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Abstract This study examined the dependence between neural dynamics, functional connectivity, and fluid
intelligence in 90 children aged 8-14 years. Resting-state EEG was used to compute detrended fluctua-
tion analysis (DFA), reflecting long-range temporal correlations, and phase-locking value (PLV), reflecting
functional connectivity. Fluid intelligence was assessed with Raven’s Progressive Matrices (RPM). DFA
exponents in the right frontal alpha band correlated with RPM performance (p = 0.04). Alpha-band func-
tional networks predicted individual RPM scores (R = —0.32, p = 0.002), and higher frontal DFA was
associated with lower clustering in a negatively correlated network (p = 1.9 x 107°). A classifier distin-
guished high and low performers with 76% accuracy (F1-score = 0.8, p = 0.01). These findings demonstrate
that fluid intelligence in children is linked to both the temporal stability of alpha oscillations and functional
network topology, which are interrelated. Combined DFA and PLV measures may serve as biomarkers of
cognitive development.

1 Introduction

Childhood and early adolescence represent a critical period for the development of cognitive abilities that underlie
academic achievement and future professional success [1]. Among these abilities, fluid intelligence occupies a central
place, defined as the capacity to solve novel problems, identify patterns, and think abstractly, independently of
previously acquired knowledge [2]. Understanding the neurophysiological mechanisms that support fluid intelligence
during development is essential for both fundamental neuroscience and educational practice, as it may enable early
identification of children at risk for cognitive difficulties and facilitate the development of targeted intervention
programs [3].

One of the most widely used and validated tools for assessing fluid intelligence is Raven’s Progressive Matrices
(RPM) [4]. This non-verbal test requires participants to identify the missing element in a complex visual pattern,
engaging cognitive processes such as logical reasoning, pattern recognition, and cognitive flexibility [5]. Owing to
its minimal cultural and linguistic bias, RPM is particularly well-suited for studying intelligence across diverse
populations, including children [6].

Electroencephalography offers a non-invasive and relatively inexpensive method for investigating the neural
underpinnings of cognitive abilities in developing populations [7]. Over recent decades, a growing body of research
has linked specific features of EEG oscillations to intellectual performance [8]. In particular, oscillations in the
alpha range (approximately 8-13 Hz) are increasingly viewed not merely as markers of cortical idling, but as active
mechanisms of top-down control [9-11]. According to the inhibition-timing hypothesis, alpha oscillations facilitate
cognitive processing by selectively suppressing irrelevant neural activity, thereby directing information flow toward
task-relevant regions [12]. This perspective was further developed in the concept of “gating by inhibition,” which
posits that alpha activity functionally blocks irrelevant pathways to optimize information processing [13].

Importantly, fluid intelligence is thought to arise not from the isolated functioning of individual brain regions,
but rather from the dynamic interaction of distributed neural networks [14]. Functional connectivity, which quan-
tifies the statistical dependence between neurophysiological signals recorded from different brain areas, provides

*e-mail: kuc1995@Qmail.ru (corresponding author)

Published online: 11 May 2026 @ Springer


http://crossmark.crossref.org/dialog/?doi=10.1140/epjs/s11734-026-02368-x&domain=pdf
http://orcid.org/0000-0001-6233-2594
mailto:kuc1995@mail.ru

Eur. Phys. J. Spec. Top.

valuable insight into these large-scale interactions [15]. The phase-locking value, a measure of the degree of phase
synchronization between EEG signals, is widely used to assess functional connectivity in cognitive neuroscience
[16]. Studies in both adults and children have demonstrated that individual differences in intelligence are associated
with the topology of functional brain networks, particularly within the fronto-parietal system [17].

However, functional connectivity alone captures only one aspect of brain organization. An emerging line of
research emphasizes the importance of the temporal structure of neural oscillations [18]. The brain is conceived
as a complex system operating near a critical state, where an optimal balance between stability and flexibility is
achieved [19]. One approach to quantifying this temporal structure is detrended fluctuation analysis (DFA), which
measures long-range temporal correlations in the amplitude envelope of oscillatory activity [20]. Notably, DFA
provides information that is statistically independent from traditional measures of spectral power and demonstrates
high test-retest reliability, making it a promising biomarker for investigating individual differences in cognitive
function [21].

Despite a growing body of evidence linking both functional connectivity and long-range temporal correlations
to cognitive performance, these two families of measures are rarely integrated within a single study, particularly
in children’s samples. It remains unclear whether the temporal organization of alpha activity and the topology of
functional brain networks are interrelated, and whether their combination yields greater predictive power for fluid
intelligence in children.

To address this gap, the present study investigated the relationship between long-range temporal correlations
(assessed using DFA), functional connectivity (assessed using PLV), and fluid intelligence (measured using RPM)
in a sample of 90 children aged 8 to 14 years. We hypothesized that individual differences in RPM performance
would be associated not only with the strength and topology of functional networks in the alpha band, but also
with the temporal stability of alpha oscillations in frontal brain regions. Furthermore, we expected these two levels
of analysis to be interrelated. To test these hypotheses, we recorded resting-state EEG, computed DFA and PLV
across multiple frequency bands, performed correlation analyses with behavioral data, applied connectome-based
predictive modeling (CPM), and trained a machine learning classifier to distinguish children with high and low
RPM scores based on the identified neurophysiological markers.

2 Methods

2.1 Participants

A total of 90 schoolchildren, aged between 8 and 14 years old (41 females and 49 males), participated in the study.
All children were in grades 3, 4, 5 and 7 at the same school. All participants were conditionally healthy and had
no history of neurological disorders. None of the subjects had previously participated in similar studies.

All subjects participated in the experiment of their own volition, but only after obtaining the approval of their
parents. Parents were informed about the aims and methods of the study, were able to ask any related questions and
received detailed answers. In this way, parents were provided with all the necessary information to decide whether
they approved of their child’s participation in the study. Following this, parents signed an informed consent form.

This study was conducted according to the guidelines of the Declaration of Helsinki and approved by the Ethic
Commitee of Immanuel Kant Baltic Federal University (protocol No. 32 of 04.07.2022).

2.2 Experimental procedure

The experimental study consisted of three main stages: a two-minute electroencephalogram (EEG) recording
conducted in a resting state, testing using Raven’s progressive matrices (RPM) to assess cognitive functions and
performance of experimental tasks designed to assess basic cognitive abilities.

The RPM is a standardised non-verbal test that is widely used to assess cognitive abilities such as intelligence
and abstract thinking ability [4]. This test is considered as an indicator of fluid intelligence, defined as the ability
to solve novel logical problems without prior learning [22]. Fluid intelligence is characterised by the following
cognitive skills:

e abstract thinking—the ability to find logical connections between elements, to operate with symbols and concepts
outside of a specific context [23];

e logical thinking—the ability to draw deductive and inductive conclusions, to find a general principle on the basis
of particular cases [24];

e problem solving—ability to formulate hypotheses, build mental models to find solutions [25];

e pattern detection—identifying hidden rules and structures in presented visual patterns [4];

e cognitive flexibility—the ability to adapt to new conditions, to switch between different strategies when solving
tasks [26].
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The RPM test comprises 60 multiple-choice questions divided into 5 blocks of increasing difficulty. Each task
represents a visual stimulus—a pattern consisting of dots, lines and figures, in which one element is missing. The
task of the subject is to select the correct element from the proposed variants, which logically completes the
pattern.

To assess basic cognitive abilities, we introduced experimental tasks that are closely related to different types
of cognitive activity in the learning process [27], namely:

e visual search is the person’s ability to efficiently find specific visual information among a complex set of stimuli.
It plays a key role in tasks requiring visual attention, pattern recognition and information retrieval;

e working memory is an integral part of the temporary storage and manipulation of information during cogni-
tive tasks. It affects a person’s ability to process and retain data, especially when performing tasks involving
multitasking, problem solving and decision making;

e mental arithmetic focuses on a person’s numerical processing abilities, including mental calculation, mathemat-
ical reasoning and quantitative problem solving. Knowledge of mental arithmetic is necessary to solve a wide
range of academic and practical tasks;

e the ability to combine cognitive abilities is crucial because almost any complex cognitive task can be decomposed
into several simple ones. Thus, the ability to solve such a complex task will be determined, in particular, by the
effectiveness of combining different cognitive abilities.

To ensure maximum comfort of the participants and to reduce possible stress, the EEG recording was conducted
in a familiar environment for the subjects. The use of a mobile EEG recorder minimised the limitations of the
participant’s movement. The EEG recording were conducted at the educational facility in the morning in a room
with natural light.

External stimuli such as loud sounds, extraneous noises and harsh lightning were minimised. Participants were
in comfortable chairs and sat with their eyes open, maintaining a relaxed state. Before staring the recording,
subjects were given detailed instructions to remain still and remain calm throughout the procedure.

2.3 EEG recording and preprocessing

EEG signals were recorded using “LiveAmp” device (Brain Products, Germany) with Ag/AgCl ActiCap active
electrodes. A total of C' = 64 channels were recorded in accordance with the “10-10” system [28], with ground
and reference electrodes positioned at the “Fpz” and “Fz” positions, respectively. Prior to the commencement of
data acquisition, the scalp was treated with “NuPrep” abrasive gel to enhance skin conductivity. Additionally,
“SuperVisc” conductive gel was applied during electrode placement to attain optimal impedance values. Prior to
the commencement of the experiment, the impedances were verified to ensure that the desired value of < 25k}
was achieved.

EEG signals were recorded at a sampling rate of 1000 Hz and subsequently processed using a series of filters.
These comprised a band-pass filter with cut-off points of 1 Hz and 100 Hz, and a 50 Hz notch filter. The removal of
physiological artefacts related to heart rate and eye movements was achieved through the utilisation of independent
component analysis (ICA) [29]. ICA was implemented using the Fieldtrip toolbox for Matlab [30]. The EEG dataset,
comprising 64 channels, was then decomposed into 64 independent components. The components that contained
artefacts were then identified and removed, and the EEG signals were reconstructed [31].

2.4 Detrended fluctuation analysis

Detrended fluctuation analysis (DFA) is a powerful tool for the analysis of complex time series, especially when
the objective is to comprehend the structure of data at different time scales and to identify latent correlations and
trends [32, 33].

The results of DFA is the scaling factor (1), which characterises the type of correlation present in the data [34].
For example, 1 ~ 0.5 indicates the absence of correlations, which corresponds to a random wandering process or
white noise; p < 0.5 indicates an anticorrelated process; i > 0.5 indicates the presence of long-range correlations,
which may indicate a stable trend.

The DFA characteristic was calculated in 4 frequency ranges [fi, fa] corresponding to the main brain rhythms:
the delta- and theta-ranges (1-7 Hz) reflecting low-frequency activity; the alpha-range (6-13 Hz); the betal-range
(13-20 Hz); and the beta2-range (20-30 Hz). The DFA was calculated for each EEG channel (i =1, ..., C, C' = 64)
in each of four frequency ranges.

The selection of frequency band boundaries accounted for the developmental characteristics of the sample.
Specifically, the alpha range was defined as 6-13 Hz rather than the conventional 8-13 Hz used in adult studies.
This extended lower boundary accommodates the individual peak of the alpha rhythm, which in children aged
8-14 years often shifts toward lower frequencies (the so-called “child alpha” or low-alpha component). The lower
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limit of 6 Hz ensures that task-relevant oscillatory activity is not excluded, while the upper limit of 7 Hz for the
delta/theta band prevents overlap with the alpha range. This frequency partitioning is consistent with previous
developmental EEG studies [35].

The DFA-based analysis of each i-th EEG signal X;(t) consisted of the following steps:

1. Filtering of the signal X;(¢) in the frequency range [f1, f2]. For this purpose, we used the filter with
finite impulse response (FIR), the order of which was set to 2/f1 s, where f; denotes the lower frequency of
the analysed frequency range. This guarantees that the filter window covers at least two cycles of oscillations
with frequency fi Hz.

2. Computation of the amplitude envelope using the Hilbert transform. The Hilbert transform X'Z(t)
is applied to the filtered signal X; ar(t) to obtain the phase-shifted signal:

. 1 [~ X,

Xi(t):f/ Xias (M) (1)
T ) o t—T

The analytical signal Z;(t) is obtained as the sum of the original signal and its Hilbert transform: Z;(t) =

X, ap(t) + in(t), where j is an imaginary unit. The amplitude envelope is defined as the modulus of the
analytical signal:

Ai(t) = |Z:()| = \/Xi,Af(t)2 + Xi(1)2. (2)

3. Construction of the cumulative profile of the signal. A cumulative profile, denotes as Y;(k), is con-
structed from the amplitude envelope A;(t) of length N:

k
Yi(k) = Z[Ai(t) — Ay, (3)

t=1

_ | N
where Az =N Zt:l Az(t)

4. Dividing the dataset into discrete segments. The cumulative profile is partitioned into Ny = N/s
segments of length s with 50% overlap.

5. Removal of the trend observed in each segment. Polynomial regression is performed in each segment
of length s. The resulting trend Y;?(k) is subtracted from the aggregate series, obtaining “decorrelated” fluc-
tuations:

S

Fi(s,v) = - ) (Yil(v = 1)s + k] = Y;*(k))?, (4)

k=1

where v =1, 2, ..., Ny is the segment index.
6. Calculation RMS fluctuation. The standard deviation was calculated for each segment:

1 &
Fi(s) = \| 5 3 P25, ). )

7. Repetition of calculations for different scales. Steps 3-5 are repeated for different values of s, which
correspond to different scales.

8. Construction of the dependence and estimation of the scaling factor. The function F'(s) is plotted
on a logarithmic scale. In case the time series has a self-similar structure, the dependence will have the form
of a straight line:

Fy(s) ~ siar. (6)
The exponent p%y ¥ (scaling factor) is estimated by calculating the slope o the line on a logarithmic scale.
The DFA exponent was calculated using the Neurophysiological Biomarker Toolbox package (NBT, http://www.

nbtwiki.net/) for Matlab. The DFA exponent was calculated on 30-s trials using windows s from 2 to 15 s. The
lower bound of 2 s ensures that the analysis is not contaminated by high-frequency noise and allows a sufficient
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number of data points per window for reliable fluctuation estimation. The upper bound of 15 s was determined by
two factors: first, the standard recommendation that the maximum window size should not exceed half of the signal
length (Smax < N/2), which for a 30-s trial yields 15 s [20]; second, this upper limit corresponds to a frequency of
approximately 0.07 Hz, capturing slow neurodynamic processes related to sustained attention and arousal without
violating signal stationarity assumptions.

Despite its widespread applicability, DFA has several methodological constraints that should be considered
when interpreting the results. First, DFA is sensitive to non-stationarities and external trends in the signal, which
can lead to spurious estimates of the scaling exponent if not properly removed [36]. To mitigate this, we applied
detrending within each window (Step 5 in the algorithm above) and carefully screened the data for artefacts prior to
analysis. Second, reliable estimation of the DFA exponent requires sufficiently long time series; in the present study,
the use of 30-s epochs with window sizes up to 15 s meets the minimum recommendations for robust estimation.
Third, the interpretation of the scaling exponent can be ambiguous in signals that arise from a mixture of different
physiological processes, as the observed scaling may reflect a superposition of multiple underlying mechanisms
rather than a single scale-free process. Nevertheless, with appropriate preprocessing and standardized protocols,
DFA remains a valuable tool for characterizing long-range temporal correlations in neural oscillations.

2.5 Statistical testing

A permutation correlation test with cluster correction was performed to identify associations between DFA expo-
nents and various human cognitive states.

The cluster permutation correlation test is a statistical method that has gained significant traction in the field of
cognitive neuroscience [37]. It is employed to identify significant correlations between neurophysiological data and
behavioural indicators in multiple comparisons. A key strength of this method is its ability to account for spatial,
temporal, or frequency dependence of the data. This feature serves to reduce the probability of false positives,
thereby enhancing the reliability and precision of the results obtained.

For each data point, the correlation between the neurophysiological metric (DFA exponent) and behavioural
measures was calculated using Pearson or Spearman correlation, depending on the normality of the data distribu-
tion [38]. The identification of significant points was based on a threshold level of significance. Spatially adjacent
points were then grouped into clusters based on a predefined criterion (number of neighbouring elements and
proximity of EEG channels). For each cluster, statistics were calculated as the sum of the values of the statistical
criterion within the cluster. Subsequently, behavioural measures were randomly allocated between subject, and
the correlation calculation, cluster formation and calculation of their statistics were performed once more. This
process was repeated many times. The resulting empirical distributions of cluster statistics were then compared
to the proportion of permutations in which the statistics of random clusters equalled or exceeded the statistics of
the observed cluster.

The implementation of cluster permutation correlation testing was conducted utilising the Fieldtrip package for
Matlab [30]. The statistical analysis was conducted employing Pearson’s correlation coefficient. Monte Carlo test
with 1000 permutations was used as a computational method. The cluster approach, which involved maximising
the sum of ¢-values within the cluster, was utilised to address the issue of multiple comparisons. The significance
level for cluster formation was set at 0.05. The minimum number of neighbouring elements required for cluster
formation was 2. The list of neighbouring electrodes was generated by triangulation method based on channel
topography. Behavioural characteristics corresponding to different cognitive states (the result of passing Raven’s
progressive matrices, the efficiency of performing experimental tasks, namely reaction time and correctness) were
used as an independent variable.

2.6 Phase coherence

PLV (phase locking value) characteristic was utilised to evaluate phase synchronisation between EEG channels.
PLV is a metric of phase synchronisation of neurophysiological signals employed to assess functional connectivity
between disparate brain regions based on their electrical activity [39]. This method is extensively employed in
studies based on electroencephalography and magnetoencephalography to analyse between-regional interactions,
including the study of cognitive processes [40].

PLV is a measure of the degree of phase coherence between two time series of signals, z(¢) and y(t¢), recorded
from different electrodes. For each time point, the phase difference between the signals is calculated:

A(t) = ¢a(t) — dy(t), (7)
where ¢,(t) and ¢,(t) are the instantaneous phases of the signals extracted using the wavelet transform.
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PLV is defined as the modulus of the mean of the complex exponents of the phase difference:

N
1 iAg(1)
PLV = |N D e : (8)

t=1

where N is the number of time points. The PLV value varies from 0 (complete absence of phase synchronisation)
to 1 (complete phase synchronisation).

The calculation of PLV was performed by filtering the EEG signals on each channel with an FIR filter across
four frequency ranges corresponding to the main brain rhythms: delta- and theta-ranges (1-7 Hz), reflecting low-
frequency activity; alpha-range (6-13 Hz); betal-range (1320 Hz); beta2-range (20-30 Hz). PLV values were
calculated on 30-s segments recorded at rest.

2.7 Connectome-based predictive modelling

Connectome-based Predictive Modelling (CPM) was utilised to predict individual behavioural performance based
on functional brain connectivity [41]. This approach applies functional or structural brain connectivity matrices in
conjunction with behavioural metrics to construct a predictive model. Subsequent to this, the significance of the
model is tested using cross-validation and permutation tests.

The functional connectivity between brain regions was determined using PLV values represented as an M x M
connectivity matrix, where M is the number of EEG channels (nodes).The matrix values thus represented the
strength of connectivity between nodes.

Each connection (edge) of the connectivity matrix was tested for correlation with a behavioural measure, namely
the performance of Raven’s progressive matrices, using Pearson correlation. Significant relationships were selected
using a threshold of p < 0.05.

The total metrics were calculated by summing the values of significant correlations for each subject. Separate
metrics were defined for positive and negative correlations.

In the next step, a linear regression model was constructed:

y = Bo + A1 X, 9)

where y is the behavioural metric (the result of performing Raven’s progressive matrices) and X is the total
connectivity metric.

Leave-One-Out Cross-Validation (LOOCYV) was used to evaluate the effectiveness of the model. The evaluation
of the model was conducted on data that was not involved in its training.

Permutation testing was used to testing the significance of the predictions. Behavioural metrics were randomly
shuffled between subjects, and for each permutation the correlations between predicted and true values were
recalculated. The number of permutations was set at 1000.

The results were then visualised using circle plots, allowing the results to be compared to brain regions.

2.8 Network measures

The following metrics were calculated for functional networks showing correlation with behavioural characteristics:
Clustering coefficient
The clustering coeflicient is a metric that quantifies the degree of connectivity between neighbouring nodes in a
network. For node i, the local clustering coefficient is calculated as:

1
D (Ai A )2, (10)

Ci=—
kiks — 1) 4=

where A;; is the element of the adjacency matrix, k; is the degree of node i (the number of its neighbours).
The global clustering coefficient is calculated as the average value of C; over all nodes:

1 N
_ 1 ) 11

Global efficiency
Global efficiency reflects how efficiently information spreads through the network. Global efficiency was defined
as the average of the inverse distances between all pairs of nodes:
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1 1
Eglobal = o~ = 12
global N(N—1);dij (12)

where d;; is the shortest distance between nodes 4 and j.
Strength
The node strength was calculated as the sum of the weights of its links:

Si=Y_ Ay (13)

The global strength of the network was defined as the average of the strength of all nodes:

1 N
==-5"5. 14
S N;:ljsz (14)

2.9 ML-based classifier

A classifier was applied in order to categorise subjects according to their performance in completing Raven’s
progressive matrices. For this purpose, subjects were divided into two classes based on the median value of the
score assigned after passing the Raven’s progressive matrices. The classifier was trained using a set of features that
demonstrated a statistically significant correlation with behavioural performance.

The training process incorporated an SVM (Support Vector Machine) classifier with a linear kernel. The linear
SVM objective is to ascertain the optimal hyperplane that will enable efficient separation of the two classes in the
feature space, maximising the margin between the data points of each class. This approach increases the robustness
of the model to noise and improves the generalisability. The regularisation parameter, denotes as R, functions as a
hyperparameter, achieving a balance between maximising the margin and minimising the classification error. The
GridSearch method was used to optimise this hyperparameter. The objective of this hyperparameter optimisation
was to maximise the F'l-score [42].

The performance of the model was evaluated through the utilisation of k-fold cross-validation. Data from all
subjects were divided into £ = 10 subsets. The model was trained on k — 1 subset and evaluated on the remaining
subset. This process was repeated 5 times.

In order to evaluate the quality of the model, the following metrics were calculated based on the number of true
positive (TP), true negative (TN), false positive (FP) and false negative (FN) results:

Accuracy. The proportion of objects for which the model correctly predicted the class:

TP + TN
A = . 1
WY T TP Y TN + FP + FN (15)
Recall. The proportion of correctly found positive objects among all objects of positive class:
TP
l=——. 1
Reca TP 1 FN (16)

Precision. The proportion of correctly predicted positive objects among all objects predicted as a positive class:

. TP
Precision = PP (17)

F1-score. Harmonic mean between precision and recall:

Precision x Recall
Fl-s =2 . 18
seore % Precision + Recall (18)
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Fig. 1 Statistically Correlation: DFA - score
significant correlation

clusters were revealed by
analysing the relationship
between the DFA exponent
calculated for each EEG
channel in the theta- (A)
and alpha- (B) ranges and
the result of Raven’s
progressive matrices. The
side panels illustrate the
Pearson correlation
coefficient. EEG channels
demonstrating significant
correlations were grouped
into positive and negative
clusters and marked with
white circles

Theta-range r-value Alpha-range r-value

3 Results

3.1 Results of correlation of DFA with behavioural results

After performing cluster permutation correlation testing between the DFA exponent and the Raven’s Progressive
Matrices result, two statistically significant clusters were identified. The first cluster with p = 0.04 was identified
in the theta-range and was located in the central and central-parietal regions of the brain predominantly in the
right hemisphere (Fig. 1A). The second cluster with p = 0.04 was detected in the alpha-range and was located in
the right frontal region of the brain (Fig. 1B).

After performing cluster permutation correlation testing between DFA exponent and experimental task perfor-
mance, the following results were obtained.

Analysis of the dependence of the DFA exponent and correctness of mental arithmetic task performance revealed
two statistically significant clusters. The first cluster with p = 0.005 was detected in the alpha-range and was located
in frontal, frontal-central, central and right temporal brain regions (Fig. 2A). The second cluster with p = 0.02
was detected in the betal-range and was located in central and frontal-central brain regions predominantly in the
right hemisphere (Fig 2B).

Analysis of the relationship between the DFA exponent and reaction time during the visual search tasks revealed
one statistically significant cluster with p = 0.03 in the alpha-range. This cluster was located in the occipital and
parietal regions of the brain (Fig. 2C).

Analysis of the dependence of the DFA exponent and correctness of performance on the combined function tasks
revealed two statistically significant clusters. The first cluster with p = 0.01 was identified in the alpha-range and
was located in the right frontal. frontal-central and central regions of the brain (Fig. 2D). The second cluster with
p = 0.01 was detected in the betal-range and was located predominantly in the right frontal-central, right central
and parietal brain regions (Fig. 2E).

3.2 Results of correlation of PLV with behavioural results

An analysis was then performed to discover functional networks that could predict subject’s behavioural perfor-
mance reflecting different human cognitive states, namely the performance of Raven’s progressive matrices, as well
as the performance of experimental tasks (reaction time and correctness of mental arithmetic, visual search, work-
ing memory and combined functions). For each subject, functional brain networks were constructed by calculating
the PLV characteristic between each of the 64 EEG channels in four frequency ranges (delta+theta, alpha, betal
and beta2). Correlations between all functional connectivity and behavioural performance with a statistical thresh-
old of p < 0.05 were used to identify functional connectivity that had a statistically significant relationship with
behavioural performance in each frequency ranges. To determine which of these networks had predictive potential,
the connectome-based predictive modelling (CPM) method was used, in which Leave-One-Out Cross-Validation
(LOOCYV) was performed to build and test predictive models.

The analysis revealed that only the alpha-range contains a network positively correlated with the performance
of Raven’s progressive matrices, consisting of 28 edges, and negatively correlated with the performance of Raven’s
progressive matrices, consisting of 29 edges. The strength of the predictive model was evaluated by assessing the
statistical significance of the relationship between the observed and the model-predicted outcome of performing
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Fig. 2 Statistically
significant correlation
clusters were identified
when analysing the
relationship between the
DFA exponent calculated
for each EEG channel and
performance on the
experimental tasks. The
side panels illustrate the
Pearson correlation
coefficient. EEG channels
demonstrating significant
correlations were grouped
into positive and negative
clusters and marked with
white circles

Correlation: DFA - correctness mental arithmetic

alpha-range r-value betal-range r-value
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A -1
Correlation: DFA - RT visual search
alpha-range rvalue
C
Correlation: DFA - correctness combined functions
alpha-range r-value betal-range r-value

Raven’s progressive matrices. The results showed that the combination of both networks could reliably predict the
actual results of performing Raven’s progressive matrices (R = —0.32, p = 0.002) (Fig. 3).

Figure 4 visualise networks that are positively and negatively correlated with results of Raven’s progressive
matrices. The network that positively correlates with the results of Raven’s progressive matrices includes two
subnetworks localised separately in the right and left cerebral hemispheres and demonstrates functional connections
between occipital and frontal regions (Fig. 4A).
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Fig. 3 Validation of the
CPM model. The
relationship between the 501
observed and predicted
results of the Raven’s
progressive matrices in
Leave-On.e—OTJt E 404
Cross-validation S
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HIHTT
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A B

Fig. 4 Visualisation of the network positively and negatively correlated with results of Raven’s progressive matrices in
the form of the circle plot: nodes are located on a circle roughly reflecting brain anatomy and are colour coded according
to brain regions. Functional relationships showing positive correlations are marked with red lines. Functional relationship
showing negative correlations are marked with blue lines

The network negatively correlated with the results of Raven’s progressive matrices demonstrates functional
connectivity between 3 brain regions: right frontal, left temporal and right temporal (Fig. 4B).

3.3 Results of correlation of DFA with network measures

Since networks correlating with behavioural characteristics, namely the outcome of performing Raven’s progressive
matrices, were identified only in the alpha-range, we looked at whether the DFA exponents in the right frontal
region of the brain (Fig. 1B) correlate with the network metrics. To do this, we calculated the following metrics
for both the network positively correlated and the network negatively correlated with the results of performing
Raven’s progressive matrices: clustering coefficient, global efficiency and node strength.

We calculated the correlation coefficient between each metric of the positive and negative network and the DFA
exponent averaged over the cluster channels in the right frontal region of the brain. The result showed that only
the clustering coefficient for the negative network was significantly correlated with the DFA exponent in the alpha
range (p = 1.9e — 05, R = —0.44). The correlation results of the network metrics are presented in Table 1.
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Table 1 Results of

correlation analysis of Positive network Negative network
network metrics and DFA ) )
exponent in the alpha range Clustering coefficient p=0.58, R=—0.059 p = 1.9¢e05, R = —-0.44
of the frontal region Global efficiency p=0.99, R = —0.001 p=0.07, R=-0.19
Node strength p=1, R =0.0002 p=0.058, R =—0.2

Table 2 F'l-score,
accuracy, precision and F1-score 0.8
recall for a classifier trained

on DFA exponent values in Accuracy 0.76
the right frontal region in Precision 0.75
the .zmlpha range §h0wing Recall 0.85
statistically significant

correlation with the result p-value [Acc >NIR] 0.01

of performing Raven’s
progressive matrices

3.4 Results of classification

To validate the identified biomarkers, a classifier was trained to classify subjects according to their success in
performing Raven’s progressive matrices. For this purpose, subjects were divided into two classes based on the
median value of the score assigned after passing the Raven’s progressive matrices. The classifier was trained on the
DFA exponent values in the alpha range, showing a correlation with the result of passing the Raven’s progressive
matrices (Fig. 1B), as well as with the network metrics.

The classification results are shown in Table 2. It can be seen that the classifier has quite high accuracy, with
the F'1 metric reaching a score of 0.8, which makes it a promising candidate for practical applications.

To assess the statistical significance of the achieved classification accuracy, a binomial test was performed to
determine whether it exceeds the NIR (No Information Rate). NIR represents the baseline accuracy obtained by
simply assigning all test samples to the most common class in the dataset. The p-value [Acc > NIR] presented in
Table 2 indicates the probability of obtaining the same or higher accuracy than a random model, provided that the
model predictions are essentially random (i.e., equivalent to NIR). This p-value corresponds to a hypothesis test
in which Hj states that model accuracy is not significantly better than NIR, and H; states that model accuracy
is significantly better than NIR. Statistical testing was performed using standard tools for assessing model quality
available in the caret library for R [43].

The classification results are visualised in Fig. 5 using the ROC curve. The figure shows the mean value for all
folds as well as the standard deviation.

4 Discussion

Our study revealed a key role of alpha-band neurodynamics in supporting fluid intelligence in children aged 8-14
years, as measured by Raven’s Progressive Matrices (RPM). We found that individual differences in RPM perfor-
mance correlate both with the structure of long-range temporal correlations (calculated by detrended fluctuation
analysis, DFA) in the right frontal region and with the topology of functional connectivity (phase-locking value,
PLV). Notably, these two families of neurophysiological markers demonstrated an interrelationship: higher DFA
values in the right frontal cortex were associated with a lower clustering coefficient in the “negative” network, that
is, the network whose connections negatively correlate with success on the Raven’s test. These findings suggest
that efficient cognitive performance in children is linked not to isolated characteristics of brain activity, but to
their coordinated interaction.

Linkenkaer-Hansen and colleagues first demonstrated that amplitude fluctuations of ongoing alpha oscillations
exhibit power-law scaling with long-range temporal correlations extending over thousands of cycles which is a sign
of critical-state dynamics that optimizes neural networks for rapid reorganization during cognitive demands [44].
DFA quantifies precisely this temporal persistence of amplitude modulation, providing a window into the system’s
proximity to criticality [20]. Critically, DFA reflects a dimension of neural dynamics fundamentally distinct from
traditional spectral power measures. Multiple studies have confirmed the statistical independence between DFA
scaling exponents and oscillation amplitude [44, 45], establishing DFA as a complementary biomarker that captures
the temporal stability of network interactions rather than their instantaneous intensity. This independence was
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Fig. 5 ROC curve for
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confirmed in [46], where it was demonstrated that DFA, power spectral density, and coherence provide mutually
informative perspectives on cognitive workload, where DFA specifically characterizes the duration and persistence
of information flow that spectral metrics cannot capture.

The reliability of DFA as an individual trait marker is well known. Nikulin and Brismar demonstrated high test-
retest reliability of DFA exponents across days, particularly in resting-state conditions, confirming that scaling
exponents reflect stable, subject-specific properties of neural dynamics rather than transient fluctuations [45]. This
stability underlies the usefulness of DFA as a biomarker for cognitive assessment. In our prior work with a subset of
this cohort (children aged 8-10 years), we established that frontal alpha-range DFA exponents significantly correlate
with RPM performance and can serve as an objective neurophysiological predictor of intellectual capacity [47].
Subsequent validation using machine learning approaches confirmed that DFA-based features alone achieve robust
classification accuracy in distinguishing children with high and low scores in intelligence tests [48], which enhances
the potential of DFA as a quantitative biomarker for cognitive development assessment.

Our findings are consistent with current perspectives on the alpha rhythm as an active mechanism of top-down
control. According to the hypothesis by Klimesch and colleagues, alpha synchronization reflects not a passive
resting state but active inhibitory processes aimed at suppressing irrelevant information [49]. Jensen and Mazaheri
extended this idea into the concept of “Gating by Inhibition,” proposing that alpha activity functionally blocks
task-irrelevant pathways, directing information flow toward relevant areas [9]. Within the context of our study,
the “negative” network, whose connections are negatively correlated with intelligence, may represent a map of
such functional inhibition. It is important to note that the negative correlation between frontal alpha DFA and
this network’s clustering coefficient suggests that children with higher intelligence demonstrate not only stronger
temporal persistence in frontal alpha dynamics but also a less clustered, potentially more optimized architecture of
inhibitory control networks. In [50], it was shown that preparatory alpha suppression in sensory regions is driven
by frontal modulators. Our results extend this by showing that even at rest, the temporal organization of frontal
alpha dynamics predicts the efficiency of large-scale inhibitory network topology.

The importance of alpha dynamics in childhood cognition finds support in developmental literature. Han and
colleagues reported that resting-state upper alpha power (10-13 Hz) positively correlates with working memory
capacity in children aged 3-9 years, particularly in right central regions [8]. Guntekin and colleagues also showed
that successful memory encoding in 6-7-year-old children is accompanied by alpha enhancement, which contrasts
with the suppression of alpha rhythm in adults, suggesting that alpha rhythms play a more pronounced role in
active maintenance of representations during development before cognitive processes become fully automatized
[51]. Our findings extend this developmental perspective by demonstrating that not merely alpha power but its
temporal organization serves as a sensitive marker of intellectual capacity during middle childhood.

According to the pulsed-inhibition framework proposed by Mathewson and colleagues, the alpha rhythm creates
alternating microstates of excitability, and the phase of alpha oscillations at the moment of stimulus presentation
critically influences its perception [52]. DFA, by measuring long-range correlations in the amplitude envelope,
characterizes the temporal persistence of this rhythmic pattern. Importantly, the stability of amplitude modulation
is inextricably linked to phase organization [53]. Thus, increased DFA values in the right frontal cortex may reflect
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not only the stability of amplitude dynamics but also a more predictable phase organization of the alpha rhythm,
which is a necessary condition for effective top-down control and the temporal coordination of fronto-parietal
networks.

The emphasis on the right frontal cortex and fronto-parietal connections aligns with research linking these
areas to fluid intelligence. Specifically, the study by Penhale and colleagues directly associates age-related changes
in alpha/beta activity with the function of the right prefrontal and parietal regions within the P-FIT model of
intelligence [54]. The authors demonstrated that changes in functional connectivity between parietal and frontal
regions play a key role in supporting fluid intelligence in adults. Our data extend these findings to childhood,
showing that individual differences in intelligence at this developmental stage are already linked to the organization
of this very network.

The negative correlation between DFA and clustering coefficient in the “negative” network resonates with
findings from network neuroscience. Recent work has shown that non-verbal intelligence is negatively correlated
with network segregation measures (clustering coefficient and modularity) in the alpha band, suggesting that
higher cognitive performance is associated with more integrated network architecture [55]. In other study, it was
found that successful visual-spatial thinking is associated with negative global brain connectivity in the primary
visual cortex and precuneus, interpreted as functional segregation necessary for efficient feature processing [56].
Our results complement these findings by showing that the temporal stability of alpha oscillations is associated
with a decrease in clustering in networks, which potentially affects task performance.

The “positive” network in our study, characterized by frontal-occipital connections, may reflect the functional
architecture supporting cognitive control. This interpretation is supported by studies showing that fluid intelligence
is associated with changes in functional connections in the fronto-parietal network caused by working memory [57].
In [58], causal evidence was presented that damage to the fronto-parietal network disrupts the modulation of alpha-
band phase synchronization and cognitive flexibility, emphasizing the need for this network for dynamic control of
synchronization over long distances.

In addition, it is worth noting the limitations of this study. Firstly, the cross-sectional design, which covers a
wide age range from 8 to 14 years, does not allow tracing the individual development trajectories of the iden-
tified neurophysiological markers. To determine whether the observed correlations between the dynamics of the
alpha range and fluid intelligence reflect stable personal characteristics, longitudinal studies are needed. Secondly,
although the use of resting EEG provides valuable information about the internal architecture of the brain, it
remains unclear to what extent the identified patterns of DFA and connectivity predict cognitive productivity in
an active environment. Thirdly, a relatively homogeneous sample made up of students from the same school limits
the possibility of generalizing conclusions to broader populations.

5 Conclusion

The present study demonstrates that individual differences in fluid intelligence in children aged 8-14 years are
associated with both long-range temporal correlations in the right frontal area and the topology of functional
networks in the alpha band. These two classes of neurophysiological markers were found to be interrelated: higher
DFA values correlated with a lower clustering coefficient in the network whose connections were negatively asso-
ciated with Raven’s test performance. These findings suggest that effective cognitive functioning in childhood is
determined by the coordinated interaction between the temporal stability of alpha oscillations and the topological
organization of functional networks.

The high classification accuracy (76%, F'1-score = 0.8) based on the identified markers supports their potential
as objective biomarkers of cognitive development. Despite limitations related to the cross-sectional design and
sample homogeneity, the obtained results open perspectives for early identification of children at risk of cognitive
difficulties and for the development of personalized intervention programs.
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