory power spectrum. The lines in the graph
represent the mean, and the shaded area correspond to 2.5 standard error. This figure
was constructed using the participants included in the ECITT analysis as a general
representation of the power spectrum decomposition procedure.

5A.2.1. Aperiodic and oscillatory power correlates of the ECITT task

The descriptive information about the participants are presented in
Table 5A.1. Infants with less than 20s of clean data in the EEG recording
(concurrent analysis: 9-mo n = 6, 16-mo. n = 1; cross-session analysis: n = 2) or
missing EEG data (concurrent analysis: 9-mo n = 17, 16-mo. n = 27; cross-
session analysis, n = 28) were excluded from the analysis. Females had more
epochs before preprocessing at 9-mo. than males (all ts > 16, all ps < .001),
while males had longer recordings at 16-mo. (t = 25, p <.001).
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However, the number of cleaned epochs did not differ between the analysis
groups (all t <1.05) or sex (t = 1.10). We found differences in the goodness of
fit of the power decomposition, although only ~5% of the electrodes did not
have the required fit (excluded n = 0; electrodes excluded Mo-mo.=4.2%, Mie-
mo. = 2.1%; Supp. Table 1; Supp. Fig. 2). Among the ROIs included in the
analysis, the parieto-occipital clusters had a better fit than the frontal area (all
ts>7.04, all ps <.001), but there were no differences between the occipital and
parietal areas (¢t < 1). The goodness of fit was lower at 9-mo. than at 16-mo.
recording sessions (all s >4.17, all ps <001), and females had larger fit values
than males, independent of session (all ts > 5, all ps < 001). Therefore, given
the differences in the goodness of fit between the ROIs and sex, we controlled
for these variables in the regression analysis. See Appendix Tables A5A1-
A5A3 and Appendix Fig. A5A.1 to A5A.3 to further detail the sample and

performance in the ECITT task and power parameters.

The concurrent EEG activity at 9 months was a significant predictor
of ECITT performance on PS (adj. R? = .21, F(4,31) = 3.286, p = .023) and PNS
(adj. R?=.22, F(2,32) =4.19, p = .013) trials (Fig. 5A.2A) but was not associated
with IS accuracy (F <2). PS accuracy was positively predicted by ITF (8 =0.41,
t(31) = 2.27, p = .011), and the model included alpha power, but it was not
significant (f < 2). PNS accuracy was related to ITF ( =0.41, £(32) =2.71, p =
.030). With respect to concurrent regressions at 16-mo., neither the PNS nor
the IS accuracy fittest model included any independent variable. In addition,

the PS at 16 months was not related to concurrent EEG activity (all Fs <2).

In the longitudinal analysis, the PS accuracy at 16-mo. was
significantly predicted by EEG at 9 months session (adj. R?> = .50, F(4, 30) =
9.75, p < .001; Fig. 5A.2B) by alpha ( = 0.55, #(30) = 4.49, p <.001) and theta
oscillatory power (g = 0.42, £(30) = 3.43, p = .002). However, IS and PNS at 26-
mo. (all Fs < 2) were not significantly predicted by EEG activity at 9-mo. See
Table 5A.2 for further details on the models and Fig. 5A.2.
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significant regressions
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5A.2.2. Aperiodic and oscillatory power correlates of the Bee-Attentive task

Of the 69 participants with valid data in the Bee-Attentive task, 14
(female n = 7) participants did not finish the EEG recording after completing
the task, and 10 children did not have enough valid data in the EEG (female
n =4). The average R? of the power models was .99 (SD <.01) after excluding
the electrodes that fitted below .95 in the power spectrum decomposition
(<1% excluded). Males and females did not differ in total register time, fit of
the models, and retained data (all ts < 1). See Table 5A.3 for further details of
the demographic information of the sample and the Appendix of Chapter 5A
provides further information regarding the fit of the EEG models and power

and Bee-Attentive descriptives of the sample included in the analysis.
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Table 5A.3
Demographic information of the participants included in the regression models
between rs-EEG power and Bee-Attentive performance.

. ) rs-EEG
n Session Age Valid Block
(female) (months) Trials Number  Total Clean 2
Epochs  Epochs
101.47 5.41 94.02 24.68 .99

44(26)  37.27(081) (2550)  (1.00) (10.02) (16.82)  (.01)

Note. This table presents the data of infants who had valid data for both rs-EEG and
Bee-Attentive. Valid trials and blocks correspond to the Bee-Attentive task. R?
represents the fit of the power spectrum decomposition. Data are presented as the
mean (standard deviation).

The results of the regression models are depicted in Table 5A.4.
Individual differences in reaction time derivates (median RT, SD RT, RT
Cost) of the Bee-Attentive task were not concurrently predicted by EEG
power parameters (all Fs < 2). The accuracy of the Go trials was marginally
predicted by electrophysiological activity (adj. R?> = .12, F (3,36) = 2.74, p =
.057). In that model, alpha peak frequency had a positive relationship (f =
0.44, 1(36) = 2.73, p = .003) and theta peak frequency was also selected in the
model, but without a significant association (t <2). Similarly, NoGo trials (adj.
R?=.07, F (2,37) =2.56, p = .081) accuracy model showed a trend in relation to
EEG activity, but all predictors were non-significant (IAF: t <2).
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5A.3. Discussion

In this study, we aimed to investigate the association between EA and
oscillatory and aperiodic activity. We measured EA processes using two
newly developed child-friendly tasks: ECITT and Bee-Attentive. Both are
suited to evaluate the dissociable components of EA, such as CF, IC, and
sustained attention, at different ages. We measured EA with the ECITT at 9-
mo and 16-mo of age, while we employed the Bee-Attentive at 36-mo. Our
results indicate that there was a significant association between oscillatory
activity, but not aperiodic activity, between rs-EEG and the ECITT task.
However, we did not find no association was found with the Bee-Attentive

paradigm.

Although other studies have shown a relationship between frontal
activity and aspects of infants” behavior, our study is the first to dissociate
oscillatory and aperiodic components and measure performance on the
ECITT and Bee-Attentive tasks. Our results revealed specific concurrent and
longitudinal associations between task performance, frontal oscillatory
power, and ITF in the ECITT task. However, we did not find a significant
relationship between the aperiodic exponent component and ECITT, or any
component with Bee-Attentive. This finding highlights the relevance of
oscillatory brain activity in predicting behavioral skills, in agreement with
prior findings that considered high-order cognitive processes (Broomell et al.,
2016; Broomell et al., 2021), and also suggests the need for more research to
fully understand the lack of correlation between some tasks and brain

functioning.

5A.3.1. Alpha and theta oscillatory activity

Regarding the associations found, the oscillatory power of the theta
band at 9-mo. was a positive predictor of the PS trials at 16-mo., and ITF was
a concurrent predictor in the PNS and PS trials at 9-mo. This is consistent
with results from previous studies that found theta to be a predictor of
cognitive capability in infancy and childhood/adulthood (Braithwaite et al.,
2020; Perone et al., 2018), and the involvement of ITF in cognitive control
(Senoussi et al., 2022). Regarding to oscillatory power, the studies of Jones
et al.(2020) and Braithwaite et al. (2020) found better non-verbal cognitive

abilities in infants who increased theta power in a resting state protocol
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several months before. In contrast, Tan et al., (2023) and Perone et al. (2018,
2019) found a negative relationship between theta power and intelligence in
adulthood, and self-regulation and executive function in infancy and early
childhood, respectively. Thus, previous findings are mixed, depending on
the approach used to compute power. Studies that found a negative

relationship used relative power ratios, whereas others used power variation.

Given that theta relative power and other derivatives (e.g., theta/beta
ratio) are influenced by the aperiodic exponent (Donoghue, Dominguez,
et al., 2020; Rico-Pico et al., 2023), a negative relationship between theta and
cognitive capacities may occur due to age-related flattening of the
background curve (e.g., Schaworok and Voytek, 2020; Cellier et al., 2021).
Indeed, a steeper background curve (i.e., a larger exponent) has been
associated with attention deficit, hyperactivity risk, and poorer executive
functions in an autism risk sample of infants (Begum-Ali et al., 2022; Carter
Leno et al., 2022; Karalunas et al., 2021). However, in the current study, theta
oscillatory power was isolated from aperiodic background activity, which
may be more similar to the evoked and modulation paradigms. There is
evidence of higher frontal theta in conflict paradigms and infants (Berger et
al., 2006; Conejero et al., 2016) and resource allocation of cognition in
dynamic stimuli (Jones et al., 2020) with matures augmenting its energy
(Clarke et al., 2001). Thus, the pattern found may be more related to evoked
theta and be a marker of attentional control, as occurs in adults (Cavanagh &
Frank, 2014; Koster et al., 2021; Koster & Gruber, 2022).

Regarding alpha oscillatory power, we found a positive longitudinal
relationship with PS accuracy. This is consistent with the results of previous
studies that found an association between frontal alpha power and
performance in the A-not-B task (Broomell et al., 2021) and EA experimental
procedures (Hofstee et al., 2022). Alpha is considered key to high-order
cognition during development (Cuevas & Bell, 2022), and has been
consistently related to top-down processes involved in visuospatial attention,
cognitive control, and brain communication (Alamia et al., 2023; Clayton
et al., 2018; Fries, 2015; Klimesch et al., 2007). Furthermore, although the
overall model was not significant, the accuracy in the Bee-Attentive task had
IAF as a predictor. In fact, the alpha peak frequency over the parietal areas
has been related to information sampling (Freschl et al., 2022), and previous
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studies employing the alpha peak have found it to be associated with non-
verbal cognitive domains in infants (Carter-Leno et al., 2021).

Given the early developmental trajectories of alpha and theta
oscillatory activity, which highlights the steady increase in IAF and ITF, and
the augment of alpha oscillatory power (Freschl et al., 2022; Rico-Pico et al.,
2023; Schaworonkow and Voytek, 2021), our regression models indicated a
more mature pattern of brain oscillatory activity at 9-mo. in alpha and theta
rhythms were linked to better EA functioning in the ECITT task.

Overall, our results with the ECITT task indicate the involvement of
oscillatory activity in the development of cognition, whose maturation may
be necessary for the emergence of EA in the second year of life. In addition,
alpha and theta bands were co-predictors of infant performance in PS trials.
Several cognitive mechanisms are involved in any condition of the ECITT
task. In PNS, the capacity to create a preponderant answer is required, while
in PS and IS trials, children must suppress the tendency to keep responding
on the same side, in addition to disengaging their attentional focus from the
previous location and reorienting to the new one. Therefore, alpha and theta
band may jointly contribute to their performance albeit being related to
different process, such as it has been seen with reactive (vs. proactive; see
Braver, 2012) control (Clements et al., 2021; Cooper et al., 2015). This support
the contributive role of alpha and theta bands (see Clayton etal., 2015;
Cuevas & Bell, 2022; Klimesch, 1999; Saby & Marshall, 2012).

5A.3.2. Aperiodic activity

In our study, we did not find any significant contribution from the
aperiodic exponent to ECITT or Bee-Attentive performance. This is consistent
with a recent study that found no significant differences in children who
scored low (vs. high) on the Behavioral Inhibition Questionnaire and had the
same exponent values as their peers (Ostlund et al., 2022). However, previous
studies have reported the contribution of aperiodic activity to cognition in
offline and online paradigms in both developmental and adult samples (e.g.,
Donoghue et al., 2020; Karalunas et al., 2022). For instance, a recent study by
Carter Leno et al. (2022) found that the interaction between aperiodic
exponent and EA was a significant predictor of autistic traits. Therefore,

despite the lack of a relationship between aperiodic activity and behavior in
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our study, aperiodic activity has shown constant links with cognition, and
more studies are needed to fully understand its relationship with infant
behavior.

5A.3.3. Different associations between ECITT and Bee-Attentive

Our results revealed longitudinal and concurrent associations at 9-
mo. but no at 16-mo. between brain oscillatory activity and task performance
during an ECITT task. There is good evidence that baseline EEG can be a
predictor of later behavior (Brito et al., 2016; Jones et al., 2020; Whedon et al.,
2020). However, some studies have found concurrent, but not longitudinal,
relationships between rs-EEG and cognitive capabilities (Carter Leno et al.,
2021). Also, the lack of association with Bee-Attentive may be due to several
factors, ranging from the sensitivity of the task to the selection of brain areas
and properties of the rs-EEG included in the analysis. A recent study by
Gordillo etal. (2023) supports the difficulty in correlating rs-EEG and
behavior. In their study, they measured several EEG properties (e.g., power
and connectivity) and related them to an individual’s performance on several
tasks. Their results showed that only some correlations between brain and
behavior were significant and that those differed between the age groups
(young vs. old adults). This has also been shown in infant EEG, finding either
no correlation or correlation between the same task and protocols in two
different groups (e.g., Cuevas & Bell, 2012; Bell & Cuevas, 2010). One factor
that may improve the results is the consideration of the time points of the
measurements when examining the factors that impact the change and
stability of the measures. Introducing trajectories or individual slopes, albeit
not always feasible, provides valuable information about how the state of
maturation at a particular time point predicts developmental changes in

cognitive skills, and might reconcile the literature.

5A.3.3. Limitations and Future Directions

The current study was limited by the relatively small sample size.
This was in part due to the COVID-19 pandemic, which forced laboratories
to interrupt their activities for a period of several months. This negatively
impacted the attrition rate of families. Despite the modest sample size, our
findings are in line with previous literature linking oscillatory activity in

baseline protocols and behavior during infancy and childhood.
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Regarding electrophysiological measurements, we computed the
oscillatory power based on the assumption that the signal was stationary. As
discussed in Chapter 3A, narrowband activity (oscillatory) can also appear
in transient bursts that may not generate a peak (Ede et al. 2018; Quinn et al.
2019; Rayson et al. 2022; Zitch et al. 2020). Therefore, extracting the properties
of these transient activities may benefit the study of the associations between
brain activity and behavior, either via microstates in networks and power
(Brown & Gartstein, 2023), with peripheral measurements to gain insight into
cognitive states (e.g., Xie et al., 2018; 2019), or with evoked paradigms
compared to baseline (e.g., Cuevas & Bell, 2012; Fiske et al., 2022).

5A.4. Conclusion

The first years of life are characterized by dramatic changes in both
behavior and brain function. Evidence suggests that simpler building
cognitive blocks give rise to EA, which is parallel to structural and functional
brain development. In this study, we aimed to characterize the relationship
between EA processes and brain activity in relation to oscillatory and
aperiodic brain activity. We found that oscillatory power and peak frequency
were concurrent and longitudinal predictors of infant performance,
respectively. This contributes to the understanding of the relationship
between intrinsic brain function and cognitive outcomes such as intelligence
(Braithwaite et al., 2022), academic performance (Whedon et al., 2020), social
adjustment (Fleming et al., 2020), and personality and temperament traits
(Tang et al., 2020). Thus, investigating both early neural and behavioral
indicators may help identify potential predictors of children’s general

adjustment and learning abilities.
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Cognitive processes emerge from the coordinated activity of brain regions
regardless of their level of complexity. Brain regions are interconnected
through structural circuits that facilitate functional co-activation of adjacent
and distant regions, enabling the human brain to support flexible cognitive
processing (Honey et al., 2009). High-order cognitive processes have been
linked to interconnected sets of brain areas that are discernible at rest and
during task-related paradigms (e.g., CON and FPN; Dosenbach et al., 2008;
Petersen & Posner, 2012; Yeo et al., 2011). These networks undergo rapid
development in the first few years of life (Gilmore et al., 2018; Vértes &
Bullmore, 2015), which is thought to supports the emergence of executive
attention (EA) processes (Diamond, 2013; Fiske & Holmboe, 2019; Posner et
al., 2014).

Research in the last two decades has combined functional
connectivity with the graph theory framework to study age-related
functional network reconfiguration (Watts & Strogatz, 1998). This framework
considers the brain as a set of nodes (e.g., electrodes) united by a set of
functional or structural edges (e.g., coherence). When applied to the human
brain, it presents an optimal balance between the wiring cost and efficient
integration of brain areas (Bullmore & Sporns, 2012) sustained by the creation
of specialized modules that are united by long-range connections
(Alexander-Bloch et al., 2013; Salvador et al., 2005). This results in a small-
world architecture, as brain networks are neither clustered nor present a
random distribution of edges (Achard & Bullmore, 2007; Bassett & Bullmore,
2017; Vaessen et al., 2010).

Similar to structural networks (Collin & Heuvel, 2013; Ouyang et al.,
2019) or isolated brain function (Anderson et al., 2022), functional networks
go through a drastic reconfiguration in the first years of life (Gilmore et al.,
2018; Grayson & Fair, 2017; Vértes & Bullmore, 2015; Zhao, Mishra, et al.,
2019). Sensorimotor and primary networks are mostly delineated at birth
(Fransson et al., 2007, 2011; Smyser et al., 2010), whereas orientation and
executive networks show a more protracted pattern (Dosenbach et al., 2010;
Fair et al., 2009; Gao, Alcauter, Elton, et al., 2015; Gao, Alcauter, Smith, et al.,
2015; Gao et al., 2011). The development of EA networks is accompanied by

an increase in local specialization while also improving network integration
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in both fMRI (Cao et al., 2016; Yin et al., 2019) and EEG recordings (Boersma
et al., 2011, 2013; Kav¢ic et al., 2023; but see Xie et al., 2019). In addition, infant
networks are already modular and have small-world topology at an early
age, although this will continue to develop into adulthood in some high-
order networks (Asis-Cruz et al., 2015; Fair et al., 2009; Hu et al., 2022; Wen
et al., 2019). Therefore, networks tend to dissociate from others and increase
their specialization in the first few years of life, while the emergence of long-

range connections promotes network integration (Zhao, Xu, et al., 2019).

Functional connectivity and the balance between segregation and
integration have been linked to the development of EA processes in
childhood and adulthood (Baum et al., 2017; Keller et al., 2022; Keller, Pines,
et al., 2023). The gradual segregation of the frontoparietal network mediates
the maturation of EA in childhood (Wang et al., 2021), and the brain network
properties underlies adult and child performance in high-order cognitive
tasks that involve working memory (WM), EA, and intelligence (Hilger et al.,
2017; Marek et al., 2015; Pamplona et al., 2015; Reineberg & Banich, 2016; Van
Den Heuvel et al.,, 2009; but see Kruschwitz et al., 2018). In EEG, larger
segregation and lower integration costs are predictive of fluid reasoning
(Langer et al. 2012). Also, children and adults diagnosed with ADHD show
alterations in the balance between segregation and integration (Henry &
Cohen, 2019), although some inconsistencies have been found, depending on
neuroimaging techniques and frequency bands (Ahmadlou etal., 2012;
Furlong etal., 2021; Lin etal, 2014). This speaks for the relevance of

functional connectome in cognitive individual differences.

Despite not using a connectome approach, functional and structural
connections are predictors of cognitive capacity in the first years of life. Using
EEG, a larger synchronization of alpha over the frontal area in infancy has
been associated with EA processes (Cuevas et al., 2012), and its maturation
predicts EA from infancy to early childhood (Broomell et al., 2021; Whedon
etal, 2016). In evoked paradigms, age-related changes in fMRI/fNIRS
synchronization between frontoparietal areas, mostly comprising the FPN
areas, are related to the emergence of WM and EA (Alcauter et al., 2015; Buss
etal., 2014, Buss & Spencer, 2018; Marek etal, 2015). Therefore,

frontoparietal integration in the first years of life is key for the emergence of
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EA processes (Fiske & Holmboe, 2019), which coincides with the relevant role
of these structures in high-order cognition (Cole et al., 2012; Jung & Haier,
2007; Keller et al., 2022; Marek & Dosenbach, 2018)

Cumulative research has confirmed the involvement of frontoparietal
network areas and topological network characteristics in executive process
development. To date, only a handful of studies have addressed this question
in toddlerhood and early childhood, mostly using fMRI/fNIRS, which
captures the slow dynamics of brain function. However, higher frequency
activity in the alpha and theta bands is related to long-range integration (e.g.,
von Stein & Sarnthein, 2000), rapidly evolving in the transition from infancy
to early childhood (Chapter 3B), and is associated with individual differences
in EA processes (Bell, 2001, 2002). Therefore, this study aimed to explore this
research gap by investigating the contribution of the segregation and
integration of the brain network in the alpha and theta bands to children’s
cognitive capacity at 16 and 36 months of age. We anticipated that larger
segregation and a more efficiently integrated network would be positively

related to children’s performance.

5B.2. Results

To evaluate the relationship between functional network topology
and EA, we computed clustering and path length measurements as proxies
of segregation and integration characteristics, respectively. We aimed to
introduce three brain areas into the models: frontal-pole, frontal, and parietal
clusters, given the relevance of frontoparietal areas in human cognition (e.g.,
Dosenbach et al., 2008; Petersen & Posner, 2012). In addition, given the
multiverse results of Chapter 3B, iCoh was selected as the connectivity
measurement to construct the networks. The network density included in
this analysis was .25 and the weights of the edges were maintained.
Behavioral performance was assessed with the ECITT (PS, PNS, and IS trials)
and Bee-Attentive task (Go and NoGo accuracy, and Go RT, Go RT SD, and
Go RT cost).
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We conducted a partial least squares (PLS) analysis to examine the
relationship between network properties and EA. We introduced 4 matrices
of data in the case of ECITT and 5 regarding Bee-Attentive (e.g., graph
properties at 6-mo., 9-mo., and 16-mo., predicting ECITT performance). We
constructed models to predict a single variable from our behavioral tasks
(e.g., PS), limiting it to one component variable per matrix. Therefore, to
study the relationship between ECITT and Bee-Attentive and brain function,
we employed 4-block and 5-block PLS and evaluated both direct and indirect
paths. In the ECITT task, we had three direct paths: functional connectivity
latent variable (FCvar) at 6-mo. (d), 9-mo. (c), and 16-mo. (¢’), predicting
behavior, and three indirect paths. In the Bee-Attentive, we had four direct
paths (d, ¢, ¢, ¢”, ¢”’) between FCvar, and four indirect paths (d, ¢/, ¢, ¢””’)
following the same rationale. See Fig. 5B.1 for a schematic representation of
the direct and indirect paths. Significance/reliability of direct and indirect
paths was measured with 5000 permutations and bootstrapping,

respectively.

A 5 Fig. 5B.1. Schematic diagram of
-mo. b 16-mo.

FCuar FCuar direct and indirect paths in the

{ PLS analysis. The ECITT task
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= (s} .

= e four direct paths between

performance and FCvar (d, ¢, ¢/,

¢”’) and four indirect paths.
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Children must have valid data on the behavioral variables to be
included in the analysis. In addition, they had to have at least two valid data
points and two missing data points in the EEG recording. As PLS does not
handle missing values and needs to be imputed beforehand, we imputed
them by employing the mean trajectory of each parameter per electrode and
frequency band (trajMean imputation) due to the longitudinal characteristics
of our dataset (Jahangiri et al., 2023).

5B.2.1. Functional network topology and ECITT performance

The information relating to the sample included in the analysis is
displayed in Tables 5B.1 and Table 5B.2. See in the appendix of Chapter 5B
the Tables A5B.1 and A5B.2 for details about the performance of the ECITT

and functional properties of the sample included in the analysis.

Table 5B.1

Demographic information of the sample included in the relationship analysis between
ECITT and functional network properties.

Sex " BW GW Session age (days)
(kg) 6-mo.  9-mo.  16-mo.
Female 26 3.3 39.68 19271 284.18 515.83
044) (141) (9.09) (8.43) (26.89)
Male 29 326 3944 19336 285.19 512.25

0.35) (1.08) (8.9) (11.13) (18.56)

Note. BW = Birth Weight, GW = Gestation Weeks. The table shows the mean values
(standard deviation).

Table 5B.2
Mean number of trials (SD) in each session of the EEG and ECITT at 16-mo.
EEG ECITT
Sex n
6-mo. 9-mo. 16-mo. PS  PNS IS  Total
Female 26 27124 269.81 247.68 592 1444 7.63 29.25
(108.54) (97.23) (106.65) (1.16) (3.24) (1.28) (7.9)
286 24447 29395 562 1424 731 29.66
Male 29

(124.02) (93.66) (151.99) (1.63) (3.75) (1.65) (5:43)
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PS accuracy (Fig. 5B.2A) was not directly predicted by FCvar at 6-mo.
(B =0.39, poriginal = .879, ppermuted = .922) or 9-mo. (f = 0.39, poriginal = .010, ppermuted
=.183) but was significantly related to FCvar at 16-mo. (8 = 0.24, poriginal = .075,
ppermuted = .008). Direct paths linking FCvar between sessions were at least
marginally related after the permutation procedure (FCvar from 6-mo. to 9-
mo.: = 0.38, poriginal = .003, ppermuted = .088; FCvar from 6-mo. to 16mo.: = 0.47,
partial < .001, permuted = .008; FCvar from 9-mo. to 16-mo.: f = 0.41, poriginal =
.001, ppermuted = .037). The permutation test revealed significant mediation
paths between FCvarat 6-mo. and PS through the FCvarin the other sessions
(d”: p=0.10, ppermuted = .020, 95% CI = [-0.00 — 0.24]; d”’: = 0.04, ppermuted = .007,
95% CI = [-0.00 — 0.12]) but those paths were not reliable according to the
bootstrapping results. The reliable loadings in FCvar were almost identical in
each session, with positive weights in the clustering and negative weights in
the path length. The stronger weights appeared over the frontal and frontal-
pole and, in general, alpha had larger weights than theta.

PNS accuracy at 16-mo. was only related to FCvar at 16-mo. (f = 0.18,
Poriginal = .182, ppermuted = .009), but it was not directly predicted by FCvarin other
sessions (all psorigina > 345; all pspermuted > .297). FCvar was significantly
associated between 6-mo. to 16-mo. (5 = 0.47, poriginal < .001, ppermuted = .009) and
9-mo. to 16-mo. (f = 0.43, poriginal < .001, ppermuted = .023) sessions, but this
association was only marginal between the first and second waves (f = 0.39,
Poriginal = .003, ppermuted = .096). None of the indirect paths between FCvar and
PNS performance were reliable (see Fig. 5B.2B). The independent variables
that reliably loaded onto FCvarincluded clustering and path length over the
frontal and parietal areas, with positive and negative weights, respectively.
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Fig. 5B.2. PLS analysis for predicting PS/PNS performance based on functional
network properties. The figure displays the significant path after permutation testing
and the indirect paths between PS (A), PNS (B), and FCva. The colored weights
represent reliable factor loadings (yellow = clustering, orange = path length), whereas
gray represents unreliable factor loadings. F = Frontal, Fp. = frontal pole, P = Parietal,
L =Path Length, C = Clustering Coefficient. **p < .01, * p <.05, # p < .10.
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The pattern of the results with IS was similar to that of PS and PNS.
We found stability between sessions in FCvar, or at least a trend after
permutation procedure (FCvar from 6-mo. to 9-mo.: f = 0.39, poriginal = .004,
Ppermuted = .086; FCvar from 6-mo. to 16-mo.: f = 0.46, poriginal < .001, ppermuted = .013;
FCvar from 9-mo. to 16-mo.: f = 0.42, poriginal = .028, ppermuted = .039), and an
association between FCrvar at 16-mo. and IS accuracy (f = 0.17, poriginal = .075,
ppermuted = .008), while the other direct paths were not significant or marginal
(6-mo. FCvar to IS: B = 0.02, poriginal = .879, ppermuted = .922; 9-mo. FCvar to IS: § =
0.29, poriginat = .010, ppermuted = .073). Indirect paths through FCvar were
significant and reliable (d": f = 0.13, ppermuted = .02, 95% CI =[0.01 - 0.24]; d": 8
= 0.05, ppermuted= .03, 95% CI =[0.02 — 0.11]). Reliable loadings were scarce and
mainly over frontal areas (see Fig. 5B.4).
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Fig. 5B.3. PLS analysis for predicting IS performance based on functional network
properties. The figure displays the significant path after permutation testing and
indirect paths between IS and FCvar. The colored weights represent reliable factor
loadings (yellow = clustering, orange = path length), whereas gray represents
unreliable factor loadings. F = Frontal, Fp. = frontal pole, P =Parietal, L = Path Length,
C = Clustering Coefficient. **p < .01, * p <.05, # p <.10.
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5B.2.2. Functional network topology and Bee-Attentive performance

All information regarding the demographic descriptives of the
sample of the analysis between Bee-Attentive and functional networks can
be found in Tables 5B.3 and 5B.4. The performance and network parameters
can be seen in Appendix Tables A5B.3 and A5B.4. Among all the variables
studied (Go and NoGo accuracy, and median RT, SD RT, and RT cost), none
had significant associations, either direct or indirect, with FCvar. Only the RT
cost was marginally related to FCvarat 9-mo. (8 = 0.39, poriginal = .004, ppermuted =
.086) and 16-mo. sessions ( = 0.39, poriginal = .004, ppermuted = .072). The figures
of these analyses can be found in the Appendix of this chapter.

Table 5B.3
Mean number of trials (SD) in each session of the EEG and Bee-Attentive at 36
months.

EEG Bee Attentive

Sex =n Go No Go

6-mo. 9-mo. 16-mo. 36-mo.

Low High Low High

286.05 313.08 2505 32087 37.8 3745 1575
(108.35) (88.15) (91.46) (123.36) (9.79) (10.85)  (5)

25045 23425 31446 39744 3595 362 1555
(10224)  (69.3) (156.16)  (76.6)  (7.24) (7.74)  (3.55)

F 25

M 22

Note. F = Female, M = Male.

Table 5B.4
Demographic information of the sample included in the relationship analysis between
Bee-Attentive and functional network properties.

Session Age (days
Sex. n BW(kg GW —— ge (days)
6-mo. 9-mo. 16-mo. 36-mo.
Female 25 3415.45 39.5 192.8 28296 514.68 1112.81
(528.14) (1.44) (8.49) (6.46) (26.55) (19.03)
3372.5 3956 194.86 288.26 5194 1124
Male 22

(341.98) (1.38) (8.82) (13.46) (22.78) (33.57)
Note. BW = Birth Weight, GW = Gestation Weeks.
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5B.3 Discussion

The main goal of the current study was to investigate the associations
between EA and the brain functional connectome in a developmental sample
from infancy to early childhood. To this end, we evaluated EA using two
tasks suited to evaluate the dissociable components of EA: ECITT and Bee-
Attentive. Children performed the Bee-Attentive task when they were 36-
mo., while toddlers performed the ECITT at 16 months of age. We then
associated individual differences in EA with brain function measured with
the segregation and integration network characteristics over the frontal,
parietal, and frontal-pole electrodes in the alpha and theta bands. Overall,
our results showed that there was a significant association between the
functional connectome and children’s performance in the ECITT task, but no

significant relationship was found in the Bee-Attentive task.

5B.3.1. Functional connectivity and cognitive capacity

Both PS and PNS trial accuracy were predicted by a component factor
that included mostly frontal and parietal areas, with larger loads in the alpha
band than in the theta band. The direction of the loads was negative for path
length and positive for clustering coefficient. As shown in Chapter 3B, this
corresponds to a more mature pattern of functional networks as the
clustering coefficient and global efficiency (i.e., inverse of the path length)
increased with age. Other studies have shown this developmental pattern in
the first years of life, although mainly in fMRI studies (Vértes & Bullmore,
2015; Zhao, Xu, et al., 2019), and the results coincide with the efficient brain
theory, in which the optimal balance between a highly specialized yet
efficiently integrated network benefits cognitive performance (Barbey, 2018;
Bullmore & Sporns, 2012; van den Heuvel et al., 2009). However, in the IS
trials, we found the opposite pattern, with the clustering coefficient and path
length over the frontal areas being negative and positive predictors,
respectively, of children’s performance. This suggests that an optimal
balance between segregation and integration may depend on task

requirements, as we further discuss below.

Previous studies have supported the involvement of functional
connectivity in early cognition (Bell & Fox, 1992; Broomell et al., 2021; Cuevas

et al., 2012; Whedon et al., 2016). For example, 9-mo. infants with stronger
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frontal-temporal connections in alpha exhibit better IC control (Bell & Fox,
1992) and larger age-related changes in frontal coherence in alpha are
positive predictors of CF and IC capacity (Broomell et al., 2021; Whedon
et al.,, 2016). Additionally, better integration between frontoparietal areas in
the beta band is a positive predictor of WM capacity and intelligence (Barnes
et al., 2016), and these connections are strengthened after cognitive training
(Astle et al., 2015).

The structural and functional properties of brain networks are also
associated with individual differences and the protracted emergence of EA
(Langer et al., 2012). The gradual specialization of structural modules over
the frontoparietal network mediates the emergence of high-order cognitive
processes in childhood (Baum etal., 2017), and age-related changes in
executive rs-fMRI networks promote the development of cognitive control
(Cui et al., 2020; Marek et al.,, 2015; Wang et al., 2021). This has also been
shown in fNIRS studies, as the gradual strengthening of connections between
the frontal and parietal areas sustains IC development in early childhood
(Buss et al., 2014; Buss & Spencer, 2018).

Previous, cross-sectional studies in childhood and adulthood have
shown that more segregated and efficiently connected networks improve
performance in attention and intelligence independent of neuroimaging
techniques, such as fMRI (Cole et al., 2012; Finn et al., 2015; Stevens et al.,
2012; Van Den Heuvel et al., 2009; but see Kruschwitz et al., 2018), and EEG
(Knyazev et al., 2017; Langer et al., 2012; Langeslag et al., 2013; Zakharov
et al., 2020). Remarkably, functional connectivity imbalance is a characteristic
of ADHD, albeit with some mixed results depending on the task,
neuroimaging modality, and frequency band (Henry & Cohen, 2019). For
instance, in their study Furlong et al. (2021) found larger global efficiency in
ADHD, while others found augmented local efficiency but reduced global
efficiency (Lin et al., 2014), or variations on network segregation (Ahmadi
et al,, 2021; Ahmadlou et al., 2012; Ghaderi et al., 2017). Therefore, our results
align with the association between functional connectome topology and

individual cognitive differences.

The involvement of both the frontal and parietal electrodes in

PS/PNS, but to a lesser extent in IS, coincides with the relevance of the
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frontoparietal areas in flexible adjustment and high-order cognitive processes
(Keller et al., 2022; Marek & Dosenbach, 2018; Petersen & Posner, 2012).
Indeed, several authors have highlighted their relevance in previous theories,
such as the parieto-frontal intelligence theory (P-FIT; Jung & Haier, 2007), the
multiple demand system (Duncan, 2010), and the network theory of
intelligence (Barbey, 2018). In all these, coincident with the efficient network
proposal, the integration of the frontal and parietal areas is crucial to explain
complex behavior. Indeed, previous studies have highlighted the relevance
of their integration in self-regulation (Karama et al., 2011; Knyazev et al.,
2017; Langeslag et al., 2013). Consequently, the maturation of frontoparietal
connections is arguably one of the most relevant factors explaining the

emergence of executive processes (Stevens et al., 2012; Uddin et al., 2011).

One distinction between our study and previous research in EEG is
that we did not evaluate the direct connections between the frontal and
parietal areas but employed a network approach with .25 of the connections.
Therefore, the integration cost in each cluster represents the capacity to
integrate with all other electrodes, independent of the existence or absence of
direct paths. This might have helped to find a relationship with behavior, as
other studies have found a global reconfiguration while performing

demanding cognitive tasks (Cooper et al., 2015).

5.3.2. Alpha and theta bands connectivity and cognition

Both alpha and theta were co-predictors of toddlers” performance,
which may suggest a lack of specificity in the results. However, the alpha and
theta bands have previously been shown to underpin high-order cognitive
processes (Clayton et al., 2015; Klimesch, 2012). Demanding tasks trigger the
strengthening and reconfiguration of theta and alpha band connections
between frontoparietal areas when active control (vs. baseline) is required
(Cooper et al., 2015). Furthermore, alpha and theta connectivity has been
associated with sustained internally driven attention (Clayton et al., 2015;
Kam et al., 2019; Palva & Palva, 2011), memory (Muthukrishnan et al., 2020;
Sauseng et al., 2010), online adaptation (Oehrn et al., 2014), and top-down
modulation of posterior areas (Fries, 2015; Sadaghiani et al., 2012). This

reconfiguration of functional connectivity occurs even in infancy, as Cuevas
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and Bell’s groups have repeatedly shown in the alpha band (e.g., Cuevas et
al., 2012), suggesting that online reconfiguration occurs from an early age.

Simultaneous EEG/MEG - MRI experiments have revealed that
functional connectivity in the alpha band is related to the underlying BOLD
signal. In fact, the co-activation of executive network areas is related to the
strengthening of alpha connections (Sadaghiani etal., 2012), which is
consistent with the top-down influence of the alpha band on posterior areas
(Alamia et al., 2023). Therefore, the involvement of both the alpha and theta
bands in our study is consistent with their functional roles in evoked
paradigms and their function as long-range integrator mechanisms (Marek
& Dosenbach, 2018; von Stein & Sarnthein, 2000). In addition, given the
complexity of the ECITT, it is possible that both are co-predictors because

they support complementary, albeit different, cognitive processes.
5.3.3. Optimal network configuration for different cognitive processes

One puzzling result in our study is the different direction of the load
in the PS/PNS compared with the IS. Having larger segregation and better
integration costs was positive for the prepotent side, but not for the inhibitory
side performance. These results may be a consequence of distinct optimal
network configurations in relation to behavior. As stated above, according to
rs-fMRI development, a more mature brain is more segregated and efficient
should predict better cognitive performance (Bullmore & Sporns, 2012).
However, the opposite pattern emerges when adults conduct tasks that
involve the coordination of different networks (Cohen & D’Esposito, 2016;
Finc et al., 2020). That is, despite the large proportion of connections shared
between rs- and task-related networks (Cole et al., 2014; Hansen et al., 2015;
Krienen et al.,, 2014), segregation and integration may be specific to each
mental state. Consequently, the optimal values of the connectome topology
will rely on task demands. A recent study by Wang et al. (2021) supports this
perspective, as they found different contributions of segregation and network
efficiency to different aspects of the task (RT vs. general cognition).

Given the impact of cognitive states in network topology, the
differences between PS/PNS and IS may be a consequence of our baseline. We
made soap bubbles (Block 1) and presented a dynamic video (Block 2) to keep
the children soothed. This is different from the classical adult protocol for
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eyes open or closed. Our baseline implied salient stimuli designed to capture
children’s attention. Thus, it implies exogenous attention or even guided
orientation due to how salient and positive they are for children. Previous
studies have shown that EEG relies heavily on the environment, and that the
alpha and theta bands are sensitive to cognitive demands (Bell, 2001, 2002;
Stroganova et al., 1999) and are reconfigured during periods of attention (vs.
inattention), even within the same protocol (Xie et al., 2018; Xie, et al., 2019).
In fact, in case of employing the same protocol as adults, the cognitive
resources for children may differ, as being quiet might require greater control
in young developmental samples (Camacho et al.,, 2020). Therefore, it is
possible that we related the configuration of the networks while orienting
children’s attentional focus, which may have caused some discrepancies
between the PS/PNS and IS.

5B.3.4 Limitations and future directions

This study presents the same limitations identified in Chapter 5A,
such as modest sample size, task design, and varying cognitive states at
baseline. Our analysis focused on frontal-parietal clusters, as suggested by
previous studies linking cognitive performance and brain function, and we
evaluated clustering and path-length averaging across the electrodes. That is,
we chose to include the average path length per electrode as a proxy for the
general cost of integrating the electrode with all other channels. It is possible
that individual electrodes within the clusters contribute differently to the
relationship with EA, or that individual pairs of connections are more
relevant than others. Thus, thresholding the network and computing the
distance between electrodes could be an approach to further explore brain
function and integration properties with behavior. In addition, we included
only clustering and path lengths as indicators of segregation and integration
properties, respectively. These measures do not consider the modularity of
networks. Therefore, adding information about the Q value, participation
coefficient, or within-module z-degree could provide insightful result
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5B.4. Conclusion

The EA processes mature rapidly during the first years of life. These
functions rely on functional networks that mostly involve frontoparietal
brain areas (Petersen & Posner, 2012) that also undergo a profound
reconfiguration in the first years of life (Gao, Alcauter, Elton, et al., 2015;
Vértes & Bullmore, 2015). In addition, oscillatory communication between
brain areas is essential for cognitive processes (Buzsaki 2006; Fries 2015). In
this study, we explored the relationship between brain oscillatory networks
and EA using the ECITT and Bee-Attentive tasks in a developing sample. We
found that different topological characteristics were related to individual
variations in ECITT performance, but not in Bee-Attentive. PS and PNS
accuracy were related to a more efficiently integrated and segregated
network in the alpha and theta bands, whereas IS displayed the opposite
pattern. In both cases, alpha and theta bands were co-predictors of cognitive
performance. Thus, our results suggest that early topology is related to
behavior, contributing to the understanding of the involvement of brain

networks in childhood behavior.
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In this doctoral dissertation, we studied age-related changes in brain
functional activity, executive attention (EA development, and their
relationships in a longitudinal study from the sixth to the thirty-sixth month
of life. We recorded functional brain activity using EEG in a baseline protocol
and extracted oscillatory/aperiodic and connectivity measurements.
Behavior was measured using two new child-friendly tasks (Bee-Attentive
and ECITT) that aimed to evaluate cognitive flexibility (CF), inhibitory
control (IC), and focused attention. Overall, the results of this thesis support
the drastic maturation that takes place in the first three years of life, both

behaviorally and in EEG recordings, and their interplay during this period.

6.1. Brain Maturation Comes with Oscillatory, Aperiodic, and
Communication Changes

Electrophysiological brain maturation was measured based on the
power and functional connectome. In Chapter 3A, we isolated oscillatory
power from aperiodic background electrophysiological activity, while in
Chapter 3B, we employed graph theory from a multiverse perspective to

delineate network organizational changes from infancy to early childhood.

Previous research on rs-EEG power development primarily explored
either absolute and/or relative power and, in some instances, the frequency
peaks of the alpha and theta bands. In the case of the alpha band, the
characteristic peak in the power spectrum begins to manifest around the
fourth month of life, characterized by transient activity at lower frequencies
compared to adults (Smith, 1938). During the initial months of life, the alpha
peak shifts towards higher frequencies while gradually amplifying its power
(Freschl et al., 2022; Marshall et al., 2002). Conversely, studies examining the
theta and beta bands have revealed increases in power when absolute power
is considered (Dustman et al. 1999; Jing et al. In 2010, Wilkinson et al. 2023),
but when relative power or power ratios are taken into account, a decrease
in low-frequency (i.e., theta) power is observed (Marshall et al., 2002; Perone
et al.,, 2018).

Recently, the power spectrum used in longitudinal studies was
redefined to distinguish oscillatory activity from aperiodic activity (He, 2014;
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Voytek & Knight, 2015). This distinction is crucial for understanding the
biological mechanisms underlying oscillatory activity as they differ from
those of the aperiodic background (Gao et al., 2017; He et al., 2010; Trujillo et
al., 2019). While the aperiodic background is consequence of the balance
between inhibitory and excitatory currents (Gao et al., 2017; Perica et al.,
2022), each frequency band has its own brain mechanisms (Buzsaki, 2006;
Wang, 2010). Importantly, this inhibitory/excitatory balance also varies with
age, which is shown in the flattening of the aperiodic curve (Brandes-Aitken
et al., 2023; Cellier et al., 2021; Schaworonkow & Voytek, 2021). Also, the
contribution of aperiodic activity is one of the most influential factors in
power ratios (Donoghue et al., 2020), underscoring its significance in the

study of EEG power.

In Chapter 3A, we found changes in aperiodic and oscillatory brain
activity, revealing distinct developmental patterns when oscillatory activity
is isolated from aperiodic power (vs. relative power). The alpha band
exhibited a similar trajectory in relative and oscillatory power, while theta
relative power diminished with age (in contrast to no change in oscillatory
power) and beta band power increased (as opposed to a reduction in
oscillatory power). Additionally, the proportion of the alpha peak increase
while augmenting its peak frequency (approximately 1.5 Hz). Additionally,
at 6 months, infants exhibited two frequency peaks (present in approximately
50% of children) in the alpha and theta bands. The prevalence of theta peaks
decreased with age, suggesting the gradual emergence of alpha as dominant
rhythm. Concerning aperiodic activity, we found a consistent flattening of
the background curve in the first years of life, and aperiodic components
were significant predictor of theta- and beta-band relative power beyond the

influence of oscillatory activity.

Aperiodic background flattening has been observed from birth to the
sixth month of life and extends beyond three years of age to adulthood
(Cellier et al., 2021; Hill et al., 2022; Schaworonkow & Voytek, 2021). This
flattening process is linked to the maturation of glutamatergic currents and
implies a general shift towards more excitatory activity in the
excitatory/inhibitory balance (Perica et al., 2022). Thus, Chapter 3A highlights
the significance of segregating aperiodic and oscillatory activity and unveils
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the possible confounding of previous studies by 1) the conflation of aperiodic
and oscillatory activity in relative power, and 2) the overshadowing of the
development of other bands by the emergence of the alpha rhythm. That is,
as power flattens with age, increases in high-frequency power may be due to
gradual flattening in the aperiodic background curve. Consequently, the
relative power also may decrease at lower frequencies. Additionally, while
the alpha band exhibits a steady increase in energy, part of the results in the
relative ratios may be driven by the lack of a peak over the power spectrum.
Finally, changes in alpha power aligned with previous research findings,
particularly from infancy to early childhood (Marshall et al. 2002) and other
studies exploring alpha oscillatory power also shown a profound
reconfiguration (Cellier et al., 2021; McSweeney et al., 2021; Schaworonkow
& Voytek, 2021).

The patterns uncovered in Chapter 3A do not mean that oscillatory
activity in the theta and beta bands remains stable with age. Several evoked
paradigms have revealed age-related changes in time frequency analysis. As
infants grow old, theta power increases during conflict tasks (Adam et al.,
2020; Chevalier et al., 2021; Van Noordt et al., 2022) and so does beta power
during motor paradigms (Rayson et al., 2023). Consequently, one limitation
of the power spectrum approach is the loss of temporal information. We
addressed this concern in Appendix 3A. In this concise analysis, we
evaluated the signal rhythmicity and self-predictability of the oscillations
over time (Fransen et al., 2015). Moreover, we employed the p-method to
assess the presence and properties of the bursts. Our findings indicate that
the alpha band is self-predictable over approximately five cycles, which
implies that it is sustained, whereas the theta and beta bands primarily rely
on transient bursts. Intriguingly, the alpha activity gradually transitioned to
a sustained activity across sessions at least in parieto-central areas.
Furthermore, the burst amplitude increased in all three bands, which
signalled the limitations of the stationary power spectrum in evaluating other
bands.

Discrepancies between the static power spectrum and burst
methodologies suggest that non-stationary processing may prove crucial in
the investigation of rhythms beyond the alpha band. Indeed, the
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developmental trajectory we observed aligns with previous findings from the
evoked paradigms. As previously mentioned, both the theta and beta bands
show increased power with age. This increase is believed to reflect the
maturation of cognitive mechanisms and follows an inverted "u" shaped
pattern (e.g., Lo, 2018). Initially, evoked activity is absent, followed by a
substantial increase combined with over recruitment of brain areas, to finally
achieve a more specific and efficient brain activity. This pattern is observed
with various event-related potentials, including P3 and N2 (Hammerer et al.,
2010; Pires etal., 2014) that exhibit a gradual trajectory parallel to the
emergence of executive control. This phenomenon also extends to time-
frequency analysis in infancy, as infants' potentials are typically larger, more
prolonged, and appear at later latencies than those of older children and
adults (e.g., Adam et al., 2020; Conejero et al., 2016).

In Chapter 3B, we explored the functional connectome within the
alpha, theta, and beta bands. Previous studies have primarily relied on direct
connections as a reference measure (Barry et al., 2004; Thatcher et al., 2008).
This approach considers the existence of direct synchronization between
every pair of electrodes, which deviates from the most plausible
communication pattern incorporating short- and long-range connections
along with intermediary edges (Bullmore & Sporns 2012). Thus, direct
connections do not adequately capture the topology of functional networks
or provide insights into the efficiency of the functional connectivity. Over the
past few decades, researchers have employed graph theory in combination
with functional neuroimaging to address these limitations (Watts & Strogatz,
1998). This theory enables a more comprehensive characterization of brain
networks based on common mathematical principles, irrespective of the scale

of the network.

At birth, somatosensory networks are predominantly delineated,
whereas attentional and executive networks remain immature. Orienting and
executive networks progressively emerge, becoming more defined around
the sixth and twelfth month of life, respectively (Gilmore et al., 2018). The
maturation of functional networks seems to be driven by two fundamental
principles: integration and segregation (Gilmore et al. 2018; Yin et al. 2019;
Zhao et al. 2019). During development, networks tend to strength
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connections within proximal, highly interconnected areas (Fransson et al.,
2007, 2011; Yin et al, 2019), while strengthening crucial long-range
connections between these nodes and pruning the irrelevant ones (Gao,
Alcauter, Elton, et al., 2015; Gao, Alcauter, Smith, et al., 2015; Gao et al., 2011).
Despite the temporal limitations of fMRI, it has been the preferred method
for exploring brain network development. However, brain communication
occurs at different frequency rhythms, each with distinct communicative
roles (Fries, 2015; Marek & Dosenbach, 2018; von Stein & Sarnthein, 2000).
Hence, to complement the fMRI literature, we explored the development of
the functional connectome using the graph theory approach as previous
studies employing functional connectome in the first three years of life are

scarce and yielded mixed results (e.g., Hu et al., 2022; Xie et al., 2019).

In chapter 3B, we initially conducted a multiverse analysis to examine
the differences between the network construction preprocessing steps. This
analysis revealed profound reconfigurations in the coherence-based and
phase-based methods, particularly when they were not debiased. Notably,
weighted networks exhibited an opposite trajectory in global efficiency
compared with binary networks, while displaying a similar pattern in age-
related segregation. This suggests that while segregation remains a consistent
phenomenon in network development, the integration cost may be high for
the brain if the strength of the connections is not considered. As the brain
promotes the strengthening of top connections, the creation of new long-
range connections may be less costly, even if initially perceived as non-

optimal.

Subsequently, in Chapter 3B, we conducted a more detailed analysis
of coherence networks, as they exhibited the largest reconfiguration with age.
These coherence networks revealed two distinct clusters places over the
frontal and parietal/occipital regions. These clusters accounted for the
majority of connections and were clearly segregated from the remaining
clusters but interconnected throughout intermediate long-range connections.
Furthermore, we observed that infant networks were modular and presented
a small-world topology; however, these parameters were stable in the

transition from infancy to early childhood. In addition, throughout the
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sessions, the functional network became more segregated, promoting

specialization and an increase in local and global efficiency.

The findings in Chapter 3B aligned with the presence of parietal and
frontal clusters and the early emergence of a small-world topology (Hu et al.,
2022; Omidvarnia et al., 2014; Shrey et al., 2018). Nevertheless, prior research
has reported mixed results regarding maturation trajectories, with some
studies showing stability in topology parameters, whereas others indicated a
reduction of small world topology with age (Hu et al., 2022; Xie et al., 2019).
Furthermore, the development of the integration cost of the network has
shown different trajectories among studies (Miskovic et al., 2015), whilst the
progressive gradual segregation of the functional connectome in EEG has
been constantly reported (Boersma et al., 2011, 2013; Kav¢ic et al., 2023). Our
multiverse approach contributed to determine that some of these
inconsistencies may be attributed to variations in processing steps and
highlights the importance of reporting multiple measurements within the

study, establishing different trajectories for each frequency band.

The patterns observed in coherence-based networks resemble the
strengthening of direct connectivity observed in other studies (Barry et al.,
2004). Additionally, an increase in functional integration and segregation has
been reported in fMRI studies (Vértes & Bullmore, 2015; Zhao et al., 2019).
However, our findings deviate in two ways from fMRI studies: 1) we did not
identify hubs and 2) our networks remained spatially stable. These
discrepancies contrast with fMRI studies in neonates showing that hubs are
already present at this age and the posterior-anterior transition of hubs
occurs in the first months (Asis-Cruz et al., 2015, Wen et al., 2019). It is
possible that the EEG space constraints may have reduced the sensitivity to
developmental changes in topology. However, our results are similar to the
reconfiguration principles proposed in fMRI studies and, consequently,
suggest that the functional connectome matures towards a more efficient

configuration.

Chapters 3A and 3B of this thesis demonstrated the drastic
reconfiguration in brain function that occurs within the initial three years of

life. This period is characterized by a dramatic rate of maturation, which may
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be unparalleled by any other period in the human lifespan. From birth to the
end of the third year, a series of developmental milestones occur (Bethlehem
etal, 2022). Concurrently, white matter proliferates, promoting the
refinement of structural circuitry through the formation of novel connections
and the reinforcement of existing connections via myelination of neural tracts
(Dubois, 2014; Ouyang et al., 2019). These structural changes are followed by
shifts in the functional characteristics of the brain. Consonant with these
changes, our investigation revealed a transition in dominant brain oscillation,
which evolves toward a rhythmic pattern and increases its peak frequency
and power. Additionally, functional brain networks became more
specialized, and the efficiency of network integration was enhanced. Notice
that the observed trajectories exhibited a quadratic trend in most cases,
consistent with the notion of steeper developmental changes occurring in the
first months of life. To further increase our understanding, future studies
should consider combining neuroimaging techniques, incorporating even
younger participants, and recording peripheral activity measures to capture
the infant’s and toddlers’ cognitive state. All these implementations will offer

a more comprehensive perspective of early neurodevelopment.

6.2. Age-related Gains in EA

In Chapter 4, we explored the development of EA processes, employing two
child-friendly tasks, the ECITT and Bee-Attentive tasks. Our findings
collectively highlight the maturation of IC and CF and that it is plausible to

assess two attentional processes in children as young as three years old.

The ECITT (Holmboe et al, 2021), conceived by one of our
collaborators, was designed to assess IC and CF without relying on memory
processes or verbal instructions. Instead, it is based on a contingency
learning. In this task, two blue rectangles are presented in a tablet screen, and
one contains a “smiley face.” On most occasions, it appears on one side of the
screen (75%) while in occasional trials is placed in the opposite place (25%).
This design promotes building a prepotent answer, which needs to be
suppressed when the target appears in the infrequency location (IS trials; IC).
It also evaluates the cost to flexibly switch when the target returns to the
prepotent place (PS trials, CF). Our findings revealed that IS were the most
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challenging trials, followed by PS, and those in which the smiley face
appeared several times on the prepotent side on a row were the easiest (PNS).
This task was doable at 9-mo. sessions, as infants” performance was superior
to the chance level. This is one month earlier than previous studies and
suggest that it can be implemented in younger samples. Additionally, 16-mo.
toddlers demonstrated better performance IS and PNS than in the second
session, but no changes in PS accuracy. This suggests the rapid development
of IC albeit the stabile capacity of CF processes in this task between sessions.
Notably, individual performance in IS trials at 9 months was a significant
predictor of IS performance several months later, revealing the stability of

this cognitive process within task.

To evaluate the EA in 3 years old children, we developed the Bee-
Attentive task. It was designed to concurrently evaluate executive and
focused attention by combining the rationale of a Go/NoGo paradigm with a
visual-search protocol. Children were asked to help the Bee (80% of trials;
Go) to collect honey by pressing a button when it appeared, while avoiding
press the button when the Wasp was present (20% of trials; NoGo).
Simultaneously, other bugs appeared on the screen in two possible

conditions: low load (1-2 insects) and high load (5-6 insects).

Our results denoted that child performed above the chance in Go
and NoGo trials, and the task presented the general inhibitory cost when the
Wasp appeared as the accuracy on NoGo was lower. Intriguingly, this
pattern did not vary with the load conditions, as accuracy levels held similar
values in low and high load scenarios. However, RT and its variability suffer
when the high load condition occurred. In this task, children also were able
to self-regulate following an error provided by their slower RT and higher
accuracy. Thus, the differences found between the PNS/IS and Go/NoGo
trials signal the online adaptation of children’s behavior. In addition, our
study revealed that three-year-old children self-regulate their behavior
following an error, resulting in improved performance in Go trials, albeit at
the cost of slower reaction times. However, NoGo trials showed a reduction

in performance, possibly linked to the augment in arousal level because of
the feedback sound.
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In regard to PS/IS and NoGeo trials, our findings indicated that infants
could inhibit their responses, despite exhibiting a higher error rate compared
to easier trials. However, we did not observe any significant differences in PS
between the second and third sessions, whereas children exhibited
improvements in IS trials. The early capacity to inhibit and flexibly change
found in the ECITT aligns with other infant tasks measuring IC, such as A-
not-B and Fraze-Frame (e.g., Holmboe et al., 2018). Furthermore, the
development of IC is consonant with previous literature on A-not-B, as
infants and toddlers progressively become more capable of change the
prepotent answer (Bell & Adams, 1999; Clearfield et al., 2006, Diamond,
1985). However, our results differ from those reported by Hendry et al.
(2021), who did not observe age-related changes between 10 and 16 months
of age in the ECITT task. One possibility to explain this discrepancy is
considering when the ECITT session took place. Infants in our study were
younger in the first, and older in the second session, which increased the gap
between longitudinal waves. In fact, the development of IC occurred using
both IS and the original index of IC proposed by Hendry et al. (2021).
Therefore, the temporal separation likely accounted for the differences

between studies.

The lack of change found in PS trials between sessions suggests that
CF capacity is stable and may reach a plateau at an early age.
Notwithstanding this idea, researchers have shown that difficulties in
changing both within- and between-tasks further develop later on (Zelazo
et al., 1996, 2003). For instance, children’s capacity to flexibly shift rules in the
DCCS task is not achieved until the second year in simplified versions of the
task to reduce conflict (Garon etal., 2014). Therefore, CF continues to
improve with age, which probably signal that either the age of the sessions
was not separated enough of that the ECITT can not capture developmental

changes in CF.

Finally, we showed that combine and extract several attentional
markers from one task at age three years old. Previous attentional protocols,
such as the child version of the ANT, are not suitable until nearly the fourth
age because of the complex instructions (Casagrande et al., 2022; Rueda et al.,
2004). We achieved this by giving a history line behind children” actions,
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while adding several blocks of practice. However, nearly a 10% of the
children did not comprehend the instructions. This represents the difficulty
for some children probably due a language barrier. In addition, despite of the
general cost of inhibiting and orienting in high load conditions, that probably
will get reduced in the following months (Gerhardstein & Rovee-Collier,
2002; Woods et al., 2013), it is possible that the parameters chosen were
suboptimal because the lack of interactions and the median RT found. Infants
performed equally well in both low and high load conditions, and only
needed approximately half of the maximum time of the target in the most
difficult conditions. Further versions need to adjust such parameters to make

searching and IC more challenging.

In summary, our current findings provide insights into the
development in IC processes and children's capacity to engage in more
complex task. These results align with other paradigms, such as A-not-B,
which highlight similar developmental changes. Future investigations
should consider exploring IC and CF in intermediate and older children
using the ECITT task to further delineate its developmental trajectory.
Additionally, our newly designed Bee-Attentive task showed consistent
markers of IC and self-regulation, similar to those found in other IC and

search paradigms.

6.3. Developing Oscillations for a Rhythmically Sampled World

In the final experimental chapters of this dissertation, we studied the
relationship between oscillatory/aperiodic ~activity and functional
connectome with infant behavior. While previous research has explored the
relationship between brain oscillations and cognitive development in
children and adults, this study contributes to the literature by focusing on the
early years of life (0-3 years) and emphasizing the developmental aspects of
oscillatory activity and functional networks. These chapters offer novel
insights into the specific relationship between EEG aperiodic/oscillatory

activity and connectomes with attentional processes.

In Chapter 5A, we explored the relationship between ECITT and Bee-
Attentive with the aperiodic exponent and oscillatory activity (peak
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frequency and power) of the theta and alpha bands. Our findings revealed
significant concurrent relationships between PS and theta peak frequency,
and oscillatory power at 9-mo. predicted the performance of PS trials at 16-
mo. Intriguingly, we did not find significant relationships in the Bee-
Attentive task. Hence, the relationship found may be task dependent in our

study.

In Chapter 5B we delved into the association between the segregation
and integration properties of functional networks placed over the parieto-
frontal areas and ECITT performance. Remarkably, we observed that a more
segregated and globally efficient network was as a positive predictor of
PS/PNS trials, whilst the opposite pattern occurred in IS trials. Moreover,
both alpha and theta oscillations were co-predictors of children’s
performance, highlighting its role in cognitive control. However, associations

between the Bee-Attentive task and brain function were not significant.

Previous research has shown at a positive association between higher
alpha activity or greater differences between baseline and task-related
protocols and children’s EA capacity (Bell, 2002; Cuevas & Bell, 2022;
Whedon et al., 2020). Likewise, in studies that explored theta modulation in
baseline larger reconfiguration of theta band was related to intelligence and
EA from infancy to toddlerhood (Begus et al., 2015; Braithwaite et al., 2020;
Jones et al., 2020). Moreover, despite not showing any significant results in
our study, alpha peak frequency has been considered a marker of
developmental changes in relation to cognition (Grandy et al., 2013; Leno
et al.,, 2021), and both theta and alpha peaks are sensitive to environmental

variations and task demands (Mierau et al., 2017; Senoussi et al., 2022).

Surprisingly, our results did not reveal any significant association
with the aperiodic exponent of the power spectrum. Some authors have
hypothesized that, given that exponent reflects the balance between
GABAergic and glutamatergic currents, it would be relevant to typical and
atypical development (Ostlund et al., 2022). In fact, aperiodic exponent has
been linked to conditions such as ADHD, ASD, and human cognition, both
in baseline and task-evoked protocols (Immink et al., 2021; Shuffrey et al.,
2022). Consequently, it is unlikely that the aperiodic background does not
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significantly contribute to infant cognition, and it is plausible that we may
have missed this association or that it is specific to other cognitive processes.

Brain network configuration and connectivity have a crucial role in
the development of high-order cognitive functions and individual
differences (Keller et al., 2022; Marek et al., 2015; Posner et al., 2014). For
example, the maturation of cognitive control is linked to the gradual
specialization of executive networks (Baum et al., 2017). As children grow
older the connections between frontal and parietal areas increase their
strength while they perform WM and IC tasks (Buss et al., 2014; Buss &
Spencer, 2018). In addition, the early development of frontoparietal and
cinguloopercular network areas aligns broadly with the rapid progression of
EA (Fiske & Holmboe, 2019; Keller et al., 2023; Posner et al., 2014) and
differences in functional network properties among adults and children has
been associated with fluid intelligence and executive processes (Cole et al.,
2012; Hilger et al., 2017; Schultz & Cole, 2016; Van Den Heuvel et al., 2009;
but see Kruschwitz et al., 2018). This underscores the significance of network
topology. In fact, even when all the networks are considered together, the
executive ones are the principal contributors to children’s cognitive
performance (Cui et al., 2020; Keller et al., 2023). This corroborates the
relevant role of frontoparietal connections in high-level cognitive control and
intelligence (Barbey, 2018; Duncan, 2010; Jung & Haier, 2007). Consequently,
our study provides further support for its relevance, as it reveals a direct
relationship between network segregation and integration and the individual

differences observed in EA.

One striking finding in our results was the opposite contributions of
functional connectivity in PS/PNS and IS. Thus, it is possible that the optimal
balance between segregation and integration differs for each cognitive
component. Additionally, the baseline employed may be qualitatively
different from adults resting-state protocols (Camacho et al., 2020). In fact,
even small changes in the stimulus alter electrophysiological brain activity
(Anderson et al., 2022; St. John et al., 2016; Stroganova et al., 1999). Given that
we make soap bubbles and presented a dynamic video, our baseline
paradigm probably captures children’s attention exogenously; thus, affecting
the sign of the relationship. In addition, recent studies has also reported
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different optimal balance depending on the cognitive processes in adults
(Cohen & D’Esposito, 2016) and modifications of network topology
according to infant’s attentive state (Xie et al., 2019).

Alpha and theta were co-predictors in most of our analysis. There is
extensive evidence associating alpha and theta bands to high-order
cognition. Evoked theta activity is related to memory, long-range integration,
monitoring, and conflict resolution (Cavanagh and Frank, 2014; Herweg
et al., 2020; Klimesch, 1999; Sauseng et al., 2010), while alpha is a multifaceted
rhythm (Clayton etal., 2018, Wang, 2010) involved in attention and
perception processes (Freschl et al., 2022; Klimesch, 2012; Mierau et al., 2017)
via modulation of the activity in several areas (Alamia & VanRullen, 2019;
Jensen & Mazaheri, 2010; Sadaghiani et al., 2012; Sadaghiani & Kleinschmidt,
2016). Given their relevant roles in cognition, both alpha and theta may be
co-predictor of cognitive functions although probably with different roles.
For example, connectivity in the alpha band during cognitive control is less
specific than the connectivity in theta band (Cooper et al., 2015), and reactive
control triggers alpha activity, while proactive control is linked to theta band
(Clements et al., 2021).

Supporting the involvement of both alpha and theta bands in infants’
and toddlers’ cognition, previous studies have highlighted their modulation
in evoked paradigms. Frontal alpha in infancy is recruited in WM + IC tasks
(task; Bell & Fox, 2018; Cuevas etal, 2012; Swingler etal., 2011), but
simultaneously its power is reduced in sustained attention periods (Bell &
Wolfe, 2007b; Xie et al., 2018). In addition, posterior alpha at baseline has
similar qualitative roles in comparison to adults (Stroganova et al., 1999),
albeit it is triggered in anticipatory attention (Orekhova etal., 2001;
Stroganova etal., 1998). Theta band also augments under similar
circumstances than adults. Anticipating a stimulus increases theta power
(Stroganova et al., 1998), it is affected by cognitive resources allocation and
attentional state (Braithwaite et al., 2020; Xie et al., 2018; Xie et al., 2019) with
some of these processes starting in the third month (Brandes-Aitken et al.,
2023). Additionally, evoked theta over frontal areas is enhanced when infants

explore and object, which predicts posterior object recognition (Begus et al.,
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2015; Wass et al., 2018), and also is triggered when infants witnesses an error
(Berger et al., 2006; Conejero & Rueda, 2018; Koster et al., 2019, 2021).

The early recruitment of alpha and theta band constate its critical role
in cognition from birth. Alpha and theta rhythms, in conjunction with other
non-explored rhythms in this thesis (e.g., delta, beta, gamma), tailor infants’
and toddlers” cognition, biasing how they perceive the world and interact
with it. Thus, its development is crucial as we live in a highly rhythmic world
and a large part of the stimulus surrounding us follows a cyclic structure,
ranging from the day-night cycle to walking. Oscillatory synchronization and
desynchronization enable us to attend, process, and respond to sensory
stimuli and capture information as we built the world based on our capacities
but also we modulate brain function to adapt to the world (Charalambous &
Djebbara, 2023).

This interaction between brain, body, and environmental rhythms is
studied with resonance and entrainment, although in very young
participants it involves mostly rhythmic auditive/visual stimulation
(Calderone etal., 2014; Koster etal, 2023). Resonance consist of the
oscillatory activity coupling with an external rhythm but disappearing when
it is absent, whereas entrainment implies the alignment of oscillatory activity
to the regular patterns and also predict them (Lakatos et al., 2008; Obleser &
Kayser, 2019; Raja, 2021). This is constrained by the preferent oscillatory
rhythms of our brain, whose activity may be slightly adjusted to cognitive
demands but without altering its operating range (Fries, 2005, 2015; Helfrich
et al., 2018, 2019; Obleser & Kayser, 2019).

The relevance of oscillatory activity entrainment has been constated
with the adaptation of peak frequency to task demands (Mierau et al., 2017;
Senoussi et al., 2022). In complex protocols, alpha and theta peak increase its
frequency, adapt to the frequency of the task, and even may alter perception
depending on the relationship between the stimulus appearance and the
phase of the oscillatory activity (Lakatos et al., 2008, 2019; Mierau et al., 2017).
This coupling serves to capture the regularities and predict, anticipate, and
optimize our behavior (De Graaf et al., 2013; Spaak et al., 2014). This makes

alpha a visual candidate for visual integration (Freschl et al., 2022 for a
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developmental perspective), while theta entrainment has been related to
error detection and memory consolidation (Clouter et al., 2017; Hanslmayr
et al., 2019; Koster et al., 2019).

In infancy, visual stimulation protocols has revealed changes in
perception, such as visual acuity and contrast sensitivity (Norcia et al., 1978;
Norcia & Tyler, 1984), and attentional paradigms in which flickering
stimulation proximal to alpha band triggers its power (Robertson et al., 2012).
This entrainment also occurs with more complex protocols. For example,
visual entrainment of theta band while watching unexpected outcomes,
results in a burst of theta activity (Koster et al., 2019). Additionally, during
language and music infant’s oscillatory activity adapt to the rhythm (Cirelli
etal., 2016; Nguyen et al., 2023), which indeed is a marker of language
acquisition (Nguyen et al., 2023).

Altogether our results and previous literature suggest that brain
oscillations and cognition are steadily linked since infancy. The maturation
of oscillatory activity probably reflects adaptability and plasticity of the brain
during this period. The shift in peak frequencies, aperiodic/oscillatory
changes, and network configuration provides to children the necessary tools
to adapt their behavior to their environment as those changes will ultimately
shape how children perceive and interact in the early years (Banki et al., 2022;
Koster et al., 2023; Wass et al., 2022).

6.4. Developmental In(stability): Key Factors in Open Systems

Throughout this thesis, we aimed to explore the relationship between
the measurements, either within EEG or cognitive process or between them.
Sometimes, EEG was highly correlated, albeit decreasing as the temporal
intervals between sessions extended. This also occurred with behavioral
measures, with IC being related within task, but not between tasks. Brain
function was also related to some of the cognitive variables, especially in the
ECITT task. This pattern underscores the complexity of the stability in the
first three years of life. Previous research has yielded similar insights into the
associations between oscillatory activity and brain cognition (Clearfield et al.,
2006; Conejero et al., 2023; Gagne & Saudino, 2016; Marshall et al., 2002;
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Miller & Marcovitch, 2015; Veer et al., 2017) as these investigations found
both significant associations, but also lack of relationship. Even in evoked
protocols, the association between brain and cognition is not always present
(Cuevas et al., 2012; Gordillo et al., 2023; Rico-Pico et al., 2021; Whedon et al.,
2020). Several plausible reasons may account for this pattern: 1) in infancy
measures are noisier than adults, and the relationship may be truncated; 2)
both quantitative and qualitative changes occur in this period (Posner et al.,
2014); and 3) there are other variables that may affect individual differences
(Bornstein, 2014).

When we study the stability and the interrelationship between
variables, we assume that children’s position within a hierarchy including
their peers remains unchanged over time. That is, we might expect that a
child who outperformed their peers several months ago continue to
demonstrate better performance in the current session. This assumption lies
on the premise that all the children follow identical developmental
trajectories, or event that those with greater cognitive capacity will undergo
larger changes. Nevertheless, children do not grow in a vacuum; their growth
rate and development are shaped by a constant interaction between
environmental and biological factors that influence both cognition and brain
function. Thus, when we explore the concept of stability within a developing
system, we must consider the complex interplay between the inherent
characteristics (nature) and the external influence (nurture) that jointly alter
the development. That is, cognitive and brain function development is not
deterministic, but probabilistic, because we are partially dependent on the
environment and our biological constraints (Bornstein, 2014; Johnson, 2011;
Johnson & Haan, 2015).

A large percentage of cognitive capacity and brain function and
structure is related to heritable factors, although the percentage explained
varies depending on the age, cognitive process, and brain area (Briley &
Tucker-Drob, 2013; Eyler et al., 2012; Haworth et al., 2010). For example,
neurodevelopmental disorders, such as ADHD and ASD are highly heritable
(Larsson et al., 2014; Wang et al., 2017) and the proportion of variability
explained solely by genetics increases with age (Briley & Tucker-Drob, 2013;
Haworth et al., 2010). In addition, brain structure is more influenced than
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functional activity, specially in the hub connections (Arnatkeviciute, Fulcher,
Bellgrove, et al., 2021; Arnatkeviciute, Fulcher, Oldham, et al., 2021; Ge et al.,
2017; Thompson etal., 2013). Additionally, brain function heritability
appears independently of the recording technique (Colclough et al., 2017;
Fornito et al., 2011; van Den Heuvel et al., 2013).

While genetic factors undoubtedly contribute to the variability in
cognitive processes and brain function, a deterministic view of human
development would imply a static development without being influenced by
children’s environment. To date, there is evidence that, even when genetic
components account for substantial portion of individual variability, there
are multitude of factors that influence brain and cognition. This influence is
particularly relevant during sensitive period, mostly in the first years of life,
when the cognitive process and brain function and structure are dramatically
maturing (Gabard-Durnam & McLaughlin, 2020; Thompson & Steinbeis,
2020). Thus, shared environmental factors or the perpetuation of parenting
styles in those periods may explain part of the shared variance (Engelhardt
et al., 2019; Petrill et al., 2004). These external factors can either nourish or
hinder the maturation the development of cognitive and brain function by

modifying their trajectory.

Among the factor that negatively impact children’s development,
socioeconomic status, stress, and maternal health has shown a profound
relationship. Being raised in poverty (Brito et al., 2016; Otero, 1997; Otero
et al., 2003; Tooley et al., 2020; Xie, Jensen, et al., 2019), having high stress
levels (Barrero-Castillero et al., 2019; Evans & Schamberg, 2009; Lammertink
et al., 2022; Pierce et al., 2020; Troller-Renfree et al., 2020), or that their mother
had mental health problems (Coyl et al., 2002; Power et al., 2021) alters both
brain function and cognition. In fact, some researchers claim that the impact
of socioeconomic status on cognitive development involves alterations in
brain structure and function (Farah, 2017; Johnson et al., 2016; Noble et al.,
2012). Importantly, when these conditions are altered, the maturational
trajectory moves toward a standard value within the developmental period
(Marshall & Fox, 2004; Troller-Renfree et al., 2022). For example, teaching
relaxation techniques to mothers has shown a positive impact on the

newborns’ brain (van Den Heuvel et al., 2015, 2018), and providing monetary
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help to families below the poverty line affects infants” electrophysiological
activity (Troller-Renfree et al., 2022).

On the opposite side, children’s development can be nourished with
day-a-day activities. Being regularly exposed to a second language (Kovacs
& Mehler, 2009) or live within a cognitively stimulant environment (Wass
et al., 2011; Wass, 2015; Forssman et al., 2018) favours children’s cognitive
capacity. This also occurs at the brain level, in which children who perform
cognitive training usually present a more mature pattern of activity after the
it is finished (Astle et al., 2015; Rueda et al., 2012; Pozuelos et al., 2019),
although some of the training variance may be due to genetic factors (Musso
et al., 2022; Zhao et al., 2020), and the effect size might be smaller and specific
than initially thought (Diamond & Ling, 2016). Thus, brain and cognitive
development occur through a constant interaction between natura and
nurture. Maturation is not a passive process; instead, biology permits
plasticity and adaptation to environmental factors throughout experience,
which probably affects the stability of the measurements (Johnson, 2011;
Johnson & Haan, 2015).

It is possible that part of the stability found occurs not because of
differences in cognitive processes itself but because of the experience
provided by an earlier acquisition of a cognitive domain, especially in the
first years when its maturation occurs as a cascade of processes (Conejero &
Rueda, 2017; Hendry etal., 2016). This initial scaffolding may help to
maintain a certain distance from peers, but due to genetic and environmental
factors this stability would probably decrease over time when those

capacities are more stable.

Other factor that we must consider when discussing stability in very
young samples is qualitative and quantitative changes that take place during
early childhood (Siegler 2007). While children grow older, their become able
to resolve more complex problems not only because changes in their capacity
but due to variations in how they perform the tasks (Best & Miller, 2010;
Johnson & Haan, 2015; Munakata et al., 2012). This happens especially in the
first years of life when brain networks undergo profound reconfiguration.

The asynchronous development of brain networks, with the protracted
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development of executive networks (Fair et al., 2009; Gilmore et al., 2018;
Vértes & Bullmore, 2015), probably contributes to the instability found in the
first years of life (Posner etal, 2014). Additionally, given that
infants/toddlers have goals, albeit simpler than doing taxes, they need to
regulate their behavior. Thus, it is unlikely that they do not have resources to
achieve it. If we think about it, suppressing our thoughts while watching a
movie is not as different from how infants distract themselves by observing

a colourful rattle when they are angry.

This involvement of different brain areas is shown in evoked
neuroimaging protocols. In critical periods of the development of a function
(e.g., WM), children’s brains are usually overrecruited compared to adults,
which is considered a signal of a non-efficient process (Buss et al., 2014; Buss
& Spencer, 2018; Fiske et al., 2023). For instance, this has been shown in the
transition from reactive to proactive control that occurs during childhood
(Hammerer etal, 2010) in which preparatory and inhibitory evoked
potentials mature accordingly to the implemented strategy. Importantly,
these qualitative changes are intertwined with the development of other
cognitive processes, such as WM, and the latter partially relies on basic
attentional mechanisms, such as distractor suppression (Gonthier et al., 2019;
Plebanek & Sloutsky, 2019; Troller-Renfree et al., 2020). This interaction is
also shown in our longitudinal study, as we have found inverted u shaped
trajectories with some of the behavioral tasks. The infants in our study
increases the number of perseverations to then decrease it (Moyano in prep.),
which also occur in other tasks such as the A-not-B (Clearfield et al., 2006)
and the differences in disengagement capacity (Nakagawa & Sukigara, 2013,
2019). Thus, beyond the networks involved, also the interaction with other
process will contribute the instability in these periods. However, all these
quantitative and qualitative variation will lead ultimately to flexibly adapt to
the world.

6.5. Conclusion

Cumulative research has shed light on the early development of
cognitive processes and their underpinning biological mechanisms. The first

three years of life have plenty of changes, both in behavior and in brain
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function. In this period, infant brains grow to reach nearly adult size, and
their connections become more selective and stronger than they were
previously affecting to functional activity. With every moth, the infants’
electrophysiological activity becomes more adult-like. The alpha oscillations
start to gradually emerge, the aperiodic background flattens, and the
network topology becomes more efficient, yet specialized. Parallel to this, the
self-regulation capacity increases. Infant behavior moves from
environmentally driven to be directed by internal goals. Their ability to stop
inefficient or incorrect and preponderant answers improve, and they can
perform more complex tasks. This change from infancy to toddlerhood is
intertwined with the development of brain function. However, these
associations do not always appear, and there is sometimes a lack of
correlation between the brain and behavior, and even between one’s own
behaviors. Thus, this period is characterized by a dramatic change that
includes both stability and instability within a person. Arguably, qualitative,
and environmental factor can explain partially these results because humans
are, in the end, open systems and, as Borstein once wrote (2014) “the plastic
natura of psychological functions ensures both stability and instability across
the life course (...) many developmental processes are (...) continuous and
discontinuous (...) Infants” status does not fix a child as to be stable does

mean to be immutable.”
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English

The capacity to act in a self-regulated manner and adjust to the surrounding
environment requires attentional processes (Rueda et al., 2021). Posner’s
model (Petersen & Posner, 2012; Posner & Petersen, 1990) identifies three
attentional mechanisms (alerting, orienting, and executive/control), which
are dependent on five distinct brain networks: the alerting, dorsal attention
network (DAN), ventral attention network (VAN), frontoparietal network
(FPN), and cinguloopercular network (CON). The alerting network
maintains the optimal level of activation, guided by CON and FPN, whereas
the orienting mechanisms direct our focus towards elements that are salient
or relevant to our goals. FPN and CON regulate our behavior, adapting it to
our goals when necessary. Consequently, FPN and CON play critical roles in
endogenous and adaptive behavior, involving processes such as monitoring,
flexibility (CF), and inhibition (IC).

The three attention mechanisms interact in a coordinated manner to
achieve our objectives. If the alert level is not optimal, we may overlook
important information (i.e. low levels of alertness) or make impulsive
mistakes (i.e. high levels of alertness). It is also essential to ignore irrelevant
information to select informative elements for our goals. Finally, we must
determine the best course of action, execute it, and evaluate its consequences,
making the necessary adjustments when our goals are not achieved. These
processes, which are fully developed in adults, are not present in infants
because of the immaturity of their attentional networks (Gilmore et al., 2018).
This restricts how they interact with the world during the first few years of
life. Initially, infants” attention is driven by external stimuli; however, in the
first semester of life, they will start to control their attention endogenously
(Conejero & Rueda, 2017; Hendry et al., 2016, 2019).

Executive processes show the most protracted development when
compared to orienting and alerting. Although in the first years of life
volitional control seem to rely on orienting networks because of the
immaturity of executive networks (Gao, Alcauter, Elton, et al., 2015; Posner
et al., 2014), the later are recruited for specific tasks that involve a high degree

of attentional control and require frontal brain regions (Ellis et al., 2021; Fiske
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& Holmboe, 2019). This early recruitment is evident through changes in
functional frontal brain activity when infants experience incongruent
elements (Ellis et al., 2021), observe an error or unexpected event (Berger et
al., 2006; Conejero et al., 2016; Stahl & Feigenson, 2015), and engage in
complex tasks that require the inhibition of irrelevant information and of
behavior (Bell, 2001, 2002).

The early development of executive attention (EA) is constated by the
infants” capacity to flexibly adapt their behavior and inhibiting when needed.
Starting at sixth months of life, infants start to exhibit flexibility and
inhibition of their behavior and gaze. Infants at this age can withhold a
prepotent answer when it does not lead to the desired outcomes (Diamond,
1985; Kovacs & Mehler, 2009). This cost of inhibiting and modifying a
response decreases with age (Clearfield et al., 2006; Cuevas & Bell, 2010),
although their development may be linked to other processes, such as
memory (Holmboe et al., 2018). Certain paradigms, such as the Early
Childhood Inhibitory Touchscreen Task (ECITT), have managed to limit the
influence of memory on cognitive flexibility (CF) and inhibitory control (IC)
protocols for infants, as they follow a contingency-based learning rationale.
This task can be performed starting at 10 months of age and previous studies
have suggested an increase in IC capacity between the first and second year
of life (Fiske et al. 2022; Hendry et al. 2021; Holmboe et al. 2021; Liu et al.
2020). This supports the development of IC independently of memory
although only four studies has employed these tasks.

Beyond infancy and toddlerhood, the ability to sustain attention for
an extended period (sustained attention) and to inhibit distractions (focused
attention) increases (Brandes-Aitken et al., 2019; Woods et al.,, 2013). In
addition, children become capable of performing tasks with larger CF and IC
requirements that involve verbal instructions. This entails conducting
protocols similar to those of adults, such as the Go/NoGo tasks, stop-signal
tasks (Carver et al., 2001), or the child version of the Attention Network Test
(ANT; Casagrande et al., 2022; Rueda et al., 2004). Children’s capacity to
perform those tasks denotes their ability to resolve CF and IC, a capacity that
will increase beyond the preschool period (Johnstone et al., 2005; Pozuelos et
al., 2014; Rueda et al., 2004; Zelazo et al., 2003). However, most of the
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paradigms only assess one cognitive procedure, and it is not until nearly
fourth year of life that the interaction of attentional processes can be
evaluated (Casagrande et al., 2022; Rueda et al., 2004).

The development of EA relies on the maturation of brain structure
and function (Astle et al., 2023; Fiske & Holmboe, 2019; Johnson, 2011).
During the period between birth and the third birthday, the brain structure
undergoes rapid and significant development (Bethlehem et al., 2022), which
ultimately affects functional activity (Gilmore et al., 2018). To date, the
development of focalized activity in infants and toddlers has been measured
mostly with EEG in baseline states due to its easiness and adaptability (Saby
& Marshall, 2012). EEG has typically been employed to measure the power
of standard frequency bands (e.g., alpha, theta, and beta), that show a
profound reconfiguration of energy in the first years of life (Anderson &
Perone, 2018). The dominant frequency (alpha) gradually emerges, its energy
increases, and its peak shifts towards higher frequencies (Freschl et al. 2022;
Marshall et al. 2002). Similarly, other frequency bands also undergo rapid
reconfiguration, although the results have been mixed (Perone et al., 2018;
Wilkinson et al., 2023).

The maturation of the alpha and theta bands, which are associated
with attentional and cognitive control processes (Cavanagh & Frank, 2014;
Klimesch, 2012), has been linked to individual differences in executive
attention and intelligence during childhood (Bell & Fox, 1992; Braithwaite et
al.,, 2020; Cuevas et al., 2012; Cuevas & Bell, 2022; Jones et al., 2020),
highlighting their relevance in development. However, the resting-state
energy was considered both in absolute and relative terms in those studies.
Recent studies indicate that power conflates oscillatory and aperiodic activity
with different biological bases (Donoghue et al., 2020; He, 2014; Voytek &
Knight, 2015). This may have affected previous studies, as both aperiodic and
oscillatory energy mature independently (Cellier et al., 2021; McSweeney et
al., 2021; Schaworonkow & Voytek, 2021), and aperiodic activity has also
been associated with individual differences in cognition (Arnett et al., 2021;
Donoghue et al., 2020).
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In addition to changes in localized brain activity, functional networks
undergo profound reconfiguration during this period. This is of particular
significance because cognition arises from the interconnection between
different brain regions (Corbetta & Shulman, 2002; Dosenbach et al., 2008)
and connections in the alpha and theta frequency bands are crucial for
attentional processes and long-range integration (Clayton et al., 2015; Fries,
2015; Marek & Dosenbach, 2018; von Stein & Sarnthein, 2000). Indeed,
connectivity in alpha and theta frequencies appears to increase with age
(Barry et al.,, 2004; Thatcher et al., 2008), and has been associated with
individual differences in executive attention and working memory (Broomell
et al., 2021; Whedon et al., 2016).

A limitation of direct connectivity measures is that they do not
consider functional activity as an interconnected network, because they only
capture synchronization between two areas/electrodes. Therefore, they do
not allow for the examination of differences in topology and assume that all
connections occur without intermediary steps. However, there is evidence
that functional networks possess non-trivial topological characteristics
relevant to information transmission and cognition, which are reflected when
considering areas/electrodes as members of a functional network (Bullmore
& Sporns, 2012; Sporns, 2013).

With age, functional networks refine, becoming more specialized and
segregated, and the cost to integrate all the areas is reduced throughout the
emergence and strengthening of long-range connections (Asis-Cruz et al.,
2015; Fransson et al.,, 2011; Gao et al., 2011; Zhao et al., 2019). The
development of brain networks is hierarchical and follows the same pattern
as attentional processes. Sensory networks mature first, followed by alerting
networks, then orienting networks, and finally executive ones (Gao, Alcauter,
Elton, et al.,, 2015; Gao, Alcauter, Smith, et al.,, 2015). However, the
developmental pattern in EEG functional networks is not well studied, as
only two experiments have addressed it, yielding mixed results (Hu et al.,
2022; Xie et al., 2019).

Similar to localized brain activity, cognitive development has been

associated with the topology of functional and structural networks (Baum et
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al., 2017; Keller et al.,, 2022; Marek et al., 2015). Generally, having more
segregated and efficient networks is related to the maturation of EA, and the
strengthening connections between the frontal and parietal areas contributes
to age-related improvement in IC and working memory during childhood
(Buss et al., 2014; Buss & Spencer, 2018; Marek et al.,, 2015). Individual
differences in the topology of functional networks have been linked to
intelligence and executive attention processes, especially in frontoparietal
areas (Cole et al.,, 2012; Langer et al.,, 2012; van Den Heuvel et al., 2009).
Furthermore, brain networks are susceptible to variations in attentional
states and IC (Cooper et al., 2015; Xie et al., 2019) and neurodevelopmental
disorders that compromise attentional processes, such as ADHD, show
alterations in the brain topology (Henry & Cohen, 2019; Shephard et al.,
2019).

Altogether, the first three years of life are characterized by rapid
development in executive attention and brain activity, both at the
oscillatory/aperiodic and functional network levels. However, more research
is needed to further characterize the development of EA and its relationship
with brain function employing finer-grained measures. Therefore, the
objective of this thesis was to explore the early development of executive
attention, resting brain activity, and their interrelation within a period of six
months to thirty-six months of age in a longitudinal cohort. To this aim, we

formulate three main research goals with their respective research questions:

1. Development
a. What is the development of a functional connectome for
EEG?
b. How do the oscillatory and aperiodic powers vary with age?
c. Does EA improve during this period?
2. Individual differences across the lifespan
a. Isfunctional brain activity stable over time?
b. Isbrain topology constant during this period?
c. Does early performance on the same task predict later
performance?
d. Is EA stable when the task varies?
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3. Brain-Behavior Relationship
a. Is oscillatory and aperiodic EEG activity linked to EA?
b. Is the organization of functional networks associated with

individual differences in EA?

To address these research questions, we conducted a longitudinal
study. It followed the same population of children from six months to 36
months of age in four waves: 6, 9, 16, 36 months of age. In this study, resting-
state brain activity was recorded using high-density EE. We extracted
oscillatory activity in three frequency bands (theta, alpha, and beta) and
aperiodic activity. Additionally, we computed functional connectivity and
explored functional networks combining it with graph theory on various
synchronization measures. We evaluated network integration, segregation,
modularity, and topology. EA was assessed using the ECITT task at 9 and 16
months of age, and we developed the Bee-Attentive task for the session at 36
months. The ECITT task allows for the evaluation of CF and IC, whereas the
Bee-Attentive task provides measures of sustained attention, focused
attention, and IC by combining a visual search protocol with an inhibition
task. Finally, we investigated whether functional brain activity predicts
performance on the ECITT and Bee-Attentive tasks and examined the

stability of each measure and their interrelationship.

Our results indicated that both oscillatory power and aperiodic
components varied with age. In our study, the peak frequencies of the alpha
and theta bands shifted towards higher frequencies, and the oscillatory
energy in the alpha band augmented. Similarly, the aperiodic background
curve became flatter, indicating changes in the balance between inhibitory
and excitatory brain activities. When we compared the development of
oscillatory activity with traditional measures (relative power), only alpha
exhibited a similar trajectory. In addition, theta and beta were related to
aperiodic components. This suggests that changes occur in both oscillatory
and aperiodic activities and separating them is necessary to understand their

contribution to cognitive processes.
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At the functional network level, our multiverse analyses determined
different developmental trajectories depending on the connectivity measures
used to construct the network. Coherence-based networks exhibited the most
dramatic and consistent age-related changes. These networks displayed two
main clusters (frontal and parietal) containing the nodes with most of the
connections. Furthermore, the networks displayed a small-world topology
and were modular from the first session onwards, but these properties did
not change across sessions. However, the modules became more segregated
over time, and local and global efficiency increased. These changes in the
capacity to integrate and segregate information were accompanied by an
increase in connection strength and, in conjunction with the rest of the results,
indicated the maturation of functional networks toward a more efficient and

specialized topology.

Between 9 and 16 months of age, performance on the ECITT task
improved in inhibitory trials (IS) and prepotent trials. However, PS did not
change with age. This indicated a general improvement in task performance,
with a significant increase in IC capacity between infancy and toddlerhood.
At 3 years of age children performed over chance on the Bee-Attentive task.
They showed costs in inhibiting responses when an infrequent stimulus
appeared (IC) and their reaction time and response variability increased
when there were more distractors. Additionally, they were able to self-
regulate their responses as the accuracy and reaction time varied and
increased, respectively, after committing an error. Children’s performance
improved over the course of the task as they reduced their reaction time and
errors in inhibitory trials throughout the blocks of trials. These results
indicate that this task is suitable for measuring diverse aspects of EA with 36-
months-old children. However, parameter variations may be considered to

elicit larger conflict in this task.

In terms of stability in the EEG recording, we found that individual
differences in oscillatory and aperiodic activity were constant between
sessions (i.e., individual values in previous waves predicted the current one),
except for relative power between 9 and 16 months (beta band), and between
16 months and 36 months (alpha band). Functional networks parameters

were not correlated between session, with a handful of exception, such as the
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alpha band for efficiency measures between 6 and 9 months of age. However,
in terms of both power and functional network properties, its topological
distribution was highly related between the sessions. This may indicate an
early distribution of the oscillatory activity independently of within-
participants stability. Behavioral performance between sessions was only
related in the IS trials of the ECITT task, even when controlling for other task
measures. We did not find significant correlations between any variables of
the ECITT and the Bee-Attentive task at 36 months.

Finally, oscillatory activity but not aperiodic parameters were related
to individual differences in the ECITT task. The peak frequency of the theta
band predicted children's performance in the PNS and PS trials at 9 months.
Similarly, oscillatory activity in the alpha and theta bands at nine months
predicted PS at 16 months. In both cases, a more mature oscillatory pattern
(higher frequency and oscillatory energy) was associated with better task
performance. Functional networks were also related to performance on the
ECITT task. A more efficient and segregated network was positively related
to PS/PNS, whereas an inverse pattern was observed for IS. However, there
was no relationship with the Bee-Attentive task for any EEG measure.
Therefore, our results indicate that brain activity can predict behavior

although this relationship may depend on the task.

Altogether, this thesis demonstrates that both brain activity and EA
rapidly develop between six and thirty-six months of age. Children’s
functional networks became more globally and locally efficient, while the
oscillatory power in the dominant rhythm rapidly mature parallel to the
flattening of the aperiodic background, which constates the rapid maturation
that takes place in this period. Also, they become more proficient in IC tasks
in this period. Finally, we found individual differences in EEG power
measures and within-task performance was maintained over the sessions,
with some relationships between brain function and EA. However, this did
not occur always, which suggest that this period is highly dynamic and
combines both stability and instability.
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Espanol

La capacidad de actuar de forma autorregulada requiere de procesos
atencionales (Rueda et al., 2021). El modelo atencional de Posner y Petersen
(Petersen & Posner, 2012; Posner & Petersen, 1990) identifica tres mecanismos
(alerta, orientacidn, y ejecutivo) que recaen en cinco redes cerebrales: red de
alerta, red dorsal de orientacidn (dorsal attention netwok, DAN), red ventral de
orientacion (ventral attention network, VAN), red ejecutiva frontoparietal
(frontoparietal network FPN), y red ejecutiva cingulo-opercular (cingulo-
opercular network, CON). La red de alerta procura un estado de activacion
optimo, guiada por CON y FPN, mientras que las redes de orientacion guian
nuestro foco atencional en funciéon de nuestras metas y la saliencia de los
estimulos del entorno. Las redes FPN y CON dirigen nuestro
comportamiento, adaptandolo en funcion de las metas y ajustandolo cuando
no se estan logrando. Por tanto, FPN y CON son esenciales para el
comportamiento voluntario y flexible de la conducta e involucran procesos
de monitorizacion del contexto, flexibilidad (cognitive flexibility; CF) e
inhibicion (inhibitory control; IC).

Para poder conseguir nuestras metas, la accién coordinada entre los
tres mecanismos atencionales es esencial. Sin un nivel adecuado de alerta
puede que obviemos elementos relevantes (i.e., bajos niveles de alerta) o
cometamos errores de impulsividad (i.e., altos niveles de alerta). Ademas,
dada la complejidad de un entorno lleno de estimulos, necesitamos ignorar
la informacion irrelevante para nuestras metas. Finalmente, debemos
determinar el mejor plan de accidon para nuestro objetivo segin el contexto,
realizarlo, y cambiarlo en caso de ser necesario. Estos procesos, que ya estan
establecidos en la edad adulta, no estan presentes de igual forma en edades
tempranas dada la inmadurez de las redes atencionales (Posner et al., 2014).
Esto limita cémo interacttian los/as nifios/as con su entorno en los primeros
anos de vida. Al principio, su atencién se guia por los elementos externos,
pero en los primeros seis meses de vida empezaran a controlar su atencién
de forma enddgena (Conejero & Rueda, 2017; Hendry et al., 2016, 2019).

La atencion ejecutiva presenta una trayectoria de desarrollo mas

gradual cuando se compara con la capacidad de orientacion y de alerta.
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Aunque en edades tempranas el control voluntario de la atencién parece
recaer en las redes de orientacion dada la inmadurez de FPN y CON (Gao,
Alcauter, Elton, et al., 2015; Posner et al., 2014), éstas son reclutadas para
tareas puntuales que involucran un alto grado de control de la atencién y que
requieren de zonas cerebrales frontales (Ellis et al., 2021; Fiske & Holmboe,
2019). Esto se muestra en los cambios de actividad cerebral frontal cuando
los bebés presencian elementos incongruentes (Ellis et al., 2021), observan un
error (Berger et al., 2006; Conejero et al., 2016; Stahl & Feigenson, 2015), y
realizan tareas complejas que requieren inhibir la informacion irrelevante
(Bell, 2001, 2002).

El desarrollo de la atencidn ejecutiva se constata por la capacidad
temprana que presentan los bebés de inhibir y cambiar flexiblemente su
respuesta. A partir del sexto mes de vida, los/as bebés cambian su patron de
respuesta e inhiben su conducta y la mirada cuando no obtienen las
consecuencias deseadas. Por ejemplo, son capaces de detener una respuesta
prepotente cuando no los lleva a su objetivo (Diamond, 1985; Kovacs &
Mehler, 2009). Los costes de inhibir y modificar la respuesta disminuyen con
la edad (Clearfield et al., 2006; Cuevas & Bell, 2010), aunque su desarrollo
puede estar ligado a otros procesos como la memoria (Holmboe et al., 2018).
Paradigmas mas recientes como la tarea de inhibicion para pantalla téactil
para la nifiez temprana (Early Childhood Inhibitory Touchscreen Task; ECITT)
han conseguido limitar la influencia de la memoria en protocolos de CF e IC
para bebés pues se basan en el establecimiento de contingencias. La ECITT se
puede realizar a partir de los 10 meses de edad, y estudios previos sugieren
el desarrollo gradual del IC entre el primer y segundo afio de vida (Fiske
et al.,, 2022; Hendry et al., 2021; Holmboe et al., 2021; Liu et al., 2020), lo que
sugiere un desarrollo marcado de IC y CF mas alla de procesos de memoria,

aunque unicamente cuatro estudios han explorado su desarrollo.

A partir del segundo afio de vida, la capacidad sostener la atencion
por un periodo prolongado (atencion sostenida) e inhibir los distractores
(atencion focalizada) incrementa (Brandes-Aitken et al., 2019; Woods et al.,
2013). A su vez, los nifios son capaces de realizar tareas con un coste de CF e
IC mayor y que, ademas, requieren instrucciones verbales. Esto conlleva

realizar protocolos similares a los adultos como las tareas Go/NoGo, stop-
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signal (Carver et al., 2001), o la version para nifios de la prueba de las redes
atencionales (attention network test, ANT; Casagrande et al., 2022; Rueda et al.,
2004). El realizar estas tareas indican que las capacidades de CF e IC maduran
mas alla de la infancia, viéndose una mejoria hasta después de la etapa
prescolar (Johnstone et al., 2005; Pozuelos et al., 2014; Rueda et al., 2004;
Zelazo etal., 2003). Sin embargo, la mayoria de los paradigmas evalua
individualmente los procesos cognitivos, obviando su interaccion, y
paradigmas que evaltian varios procesos no se pueden emplear hasta cerca
de los 4 afios (Casagrande et al., 2022; Rueda et al., 2004).

El desarrollo en la atencién ejecutiva se sustenta en la maduracion de
la estructura cerebral y funcional (Astle et al., 2023; Fiske & Holmboe, 2019;
Johnson, 2011). En el periodo entre el nacimiento y el tercer afio de vida, la
estructura cerebral atraviesa un desarrollo drastico (Bethlehem et al., 2022),
que en ultima estancia afecta a la actividad funcional (Gilmore et al., 2018).
Para evaluar los cambios en la actividad funcional, el EEG ha sido uno de los
protocolos més empleados dada su adaptabilidad (Saby & Marshall, 2012).
El EEG usualmente se ha empleado para medir la energia en bandas de
frecuencia estandarizadas (p.ej., alpha, theta, beta), que muestran una gran
reconfiguracion en los primeros tres afios de vida (Anderson & Perone, 2018).
El ritmo dominante en EEG (alpha) emerge gradualmente, su energia se
incrementa y su pico se desplaza hacia frecuencias mas elevadas con la edad
(Freschl et al., 2022; Marshall et al., 2002). Del mismo modo, otras bandas
también sufren una rdpida reconfiguracion, aunque con resultados mixtos
hasta la fecha (Perone et al., 2018; Wilkinson et al., 2023).

La maduracion de las bandas alpha y theta, relacionadas con
procesos atencionales y de control cognitivo (Cavanagh & Frank, 2014;
Klimesch, 2012), se ha relacionado con diferencias individuales en atencion
ejecutiva e inteligencia durante la nifiez (Bell & Fox, 1992; Braithwaite et al.,
2020; Cuevas et al., 2012; Cuevas & Bell, 2022; Jones et al., 2020), lo que revela
su relevancia en el desarrollo. Sin embargo, la energia en reposo se ha
estudiado de forma absoluta o relativa en estudios previos. Sin embargo,
investigaciones recientes indican que la energia del EEG es el resultado de
actividad oscilatoria y aperiddica, que cuentan con bases bioldgicas
diferenciadas (Donoghue et al., 2020; He, 2014; Voytek & Knight, 2015). Esto
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puede haber afectado a estudios previos puesto que tanto la energia
aperiddica como oscilatoria maduran de forma independiente (Cellier et al.,
2021; McSweeney et al., 2021; Schaworonkow & Voytek, 2021) y la actividad
aperiddica también se ha relacionado con diferencias individuales en la
cognicion (Arnett et al., 2021; Donoghue et al., 2020).

Ademas de cambios en actividad cerebral localizada, las redes
funcionales también se reconfiguran en este periodo. Esto es de especial
relevancia ya que la cognicion surge de la interconexion entre diferentes
areas cerebrales (Corbetta & Shulman, 2002; Dosenbach et al., 2008) y las
conexiones en alpha y theta son cruciales para los procesos atencionales
(Clayton et al., 2015; Fries, 2015; Marek & Dosenbach, 2018; von Stein &
Sarnthein, 2000). La conectividad funcional en alpha y theta parece
incrementar con la edad (Barry et al., 2004; Thatcher et al., 2008), lo que se ha
relacionado con diferencias individuales en atencion ejecutiva y memoria de
trabajo (Broomell et al., 2021; Whedon et al., 2016).

Una limitacion de las medidas de conectividad directa es que no
considera la actividad funcional como una red interconectada pues so6lo
evaltan la sincronizacion entre dos areas/electrodos. Por tanto, no permite
examinar diferencias en topologia, y asume que todas las conexiones ocurren
sin intermediarios. Sin embargo, existe evidencia de que las redes funcionales
poseen caracteristicas topologicas relevantes para la transmision de la
informacidn y cognicion que se refleja al considerar las dreas/electrodos como

miembros de una red funcional (Bullmore & Sporns, 2012; Sporns, 2013).

Con la edad, las redes funcionales se refinan, volviéndose mas
especializadas y disminuyendo el coste de integrar la red por la aparicion y
fortalecimiento de conexiones de largo alcance (Asis-Cruz etal.,, 2015;
Fransson et al., 2011; Gao et al., 2011; Zhao et al., 2019). El desarrollo de las
redes cerebrales es, ademas, jerdrquico y sigue el mismo patrén que los
procesos atencionales. Primero maduran las redes sensoriales, luego las redes
de alerta, seguidamente las redes de orientacion, y finalmente las redes
ejecutivas (Gao, Alcauter, Elton, et al., 2015, Gao, Alcauter, Smith, et al.,

2015). Sin embargo, el patrén de desarrollo en las redes funcionales en EEG
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no esta definido, pues sélo dos estudios lo han abordado y han arrojado
resultados mixtos (Hu et al., 2022; Xie, Mallin, et al., 2019).

Al igual que ocurre con la actividad cerebral localizada, el desarrollo
de la cognicion se ha relacionado con la topologia de las redes funcionales y
estructurales (Baum et al., 2017; Keller et al., 2022; Marek et al., 2015). Por lo
general, presentar redes mas segregadas entre si y eficientes se relaciona con
la maduracion de la atencién ejecutiva, y el fortalecimiento de las conexiones
entre dreas frontales y parietales da pie a la mejoria en IC y memoria de
trabajo (Buss etal., 2014; Buss & Spencer, 2018, Marek etal., 2015).
Diferencias individuales en la topologia de las redes funcionales se han
asociado con variaciones en inteligencia y procesos de atencion ejecutiva, en
especial en 4reas de FPN (Cole et al.,, 2012; Langer et al., 2012; Van Den
Heuvel etal.,, 2009). Asimismo, las redes cerebrales son susceptibles a
variaciones del estado atencional y diferentes tipos de IC (Cooper et al., 2015;
Xie et al., 2019) y trastornos del desarrollo que comprometen los procesos
atencionales como el trastorno de déficit de atencion e hiperactividad
(TDAH) muestran alteraciones en la topologia cerebral (Abbas et al., 2021;
Henry & Cohen, 2019; Shephard et al., 2019).

En conjunto, la literatura previa indica un rapido desarrollo de la
atencion ejecutiva y actividad cerebral, tanto a nivel oscilatorio como de redes
funcionales. Sin embargo, la investigacion en relacion con el desarrollo de la
atencion ejecutiva y su relacion con la actividad cerebral con medidas mas
precisas es todavia necesaria especialmente en los primeros afios de vida. Por
ello, el objetivo de la presente tesis ha sido explorar el desarrollo temprano
de la atencion ejecutiva, la actividad cerebral en reposo, y su interrelacion en
un periodo entre los seis meses y los treinta y seis meses de vida. De esta
forma, nos planteamos tres ejes principales de investigaciéon con sus

respectivas preguntas:

1) Desarrollo
a. jCual es el desarrollo del conectoma funcional en EEG?
b. ;Coémo varia la energia oscilatoria y aperioédica con la edad?

c. ¢(Mejora la atencion ejecutiva en este periodo?
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2) Diferencias individuales a lo largo del desarrollo
a. ¢Predice la actividad funcional temprana la de momentos
posteriores?
b. ;Existe una distribucién topoldgica de la actividad cerebral
que se mantiene a lo largo de la nifiez temprana?
c. ¢Se relaciona la ejecuciéon temprana en la misma tarea la
posterior ejecucion?
d. ;Las diferencias individuales en atencién ejecutiva se
mantienen atin cuando la tarea varia?
3) Interrelacion cerebro-comportamiento
a. (Esta la energia cerebral relacionada con la atencién
ejecutiva?
b. ;Explica la conectividad funcional parte de las diferencias

individuales en atencion ejecutiva?

Para responder a las preguntas de investigacion, se llevo a cabo un
estudio longitudinal. Este sigui6 a la misma poblacién de nifios/as desde los
6 meses hasta los 36 meses de vida en cuatro sesiones: 6, 9, 16, y 36 meses de
edad. En ese estudio se evalud la actividad cerebral en estado de reposo con
un EEG de alta densidad. Computamos la energia oscilatoria en tres bandas
de frecuencia (theta, alpha, y beta) y se extrajeron los componentes
aperiodicos. Asimismo, calculamos la conectividad funcional y evaluamos su
desarrollo empleando la teoria de grafos en diferentes medidas de
sincronizacion, evaluando la integracion, segregacion, modularidad, y
topologia de las redes. La atencion ejecutiva se examino con la tarea ECITT a
los 9 y 16 meses de edad, y desarrollamos la tarea Bee-Attentive a los 36
meses. La tarea ECITT permite evaluar CF e IC, mientras que la Bee-Attentive
ofrece medidas de atencion sostenida, atencion focalizada, e IC al combinar
un protocolo de busqueda visual con una tarea de inhibicion. Finalmente,
comprobamos si la actividad cerebral funcional podia predecir la ejecucion
en la ECITT y la Bee-Attentive, y la estabilidad que poseia cada una de las

medidas.

Nuestros resultados indicaron que la energia oscilatoria y aperiddica
varian con la edad. En nuestro estudio, la frecuencia de los picos de alpha y

theta incremento, y la energia oscilatoria de la banda alpha aumenté. Del
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mismo modo, la curva aperiddica se volvié mas plana, mostrando asi
cambios en la balanza entre la actividad cerebral inhibitoria y excitatoria.
Cuando comparamos el desarrollo de la actividad oscilatoria con medidas
tradicionales (energia relativa), Unicamente alpha presentd la misma
trayectoria. Ademas, theta y beta estuvieron relacionadas con los
componentes aperiodicos. Esto sugiere que se producen tanto cambios en la
actividad oscilatoria como aperiodica, y que separarlos es necesario para

entender la contribucion a los procesos cognitivos.

A nivel de redes funcionales, el andlisis de multiverso determino que
existia diferencias en cuanto a la medida de conectividad utilizada para
construir la red. Las redes construidas con medidas de sincronizacion
basadas en la coherencia mostraron los mayores cambios y sus resultados
fueron mas consistentes. Esas redes poseian dos clusteres (frontal y parietal)
que contenian los nodos con mayor niamero de las conexiones. Asimismo, las
redes poseian la topologia de mundo pequerio desde la primera sesion y eran
modulares, aunque estas propiedades no variaron a lo largo de las sesiones.
Sin embargo, los médulos se volvieron mas segregados con el tiempo, y la
eficacia local y global aumento. Estos cambios en la capacidad de integrar y
segregar la informacién fueron acompanados de un aumento en la fuerza de
las conexiones y, en conjunto con el resto de los resultados, indicaron la
maduracion de las redes funcionales hacia una topologia mas eficiente y

especializada.

La ejecucion entre los 9 y los 16 meses en la tarea ECITT aumentd en
los ensayos inhibitorios (IS) y en los prepotentes. Sin embargo, los ensayos
prepotentes con cambio (PS) no variaron con la edad. Esto indica un aumento
en general para realizar la tarea, y del IC. A los 36 meses, los/as nifios/as
realizaron la tarea Bee-Attentive con una ejecucion por encima del azar.
Estos/as también mostraron costes de inhibir la respuesta cuando aparecia un
estimulo infrecuente (IC) y su tiempo de reaccion y variabilidad en la
respuesta aumento cuando existia mayor numero de distractores. Asimismo,
fueron capaces de autorregular sus respuestas, pues la tasa de acierto variaba
y se volvieron mas lentos tras cometer un error. Su ejecucion a lo largo de los
bloques de la tarea mejord, disminuyendo su tiempo para responder y el

numero de errores en la condicion inhibitoria. Estos resultados indicaron que
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esta tarea es capaz de generar conflicto y es factible con nifios/as de 36 meses
de edad. Sin embargo, algunos parametros podrian ajustarse para

incrementar el conflicto de la tarea.

A nivel de estabilidad de las diferencies individuales dentro de las
medidas de EEG, encontramos que la energia relativa, oscilatoria y la
actividad aperiodica estaba relacionada entre sesiones, salvo la energia
relativa entre los 9 y 16 meses (beta) y entre los 16 meses y 36 meses (alpha).
El conectoma funcional en momentos tempranos no predecia las
caracteristicas de las redes funcionales en las siguientes sesiones, salvo
algunas excepciones como en la banda alpha en medidas de eficiencia entre
los 6 y 9 meses de edad. Sin embargo, tanto a nivel de energia y propiedades
de las redes funcionales, encontramos una distribucion topoldgica constante
a lo largo de las sesiones. Por ejemplo, en conectividad las zonas frontales
siempre presentaron un cluster de conexiones. Esto puede indicar que las
medidas de energia son mas estables y menos dependientes del momento
temporal, pero en ambos casos que existe una distribucién especifica de la
actividad funcional. La ejecucién entre sesiones solo estuvo
significativamente relacionada en los ensayos IS de la tarea ECITT. Sin
embargo, la ECITT a los 16 meses no predecia las diferencias individuales de

la Bee-Attentive a los 36 meses.

La actividad oscilatoria, pero no aperiddica, se asocio las diferencias
individuales en la tarea ECITT en nuestro estudio. La frecuencia del pico de
la banda de theta predijo de forma concurrente el desempefio de los nifios/as
ensayos prepotentes y de PS a los 9 meses. Asimismo, la actividad oscilatoria
en alpha y theta a los 9 meses predijo significativamente PS a los 16 meses.
En ambos casos, un patrén oscilatorio mas maduro (mayor frecuencia y
energia oscilatoria) se relacionaba con mejor ejecucion en la tarea. Las redes
funcionales también estuvieron relacionadas con la ejecuciéon en la tarea
ECITT. Presentar una red mads eficiente y segregada se relacionaba
positivamente con PS/PNS, pero el patrén inverso lo hizo con IS. Sin
embargo, no hubo relacién con la tarea Bee-Attentive ninguna medida del
EEG. Por tanto, nuestros resultados indicaron que la actividad cerebral es
capaz de predecir el comportamiento, pero la relacion puede variar segtin la

tarea.
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En conjunto, esta tesis muestra que tanto la actividad cerebral como
la atencidn ejecutiva se desarrollan rdpidamente entre los seis y treinta y seis
meses de vida. El conectoma funcional en EEG se volvié mas eficiente tanto
local como globalmente, mientras que la energia oscilatoria del ritmo
dominante (alpha) se desarrollé rapidamente y el componente aperiddico de
la energia cerebral se volvio menos pronunciado en frecuencias mas altas. A
su vez, los/as nifios/as se volvieron mejores en tareas que requieren IC.
Finalmente, encontramos que las diferencias individuales se mantenian en el
caso de la energia en el EEG y dentro de la misma tarea (ECITT) en los
ensayos inhibitorios, ademas de relaciones significativas entre la actividad
cerebral y la atencion ejecutiva. No obstante, esto no ocurrié prediciendo la
Bee-Attentive ni en las medidas de conectoma funcional, lo que sugiere que

este periodo es dindmico y combina estabilidad e inestabilidad.
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We evaluated several aspects of the children’s environment using
questionnaires that allowed us to collect information regarding the time

spent by parents, schooling, socioeconomic status, and maternal health.

A2.1. Time Spent with the Children

Most of the families in the study had the following structure: mother,
father, and infants with one sibling. Only in a handful of families (6-mo. n =
11, 11.70%; 16-mo. n = 10, 11,36%), the uncles/aunts or grandparents lived
with the main family nucleus, or the children lived alone with their mothers
(n=1). At the beginning of the study (Msiblings = .55, SD siblings = .79), most of the
infants were only child (1 = 54, 57.45%), followed by having an older sibling
(n =233, 35,10%), and only 7 families had more than two child (3 children n =
3, 4 children n = 3, 5 children n = 1) sons/daughters apart from the infant in
the study. The pattern in the third session (Msiblings = .63, SDsiblings = .75) was
like the earlier one, with 39.53% of the infants being only child (n = 17) and
51.16% having one sibling (1 = 22). However, in the last session (M siblings = .96,
SD siblings = .81), families with two children were the majority (n = 36, 64.28%),
followed by families with only one child (n =13, 23.21%).

The time spent by children (Fig. A2.1) was unevenly distributed,
independently of the session. At six months, 88.8% (n = 111) of the mothers
spent more than six hours per day with their child, a percentage that
diminished to 70.32% (n = 64) and 69.64% (n = 39) at 16- and 36-months
sessions, respectively. Furthermore, 9.6% (1 =12), 20.88% (n =19), and 25% (n
= 14) of mothers spent between four and six hours per day with their children
at 6, 16, and 36 months, respectively. In contrast, fathers” distribution of care
time was more even across all sessions. When the infants were 6-mo., 21.95%
(n =27) of the fathers had children between two and four hours a day, while
29.27% (n = 36) and 36.59% (n = 45) spent between four and six hours and
more than six hours a day, respectively. The results were similar at 16 months
(6h+n =36, 4h — 6h n =33, 2h — 4h n =17, Oh — 2h n = 5) and 36 months (6h+ n
=16, 4h — 6h n =18, 2h — 4h n = 16, Oh — 2h n = 6). Grandparents also played a
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relevant role in the caregiving time spent with the children, with 42.74%
spending more than 2h a day with them (6h+#n =11, 4h-6hn=18,2h-4hn
=24, Oh — 2h n =71) at 6 months. This increased in the third session (6h+ n =
27, 4h — 6h n =13, 2h — 4h n =19, Oh — 2h n = 33) but in the fourth session
grandparents reduced the time spent, with 78.6% spending less than 2h with
their grandsons/granddaughters (6h+n =3, 4h-6hn=2,2h -4hn=7, Oh -
2h n=44).

6 mo. 16 mo. 36 mo.
o 40
90 20
- 40 |
560 20
[«
© 20 |
30 I I 10
0 I L » 0l I 0 |
'022446'+ '022446+ '022446'+

Time spent with the infant per day (h)
Mother Father . Grandparents Other Caregivers

Fig. A2.1. Time spent with the children divided by the caregiver.

A2.2. Socioeconomic indicators

Parents were asked about their professional occupation, income, and
educational level at 6 months session (Fig. A2.2). We also collected
information about occupation and income in the 16-mo. session. We
considered education level on a Likert scale ranging from 0 (no study) to 6
(postgraduate study). Occupation was manually coded based on the
National Classification of Occupations (CNO-11) of the National Institute of
Statistics of Spain (INE). It can vary from zero (unemployed) to nine (high
rank related to management). Additionally, the income-to-need ratio was
calculated. This results from dividing the family’s annual net income by the
poverty line, according to the INE data for families with the same
demographic composition. Smaller values in the income-to-need ratio
represent less economic power, with values under one meaning an income

below poverty for a given family structure.
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The education levels of fathers and mothers were skewed towards
high educative levels. With regards to mothers, 68% had a superior education
(master/PhD, n = 26; bachelor’s degree, n = 33; superior degree/technical
degree, n =26), 25.6% had at least a basic technical education (FP1, n = 20), or
had a medium technical degree (n = 12). Only 6.4% of the mothers did not
complete the basic studies. Regarding fathers, 51.61% had a superior
education: technical degree (18.54%), bachelor's degree (16.94%), or master’s
or PhD degree (16.13%). Approximately 13% of the fathers did not complete
basic studies (n = 16), 25.80% had basic technical education, and 9.68%
completed high school.

In relation to income, our six-month sample had an average income-
to-need ratio of 1.37 (SD = 0.67), with 35% of the participants being under the
poverty line. At 16 months of age, the mean income-to-need ratio was 1.72
(SD = 0.79), with 20% of the participants below the poverty threshold.

With respect to maternal occupation, 37.85% and 28.57% of the
mothers were unemployed at the 6- and 16-months sessions, respectively.
The 52.85% had scores over 5 in the CEO11 scale in the first session (i.e.,
administrative, technician, scientific, and teachers), which increased to
68.88% in the third session. Approximately 10% of the fathers were
unemployed in the first and third sessions. Over 20% of the fathers worked
in bars and restaurants, and approximately 40% had administrative,

technician, or professor jobs independent of the session.

A2.2. Early Childhood Schooling

Of all the samples, only 23.89% of infants went to kindergarten when
they were 6 months-old (1 = 27, Mage = 6.21, SDage = 1.85), which increased to
71.58% in the third (1 = 68, Mage = 9.76, SDage = 4.06) and 82.76% in the fourth
(n = 48, Mage = 13.11, SDage = 7.12) sessions. Some children went to
kindergarten intermittently because of the COVID-19 pandemic.
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Fig. A2.2. Socioeconomic indicators of the families included in the study. The
figure displays the number of fathers and mothers or family units in the income-to-
needs ratio by category in education, occupation, and income-to-needs ratio. It shows
the information divided by the session.

A2.2. Maternal Mental Health

We evaluated the mothers’” mental health (Fig. A2.3) using the
Spanish version of the Beck Depression Inventory II (BDI-IL; Beck et al., 1996).
The BDI-II is a 21-item self-reported inventory that asks, in this case, how
mothers felt in the previous two weeks with respect depressive symptoms.
Responses range from 0 to 3 on a Likert scale. In our sample, the inventory
showed good internal consistency (6 months: a = .88; 16 months: a = 90, 36
months: a = .87). In the first session, the mothers were not depressed on
average (M =10.74, SD =7.40), with 74.04% (n = 94) below the range of mild
depression. However, 17 (12.98%), 12 (9.16%), and 5 (3.81%) mothers had
scores within the ranges of mild, moderate, and severe depression,
respectively. The pattern was similar when the children were 16 or 36 months
old. In the third session, maternal depression (M =11.29, SD =7.73) did not
reach a clinical value for 55 mothers (78,57%); however, 15 mothers (mild
depression, n = 4; moderate depression, n = 7; severe depression, n = 4) had
punctuation within the clinical range (21.42%). In the fourth session (M = 8.84,
SD = 6.04), 75.51% (n = 37) fell below the threshold for clinical depression,
while 9 (18.8%) and 3 (6.12%) mothers had scores within the ranges of mild

and moderate depression, respectively.
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Fig. A2.3. Maternal depression scores
by session. The figure displays the BDI-
II scores for each mother. The thresholds
were based on the Spanish scale of the
BDI-II adaptation.
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Remove boundary electrodes (n=20)
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| Finite Impulse Response Filter (FIR: 0.2 — 48 Hz) |
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| Remove global bad channels (FASTER)** |

Original dataset

| Prepare dataset for ICA(1s epochs, automatic cleaning) |

MADE pipeline
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Fig. A2.4. Pipeline of the EEG preprocessing. The figure shows all the steps
conducted sequentially. The pipeline from employed in each preprocessing step is
filled with different colors: red (MADE), green (APICE).
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Table A3A.1
Goodness of fit of the power specparam toolbox divided by cluster.
Goodness of Fit (R?) % Electrodes
C Fr @) P C Fr @ P
99.42 9826 99.61 9945 0.01 0.05 0 0.01

Session Sex

om0, o079 219 (043) 075) (0.1) (021) (0.03) (0.08)
M 9939 9809 996 9937 001 007 001 001

(0.85) (2.35) (0.47) (0.94) (0.1) (0.25) (0.09) (0.11)

o 9953 9854 9967 9946 001 003 0 0

oo, (0.59) (2.31) (0.34) (0.89) (0.11) (0.18) (0.04) (0.05)
v 9908 9774 99.66 9928 001 003 001 0

(2.34) (3.06) (0.3) (1.19) (0.09) (0.18) (0.08) (0.06)

o 9952 9884 9968 9958 001 004 0 001

Loomo. (0.6) (1.44) (0.22) (0.51) (0.11) (0.19) (0)  (0.1)
v 995 9901 99.68 9946 002 006 001 001

(0.47) (1.29) (0.3) (0.68) (0.13) (0.23) (0.09) (0.08)

o 9953 9908 9964 9952 001 002 001 001

36-mo. (049) (1.69) (0.38) (0.49) (0.12) (0.14) (0.1) (0.09)
o 996 9913 9971 9962 0.02 004 001 0.02

(0.46) (1.74) (0.37) (0.41) (0.15) (0.21) (0.11) (0.13)
Note. F = Female, M = Male, C = Central, Fr = Frontal, O = Occipital, P = Parietal. The
table displays the mean (standard deviation) of the goodness of fit and the percentage
of electrodes removed because they did not have the required R?>> .95.
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