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Abstract—In the current study, we investigated frequency-
specific features of functional brain networks in children aged
8–14 years during working memory task performance using
EEG data. We found that the mean weighted node degree was
highest in the theta band, whereas faster task performance was
associated with a higher mean weighted node degree in the alpha
band. These findings suggest that, although theta-band networks
exhibited the strongest overall functional connectivity, individual
differences in behavioral performance were specifically associated
with alpha-band network connectivity.

Index Terms—EEG, working memory, functional brain net-
work, coherence

I. INTRODUCTION

In neuroscience, functional connectivity of the brain refers
to the coherence of neuronal activity, determined through
statistical analysis. The study of neural interactions during
cognitive development is of interest for understanding the
neurophysiological mechanisms underlying learning and in-
tellectual development in children [1]. Working memory is
understood as a cognitive function that allows you to actively
store and use a limited set of information to solve a current
task and plays a key role in learning-related processes, so its
development has a significant impact on the effectiveness of
the educational process [2], [3].

Functional networks (sets of brain regions with similar
neural activity) are reconstructed using data obtained using
brain activity recording techniques: the most commonly used
are electroencephalography (EEG), magnetoencephalography
(MEG), functional near-infrared spectroscopy (fNIRS), and
functional magnetic resonance imaging (fMRI) [4]. EEG is
particularly suitable for studies in children due to its non-
invasive nature, high temporal resolution, and relative ac-
cessibility. In this case, a functional network node is typi-
cally defined as an individual EEG channel or a group of
topographically close channels, and the edge weight of this
graph is the connectivity coefficient between individual nodes
[1]. Methodological advances in signal processing, including
wavelet-based approaches, offer versatile tools for multiscale
characterization of brain signals and functional connectivity
[5].

Despite the active development of neuroscience research, a
number of fundamental questions remain unanswered. Many
studies focus on the analysis of connections in the resting
state, which does not address the reorganization of neural
networks during various cognitive functions [6]. In contrast,
the investigation of functional networks during cognitive task
performance can reveal task-related changes in network or-
ganization and their relationship with behavioral performance
[7]. In particular, the mechanisms of functional network or-
ganization during working memory processing in school-age
children remain poorly understood. The age range from 8 to
14 years is of particular interest, as it encompasses a period
of active maturation of frontoparietal and interhemispheric
connections associated with various cognitive functions [8].
However, frequency-specific patterns of functional networks
during working memory and their relationship with behavioral
performance across this developmental period remain insuffi-
ciently understood [9]–[11].

Thus, the goal of this study is to reconstruct and analyze
functional networks associated with working memory task
solving in children aged 8–14 years.

II. METHODS

The experiment was approved by the Immanuel Kant Baltic
Federal University Ethics commission (Protocol No. 32 of
04/07/2022), and the parents of the subjects signed a voluntary
consent for their children to participate in the experiment.
Totally 95 neurotypical school students aged 8-14 years par-
ticipated in the neurophysiological experiment, divided into
three groups depending on age:

1) Group 1 (n = 24, 14 boys and 10 girls, average age is
9.5 ± 0.7 years);

2) Group 2 (n = 28, 17 boys and 11 girls, average age is
11.3 ± 0.6 years);

3) Group 3 (n = 43, 22 boys and 21 girls, average age is
13.1 ± 0.4 years).

During the experiment, an EEG was recorded using 64
leads according to the standard montage ”10-10”, monopolar.
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The tasks were completed using a laptop with a touchscreen
display.

The experimental task is based on S. Sternberg’s paradigm
[12], designed to study the processes of working memory:
a random set of two-digit numbers and the symbol ”*” is
shown on the screen. The subject’s task is to answer whether
the presented number was part of a previously shown set of
elements. The difficulty varied depending on the number of
numbers in the set. The overall structure of the experiment
included three equal blocks. In each block, a series of cognitive
tests of different types was presented in random order. Each
block began with a 1-minute recording of background activity
in a resting state and ended with a 2-minute break. The total
duration of the experiment was approximately 45 minutes (ex-
cluding the time for electrode placement and instruction—one
session lasted approximately 65 minutes in total). During
this time, the participant was instructed to avoid talking and
minimize motor activity unrelated to answering the tasks.
During the break, the student was allowed to rest, but leaving
the table was discouraged. If a participant did not want to
continue the experiment, they could terminate it early, but data
from such sessions were not included in the analysis due to
the unequal number of tasks completed compared to the data
from other subjects. The design of the experiment is described
in more detail in our previously published work [13].

We performed segmentation, i.e., the process of selecting
fragments of eeg (epochs) that are significant for subsequent
analysis from the recording, with the formation of pairs of
epochs of equal duration:

1) ”Task” – the epoch with the solution of the problem
(the moment from showing the whole sample to making
a decision to the subject),

2) ”Rest” – the epoch at rest, taken from the period of
background activity preceding the corresponding block.

We implemented this segmentation approach in order to
take into account brain activity during task solving and at rest
when restoring functional brain networks, thereby identifying
activity associated with task performance.

We studied the bioelectric activity of the brain within the
main frequency ranges of brain rhythms, taking into account
the age of the subjects: theta (2.5–7.5 Hz), alpha (7.5–13.5
Hz), and beta (13.5–20.5 Hz) [14]. To determine functional
connectivity, the coefficient of the imaginary part of coherence
[15] was calculated in pairs for all EEG channels separately
in each frequency range studied. Coherence is a widely used
measure of synchronization between signals [16]. Since the
work evaluated the severity of the functional relationship re-
gardless of the direction of the phase shift, the absolute values
of imaginary coherence were used in the subsequent analysis.
Based on them, equal matrices of functional connectivity were
formed for each subject.

We reconstructed funcrional networks using Network-Based
Statistic (NBS) [17] by pairwise comparing functional con-
nectivity matrices calculated for the task period and the
corresponding background activity period. A significance level
of p = 0.01 was used as the primary threshold for individual

connections; the statistical significance of network components
was assessed at the cluster level at p = 0.05. To calculate the
topological characteristics of functional networks, connections
included in the network identified by the NBS method in the
corresponding frequency range were used. For each subject,
the values of these connections were selected from the func-
tional connectivity matrix calculated during the task period.
Thus, the structure of the analyzed network was determined
by the results of the NBS analysis, and the connection weights
were determined by individual values of the imaginary part
of coherence. To analyze the age-related characteristics of the
resulting functional networks and assess their relationship with
behavioral indicators, we calculated the average weighted node
degree of the brain network [18].

To assess the relationship between behavioral data and
network macroparameters, we calculated the average median
reaction time of the subjects (the duration from the mo-
ment the matrix of numbers was shown to the subject’s
decision-making, with only correctly completed tasks taken
into account). In the correlation analysis, we calculated the
Spearman’s rank correlation coefficient. A one-way ANOVA
was used to assess differences in reaction time between age
groups. To assess frequency and age-group differences in
mean weighted node degree, we used a mixed-design repeated-
measures analysis of variance (RM-ANOVA), with Band as a
within-subject factor and Group as a between-subject factor,
followed by post-hoc pairwise comparisons with Holm correc-
tion for multiple comparisons.

III. RESULTS

A one-way ANOVA revealed a significant effect of age
group on reaction time (F = 21.78, p < 0.001). Post-hoc pair-
wise comparisons with Holm correction revealed significant
differences between Group 1 and Group 2 (pHolm < 0.001),
Group 1 and Group 3 (pHolm < 0.001), and Group 2 and
Group 3 (pHolm = 0.018), with reaction time decreasing with
age.

A mixed-design RM-ANOVA with the within-subject factor
“Band” and the between-subject factor “Group” revealed a
significant main effect of Band on the mean weighted node
degree (F = 19.37, p < 0.001; see Fig. 1a). Post-hoc pairwise
comparisons with Holm correction revealed significant differ-
ences between the theta and alpha bands (pHolm = 0.002),
theta and beta bands (pHolm < 0.001), and alpha and beta
bands (pHolm = 0.011). The theta band demonstrated the
highest mean weighted node degree compared with the alpha
and beta bands. No significant main effect of Group on the
mean weighted node degree was observed (F = 0.1, p = 0.9).
The interaction between Band and Group was not statisti-
cally significant (F = 1.3, p = 0.272), indicating that the
frequency-dependent pattern of mean weighted node degree
did not significantly differ between age groups.

Correlation analysis revealed a significant negative relation-
ship between mean reaction time and mean weighted node
degree in the alpha band (ρ = −0.247, p = 0.016; see
Fig. 1b). Thus, higher mean weighted node degree in the
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alpha-band network was associated with shorter reaction times.
This finding indicates an association between alpha-band
functional connectivity and behavioral performance. The result
is consistent with the proposed role of alpha-band activity
in attentional control and the suppression of task-irrelevant
processing during working memory tasks [19]. Furthermore,
neurofeedback studies have shown that modulation of attention
can affect brain oscillatory dynamics [20].

Fig. 1. (a) The graph of the average weighted degree of node s̄ depending on
the frequency range (∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05; CI = 95%).
(b) The scatter plot of the average weighted degree of node s̄ with reaction
time of the alpha range (p < 0.05, Spearman‘s correlation coefficient ρ and
CI = 95% are shown)

IV. CONCLUSION

Thus, we identified frequency-specific patterns of functional
brain networks associated with working memory task perfor-
mance in children aged 8–14 years. The mean weighted node
degree was highest in the theta band, whereas a significant
negative correlation between mean weighted node degree
and reaction time was observed in the alpha band (ρ =
−0.247, p = 0.016). These findings indicate that, although
the theta band exhibited the highest mean weighted node
degree, individual differences in behavioral performance were
specifically associated with alpha-band functional connectivity.
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