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Abstract

Brain function rapidly changes in the first 2years of life. In the last decades,
resting-state EEG has been widely used to explore those changes. Previous stud-
ies have focused on the relative power of the signal in established frequency
bands (i.e., theta, alpha, and beta). However, EEG power is a mixture of a 1/f-like
background power (aperiodic) in combination with narrow peaks that appear
over that curve (periodic activity, e.g., alpha peak). Therefore, it is possible that
relative power captures both, aperiodic and periodic brain activity, contributing
to changes in electrophysiological activity observed in infancy. For this reason,
we explored the early developmental trajectory of the relative power in theta,
alpha, and beta frequency bands from infancy to toddlerhood and compared it
with changes in periodic activity in a longitudinal study with three waves at age
6, 9, and 16 to 18 months. Finally, we tested the contribution of periodic activ-
ity and aperiodic components of the EEG to age changes in relative power. We
found that relative power and periodic activity trajectories differed in this period
in all the frequency bands but alpha. Furthermore, aperiodic EEG activity flat-
tened between 6 and 18 months. More importantly, only alpha relative power
was exclusively related to periodic activity, whereas aperiodic components of the
signal significantly contributed to the relative power of activity in theta and beta
bands. Thus, relative power in these frequencies is influenced by developmental
changes of the aperiodic activity, which should be considered for future studies.
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1 | INTRODUCTION

Profound changes in the structure of the brain and its
function take place in the first years of life, which has been
related to the emergence and development of diverse cog-
nitive processes (Gabard-Durnam & McLaughlin, 2020;
Gilmore et al., 2018). Among all the techniques that mea-
sure brain function, electroencephalography (EEG) has
been widely used to characterize functional development
in infants and toddlers due to the easiness and adaptabil-
ity of its application (Saby & Marshall, 2012).

The EEG signal offers information about neural oscil-
lations, reflecting the synchronization and desynchroni-
zation of neuronal activation at different rhythms in both
micro and macro neural circuits (Buzsaki, 2006; Buzsaki
& Draguhn, 2004; Cohen, 2017; see Buzsaki et al., 2012 for
areview). Baseline EEG activity is usually recorded at rest
(resting-state EEG; rs-EEG), offering information about
the intrinsic activity of the brain without the constraints
of a task. As a result, the rs-EEG has been widely imple-
mented to explore brain function development, as it does
not require following task instructions. In infants, rs-EEG
protocols usually consist of paying attention to an exter-
nal source of stimulation (e.g., soap bubbles or stimuli
presented on a screen), which helps them to stay as calm
as possible (Anderson & Perone, 2018; Bell, 1998; Saby &
Marshall, 2012).

Resting state EEG provides several measures, ranging
from signal energy to connectivity measures. However,
the gold-standard measurement in infant rs-EEG consists
of decomposing the signal to extract the power in canon-
ical frequency bands: theta (3-6 Hz), alpha (6-9 Hz), beta
(9-20Hz), and gamma (+20Hz; Saby & Marshall, 2012).
The power of each frequency band can be obtained in
absolute terms (i.e., the actual value obtained for a par-
ticular frequency) or in 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; Trujillo
et al., 2019).

When the development of rs-EEG has been explored
during the first years of life, relative power is more sensi-
tive than absolute power because absolute power can be
affected by skull changes over the lifespan (e.g., Marshall
et al., 2002). Indeed, the transition from infancy to tod-
dlerhood is a period of rapid reconfiguration of relative
power in all the frequency bands. There is evidence that
theta relative power is higher in younger infants. Also, a
peak of activity in the infant alpha range emerges around
the fourth month of life. Alpha peak 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 along infancy (Marshall et al., 2002).
Finally, although research on higher frequency bands
in infants is still scarce, a study by Tierney et al. (2012)
suggests a reduction in frontal beta and gamma between
the fifth month and the second year of life. Importantly,
the relative power in different frequency bands appears
to be related to individual differences in cognitive devel-
opment (Anderson & Perone, 2018; Bell & Wolfe, 2007;
Benasich et al., 2008; MacNeill et al., 2018; Perone et al.,
2018; Whedon et al., 2020) as well as infants' risk of neu-
rodevelopmental disorders (Arns et al., 2013; Begum-
Ali et al., 2022; Gabard-Durnam et al., 2019; Tierney
et al., 2012), which speaks for the relevance of under-
standing the early development of EEG activity at rest.

Although previous research suggests that relative
power is sensitive to developmental changes, it only con-
siders the energy of standard frequency bands that do
not separate the background activity (aperiodic) from the
periodic brain activity (Donoghue, Haller, et al., 2020;
He, 2014; Ostlund et al., 2022; Voytek & Knight, 2015). In
fact, the 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 has been defined with two parame-
ters: offset (power at the lowest frequency of the aperiodic
curve) and the slope or exponent of the curve. On the con-
trary, periodic brain activity refers to the frequency of the
peaks and the energy above the aperiodic curve.

As a result of this conceptualization of EEG power,
some authors argue that developmental variations of ab-
solute and relative power can be due to changes in either
aperiodic or periodic components of the EEG (Donoghue,
Dominguez, et al., 2020; Ostlund et al., 2022; Samaha &
Cohen, 2022). Consequently, different research groups
have examined the maturation of aperiodic and periodic
components (e.g., Cellier et al., 2021). In infancy, recent
research has shown an aperiodic background curve in
asleep newborns that flattens from birth to the seventh
month of life (i.e., reduction in the exponent; Fransson
et al., 2013; Schaworonkow & Voytek, 2021). This pattern
is constant as the aperiodic power curve becomes flatter
from age 3years onward (Donoghue, Haller, et al., 2020;
Hill et al, 2022; McSweeney et al., 2021; Voytek
et al., 2015). Interestingly, the aperiodic parameters have
been linked to cognitive processes and neurodevelopmen-
tal disorders, which accounts for their biological impor-
tance (Demuru & Fraschini, 2020; Immink et al., 2021;
Karalunas et al., 2022; Shuffrey et al., 2022). Regarding
the periodic components of EEG, studies have focused on
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the alpha frequency band. Alpha peak frequency and the
number of alpha bursts increase in the first year of life
(Schaworonkow & Voytek, 2021) and during childhood,
which suggest a rapid reconfiguration of periodic brain
activity (e.g., Cellier et al., 2021).

Previous research points out that the development of
relative power parallels changes in periodic and aperi-
odic 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 the aperiodic
and periodic components, as well as the differential tra-
jectories and stability of the signal in unexplored periods
of the lifespan, such as the transition between infancy
and toddlerhood. For this reason, we recorded rs-EEG in
a longitudinal sample of infants who were evaluated in
three different waves (at 6, 9, and 16 to 18 months of age)
and computed the relative power of canonical frequency
bands, periodic brain activity, as well as the offset and ex-
ponent (aperiodic background curve parameters). Our ob-
jective was to compare the trajectories of relative power
and periodic brain activity and age-related changes in the
aperiodic components. Also, we examined the within-
subject stability of the signal and analyzed whether the
relative power was related to the aperiodic components
and periodic power. We expected to replicate changes in
relative power previously found in studies with infants.
That is, a reduction in the relative power of theta and
beta, but an increase in alpha’s relative power. In addition,
we hypothesized similar trajectories of the periodic brain
activity and a reduction in the exponent with age. Also,
we predicted that the measurements across waves would
be correlated, indicating that rs-EEG measurements are
stable in the transition between infancy and toddlerhood.
Finally, we expected that the relative power captures both
background and periodic brain activity, which would be
relevant in the interpretation of future rs-EEG studies.

2 | METHOD

2.1 | Participants

Infants were recruited at the maternity hospital in the
city of Granada (Spain). Families were informed about
the study when babies were born. Those caregivers who
expressed a willingness to be further informed were con-
tacted when the babies were 6 months old. The initial
sample consisted of 143 infants born at term (more than
36 gestational weeks and weight over 2.7kg) and did not
have any family history of neurodevelopmental disorder
(i.e., first and second-order relatives with a formal diag-
nostic). Participants were followed up in a second session
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at age 9months (n=123) and a third session at age 16 to
18 months (n=93). Most of the third session of data col-
lection took place at the time of the COVID-19 pandemic.
As requested by the health authorities of the country, the
activity of the laboratory ceased for a period of 4 months.
As consequence, the age of the third session was extended
from 16 to 18 months to facilitate the continuity of partici-
pants in the study. We will refer to it as the 16-mo. session
hereon. The sample included in the analyses varied ac-
cording to the method required for testing each hypothe-
sis. For instance, the trajectory changes included the three
waves in the model, whereas stability analyses were done
in pairs (e.g., 6-month-old correlated to the 9-month-old
session). Further details can be found in Supporting
Information Tables S1-S3 (see Section 2.4. Data Analysis).

2.2 | Procedure

The rs-EEG protocol reported in this article is part of a
larger longitudinal study, which included other age-
adapted protocols (eye-tracking tasks in all the sessions
and different behavioral protocols at the 9-month-old and
16-month-old sessions) conducted before the EEG record-
ing. Data on other tasks and protocols will not be reported
in this article. Including all protocols, the approximated
duration of the session was 30minutes (6 months old)
or 1hr (9 months old and 16 months old) including rest-
ing times between tasks, as well as setting up of the EEG
acquisition net. The rs-EEG consisted of two 2-minute
blocks. In the first block, the experimenter blew soap bub-
bles in front of the baby, whereas the second block con-
sisted of a video displaying geometrical shapes and colors
accompanied by soft music. During both periods of EEG
acquisition, babies were seated on the parent's lap and the
parents were instructed to hold the baby comfortably, re-
main silent, and not interact with the infant during the
tasks.

2.3 | Electroencephalogram

2.3.1 | EEG recording

We recorded EEG brain activity using a high-density geo-
desic net (128 channels) and the software Net Station 4.3
(EGI Geodesic Sensor Net, Eugene, OR). The resting pro-
tocol was programmed and synchronized to Net Station
with E-Prime 2.0. The signal was digitalized at 1000 Hz
frequency, filtered using an elliptical lowpass (100Hz)
and high pass (0.1Hz) hardware filters, and online ref-
erence to the vertex. The baby was also video recorded
in synchrony with the EEG acquisition. This video was
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used for posterior visual inspection to detect fragments
in which the baby was fussy and/or there was a parental
interruption (e.g., the parent talking to the baby and/or
calling their attention). Those fragments were marked as
invalid and were rejected from the analysis in the segmen-
tation step (see Anderson et al., 2022).

2.3.2 | EEG processing

The pre-processing of the EEG signal was conducted with
the EEGlab toolbox (Delorme & Makeig, 2004) with a
combination of the Maryland Analysis of developmen-
tal EEG (MADE) pipeline (Debnath et al., 2020) and the
Automated Pipeline for Infants Continuous EEG (APICE;
Fl6 et al., 2022). The pre-processing steps are depicted in
Supporting Information Figure S1.

First, we started with the MADE pipeline removing the
boundary electrodes (n=20; see Supporting Information
Figure S2) as those were usually noisy. Then the contin-
uous data set was filtered with a Hamming window (0.2—-
48Hz) using a finite impulse response filter (FIR). The
electrodes with constant noise along the EEG recording
(“global bad channels”) were identified and removed with
the FASTER plug-in (Nolan et al., 2010) and excluded until
the interpolation step. After removing those channels, a
copy of the data set was performed and segmented into
1s segments. The copied data set was high pass filtered
(1Hz) and cleaned from artifacts (threshold =+1000pV).
Then, ICA was performed and independent components
containing blinks or ocular movements were detected
using infant adapted ADJUST plug-in (Leach et al., 2020).
Those components were copied into the original data set
and blink and eye-movement ICAs were removed from
the signal.

Once the ICA components were removed, we em-
ployed the APICE pipeline over the continuum EEG
signal to detect additional artifacts. This pipeline offers
adaptive thresholds in several cycles based on the power
spectrum, amplitude, variance, and amplitude transitivity
of the signal, and marks a portion of the data as a “bad
time” if more than 30% of the signal contain noise at that

moment. Those “transient bad times” were then targeted
with principal component analysis (see Yiicel et al., 2014)
and, in case there were shorter than 100 ms, the pipeline
removed PCA components carrying up to 0.90 of the vari-
ances. After applying the PCA, we divided the signal into
epochs of 2, 5, and 10s and redefined the “transient bad
times” with the previous parameters. That is to say, the
pipeline evaluated the signal of each epoch to detect and
mark the remaining “transient bad times.” Epochs were
considered noisy if they had more than 30% of bad chan-
nels or had more than the 30% of data interpolated within
each segment. Then, the “global bad channels” were re-
introduced and spherically interpolated, after which the
signal was re-referenced to the average.

Over the remaining epochs, we applied a voltage
threshold rejection of (110 V). If an electrode surpassed
that value, it was marked as a bad electrode. In case that
more than 20% of electrodes of an epoch crossed that
threshold, the epoch was discarded. Finally, the signal was
visually inspected and the segments with excessive noise
were removed. Babies with less than 20s of clean data or
more than 10 “global bad electrodes” interpolated were
discarded from further analysis (n=0).

2.3.3 | Power computation: Frequency range,
epoch length, and stimuli

We computed the absolute power employing the spectopo
function in the toolbox EEGlab. The absolute power was
computed with FFT in 0.1, 0.2, and 0.5 Hz steps for the 10,
5, and 2s epochs, respectively. The power spectrum was
extracted in incrementing ranges from 5 to 45Hz in 5Hz
steps to determine the best fit of the aperiodic models (see
below) and detect artifacts in high-frequency power. The
aperiodic models fitted better when the gamma range was
excluded (+21Hz) due to a power bump in the gamma
band range (i.e., motor artifacts; see Supplementary
Material 1). Furthermore, employing a wide frequency
range negatively affected the other frequency bands abso-
lute error in the models. Therefore, we decided to focus on
the 1-20 Hz frequency range (see Figure 1).
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Regarding the epoch length employed, we found that
the 5s division retained more infants in the analysis and
had the same model fit in comparison with 2s and 10s ep-
ochs. More importantly, the longitudinal results did not
vary depending on the epochs and the within-participants
stability improved probably due to the increase in the par-
ticipant number (Supplementary Material 2). Therefore,
for further analyses in the main text we used the data ex-
tracted with 5s epochs. Also, the analysis in the main text
included the data extracted from combining both resting
blocks (bubbles and video) given the similarities of both
conditions (both involved visual stimulation in the com-
pany of adults) and because it allowed the inclusion of
more infants in the analyses than if we tested each block
separately. Nevertheless, we also analyzed our hypotheses
using data from bubbles and video separately and found
similar results for the combined and separate blocks (see
Section 2 of the Supplementary Material). However, some
differences between blocks, mainly related to the theta
band, were observed in some measurements within each
age session. These differences are presented in Section 3 of
the Supplementary Material.

2.3.4 | Aperiodic and periodic
components of the EEG signal and
relative power

The signal was decomposed into periodic and aperiodic
components with the specparam toolbox (Donoghue,
Haller, et al., 2020) called from EEGlab. The specparam
toolbox models the absolute power of the signal in each
frequency (P(f)) as a combination of aperiodic (L(f))
and periodic (G; £n Gn (f)) components. The aperiodic
component is defined as L(f) = b — log[fx] where b is a
constant offset and y is the aperiodic exponent. Notice
that the exponent (1/f%) is equivalent to the slope when
transformed the power spectrum to log-log. However,
for easiness, we will use the term “exponent” to refer to
this parameter as we employ “slope” to describe the ran-
dom effects in the longitudinal analysis (see Section 2.4.
Data Analysis). The periodic contribution G is modeled
as a Gaussian peak over the aperiodic curve. The param-
eters of the model were based on previous studies with
infants (peak width limits: [2.5-12Hz], the maximum
number of peaks: 5, aperiodic mode: fixed, peak thresh-
old: 2; see Schaworonkow & Voytek, 2021) and computed
including the frequencies between 1 and 20 Hz. This range
was larger than previous studies but necessary to com-
pute the periodic brain activity including up to the beta
frequency band. Only participants with R*>.95 were in-
cluded in the model (Supporting Information Table S4).
Once the aperiodic signal was obtained, it was subtracted
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from the absolute power to obtain the periodic power of
the EEG activity. On the contrary, the relative power of
each frequency band was computed by dividing the abso-
lute power of each band by the power of all the frequency
range employed (1-20 Hz).

2.3.5 | Frequency bands and clustering

As the frequency of each band changes along with devel-
opment (Marshall et al., 2002), we decided to anchor the
frequency bands initially to individual alpha frequency
(IAF). However, after a visual inspection of individual
power-spectrum plots, we found that infants had also a
periodic peak in the theta range (around 4 Hz and increas-
ing up to 4.5Hz in the third session; see Supplementary
Material 2). Therefore, we decided to anchor the periodic
part of the signal based on both peaks, searching the theta
peak between 3 and 5Hz and the alpha peak between 6
and 9.5Hz in the parieto-occipital clusters, a range usu-
ally employed in infants' studies (Marshall et al., 2002,
Stroganova et al., 1999). The frequency bands were com-
puted based on the full width at half maximum (FWHM)
adjusting the frequency range to each infant. In all the
cases, the beta band was constructed as 1.2*IAF-20Hz as
we did not find a clear beta peak (see Rayson et al., 2022,
for comparable results with the periodic power). In case
that a participant did not have a clear alpha or theta peak,
we assumed the general range in infants: 3 to 5Hz for
theta and 6 to 9Hz for alpha bands. The power was in-
dividually computed for each electrode and then average
over the occipital, parietal, central, and frontal clusters
(see Supporting Information Figure S2).

2.4 | Data analysis
2.4.1 | Longitudinal development of the EEG
power and aperiodic parameters

As the attrition rate in developmental studies is high and
missing data might bias the results, we employed maxi-
mum likelihood estimation in the analysis in children who
came to at least two sessions (Enders, 2013; Graham, 2009;
Matta et al., 2018). According to Littles' test, missing data
were missing completely at random (MCAR; x*(7)=4.80,
p=.683). Also, the infants who performed the second and
third sessions did not differ in socioeconomic status (SES)
from those who did not come to the laboratory either in
the second (#101)=-0.60, p=.53) or the third session
(#(101)=-0.37, p=.61), which indicated that the estima-
tion would not be affected by relevant environmental fac-
tors. As a result, we decided to analyze the data employing
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linear mixed models estimating the missing data (n=101;
See Supporting Information Table S1).

The models included time and time squared (regres-
sors) and cluster as fixed effects to predict relative/peri-
odic power and the aperiodic components. We constructed
the models following a bottom-up strategy, fitting first the
random effects (random intercept, random slope of time,
random slope of time by cluster) and then adding the fixed
effects and their interaction (West et al., 2006). The models
were compared with a chi-squared test for the goodness of
fit with AIC. In case the residuals of the model were non-
normally distributed, we employed the Tucker stair of lad-
ders to transform the data and re-run the models from the
first step. The degrees of freedom were computed using
the Satterthwaite approximation. In the results, we report
the effect size of both conditional and marginal with r
squared (Nakagawa et al., 2017).

Contrary to other parameters in which we included all
the channels in the analysis, in the alpha peak analysis
we ran linear mixed models considering only the channels
with a clear peak based on the specparam toolbox process-
ing. Both variables, the percentage of electrodes with a
clear alpha peak and the alpha frequency in the electrodes
with the peak, were analyzed in the parieto-occipital clus-
ter. The model included time and time squared to investi-
gate linear and quadratic changes over time.

2.4.2 | Within-subjects
stability of the parameters

To compute the stability between sessions, we ran two-
tailed Spearman ranked correlations between each pair
of sessions: 6-9, 6-9, and 9-16 without estimating the
missing values (n=68 in 6 to 9months of age correlations;
n=47 in 6- to 16-month-old correlation; n=32 in 9- to
16-month-old correlation).

2.4.3 | Contributions of aperiodic and
periodic EEG components to relative power

To determine the contribution of periodic and periodic
components of the EEG to the relative power, we ran and
test three multilevel models from the simplest to more
complex, introducing gradually the aperiodic and periodic
components of the signal. The first model only included
the intercept, the second one added the aperiodic param-
eters (offset and exponent), and the third introduced the
periodic power. The goodness of the model was evaluated
based on AIC and RMSE and the model with the low-
est significant values in those parameters was selected.
We decided to run a model for each session (6-, 9-, and

16 months old) and frequency band (theta, alpha, beta).
We did not divide the regressions by cluster as we found
that the correlation between the periodic and aperiodic
parameters was constant independently of the electrode
area (Supplementary Material 4).

3 | RESULTS

3.1 | Longitudinal development of the
EEG power and aperiodic parameters
3.1.1 | Aperiodic components

The final model of the exponent included cluster, time,
time squared, and the interaction time X cluster as fixed
effects, as well as random slope overtime for each partici-
pant (marginal =38, conditional * = .68). The exponent
diminished overtime (time: f=—0.53, 1(714.26)=—10.778,
p<.001, 95% CI=[-0.63, —0.43]), with a significant
reduction in the change rate (time squared: =0.38,
£(579.03)=—7.030, p<.001, 95% CI=[0.28, 0.49]). The
exponent reduction was equal in the central and pari-
etal clusters (t<1). Nevertheless, the frontal (=0.19,
1(638.16)=6.75, p<.001, 95% CI=[0.13, 0.25]) and oc-
cipital (8=0.07, #(638.16)=2.44, p=.015, 95% CI=[0.01,
0.12]) clusters had a smaller reduction in comparison to
the central and parietal clusters. Regarding the exponent
value in the clusters, the frontal cluster had lower expo-
nent values in comparison with all the clusters (zs>19.47,
all ps <.001), the occipital had higher exponent than the
central and parietal clusters (zs>5.56, all ps<.001), and
the parietal had larger exponent than the central cluster
(z=2.96, p=.019).

The offset model included time, cluster, and the in-
teraction time X cluster (marginal ¥*=.54, conditional
r*=.85). The offset was not related to the session time
(t<1). However, the time factor interacted with the clus-
ter, signaling different trajectories depending on the elec-
trode area. The parietal and central clusters did not differ
in the developmental trajectory (f=0.04, (610.45)=1.67,
p=.09, 95% CI=[—0.01, 0.09]) but the frontal (§=0.21,
1(610.45)=8.06, p<.001, 95% CI=]0.16, 0.26]) and occipi-
tal (#=0.10, #(610.45)=4.04, p <.001,95% CI=[0.05,0.16])
clusters had larger change. Furthermore, the offset in the
occipital cluster was more positive than the other clusters
(zs>22.21, all ps <.001), the parietal offset had higher val-
ues than the central and the frontal (zs>20.70, p<.001),
and the central area had larger offset than the frontal
cluster (z=5.42, p<.001). See Supporting Information
Table S4 for the descriptive values of the offset and ex-
ponent measures and Figure 2 (average) and Supporting
Information Figure S3 (individual clusters).
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FIGURE 2 Development of the
aperiodic components of the EEG signal
for the average of all channels. The gray
lines represent the trajectories of each
individual, whereas the red line represents
the group mean of the exponent (left) and
offset (right). The bottom part of the figure
shows the topographical distribution of
these variables on the scalp.
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TABLE 1 Descriptives of the alpha peak by cluster and session. It displays the proportion of channels with a peak (standard deviation)

and the mean frequency of the peak (standard deviation) in those channels.

Central Frontal Occipital Parietal
Session Sex % Freq. %o Freq. % Freq. %o Freq.
6months F 0.91(0.29) 7.01(0.79) 0.68(0.47) 6.81(0.82) 0.91(0.29) 6.96(1.11) 0.87(0.34)  7.00(0.97)
M 0.83(0.37) 6.93(0.92) 0.55(0.5) 6.85(0.91) 0.87(0.33) 7.12(1.2) 0.81(0.39) 7.07(1.03)
9 months F 0.97 (0.18) 7.34(0.6)  0.88(0.32) 7.14(0.71) 0.99(0.09) 7.28(0.78) 0.96(0.2)  7.28(0.7)
M 0.88(0.32) 7.27(0.79) 0.68(0.47) 7.07(0.83) 0.95(0.22) 7.31(0.95) 0.92(0.27) 7.31(0.86)
16 months F 1(0.05) 7.96 (0.59) 0.97(0.17) 7.83(0.61) 1(0) 7.8 (0.69) 0.99(0.12)  7.90(0.6)
M 0.98 (0.14) 7.95(0.73) 0.88(0.33) 7.83(0.88) 0.99(0.08) 8(0.64) 0.99 (0.09)  7.91 (0.69)

Note: The descriptives were extracted from the infants included in the linear mixed model analysis.

Abbreviations: F, female; M, male.

3.1.2 | Periodic brain activity

The descriptives for the periodic brain activity can be
found in Table 1 (alpha peak), Supporting Information
Table S5 (periodic power), and are displayed in Figure 3
and Figure 4 (top) for the average change across brain
areas. The individual trajectories for each cluster can be
seen in Supporting Information Figures S5 and S6.

Alpha peak

The percentage of electrodes with a clear peak in alpha
increased from 85% to 99% across sessions (marginal
r*=.11, conditional *=.27). The change was quadratic,
with faster increase in the first months in comparison
with the following ones (time: f=0.46, 1(142.57)=3.75,
p<.001, 95% CI=[0.22, 0.71]; time squared: =—0.36,
#(153.29)=—2.54, p=.012, 95% CI=[-0.64, —0.08]).
Regarding the individual alpha frequency, it varied sig-
nificantly from 7.07Hz in the first session to 7.89Hz in

the third session (marginal ¥*=.26, conditional r*=.56,
S=1.03, time: #(150.35)=11.26, p<.001, 95% CI=[0.85,
1.21]).

Theta periodic power

The final model for theta periodic power included the
time, time squared, cluster, and the interaction area X
cluster as fixed effects (marginal r*=.30, conditional
r*=.77). The periodic power augmented in this period
(time: $=0.99, #(389.41)=2.59, p=.012, 95% CI=]0.21,
1.77]) with an inverted-u trajectory (time squared:
p=-1.40, 1(623.01)=-3.16, p=.002, 95% CI=[-2.26,
—0.53]). The parietal (f=-—0.40, #(667.4)=—1.96, p=.04,
95% CI=[-0.79, —0.01]) and occipital (f#=-1.02,
1(667.4)=—5.05, p<.001, 95% CI=[-1.41, —0.62]) clus-
ters had lower linear increase than the central and fron-
tal areas. The frontal and central, as well as the parietal
and occipital, did not vary in theta periodic power (zs<1).
However, the occipital and parietal had larger power in
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comparison with the central (zs> 3.85, all ps<.001) and
the frontal (zs > 3.36, all ps <.001) clusters.

Alpha periodic power

The model for alpha periodic power included time, time
squared, and cluster as fixed effects (marginal =23, con-
ditional *=.86). Alpha periodic power increased between

6 mo.

9 mo. 16 mo.

sessions (time: f=9.35, #266.39)=13.796, p<.001, 95%
CI=[8.01, 10.68]) with slower change rate in the later
months (time squared: f=—7.38, #(744.8)=—9.74, p<.001,
95% CI=[-8.87,—5,89]). The parietal, occipital, and central
clusters did not differ in alpha periodic power (zs <.2.157,
all ps>.186), but all the clusters had larger periodic power
than the frontal area (zs>19.173, all ps <.001).
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Beta periodic power

The model for theta periodic power only included time
and area as fixed effects (marginal r*=.23, conditional
*=.86). The frontal cluster had larger power compared
with the other clusters (zs>14.54, all ps<.001). Also, the
central cluster exhibited more power than the occipital
and parietal electrodes (zs>3.099, all ps<.012), but the
parietal had larger beta periodic power than the occipi-
tal cluster (z=2.84, p=.026). The beta periodic power
was reduced from the first session onward (f=-0.69,
1(27.74)=—3.43, p=.019, 95% CI=[—1.11, —0.28]).

3.1.3 | Relative power

Relative power descriptives are displayed in Supporting
Information Table S6 as well as Figure 4 (average) and
Supporting Information Figure S7 (individual clusters).

Theta relative power

Theta relative power model fitted the best with linear
and quadratic change plus area and area X time interac-
tion (marginal r*=.20, conditional *=.77). Theta rela-
tive power diminished over the sessions (time: f=—0.02,
#(457.13)=—-8.74, p<.001, 95% CI=[-0.03, 0.02]) and
had a positive quadratic effect (time squared: =0.01,
1(532.14)=4.75, p<.001, 95% CI=[0.01, 0.02]), which
signaled a rapid change followed by paced variation. The
central cluster had reduced linear change in compari-
son with the frontal cluster (=-0.01, #(637.5)=—13.28,
p<.001,95% CI=[-0.01, —0.01]) but no other trajectories
differed (ts<2). The central cluster had also larger rela-
tive power in theta than the rest of the clusters (zs>4.93;
all ps<.001), whereas the parietal had more power than
the occipital and frontal clusters (zs > 6.43, ps<.001). The
occipital and frontal cluster did not vary in theta relative
power (z=2, p=.27).

Alpha relative power

The alpha relative power model included time, time
squared, and area as fixed effects as well as random slope
for time in each participant (marginal r*=.09, conditional
= .88). Relative power augmented along with the time
(time: $=0.03, #(177.63)=6.11, p<.001, 95% CI=[0.02,
0.04]) with higher change rate in the first months (time
squared: f=-0.02, (856.72)=—4.95, p<.001, 95%
CI=[-0.03, —0.01]). The parietal and occipital areas did
not vary in alpha relative power (z=1.82, p=.412) but
both had larger power in comparison with the frontal
cluster (zs>14.17, all ps<.001). The central cluster had
larger alpha relative power than the rest of the clusters
(zs>4.585, all ps <.001).
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Beta relative power

The beta relative power model included time, time squared,
and the interaction cluster X time as fixed effects (marginal
¥*=.34, conditional = .59). Relative power increased over-
time (time: #=0.02, #(862.38)=3.49, p<.001, 95% CI1=[0.01,
0.03]) with a negative quadratic effect (time squared:
p=-0.02, #883.20)=—-2.89, p=.004, 95% CI=[-0.03,
—0.01]). The frontal area had a paced change in com-
parison to the other clusters (f=—0.01, #(838.49)=—-3.65,
p<.001, 95% CI=[—0.02, —0.01]). The central cluster had
lower power than the other clusters (zs>3.91, all ps<.001).
Furthermore, the relative power of the beta band was
smaller in the parietal cluster than the frontal and occipital
ones (zs>4.9, all ps<.001). Also, the frontal area had larger
power than the occipital cluster (z=.14.48, p<.001).

3.2 | Within-subjects
stability of the parameters
3.2.1 | Aperiodic components

The exponent was correlated between the first and the
rest of the sessions independently of the cluster employed
(ry=[.41, .55], ps<.01). However, the correlations be-
tween 9- and 16-month-old sessions only were significant
in the central cluster (ry=.56, p<.001). The offset had
the same pattern, with high stability between the first,
and the second, as well as the first and third sessions in
all the electrode areas (ry=[.36, .60], ps<.001) but with
no significant correlation between the 9-month-old and
16-month-old sessions (see Table 2).

3.2.2 | Periodic brain activity

Alpha periodic power was stable independently of the
cluster and session compared (r,=[.42, .64], ps<.01).
Theta periodic power was also constant between the
first and the second, as well as the first and third session
(r,=[.12, .56], ps <.05), but with no relationship between
the second and the third session. The beta band was not
constantly related between sessions but in the frontal area
(6- to 9 months old) (r,=[.29, .49], ps <.05). See Table 2.

3.2.3 | Relative power

Relative power in the three frequency bands was related
between the first and the second and the first and the
third sessions independently of the cluster (r,=[.36, .68],
ps <.05). However, only alpha in general and theta in the
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frontal and parietal clusters were related between the 9
and the 16 months (r,=[.38, .53], ps <.05; see Table 2).

3.3 | Relationship between relative and
aperiodic and periodic activity

We conducted regression models to understand the con-
tribution of periodic power and aperiodic components
of the EEG signal to the relative power in all frequency
bands. Information about these regression models is pre-
sented in Table 3.

3.3.1 | Theta

The models predicting theta relative power were signifi-
cant in all the waves: 6 months old (adj. R*=.76, F(3,
107)=119.5, p<.001), 9 months old (adj. R*=.71, F(3,
71)=62.14, p<.001), 16 months old (adj. R*=.68, F(3,
50)=38.47, p<.001). The predictors did not vary between
sessions, being related positively to periodic power in the
theta band ($=[0.73, 0.75], ps<.001) and to the exponent
of the aperiodic component ($=[0.36, 0.39], ps<.001).

3.3.2 | Alpha

Regression models were significant in all the sessions
(adj. #=[.59, .94], ps<.001). Independently of the ses-
sion, the alpha models included the periodic power and
the intercept as the only predictors (6 months old: f=.81,
#(107)=12.87, p<.001; 9 months old: f=.81, (71)=10.28,
p<.001; 16 months old: f#=.98, £(50)=29.1, p<.001).

3.3.3 | Beta

Beta relative power was significantly predicted in the three
waves (6 months old: adj. #=.62, F (3,107)=62.5, p<.001;
9 months old: adj. ¥=.34, F(3, 71)=13.93, p<.001; 16
months old: adj. #=.62, F (3, 50)=9.21, p<.001). In all
the sessions, the exponent negatively predicted the relative
power (f=[—0.39, —0.23], ps<.05), and the periodic power
was positively related to the relative power (#=[0.37, 0.60],
ps<.001). The offset only significantly predicted the relative
power in the first session (f=—-0.27, p<.001).

4 | DISCUSSION

The goal of the present study was to understand the devel-
opmental trajectory of relative power, periodic power, and

IPSYGHUPHYSIOI.OGY sprf

aperiodic components and test its stability in a baseline
rs-EEG in infants. Also, we evaluated the contributions
of periodic power and aperiodic background parameters
to relative power. Our results replicated previous results
(e.g., reduction in theta relative power) and expanded
previous findings in relative suggesting differential devel-
opmental curves when the power is isolated from the ape-
riodic background. Additionally, the measures were stable
across sessions, signaling a large stability of the energy in
the first months of life. This result shed further light on
the development of rs-EEG power in infancy extending
previous knowledge on the early development of EEG ac-
tivity. Furthermore, the relative power was related to the
aperiodic components in theta and beta frequency bands,
but not in the alpha frequency band, which indicates that
EEG relative power in the theta and beta bands captures a
combination of both periodic and aperiodic brain activity.

4.1 | EEG power: Development,
stability, and relationship

4.1.1 | Aperiodic components

The offset did not change with age in our study in the 1 to
20Hz range and linear trajectories were highly depend-
ent on the epoch and maximum frequency range. On the
contrary, the exponent decreased with age in the three
waves, slowing down the reduction change over time in-
dependently of the frequency range, condition, and epoch
(see Supplementary Material 2). This supports previous
results in infants and children, as well as the initial hy-
pothesis, and signals a marked trajectory in the first years
of life (e.g., Cellier et al., 2021; Donoghue, Dominguez,
et al.,, 2020; Hill et al., 2022; McSweeney et al., 2021;
Schaworonkow & Voytek, 2021; Voytek et al., 2015). Thus,
our results indicate that the aperiodic background curve
flattens between 6 months and 18 months of age (i.e., the
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). Interestingly, the exponent and the offset
displayed an anterior—-posterior pattern, with larger inter-
cepts in the posterior areas and a steeper aperiodic power
curve. Moreover, the measures were stable, and the expo-
nent and the offset were good predictors of infant values
in later sessions.

In this interpretation, is worth mentioning the pre-
processing steps and the stimuli employed in the study.
In relation to the protocol variances between investi-
gations, rs-EEG studies in infants vary in the images
that are presented and the general protocol. This is a
well-known factor that impacts on electrophysiological
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TABLE 3 Regression analysis assessing the contribution of the aperiodic components and periodic activity to relative power of each

frequency band.

Band Session Variable df R
Theta 6 months Model 3,107 77 .76
Offset

Exponent
Periodic

9 months Model 3,71 72 71
Offset
Exponent
Periodic

16 months Model 3,50 .70 .68
Offset
Exponent
Periodic

Alpha 6 months Model 3,107 .62 .61

Offset
Exponent
Periodic

9months Model 3,71 .61 .59
Offset
Exponent
Periodic

16 months Model 3, 50 .95 .94
Offset
Exponent
Periodic

Beta 6 months Model 3,107 .63 .62

Offset
Exponent
Periodic

9months Model 3,71 .37 .34
Offset
Exponent
Periodic

16 months Model 3,50 .36 .32
Offset
Exponent

Periodic

*p<.05; ¥*p <.01; ***p <.001.

brain activity (e.g., John et al., 2016). Indeed, in com-
parison with adults and children (usually eyes open vs.
eyes closed) our study and other studies with infants
usually present visual and/or auditive stimulation to
calm the infants and reduce their movements (Saby &
Marshall, 2012; see also Anderson etal., 2022). This might
affect the developmental change, as it has been found in

Adj. R?

RMSE F 95% CI B t
0.004 119.5%
[—0.20, 0.03] —0.08 —1.46
[0.27, 0.50] 0.39 6.70%%*
[0.66, 0.85] 0.75 15.90%%*
0.004 62.14%%*
[—0.26, 0.05] —0.10 —1.32
[0.22,0.51] 0.36 4.89%%%
[0.64,0.91] 0.78 11.55%%*
0.004 38475
[—0.21,0.18] —0.02 —0.19
[0.19, 0.58] 0.38 395w
[0.57, 0.89] 0.73 9,33k
0.008 58.74%%*
[—0.24, 0.07] —0.01 —1.08
[—0.05, 0.25] 0.10 1.29
[0.69, 0.94] 0.81 12.87%%*
0.009 36.99%%*
[—0.27, 0.10] —0.09 —0.94
[—0.13,0.24] 0.05 0.60
[0.64,0.95] 0.80 10.28%%*
0.002 307.5%%*
[—0.07, 0.10] 0.01 0.34
[—0.06, 0.10] 0.02 0.58
[0.91, 1.05] 0.98 29.10%%*
0.007 62.5%%*
[-0.41,-0.12]  —0.27 —3.69%
[-0.37,-0.09]  —0.23 —3.16%
[0.48,0.72] 0.60 10.18%*
0.009 13.93 #
[—0.38, 0.09] —0.15 —1.26
[-0.49,-0.05]  —0.27 —2.40*
[0.23,0.62] 0.43 4,307
0.007 9.21%%%
[—0.43,0.16] —0.13 —0.93
[—0.68,-0.10]  —0.39 —2.71%
[0.13,0.60] 0.37 3.13%*

other studies (Hill et al., 2022). Indeed, the offset did
change concurrently between our two block conditions
(see Supplementary Material 3), suggesting an impact
of the stimuli presented and/or the EEG variation along
the session. However, the results in the developmental
changes in our study were similar between conditions
and when the different stimuli (video vs. bubbles) were
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introduced altogether (see Supplementary Material 2).
It is possible that the resemblance between blocks (i.e.,
visual and auditory stimuli) resulted in similar trajec-
tories, whereas eyes open versus eyes close paradigms
remove the visual information in the later condition.
This is in line with the findings of Jacob et al. (2021)
in adults, which unveiled that the aperiodic parameters
were related to the hemodynamic changes in the audi-
tory salience network in a simultaneous fMRI-EEG re-
cording, and suggest the sensibility of aperiodic EEG
signal to contextual change.

4.1.2 | Periodic and relative power

Contrary to our general prediction of similar develop-
ment of relative power and periodic power, the develop-
ment of relative compared with periodic power displayed
variations in theta and beta and only was similar in the
alpha band. First, the relative power in theta diminished
between 6- and 18months old, whereas the periodic
power augmented in general in this period to rapidly
decay. Similarly, beta relative power increased with age,
while the periodic power diminished in the same period.
Conversely, alpha frequency bands showed the same pat-
tern of age-related change for both relative and periodic
power. Additionally, the channels with a clear alpha peak
augmented, which came with an increment in the fre-
quency of the alpha peak of nearly 1 Hz.

The developmental trajectories in relative power
were like previous experiments with infants: reduction
in theta relative power and increment of alpha relative
power (e.g., Marshall et al., 2002; Orekhova et al., 2006;
Stroganova et al., 1999). However, beta results differed
from other studies that have found an augment of ab-
solute power (Wilkinson et al., 2023) but are similar to
Tierney et al. (2012). One difference is the nature of the
power (absolute vs. relative) as well as the range em-
ployed (we removed from 21 Hz onwards), which sig-
nals the necessity of more fine-grained measurements
to capture infant electrophysiological development
(see Section 4.3. Limitations and Future Directions).
Indeed, when we isolated the periodic brain activ-
ity by removing the aperiodic background, only alpha
had the same results than previous experiments (e.g.,
Marshall et al., 2002). Furthermore, the observed in-
crement of periodic power in alpha is consonant with
previous studies with periodic power in younger infants,
as Schaworonkow and Voytek's (2021) found an incre-
ment of alpha burst presence over the first 7 months
of life. Also, the alpha peak found after removing the
background activity remains in the range called “in-
fant alpha” (6-9 Hz; Orekhova et al., 1999, 2001, 2006;
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Stroganova et al., 1999), and it will probably transit to
adult frequencies around the seventh year of life (Cellier
et al., 2021). Finally, one similarity that our results had
between relative power and periodic power was the
quadratic component of the developmental changes. In
general, the power changed faster in the first months to
slow down the change rate in the following ones. This
supports the notion of two developmental periods with
different developmental slopes in each one as a recent
study has shown with the absolute power (Wilkinson
et al., 2023).

Electroencephalography power measures were stable
in the transition between infancy and toddlerhood. That
is to say, the relative power in previous sessions was a pre-
dictor of the following ones, especially in theta and alpha
bands. On the contrary, periodic power in earlier sessions
predicted the follow-up ones to a lesser extent than the rel-
ative power except for the alpha band. For instance, beta
periodic had no consistent relationship over the sessions,
whereas the relative power had at least good predictabil-
ity between 6- and 9-month-old sessions (see Supporting
Information Figures S13 and S14). Considering this, rs-
EEG measures might be considered a fingerprint of the
individual brain activity, combining both change and
stability across the development regarding aperiodic pa-
rameters and power in theta and alpha bands. These re-
sults are consistent with previous research showing the
stability of alpha relative power between 10 months old
and 14 months old, and between 14 months old and 24
months old, but not between 5 and 10months of age
(Marshall et al., 2002). These differences might be due to
the increase in the first session age (from 5- to 6 months
old), which suggests that the EEG becomes more stable
in this period. However, another plausible explanation is
how we computed the frequency ranges of each band. We
focused on the alpha and theta peaks trying to capture the
interindividual variability present in our sample. For this
reason, we computed an area around the peak based on
the FWHM of each peak and infant with a resolution of
0.2 Hz (main text). This might have contributed to find the
stability between sessions as the frequency range is not a
fixed interval around the peak but rather focuses on the
Gaussian shape above the aperiodic components individ-
ually. Indeed, the Gaussian width changes depending on
the burst and rhythmic properties of a frequency (van Ede
etal., 2018). Thus, adapting the peak range for each partic-
ipant also considers the type of oscillation underlying the
power spectrum to some extent.

The fact that the relative power was more stable than
the periodic power might be due to two distinct factors.
First, it is possible that the ratio between the bands re-
mains constant along with the development, apart from
maturational aspects. Second, it is also plausible that the
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relative power is stable because it involves both periodic
and aperiodic components of the EEG. In our study, the
aperiodic components in the first sessions were good pre-
dictors of the following ones. Supporting the last idea, a
recent study by Demuru and Fraschini (2020) showed
that the aperiodic parameters of the signal are sensitive to
individual variations in adults, which points out the dis-
tinctiveness of EEG aperiodic components. Thus, our data
suggest that both exponent and offset might have contrib-
uted to the stability and therefore can be considered a rel-
evant interindividual factor.

Last, the lack of correlations between the 9-month-old
and 16-month-old sessions might be due to the sample
size of those analyses. There were more significant cor-
relations between the 6- and the 16-month-old infants
than between the 9- and 16-month-old. As it is unlikely
that the stability appears and reappears, the reduction
in the sample size (i.e., n=32) might have impacted the
correlations.

Finally, and more importantly, we have shown that
the relative power is a mixture of both aperiodic and pe-
riodic components in most of the frequency bands. For
instance, theta and beta relative power was predicted by
the exponent parameter. Only alpha was explained by pe-
riodic power without the contribution of other aperiodic
components of the signal. What is more, alpha relative
power was not directly correlated to the exponent and off-
set in any cluster and age but in the frontal cluster at the
6-month-old session with the offset (see Supplementary
Material 4). Therefore, relative power captures to some
extent the oscillations above the aperiodic background
activity, but it is usually a mixture of the aperiodic and pe-
riodic power. Indeed, the contribution of periodic power
and aperiodic parameters was usually equal in the theta
and beta bands (Supporting Information Figures S17 and
S18), supporting the relevance of both exponent and off-
set in the EEG signal. These results are consonant with
previous research conducted by Donoghue, Dominguez,
et al. (2020). They compared the correlation between ape-
riodic parameters and the periodic power to several power
ratios (e.g., theta/beta) with data from the Multimodal
Resource for Studying Information Processing in the
Developing Brain (MIPDB). They found that alpha ratios
were more correlated to the direct power of alpha than the
aperiodic parameters, but the opposite pattern emerged
when the ratios did not include the alpha frequency band
(e.g., theta/beta). Altogether, this shows the relevance
of considering the aperiodic components when working
with EEG power. Furthermore, it indicates that alpha
power might be biasing the results of the rest of frequency
bands when computing relative power. That is to say, the
large increment in alpha energy observed in early devel-
opment probably overshadows age-related changes in the

periodic power of other frequency bands when using the
relative power.

4.2 | EEG power development and
neurodevelopmental disorders

As the relative power contains combines aperiodic and
periodic brain activity, previous brain-behavior relation-
ships can be driven by any of them, which could have
impacted the replicability between studies (Donoghue,
Haller, et al., 2020; Voytek & Knight, 2015). Thus, sepa-
rating the EEG signal into aperiodic and periodic com-
ponents provides a way to explore their possible separate
impact.

One example is the theta/beta ratio concerning ADHD
(Liechti et al., 2013; Ogrim et al., 2012). For instance, re-
cent studies showed that a higher theta/beta ratio was re-
lated to a higher risk of ADHD in 10-month-old infants
(Begum-Ali et al., 2022). However, Karalunas et al. (2022)
found that 1-month-old infants with ADHD risk had
a steeper aperiodic background (i.e., larger exponent).
Also, the relationship between aperiodic components
and ADHD in adolescents was sensitive to whether the
participant had taken medication and the exponent var-
ied in comparison with their peers (Ostlund et al., 2021;
Robertson et al.,, 2019). Therefore, aperiodic parame-
ters are also affected in ADHD and are sensitive even to
intervention.

Another of the most studied relationships between
EEG and neurodevelopmental disorders is between ASD
and relative or absolute power. However, to date, the
findings are contradictory sometimes and malleable with
development. For instance, a review published in 2013
points out an augment of low frequencies power, beta,
and gamma, but a reduction in alpha power in the popu-
lation diagnosed or with risk of ASD (Wang et al., 2013).
However, other studies in younger participants signals a
reduction in gamma in infants at risk of ASD, probably due
to different maturational trajectories (Gabard-Durnam
et al., 2019; Tierney et al., 2012). Thus, as the effects are
related to gamma and beta, it is possible that the aperiodic
components would be related to ASD. Indeed, a recent
study by Shuffrey et al. (2022) supports this idea. In their
study, they found that infants' EEG aperiodic exponent at
birth was related to later ASD symptoms, whereas abso-
lute power was not associated with ASD symptomatol-
ogy. Therefore, aperiodic parameters seem to be related
to developmental disorders, and in combination with the
results of the current study, signal the importance of con-
sidering aperiodic components of the EEG signal when it
comes to understanding the electrophysiological bases of
neurodevelopmental disorders.
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4.3 | Limitations and future directions
The current study focused on the early development of
relative power in different frequency bands and the possi-
ble contribution of aperiodic and periodic in the standard
frequency bands up to beta (1-20Hz). Thus, our range is
narrower than the ones employed in adult and children's
studies. The decision of excluding gamma was related to
the presence of artifacts in its frequency range found in
the absolute power measurement (see Supplementary
Material 1). Indeed, the parametrization of the aperiodic
curve was affected by the presence of gamma, which (1)
resulted in a reduction in the fit, especially in the frontal
electrodes, (2) changed the values of the exponent and off-
set, and (3) increased the error of the model in the other
frequency bands. This is a constant problem in studies
with awake infants. For instance, Schaworonkow and
Voytek (2021) found the best results in the range from 1
to 10 Hz. In contrast, studies with asleep infants (Fransson
et al., 2013) were not as affected by the movements, which
reveals the difficulty of the study. Thus, further experi-
ments should seek conditions that reduce to a greater ex-
tent the motion and explore the gamma band in awake
infants.

Concerning the pre-processing, we wanted to compare
the periodic oscillations and relative power in an equiva-
lent way to traditional approaches. Therefore, we decided
to compute periodic power as we did in the relative power:
anchoring the frequency bands to theta and alpha peak
frequencies. However, future studies would benefit from
finding each frequency peak with even more advanced
techniques (Cohen, 2021; Ostlund et al., 2022). Also, espe-
cially in infancy, oscillatory brain activity seems to appear
in bursts and is not sustained over time in some frequen-
cies (e.g., beta band—Rayson et al., 2022). Therefore, as-
sessing the presence of those bursts and computing the
power with them would increase the reliability of re-
sults and give other parameters of interest, especially in
frequency bands that usually lack a clear peak (Cole &
Voytek, 2019; Ostlund et al., 2022). Finally, as infants' pro-
tocols incorporate an active baseline, recording peripheral
and behavioral measures related to infants' cognitive state
could give us information and increase the comparability
between infant's and other developmental studies (e.g.,
Xie et al., 2018).

5 | CONCLUSION

Computing relative power is one of the most common
analysis approaches to studying rs-EEG signals in in-
fants. Patterns of the relative power of different frequency
bands show fast changes in the early years of life and are
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associated with cognitive development and neurodevel-
opmental disorders risk. Although it is usually assumed
that relative power represents neural oscillations, the EEG
signal combines both aperiodic and periodic components.
Our results indicate that, at least in the transition from
infancy to toddlerhood, relative power is partially driven
by changes in aperiodic activity. Therefore, relative power
seems to capture both aperiodic and periodic components
of the EEG power instead of the putative oscillations of
EEG. This signals the necessity to incorporate more fine-
grained measurements of EEG power to unveil the mech-
anism underlying brain maturation and its relation to
cognitive processes.
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Additional supporting information can be found online
in the Supporting Information section at the end of this
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TABLE S1. Demographic information of the sample that
was included in the linear mixed models’ analysis. The
table presents the mean (SD) of the gestational weeks,
gestational weight, and age of participants in each session.
TABLE S2. Demographic information of the included
sample in the pairwise Spearman correlations between
age sessions. Data: mean (SD).

TABLE S3. The goodness of the fit of the model (R
index) provided by the specparam toolbox for each session
in different channel locations (clusters). All the infants
included in the analysis had at least, a 0.95 value of fit.
TABLE S4. Descriptive statistics of the aperiodic
parameters. Mean (SD) in each age and topographic
location divided by sex.

TABLE S5. Descriptive statistics of the periodic power
(microvolts) in each frequency band and cluster. Mean (SD).
TABLE S6. Descriptive statistics of the relative power
(percentage) in each frequency band and cluster. Mean
(SD).

TABLE S7. Model fit in each frequency range.

TABLE S8. Included participants in the linear mixed
models for each epoch length and condition.

TABLE S9. Descriptives of the theta peak by cluster and
session. It displays the percentage of channels with a peak
(standard deviation) and the mean frequency (standard
deviation) of the channels.

TABLE S10. Total sample (female) in the stability analysis
per condition and epoch length.

FIGURE S1. Schematic representation of the pre-
processing steps of the EEG signal.

FIGURE S2. The layout of the high-density net was
employed in the study. The red color represents the
removed electrodes in the first pre-processing step. The
rest of the colors show the clusters: frontal (blue), central
(pink), parietal (yellow), and occipital (green).

FIGURE S3. Aperiodic parameters (exponent and offset)
development. The grey lines represent the individual
trajectory while the red line represents the average
trajectory.

FIGURE S4. Alpha peak frequency (top) and periodic
power (bottom) development. In the upper figure, the
grey lines represent the individual trajectory while the red
line represents the average trajectory. In the bottom plot,
the solid line represents the mean, and the shaded area is
twice the standard error.

FIGURE S5. Relative power development for each
frequency band and cluster. The grey lines represent
individual trajectories and the red line the average
trajectory.

FIGURE S6. Periodic power development for each
frequency band and cluster. The grey lines represent
individual trajectories and the red line the average
trajectory.
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FIGURE S7. Model Fit in all the frequency ranges
employed in the computation of the aperiodic and periodic
components.

FIGURE S8. Absolute (solid) and aperiodic (dotted)
power for the 1 to 20 Hz and 1 to 45 Hz rangers and the
1 to 45 Hz range in each cluster. The plot displays the
mean (solid line) and the standard error (shaded area)
multiplied by 2.

FIGURE S9. Developmental changes in the aperiodic
parameters per condition, frequency, and epoch length.
The color represents the t-values of the Time fixed
effect in the linear mixed models (red: positive, blue:
negative).

FIGURE S10. Developmental changes in the relative and
periodic power per condition, frequency band, and epoch
length. The color represents the t-values of the Time fixed
effect in the linear mixed models (red: positive, blue:
negative).

FIGURE S11. Development of alpha peak frequency. The
color represents the t-values of the Time fixed effect in the
linear mixed models for each condition and epoch length.
FIGURE S12. Development of theta peak frequency.
The color represents the t-values of the Time fixed effect
in the linear mixed models for each condition and epoch
length.

FIGURE S13. Stability of the aperiodic parameters in
the combined condition in comparison to the conditions
individually. The color represents Spearman’s rho values
(red: positive, blue: negative).
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FIGURE S14. Stability of the power in the combined
condition in comparison to the conditions individually.
The color represents Spearman’s rho values (red: positive,
blue: negative).

FIGURE S15. Aperiodic parameters differences between
the bubbles and video blocks. The color represents the t-
values (blue: greater in bubbles).

FIGURE S16. Aperiodic parameters differences between
the bubbles and video blocks. The color represents the ¢-
values (red: greater in video, blue: greater in bubbles).
FIGURE S17. Correlation between the relative power and
the aperiodic and periodic components for each frequency
band and session age. The color represent the Spearman'’s
rho values (red: positive, blue: negative).

FIGURE S18. Differences between the aperiodic and
periodic contributions to the relative power. The colors
represent the Fisher's z values and higher values mean
larger correlation of the periodic power.
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