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Abstract

Spontaneous brain activity builds the foundation for human cognitive processing during external demands.
Neuroimaging studies based on functional magnetic resonance imaging (fMRI) identified specific characteristics of
spontaneous (intrinsic) brain dynamics to be associated with individual differences in general cognitive ability, i.e.,
intelligence. However, fMRI research is inherently limited by low temporal resolution, thus, preventing conclusions
about neural fluctuations within the range of milliseconds. Here, we used resting-state electroencephalographical
(EEG) recordings from 144 healthy adults to test whether individual differences in intelligence (Raven’s Advanced
Progressive Matrices scores) can be predicted from the complexity of temporally highly resolved intrinsic brain sig-
nals. We compared different operationalizations of brain signal complexity (multiscale entropy, Shannon entropy,
Fuzzy entropy, and specific characteristics of microstates) regarding their relation to intelligence. The results indi-
cate that associations between brain signal complexity measures and intelligence are of small effect sizes (r ;
0.20) and vary across different spatial and temporal scales. Specifically, higher intelligence scores were associated
with lower complexity in local aspects of neural processing, and less activity in task-negative brain regions belong-
ing to the default-mode network. Finally, we combined multiple measures of brain signal complexity to show that
individual intelligence scores can be significantly predicted with a multimodal model within the sample (10-fold
cross-validation) as well as in an independent sample (external replication, N=57). In sum, our results highlight the
temporal and spatial dependency of associations between intelligence and intrinsic brain dynamics, proposing mul-
timodal approaches as promising means for future neuroscientific research on complex human traits.
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Significance Statement

Spontaneous brain activity builds the foundation for intelligent processing, the ability of humans to adapt to
various cognitive demands. Using resting-state electroencephalography (EEG), we extracted multiple as-
pects of temporally highly resolved intrinsic brain dynamics to investigate their relationship with individual
differences in intelligence. Single associations were of small effect sizes and varied critically across spatial
and temporal scales. However, combining multiple measures in a multimodal cross-validated prediction
model, allowed to significantly predict individual intelligence scores in unseen participants. Our study adds
to a growing body of research suggesting that observable associations between complex human traits and
neural parameters might be rather small and proposes multimodal prediction approaches as promising tool
to derive robust brain-behavior relations despite limited sample sizes.
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Introduction
Intelligence is one of the most important predictors of

crucial life outcomes, such as academic achievement,
health, and longevity (Sternberg, 1997; Deary et al., 2004;
Calvin et al., 2011). Identifying biomarkers of individual dif-
ferences in intelligence in brain function and brain structure
is an ongoing goal of neuroscientific research (Jung and
Haier, 2007; Basten et al., 2015; Haier, 2017). Spontaneous
brain activity observed during the so-called resting state,
i.e., in the absence of an instructed task, is suggested to re-
flect intrinsic neural communication. Individual differences in
such intrinsic neural dynamics are assumed to possess trait
character (Hilger and Markett, 2021) and to determine major
parts of individual neural processing during external de-
mands (Cole et al., 2014; Schultz and Cole, 2016; Thiele et
al., 2022). Different characteristics of intrinsic brain activity
have also been identified as biomarkers of a person’s gener-
al cognitive ability level, mostly operationalized as intelli-
gence (Hilger and Sporns, 2021).
The majority of this research is, however, based on

neuroimaging techniques (functional magnetic reso-
nance imaging) with limited temporal resolution (;1
Hz). Electroencephalography (EEG) allows to study in-
trinsic neural dynamics with much higher temporal re-
solution (;250 Hz) and measures of intrinsic brain
dynamics that have been related to individual differen-
ces in intelligence include graph measures (Langer et
al., 2012), coherence (Cheung et al., 2014), and u -g
cross-frequency coupling (Pahor and Jaušovec, 2014).
Besides those conventional EEG measures, the com-

plexity (or unpredictability) of spontaneous brain dynamics
contains additional information about intrinsic predisposi-
tions for information processing across functional brain
networks (McDonough and Nashiro, 2014). Sufficient com-
plexity of neural signals was hypothesized to constitute the
basis for efficient neural communication (de Pasquale et
al., 2016) and higher complexity was related to increased
information processing capacity (Heisz and McIntosh,
2013). Further, individual variations in brain signal com-
plexity have been associated with differences in creativ-
ity (Kaur et al., 2021), the genetic risk for psychological
diseases (Li et al., 2008), and also with differences in intel-
ligence (Lutzenberger et al., 1992; Dreszer et al., 2020).

However, across-study findings on relations between indi-
vidual differences in intelligence and intrinsic brain signal
complexity are heterogeneous. Higher intelligence has
been associated with higher complexity (Jaušovec and
Jaušovec, 2003; Thatcher et al., 2005; Stankova and
Myshkin, 2016), Dreszer et al. (2020) found both posi-
tive and negative associations, and other studies could not
find any significant relation (Anokhin et al., 1999; Ueno et al.,
2015). Sample characteristics (Dreszer et al., 2020), varying
complexity measures (Goldberger et al., 2002; Ferenets et
al., 2006), and differences in the considered type of neural
complexity, i.e., complexity that has been linked to local
(short-range) versus global (long-range) neural processing
(Vakorin et al., 2011; Courtiol et al., 2016; Dreszer et al.,
2020) were proposed as contributing to this heterogeneity.
Consequently, results of the existing studies are difficult to
compare and highlight the need for a holistic framework in-
vestigating the relation between intelligence and brain sig-
nal complexity with various measures, on multiple spatial
and temporal scales, and in different study samples.
Most studies investigated brain signal complexity exclu-

sively using different entropy measures. Properties of EEG
microstates, defined as spontaneous spatial brain activity
patterns (Lehmann et al., 1987) provide complementary in-
sights, i.e., into the spatial dimension of neural dynamics’
complexity. Notably, appearance, stability, and variability of
microstates have been associated with variations in intelli-
gence (Santarnecchi et al., 2017; Liu et al., 2020). However,
entropy andmicrostate measures have only been examined
in separation of each other but not in a combined analysis
approach, so far.
In this study, we used resting-state EEG of 144 adults

to investigate associations between individual differences
in intelligence and variations in brain signal complexity.
We developed a framework that combines multiple meas-
ures of entropy and microstates, multiple brain regions,
and multiple temporal scales to show that individual intel-
ligence scores can significantly be predicted by a multi-
modal brain complexity model. Significant prediction was
achieved within the sample via internal cross-validation
as well as in an external replication sample.

Materials and Methods
Preregistration
Before data analysis, we preregistered our correlative

analyses, sample size, and variables of interest in the
Open Science Framework. The preregistration can be ac-
cessed under https://osf.io/9sp36. Please note that the
predictive analyses (see below) were not preregistered, as
they were developed afterward to overcome the limita-
tions inherent to the low effects sizes of single associa-
tions observed in the preregistered analyses.

Participants
Main analyses were conducted on data from 150 healthy,

adult, and right-handed males. The size of the sample was
determined by a combination of a priori power calculations
and monetary feasibility. Specifically, the minimal sample
size to detect effect sizes of r=0.25 (for meta-analysis, see
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Nuijten et al., 2020) with a power of 80% (a ¼ 0:05) was
123, setting the lower limit for our study; our monetary re-
sources allowed us to recruit 27 additional participants. The
decision to stop at 150 participants was drawn before data
acquisition started. Recruitment was performed through
the online study registration system of the University of
Würzburg as well as via flyers and various bulletin board
websites. Study participation was monetarily compensated
with 10 e/h. Students with a Major or Minor study subject in
Psychology were excluded. All participants had self-reported
normal or corrected-to-normal visual acuity, no use of drug
substances, no history of chronic pain, no psychiatric or neu-
rologic diseases, and normal cardiovascular and endocrino-
logical conditions. Note, that the reason for the exclusively
male sample and the above-mentioned exclusion criteria
was that data acquisition took place as part of a larger pro-
ject, in which, beyond others, differences in stress hormone
concentrations were analyzed and differences in menstrua-
tion cycles needed to be prevented.
All study procedures were approved by the local ethic

committee (Psychological Institute, University of Würzburg,
Germany, GZEK 2020�18), and informed consent in ac-
cordance with the declaration of Helsinki was obtained from
all participants. After the exclusion of six participants
because of excessive artefacts (see below), the final
sample consisted of 144 subjects (18–35 years, mean
age = 24.9 years).

Intelligence
Intelligence was assessed in group settings (up to

five participants) with Raven’s Advanced Progressive
Matrices (RAPM; Raven and Court, 1998) under timed
conditions (time limit of 40min). RAPM scores ranged
between 14 and 36 (M = 26.90, SD = 4.48) correspond-
ing to intelligence quotient (IQ) scores between 65 and
139 (M = 100.49, SD = 15.41). RAPM sum scores were
used in all analyses as the variable of interest (for
RAPM sum score distributions, see Fig. 1A).

Electroencephalographical recordings and
preprocessing
Electroencephalography (EEG) data were recorded dur-

ing 5 min of eyes-closed resting state. Participants sitting
on a chair in a sound-shielded room, were instructed to
stay relaxed, to prevent motion, to not engage in specific

thoughts during the measurement period, to close their
eyes, and to remain awake. The EEG was monitored by
the experimenter throughout the recording to detect irreg-
ularities. Because of the Covid-19 pandemic, medical
masks had to be worn during the lab visit. Data were re-
corded with Brainvision Recorder using 28 active Ag/AgCl
electrodes (arranged in a 10–20 layout) and an actiChamp
amplifier (Brain Products GmbH). FCz served as online
reference, and AFz as ground. The sampling rate was
1000Hz, impedance levels were kept below 5 kV, and a
low pass filter of 250Hz was applied during acquisition
(notch filter on). Two additional electrodes were placed
below the left (SO1) and the right (SO2) eye to record ocu-
lar artifacts, and mastoid electrodes were placed behind
both ears (M1, M2). Preprocessing of EEG data were con-
ducted in Python using Python MNE (Gramfort et al.,
2013) and Pyprep (Bigdely-Shamlo et al., 2015).
For preprocessing, EEG data were bandpass filtered (0.1–

40Hz) and down sampled to 250Hz. EEG channels with
NaN (not a number) values, with flat signal, with abnormally
high or low overall amplitudes detected by an absolute z

score
channel amplitude�median amplitude

standarddeviation of amplitudes

� �
larger than

5, and channels whose time signal correlated too low with
signals of the other channels within time segments of 1-s
length (maximum Pearson correlation between the signal of
one channel in a given time segment and the signal of an-
other channel within the same segment r, 0.4 in.1% of all
segments) were interpolated (Pyprep; Bigdely-Shamlo et al.,
2015). An average reference was estimated with signals
from all 28 scalp electrodes and all signals were re-refer-
enced to this average reference. Subsequently, eye move-
ments were corrected via independent component analysis
(ICA) using MNE’s ICA preprocessing tool FastICA (20 com-
ponents). Eye movement and muscle artifact components
were manually identified on 10 exemplary subjects through
visual inspection and through matching with typical EOG ac-
tivity componentmaps (Jung et al., 2000). For all other partici-
pants, components strongly correlated with these artifact
components were identified (using MNE‘s corrmap tool;
Campos Viola et al., 2009) and removed. The first and last
10 s of the signal were discarded. Finally, data were seg-
mented into 2-s epochs and epochs exceeding 1e-4 V were
removed. Participants with more than one third of the epochs
removedwere excluded from further analysis (six participants).

Figure 1. Frequency distributions of intelligence scores. Frequencies of individual intelligence scores (RAPM sum scores, Raven
and Court, 1998) are depicted for (A) the main sample and (B) the replication sample.
Figure Contributions: Jonas A. Thiele and Kirsten Hilger designed research. Jonas A. Thiele, Aylin Richter, and Kirsten Hilger per-
formed research. Jonas A. Thiele and Aylin Richter analyzed data.
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Intrinsic brain signal complexity
Three entropy H measures were calculated to gain a

holistic picture of intrinsic brain signal complexity (i.e.,
uncertainty of the EEG signal, see Fig. 2 for a simplified
overview):

1. Shannon entropy (Shannon, 1948) measures the un-
certainty of one event xi (single voltage amplitude of
the EEG signal in the time domain) based on the prob-
ability P distribution of all events x (all voltage ampli-
tudes of the EEG signal in the time domain) of the EEG
signal:

HShannon xð Þ ¼ �
X

i

PðxiÞlogP xið Þ:

2. Fuzzy entropy (De Luca and Termini, 1972; Azami et al.,
2019) depicts the quantity of information expressed by
the EEG signal based on the probability P that two data
point patterns (patterns of consecutive voltage ampli-
tudes of the EEG signal in the time domain) xi and xj of
the length m continue to be similar after adding a
further datapoint. First, consecutive datapoints with
length m (or m 1 1) are extracted from the signal
(signal length = N) as template vectors x with a time
delay d (here d = 1) between the vectors. Then, a
baseline is removed from all vectors x and distances
D (Chebyshev distance) between all vectors of
length l = m (or l = m 1 1) are calculated. The degree
of similarity u ij between each of two patterns xi and
xj of lengths l = m (or l = m 1 1) is determined in re-
spect to the tolerance r with a fuzzy membership

function (u ijðlÞ ¼ exp
�ðDijÞn

r

� �
, here n = 1, and r =

0.2). Next, based on these degrees of similarity, the
total probabilities that two patterns of lengths l = m
(or l =m 1 1) match are calculated:

w lð Þ ¼ 1
N�mdð Þ N�md � 1ð Þ

XN�md

i¼1

XN�md

j¼1; j 6¼i

u ij lð Þ:

Fuzzy entropy is then determined in respect to the
functions wðmÞand w m11ð Þ :

HFuzzy ¼ �lnðwm11

wm
Þ:

3. Multiscale entropy (MSE; Costa et al., 2002, 2005) is an
extension of sample entropy (Richman and Moorman,
2000) and goes beyond traditional entropy measures in
capturing the regularity (predictability) of time series on
multiple time scales. First, multiple coarse-grained time
series of the EEG signal (voltage amplitudes in the time
domain) are constructed by averaging amplitudes of con-
secutive data points within nonoverlapping time seg-
ments of length t (with t representing the time scale).
Then, sample entropy is determined for each coarse-
grained signal (scale). Sample entropy is computed simi-
lar to Fuzzy entropy (see above), with the differences that
no baseline correction of the template vectors is per-
formed before calculating the Chebyshev distances be-
tween them and that the similarity between two template

vectors of lengths l = m (or l = m1 1) is determined in re-
spect to the tolerance r (here r = 0.2 times the SD of the
signal) by:

u ijðlÞ ¼ 1; ifDij � r
0; ifDij . r

:

�

For mathematical insights and more detailed descrip-
tions, see Richman and Moorman (2000) and Valencia
et al. (2019).

All entropies measures were computed on the global
field power (GFP) as well as on each of the 28 EEG chan-
nels separately. MSE was calculated for the time scales
t 2 ½1::20� (Costa et al., 2005), which, for the used sample
rate of 250Hz, corresponds to time segments with a size
of 4–80 ms.
For analyses of EEG microstates (Lehmann et al., 1987;

Michel and Koenig, 2018) first, the global field power
(GFP; Lehmann, 1971) of each subject-specific EEG was
calculated as the SD of the average-referenced signal
across all electrodes. Second, individuals’ activity patterns
of the 28 scalp electrodes occurring at the peaks of the
GFP signal were clustered (via modified k-means; Pascual-
Marqui et al., 1995) into five spatial mean maps (individual
microstates; see Michel and Koenig, 2018) with the criteria
to maximize the global variance of the subject-specific
EEG signal that can be explained by these maps (GEV,
1000 iterations, segmentation with maximal GEV was cho-
sen; Poulsen et al., 2018). Third, all subjects’ mean maps
were clustered with modified k-means clustering into five
group maps (group microstates), again with the criteria to
maximize the total explained variance. Fourth, the derived
group microstates were backfitted to each individuals’ orig-
inal EEG time-series. Specifically, each time point was as-
signed to the group microstate that expresses the highest
correlation with the individual-specific activity map at this
specific time point (Santarnecchi et al., 2017; Liu et al.,
2020). This step resulted in a subject-specific sequence of
group microstates that presents the input for the calcula-
tion of six different individual-specific measures (Koenig et
al., 2002; Brodbeck et al., 2012; Seitzman et al., 2017): (1)
coverage (proportion of total number of time points as-
signed to a specific group microstate); (2) lifespan (mean
duration of a microstate, i.e., mean number of consecutive
time points assigned to the same group microstate); (3) fre-
quency (how often a microstate appears, i.e., count of in-
stances a group microstate appears for the first time, after
time points assigned to a different group microstate); (4)
lifespan at GFP peaks (mean duration of a microstate, i.e.,
mean number of consecutive GFP peaks assigned to the
same group microstate); (5) number of GFP peaks; and (6)
transition probabilities (likelihood of a group microstate to
continue or to transition into another group microstate).
Entropy and microstate measures together resulted in

709 brain signal complexity metrics per participant, i.e.,
global Shannon entropy, global Fuzzy entropy, and global
sample entropy at 20 scales (22 global entropy measures
calculated at the GFP of the EEG signal); 2� 28 channel-
wise Fuzzy entropy and Shannon entropy; 28� 20 channel-
and scale-wise sample entropy; number of GFP peaks;
coverage, life span, frequency, and lifespan at GFP peaks
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Figure 2. Schematic overview of the analyses to investigate relations between brain signal complexity and intelligence (RAPM sum
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for five microstates (4� 5 measures); 5� 5 transition prob-
abilities between microstates; 5� 5 transition probabilities
between microstates at GFP peaks. For a simplified and
schematic overview of the measures and analyses, see
Figure 2. To investigate the covariance pattern of the differ-
ent neural complexity measures, an exploratory factor anal-
yses with oblique rotation (promax) and minimal residual
(MINRES) fitting was performed. The number of factors
was determined by parallel analysis (Horn, 1965).

Correlative associations between intrinsic brain signal
complexity and intelligence
Relationships between complexity measures and intelli-

gence were assessed with partial Pearson correlations by
controlling for age (Pearson correlation between intelli-
gence and age: r=0.04, p=0.657) and the number of
epochs removed because of artefacts (Pearson correla-
tion between intelligence and number of removed epochs:
r=0.14, p=0.083). Statistical significance was accepted
as p, 0.05. P-values were corrected via false discovery
rate (FDR) or permutation testing. Specifically, significan-
ces of relations between intelligence and (1) channel-wise
entropy were FDR corrected for the number of channels,
i.e., 28; (2) microstate coverage, frequency, and lifespan
were FDR corrected for number of measures and number
of microstates, i.e., 4� 5=20; (3) microstate transition
probabilities were FDR corrected for the number of possi-
ble transitions, i.e., 5� 5=25 respectively; and (4) MSE
were assessed via permutation testing (minimal cluster
size for p,0.05 was assessed by computing the prob-
ability of the occurrence of each cluster size across
100 permutations). Note that because of the explora-
tive character of this study (high number of variables
explored) and for hypotheses-generating purposes, in
addition to corrected p-values, indicated as p(adj), ef-
fects without correction for multiple comparisons are
also reported, indicated as p.

Predicting intelligence frommultimodal brain signal
complexity
To predict intelligence from brain signal complexity, we

developed a multimodal approach that combines multiple

measures (entropies and microstate measures) into a
single multivariate model. In analogy to the most popu-
lar prediction frameworks in neuroimaging [connec-
tome-based predictive modeling (CPM); Finn et al.,
2015; Shen et al., 2017], the input features of this model
were the means of z-normalized complexity measures
positively X1 and negatively X� correlated with intelli-
gence (p,0.05):

ŷ ¼ b 01b 1ðjX1 j1jX�jÞ;
with b 0 ¼ 0 and b 1 ¼ 1 and the predicted intelligence
score ŷ. To account for multicollinearity and the high pro-
portion of MSE measures, MSE measures were averaged
within spatial and temporal clusters (Dreszer et al., 2020).
Specifically, we combined electrodes into eight spatial
clusters: frontopolar (Fp1, Fp2), frontocentral (FC1, FC2,
Fz, FC5, FC6), frontal (F3, F4, F7, F8), temporal (T7, T8),
central (C3, Cz, C4), centroparietal (CP1, CP2, CP5, CP6),
parietal (P3, P4, P7, P8, Pz), occipital (O1, O2, Oz), and
aggregated the MSE values of these clusters over five
time scales. This resulted in 32 (8 spatial clusters x 4
averaged scales) aggregated MSE measures, which were
used as input features for the prediction models together with
the measures derived from Shannon entropy, from Fuzzy en-
tropy, and with the microstate measures. Performances of
prediction models were calculated as the Pearson correlation
between predicted and observed intelligence scores. To
control for influences of age, sex, and the number of re-
moved epochs, those variables were regressed out with
linear regression from the input features (brain signal
complexity measures) and from the prediction targets
(RAPM scores). Complexity measures and RAPM scores
were z-standardized after regressing out the confounds,
respectively.
At first, we aimed to test how much variance in intelli-

gence we can explain with this multimodal approach.
Therefore, the model was built and applied on the whole
sample (without any cross-validation). Second, we tested
whether a model build in one subset of the sample (the
training sample) could predict individual intelligence
scores in a withheld part of the sample (the test sam-
ple). Therefore, we implemented 10-fold cross-valida-
tion, i.e., the sample was divided into 10 subsamples

continued
scores; Raven and Court, 1998). First, from the preprocessed resting-state electroencephalography (EEG) signals of 144 partici-
pants different entropy measurers (Shannon entropy, Fuzzy entropy, multiscale entropy, see left branch) and microstate measures
(number of GFP peaks, coverage, lifespan, lifespan at GFP peaks, frequency, and transition probabilities between microstates, see
right branch) were computed. Entropy measures were determined for the GFP of the EEG signal and for each EEG channel, respec-
tively; for multiscale entropy, sample entropy was calculated for different coarse-grained time series (scales). For microstate analy-
ses, individual brain signals at GFP peaks were clustered (k-means) over time into five individual spatial mean maps (microstates).
The individual mean maps of all participants were then clustered into five group microstates. These group-average microstates
were then mapped back onto the individual EEG time series resulting in a sequence of group microstates for each individual from
which different microstate measures were derived. As depicted in the lower left box, first, all associations between intelligence and
single complexity measures were determined. Second, a multimodal model was constructed from measures of brain signal com-
plexity significantly positively or negatively correlated (p, 0.05, uncorrected) with intelligence. It was tested (1) to which extent the
model explains intelligence scores in the main sample, (2) with which accuracy the model predicts intelligence scores within the
main sample (10-fold cross-validation), and (3) with which accuracy the model predicts intelligence scores in the replication sample
(out-of-sample prediction, model build in the main and applied to the replication sample). GFP, Global field power. Note that all
equations are simplified for illustration purposes, see Materials and Methods for more details.
Figure Contributions: Jonas A. Thiele and Kirsten Hilger designed research. Jonas A. Thiele created the figure.
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(ensuring equal distributions of intelligence scores via
stratified folds) and the intelligence-relevant features
(as described above) were selected in nine subsam-
ples only and then applied to predict the intelligence
scores of the withheld tenth sample. This step was re-
peated 10 times to generate predicted intelligence scores
for all subjects which can then be compared with the ob-
served scores. Significance of the cross-validated model
was assessed with a nonparametric permutation test.
More in detail, 100 models with varying stratified sample
divisions were trained and tested using the observed in-
telligence scores. Then, the mean performance of these
models was evaluated against the performances of 1000
models trained and tested on permutated intelligence
scores (null models). Performances above the 95% con-
fidence interval (a, 0:05) of these null model performan-
ces were considered as significant.
Finally, we aimed to evaluate the generalizability of our

model to a completely different cohort of subjects (see
below). Here, we selected the features in the whole main
sample and used this selection to predict the intelligence
scores of the external replication sample (see below).
Again, significant prediction of intelligence was evaluated
with a permutation test. Specifically, the performance of the
prediction of the observed intelligence scores in the replica-
tion sample was tested against the prediction of permutated
intelligence scores (1000 iterations). Again, performances
above the 95% confidence interval (a, 0:05) of null model
performances were considered significant.

External replication
For testing the robustness and generalizability of our

findings all analyses were repeated in an independent
sample of 60 right-handed students from the Goethe
University Frankfurt who were recruited via local adver-
tisement (placate, flyers) and completed the experiment
for monetary compensation or student credits. Students
with a Major or Minor study subject in Psychology were
excluded. All participants were right-handed, had self-
reported normal or corrected-to-normal visual acuity and
no history of psychiatric or neurologic diseases. The pro-
cedures were approved by the local ethics committee
(#2015–201) and informed written consent according to
the Declaration of Helsinki was obtained from all partici-
pants. EEG recordings took place in a sound-shielded
room, instructions were similar as in the main sample, and
a total of 5-min resting-state data were acquired. One
participant was excluded because of EEG acquisition
failure, one because of a missing RAPM score and de-
mographic data, and one participant because of ex-
cessive EEG artifacts, leaving a final sample of N = 57
subjects (16 male, 41 female) with age between 18 and
33years (M=23.51, SD=3.61). Intelligence was assessed in
group settings (10–12 participants) with Raven’s Advanced
Progressive Matrices (RAPM; Raven and Court, 1998).
RAPM scores ranged from 12 to 35 (M=24.60, SD=4.70;
see Fig. 1B for details on RAPM’s distribution of the replica-
tion sample). EEG data were recorded with 64 active Ag/
AgCl electrodes (arranged in an extended 10–20 layout)
using actiChamp amplifier (Brain Products GmbH). FCz was

used as online reference, and AFz served as ground. The
sampling rate was 1000Hz, impedance levels were kept
below 10 kOm, and a low pass filter of 280Hz was applied
during acquisition (notch filter off). Two electrodes were
placed below the left (SO1) and the right (SO2) eye to record
ocular artifacts, and mastoid electrodes were placed behind
both ears (M1, M2). Preprocessing was performed similar as
in the main sample. Because of the higher number of elec-
trodes, different to the main sample, FastICA with 30 com-
ponents was applied on the data to identify artifact
components of five subjects and to remove similar artifact
components in all subjects. Note that after preprocessing,
the 64 scalp electrodes were reduced to the same electro-
des as used in the main sample (28 scalp electrodes) to
allow for direct comparisons. Statistical analyses were per-
formed similar as in the main sample, but all partial correla-
tions were controlled for sex (Pearson correlation between
intelligence and sex: r=0.00, p=0.978) in addition to age
(Pearson correlation between intelligence and age: r =
�0.21, p=0.124) and the number of removed epochs
(Pearson correlation between intelligence and the number of
removed epochs: r=0.03, p=0.801). Note that for micro-
state analyses, the group microstates of the main sample
were backfitted to the individual EEG signals of the partici-
pants in the replication sample.

Data and code accessibility
Analyses were conducted using Python 3.8. The code/

software described in the paper is freely available online
at https://github.com/jonasAthiele/BrainComplexity_
Intelligence, https://doi.org/10.5281/zenodo.7258768.
The code is available as Extended Data 1. The raw data
can be accessed from the authors by reasonable request.

Results
Intrinsic brain signal complexity
Group-average entropy measures as well as their SD

between participants are illustrated in Figure 3. Overall,
mean and SD of channel-wise Shannon entropy (Fig. 3A),
channel-wise Fuzzy entropy (Fig. 3B) and channel-wise
multiscale entropy (Fig. 3D) demonstrated obvious differ-
ences between different EEG channels. Channel-wise
means and SDs of Shannon entropy were descriptively
higher than means and SDs of channel-wise Fuzzy en-
tropy. Means of sample entropy increased between scale
1 and 5 and remained relatively stable from scale 5–20
[see multiscale entropy of GFP (Fig. 3C) and channel-wise
multiscale entropy (Fig. 3D)]. The five group microstates
extracted from the EEG data are illustrated in Figure 4A.
Microstate patterns of resting-state EEG have been dem-
onstrated to be highly reproducible between studies
(Michel and Koenig, 2018) and can be categorized into es-
tablished classes. The here extracted five microstates
(Fig. 4A) map well onto the classes A, B, C, D, and F as es-
tablished in previous studies (Custo et al., 2017; D’Croz-
Baron et al., 2021; Férat et al., 2022). Means and SDs of
microstate measures are shown in Figure 4B,C. Again,
mean and SD values varied markedly between specific
measures and between different microstates.

Research Article: New Research 7 of 18

February 2023, 10(2) ENEURO.0345-22.2022 eNeuro.org

https://github.com/jonasAthiele/BrainComplexity_Intelligence
https://github.com/jonasAthiele/BrainComplexity_Intelligence
https://doi.org/10.5281/zenodo.7258768
https://doi.org/10.1523/ENEURO.0345-22.2022.ed1


An explorative factor analysis was conducted to examine
the covariance structure of different brain signal complexity
measures. Results are illustrated in Figure 5. As indicated by
parallel analysis, the appropriate number of the factors to be
extracted was 17 and the total amount of variance explained
by these 17 factors was 87.12% (Fig. 5A). Figure 5B lists
all 17 extracted factors with the 10 variables expressing
the highest loadings onto these factors. For example, for
the three factors explaining most variance, variables with

highest loadings were MSE in coarser time scales (channels
CP1, CP2, Fz; factor 1), MSE in finer time scales (channels
FC1, FC2, FC5, Fz, CP5, CP6, C3, C4, P7; factor 2 and fac-
tor 3), and Fuzzy entropy (channels C3, FC5, FC6; factor 3).

The association between intelligence and brain signal
entropy depends on spatial and temporal scales
On a whole-brain level, we observed no significant as-

sociations between intelligence and Shannon or Fuzzy

Figure 3. Entropy measures as indicators of brain signal complexity. Mean values (M) and SDs of three different entropy measures were
calculated from the time series of neural activation as measured with resting-state electroencephalography (EEG) at 28 scalp electrodes.
Mean and SDs of all three measures (normalized between 0 and 1) were calculated across 144 healthy adult participants. For illustration,
values were interpolated and color-coded (see color bars). A, Means and SDs of Shannon entropy computed on 28 scalp electrodes (repre-
sented as dots) separately. B, Means and SDs of Fuzzy entropy of 28 scalp electrodes. C, Means and SDs of multiscale entropy (MSE), in-
dexing the sample entropy at different coarse-grained time series (scales), computed on the global field power (GFP) of 28 scalp electrodes
for the time scales 1–20. D, Means and SDs of MSE of 28 scalp electrodes for different time scales (1, 5, 10, 15, and 20).
Figure Contributions: Jonas A. Thiele and Kirsten Hilger designed research. Jonas A. Thiele, Aylin Richter, and Kirsten Hilger performed re-
search. Jonas A. Thiele and Aylin Richter analyzed data.
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entropy (computed on the GFP signal; Shannon: r =
�0.09, p=0.30; Fuzzy: r = �0.05, p=0.58). Channel-spe-
cific Shannon entropy values were mostly negatively as-
sociated with intelligence, but no association reached

statistical significance (Fig. 6A). Fuzzy entropy showed a
similar pattern, with some channel-specific associations
reaching statistical significance when not correcting for mul-
tiple comparisons: Cz (r = �0.21, p=0.014, p(adj)=0.129),

Figure 4. Microstate measures as indicators of brain signal complexity. Brain signals of 144 participants were clustered over time into five
individual spatial mean maps (microstates). The individual mean maps of all participants were then clustered into five group microstates (A).
These group-average microstates were then mapped back onto the individual electroencephalography (EEG) time series resulting in a se-
quence of group microstates for each individual. Based on these sequences, different measures were calculated (coverage, lifespan, life-
span at peaks of the global field power, frequency, and transition probabilities of microstates, see also Fig. 2). For calculating means and
SDs, all measures were normalized between 0 and 1. B, Means (top row) and SDs (bottom row) of individual coverage, lifespan, lifespan at
GFP peaks, and frequency of group microstates. C, Maps of means and SDs of individual probabilities to stay in a specific microstate or to
transition into another specific microstate calculated on the whole time-series (left) and on time points with GFP peaks only (right). Values
are color-coded (see color bars). M, mean; GFP, global field power.
Figure Contributions: Jonas A. Thiele and Kirsten Hilger designed research. Jonas A. Thiele, Aylin Richter, and Kirsten Hilger performed re-
search. Jonas A. Thiele and Aylin Richter analyzed data.
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CP1 (r = �0.23, p=0.007, p(adj)=0.129), CP2 (r = �0.21,
p = 0.012, p(adj) = 0.129) and Pz (r = �0.17, p = 0.045,
p(adj) = 0.318; Fig. 6B). In the replication sample most
associations were also negative, however, the specif-
ic channels showing strongest associations as well as
the strengths of associations differed between the
samples (Fig. 6A,B).
Whole-brain multiscale entropy (MSE, computed on the

GFP signal) was on all but scale 1 negatively associated with
intelligence in the main sample (without reaching statistical

significance) while primarily positively associations were ob-
served in the replication sample, however correlations at sin-
gle time scales were not significantly different between the
samples: 0.099,p, 0.836 (Fig. 6C). Channel-specific MSE
values were negatively associated with intelligence (only sig-
nificant when uncorrected for multiple comparisons) for
channels Fp1, Fp2, Fz, FC1, FC2, T7, Cz, CP1, and CP2, es-
pecially (but not exclusively) at finer time scales (scales 4–9),
while we observed a nonsignificant trend toward positive as-
sociations for parietal (P3, Pz) and frontal channels (e.g., F3,

Figure 5. Measures of brain signal complexity can be grouped into 17 latent factors. Latent factors were extracted from all com-
puted measures of brain signal complexity (see Materials and Methods) by exploratory factor analysis using oblique rotation and
minimal residual minimization. To define the optimal number of factors, parallel analysis was used in accordance with Horn (1965).
A, Proportion of total variance explained by each factor. The black curve shows the accumulation of explained variance. B,
Extracted factors with (for illustration purposes) the 10 brain signal complexity measures with highest loadings on the respective
factor. Measures of multiscale entropy (MSE) are written in blue font, Shannon entropy measures in red, Fuzzy entropy measures in
orange, and parameters derived from the microstate analysis are depicted in green. GFP, global field power.
Figure Contributions: Jonas A. Thiele and Kirsten Hilger designed research. Jonas A. Thiele, Aylin Richter, and Kirsten Hilger per-
formed research. Jonas A. Thiele and Aylin Richter analyzed data.
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FC5) at coarser time scales (scales 10–20; Fig. 6D). Similar
tendencies were observed in the replication sample (Fig.
6D). However, while the patterns of associations between in-
telligence and sample entropy were significantly correlated
between both samples (for all single scales and channels:
r=0.29, p, 0.001; for spatially and temporally related clus-
ters that were used in the prediction models: r=0.45,
p=0.001), associations of specific channels and time
scales differed markedly. However, the overall pattern of
lower entropy of fronto-central channels at finer time
scales and tendencies toward higher entropy of fronto-
parietal channels at coarser time scales to be associated

with higher intelligence was observed in both samples.
Associations between intelligence and entropy meas-
ures without controlling for confounds are illustrated in
Extended Data Figure 6-1 and demonstrate that there
were no substantial effects on the results by controlling
for confounds.

Intelligence is associated with two specific EEG
microstates
Intelligence was positively correlated with the coverage

(r=0.20, p=0.018, p(adj)=0.077), lifespan (r=0.20, p=0.017,

Figure 6. The association between intelligence and intrinsic brain signal entropy depends on electroencephalography (EEG) chan-
nel, time scale and study sample. Pearson correlations r (controlled for age, sex, and number of removed epochs) between intelli-
gence (RAPM; Raven and Court, 1998) and (A) Shannon entropy for each EEG channel, (B) Fuzzy entropy for each EEG channel,
and (C) multiscale entropy (MSE), indexing the sample entropy at different coarse-grained time series (temporal scales), of the global
field power (GFP) at time scales 1–20. Associations found in the main sample (N=144) are depicted in red, associations found in
the replication sample (N=57) are illustrated in gray. D, Pearson correlations r (controlled for age, sex, and number of removed
epochs) between intelligence and MSE computed for the time scales 1–20 and each EEG channel. Upper panel, main sample.
Lower panel, replication sample. Associations without confound corrections are shown in Extended Data Figure 6-1.
Figure Contributions: Jonas A. Thiele and Kirsten Hilger designed research. Jonas A. Thiele, Aylin Richter, and Kirsten Hilger per-
formed research. Jonas A. Thiele and Aylin Richter analyzed data.
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p(adj)=0.077), and lifespan at GFP peaks (r=0.20, p=0.019,
p(adj)=0.077) of microstate A, the transition probability
(all time points) from microstates A (r = 0.22, p = 0.010,
p(adj) = 0.089), and C (r = 0.18, p = 0.036, p(adj) = 0.23)
to microstate A (note that a transition probability from
a specific microstate into the same microstate ex-
presses the probability that the microstate does not
change), as well as with the transition probability calcu-
lated at GFP peaks from microstate A (r= 0.22, p= 0.008,
p(adj)= 0.048), B (r= 0.23, p= 0.007, p(adj)= 0.048), C (r =
0.22, p= 0.010, p(adj)= 0.048), and D (r= 0.20, p= 0.017,
p(adj)= 0.061) to microstate A (Fig. 7). In contrast, intelli-
gence was negatively correlated with the coverage (r =
�0.22, p = 0.009, p(adj) = 0.077) and frequency (r =
�0.21, p = 0.013, p(adj) = 0.077) of microstate C, the
transition probabilities (all time points) from microstate
A (r = �0.21, p = 0.011, p(adj) = 0.089), and F (r = �0.22,
p = 0.010, p(adj) = 0.089) to microstate C as well as the
transition probabilities (measured at GFP peaks only)
from microstate A (r = �0.20, p= 0.016, p(adj)= 0.061), D
(r = �0.24, p= 0.005, p(adj)= 0.048), and F (r = �0.26,
p= 0.002, p(adj)= 0.048) to microstate C (Fig. 7). All other
measures as well as the number of GFP peaks did not
show any significant correlations (all p. 0.05). In the rep-
lication sample, intelligence was associated in the same
direction as in the main sample with the coverage, lifespan,
and lifespan at GFP peaks of microstate A, coverage and
frequency of microstate C, transition probabilities (all time
points) from microstate A, and C to microstate A and from
microstate A, and F tomicrostate C as well as with the tran-
sition probability at GFP peaks from microstate A to micro-
state A and from microstate A, D, and F to microstate C.
However, overall, the strengths of associations differed be-
tween samples and few associations were also of oppos-
ing direction (Fig. 7). Associations between intelligence and
microstate measures without controlling for confounds are
illustrated in Extended Data Figure 7-1 and reveal that
there were no substantial effects on the results by control-
ling for confounds.

Predicting intelligence frommultimodal brain signal
complexity
To test whether a combination of multiple measures of

brain signal complexity can amplify the observed associa-
tions with intelligence, we firstly constructed a multimodal
model to explain the variance in intelligence scores within
the complete main sample. The combined average values
of the variables positively and negatively correlated with
intelligence (p, 0.05, uncorrected) served as model fea-
tures (see Materials and Methods). Positively correlated
variables were: coverage, lifespan and lifespan at GFP
peaks of microstate A, transition probabilities from micro-
states A, and C to microstate A, and transition probability
at GFP peaks from microstates A, B, C, and D, to micro-
state A. Negatively correlated variables were: frontopolar
MSE scale 6–10, temporal MSE scale 6–10, central MSE
scale 6–10, Fuzzy entropy of channel Cz, CP1, CP2, and
Pz, coverage and frequency of microstate C, transition
probabilities from microstates A, and F to microstate C,
as well as the transition probabilities at GFP peaks from

microstates A, D, and F to microstate C. This within-sam-
ple model (without any cross-validation) reached statisti-
cal significance (r=0.31, p, 0.001; see Fig. 8A) indicating
that a significant portion of variance in intelligence scores
can be explained by a combination of multimodal brain
complexity features.
Second, we tested whether individual intelligence

scores cannot only be explained but also be predicted
by our model. Therefore, we selected features on only
one part of the sample and applied this model to the
withheld part of the sample (internal 10-fold cross-vali-
dation). The model could significantly predict individu-
al intelligence scores (correlation between predicted
and observed intelligence scores: r = 0.22; p = 0.042 by
permutation test; see Fig. 8B).
Finally, we tested whether a model trained on data

from the main sample can also predict individual intel-
ligence scores in a completely independent sample
(out-of-sample prediction). This was indeed the case.
Predicted and observed intelligence scores of the rep-
lication sample (external test sample) correlated signif-
icantly with r = 0.22, p = 0.044 (by permutation test),
overall suggesting high generalizability of this multi-
modal approach (Fig. 8C).

Post hoc analyses
To gain additional exploratory insights into the asso-

ciations between intelligence and intrinsic brain signal
complexity beyond those provided by established and
frequently used metrics, we created three additional
measures capturing complementary aspects of brain
signal complexity and evaluated their relationship with
intelligence. Specifically, brain signal variety was esti-
mated by the variety of individual microstates and the
proportion of explained variance of the EEG signals by
microstates. First, we compared all subject-specific mi-
crostates with each other and tested whether their spa-
tial similarity was related to intelligence. Spatial similarity
was operationalized as the average of Pearson correla-
tions between the vectorized spatial maps of each of two
microstates. We observed a significant negative associ-
ation of r = �0.20, p= 0.019 suggesting less similarity
(higher variability) between individual microstates in
participants with higher intelligence scores. Second,
we computed the total amount of variance in the sub-
ject-specific EEG signal that can be explained from the
five extracted subject-specific microstates and tested
whether this amount is associated with individual differen-
ces in intelligence. The average (across participants) total
amount of explained variance was M=63% (SD=6%,
range=44–83%). However, this amount was not signifi-
cantly correlated with intelligence (r = �0.15, p=0.071).
Finally, we assessed the total amount of variance in the
subject-specific EEG signal that can be explained by
the five group microstates. Across participants the total
amount of variance explained was M= 56% (SD= 10%,
range = 22–76%) and, interestingly, we observed that in
people with higher intelligence scores less variance
could be explained by the group microstates (r = �0.21,
p = 0.011).
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Discussion
We showed that multiple measures capturing the com-

plexity of intrinsic brain dynamics are associated with
human intelligence. Specifically, Shannon, Fuzzy, and
multiscale entropy of resting-state EEG were compared

with features of established microstates and factor-ana-
lytical results point toward the existence of overlapping as
well as separate information captured by the different
measures. Further analyses revealed that associations
between brain signal complexity and intelligence not only

Figure 7. Intelligence is associated with two specific electroencephalography (EEG) microstates. Pearson correlations r between intelli-
gence and characteristics of group microstates. Individual brain signals of 144 participants were clustered over time into five individual spa-
tial mean maps (microstates). The individual mean maps of all participants were then clustered into five group microstates (Fig. 4A). A,
Pearson correlations (controlled for age, sex, and number of removed epochs) between individual intelligence scores (RAPM; Raven and
Court, 1998) and variations in coverage, lifespan, lifespan at GFP peaks, and frequency of group microstates when mapped back onto the
individual time series of neural activation from participants of the main sample (red, N=144) and the replication sample (gray, N=57). B,
Pearson correlations (controlled for age, sex, and number of removed epochs) between intelligence (RAPM; Raven and Court, 1998) and in-
dividual-specific transition probabilities between group microstates (probabilities to stay in a specific microstate or transitioning into another
specific microstate) when mapped back onto individuals’ time series from the main sample (top row) and the replication sample (bottom
row), for transition probabilities on the whole time series (left) and on time points with GFP peaks only (right). FDR corrected p-values ,
0.05 are marked with asterisks. GFP, global field power. Associations without confound corrections are shown in Extended Data Figure 7-1.
Figure Contributions: Jonas A. Thiele and Kirsten Hilger designed research. Jonas A. Thiele, Aylin Richter, and Kirsten Hilger performed re-
search. Jonas A. Thiele and Aylin Richter analyzed data.
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vary between different measures but do also critically
depend on the considered EEG channel and on the fo-
cused temporal scale, thus only little variance in intelli-
gence may be explained by unimodal approaches.
Therefore, we finally combined different measures into
a multimodal model considering different measures,
channels, and time scales simultaneously. This model
allowed significant prediction of individual intelligence

scores in the main sample as well as in a completely in-
dependent sample.
At first, our study reveals that the complexity measures

calculated for different EEG channels and on different
temporal scales, can be grouped into 17 latent factors.
These factors cluster in respect to spatial information
and time scale as well as to the kind of measure. For in-
stance, Fuzzy entropy and MSE measures were clearly

Figure 8. Multimodal brain signal complexity predicts individual intelligence (RAPM; Raven and Court, 1998) scores. Model performances
were assessed via Pearson correlation r between the observed and predicted intelligence scores. Standardized residuals (controlled for
age, sex, and number of removed epochs) of intelligence scores and complexity measures were used. A, Explanation: Model to explain var-
iation in individual intelligence scores in the main sample (N=144) from measures of brain signal complexity positively or negatively corre-
lated (p, 0.05, uncorrected) with intelligence. B, In-sample prediction. Left, Observed versus predicted intelligence scores based on 10-fold
internal cross-validation within the main sample. Predicted intelligence scores result from a model based on measures of brain signal com-
plexity positively and negatively correlated (p, 0.05, uncorrected) with intelligence. Results of the model with the highest accuracy (from
100 different stratified sample divisions). Right, Result of a permutation test for testing significance of the prediction. The correlation of the
prediction model (blue vertical line) was computed as average of correlations between predicted and observed intelligence scores from 100
models (with different stratified sample divisions) using internal 10-fold cross-validation. This average correlation was then tested against
performances of models constructed on the basis of permutated intelligence scores (1000 times, null models, histogram). Note that the high
frequency of zero correlations occurred as a correlation of zero was automatically set if no measure of brain signal complexity correlated
significantly with the permutated RAPM scores (p,0.05, uncorrected). C, Out-of-sample prediction. Left, Observed versus predicted intelli-
gence scores in the replication sample (N=57). Predicted intelligence scores for the replication sample resulting from a model that was con-
structed on the main sample, i.e., model in A. Right, Permutation test for testing the significance of this prediction. The true model
performance (blue vertical line) was tested against predictions of the same model for 1000 permutated intelligence scores within the replica-
tion sample.
Figure Contributions: Jonas A. Thiele and Kirsten Hilger designed research. Jonas A. Thiele, Aylin Richter, and Kirsten Hilger performed re-
search. Jonas A. Thiele and Aylin Richter analyzed data.
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differentiated from Shannon entropy and microstate char-
acteristics, respectively. These observations demonstrate
that different amounts of variance in the complexity of the
resting-state EEG signal are captured by different meas-
ures, and suggest that physiologic signal complexity might
be too manifold to be captured in its entirety by only one
single metric (Goldberger et al., 2002). Conclusively, also
for investigating associations between brain signal com-
plexity and human traits, it might be more appropriate to
use multiple complexity measures.
When computed on the global field power, no entropy

measure was significantly associated with intelligence.
Channel-specific Shannon and Fuzzy entropy were de-
scriptively negatively associated with intelligence but did
not reach statistical significance. Sample entropy of fron-
to-central channels demonstrated nonsignificant nega-
tive associations with intelligence at finer timescales,
while sample entropy of fronto-parietal channels at coarser
time scales showed nonsignificant tendencies toward pos-
itive associations. Together, the finding of lower entropy at
finer time scales and tendencies toward higher entropy at
coarser time scales to be associated with higher intelli-
gence is in line with the findings of Dreszer et al. (2020)
suggesting differences in local (linked to entropy at finer
time scales) versus global (as reflected by entropy at coars-
er time scales) aspects (Vakorin et al., 2011; McIntosh et
al., 2014; Courtiol et al., 2016) of intelligence-related infor-
mation processes. Interestingly, it has been shown that
entropy at finer time scales increases while entropy at
coarser time scales decreases with increasing age
(McIntosh et al., 2014), which is in regard to our obser-
vations, plausible as fluid intelligence decreases with
increasing age (Schaie, 1994; Salthouse, 2010; Ghisletta
et al., 2012). We, therefore, would like to encourage fu-
ture studies to test whether both associations exist
rather independent of each other or whether intrinsic
brain signal entropy mediates the association between
increasing age and reductions in intelligence. Notably,
while overall patterns of associations between brain
signal entropy and intelligence in the main and replica-
tion sample were similar, single associations, e.g., be-
tween intelligence and sample entropy of single channels
and time scales, or between intelligence and entropy of the
global field power, differed markedly between the samples.
These deviations may have been caused by noise (correla-
tions were overall small and mostly not significant) or by
differences in sample characteristics, e.g., the gender ratio,
potentially influencing associations between intelligence
and brain signal entropy (Dreszer et al., 2020).
The analysis of EEGmicrostates revealed intelligence-re-

lated differences in respect to two specific microstates.
Specifically, higher intelligence scores were associated
with less dominance of microstate C as indicated by sig-
nificantly less transitions into microstate C and descriptive
trends toward lower coverage and frequency, observations
which replicated earlier reports (Santarnecchi et al., 2017; Liu
et al., 2020). Asmicrostate C is suggested to reflect increased
activity of the default-mode (or task-negative) network (DMN,
Michel and Koenig, 2018), and effective suppression of DMN
activity is proposed to be essential for proper cognitive

functioning (Sonuga-Barke and Castellanos, 2007; Anticevic
et al., 2012; Sidlauskaite et al., 2016), this observation may
indirectly point toward an intrinsic advantage of higher intel-
ligent people for more effective DMN suppression. Further,
higher intelligence was associated with higher presence of
microstate A, reflected by more transitions into microstate A
and trends toward higher coverage and lifespan. Microstate
A has been related to reduced activity of the temporal net-
work (Michel and Koenig, 2018) and especially to areas im-
plicated in phonological processing (Britz et al., 2010),
which is consistent with the observation that Microstate A is
more present during visualization tasks expectedly implying
inhibition of left-hemispheric language areas (Milz et al.,
2016). However, implications of microstate patterns on cog-
nition are far away from being completely understood and
more research is needed to clarify whether and to which ex-
tend a higher presence of microstate A may possibly reflect
intrinsic dispositions for verbal processing (Dreszer et al.,
2020) or visualization (Milz et al., 2016).
Importantly, according to the criteria of Cohen (1988),

all observed effect sizes (r ; 0.2) can be considered as
small and only few out of all calculated measures reached
statistical significance, when correcting for multiple com-
parisons. These results contribute to the current debate
about the effect size to be expected in investigations on
brain-behavior relations (Marek et al., 2022; Rosenberg
and Finn, 2022) in demonstrating that the combination of
cross-validation (Cwiek et al., 2022; Sui et al., 2020)
and multimodal analyses approaches can identify ro-
bust brain-behavior relations despite sample sizes that
lie clearly below thousand. We compared three forms
of analyses (explanation of intelligence scores, internal
cross-validation, and out-of-sample prediction: prediction of
intelligence scores in a replication sample with the model
constructed in the main sample) to show, in line with Cwiek
et al. (2022), that cross-validation reduces the overall effect
size markedly as compared with explanation (r=0.31 to
r=0.22). Notably, that internally cross-validated effect sizes
reflect more realistic estimates of the “true” effect sizes
(Yarkoni and Westfall, 2017) is supported by our out-of-
sample-prediction in the independent sample (r = 0.22).
In both cases (internal cross-validation and out-of-sam-

ple prediction) our models could significantly predict indi-
vidual intelligence scores. Features contributing to this
model were frontopolar, central, and temporal sample en-
tropy at finer timescales, centro-parietal Fuzzy entropy,
and measures of microstate A and C, which again sup-
ports the relevance of these aspects for intelligence. The
involvement of multiple brain areas in associations be-
tween intelligence and brain signal complexity supports
theories proposing a distributed network of brain regions
associated with diverse cognitive functions as relevant
for the explanation of individual differences in intelli-
gence (Jung and Haier, 2007; Duncan, 2010; Basten et
al., 2015).
Finally, post hoc analyses revealed that higher intelli-

gence scores were associated with higher variability in in-
dividual-specific microstates and with less variance
explained by group microstates. Although, this could be
interpreted as pointing toward a more diverse intrinsic
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brain network configuration in more intelligent people at
time scales in the range of milliseconds, it is difficult to re-
late those findings to recent neuroimaging studies sug-
gesting higher stability (less variability) of intrinsic brain
activity in more intelligent people at much coarser time
scales (Hilger et al., 2020). A pressing goal for future re-
search is therefore to link those lines of research and to
systematically assess how intelligence-related spatial
configurations (microstates) of resting-state EEG relate to
intelligence-related brain network reconfigurations as ob-
served in functional magnetic resonance imaging (fMRI)
studies (Thiele et al., 2022).
Several limitations and methodological aspects require

consideration. At first, we compared a very high number of
parameters describing different aspects of intrinsic brain
signal complexity, making it difficult to control for multiple
comparisons. Although this was necessary because of the
exploratory hypothesis-generating purpose of our study,
and we attempted to control for multiple comparisons ap-
propriately, this may have reduced our ability to detect sig-
nificant associations. Second, the age range of our sample
was restricted (18–35years). As spontaneous brain dynam-
ics can be influenced by age (Goldberger et al., 2002), fu-
ture studies should test whether and to which extend our
findings may generalize to different age cohorts. Third, our
study was restricted to a specific collection of complexity
measures most established in this field of research.
Evaluating interplays of additional (and more diverse) com-
plexity measures may add further insights into intrinsic brain
dynamics underlying intelligence. Finally, as observed asso-
ciations between complex human traits and neural parame-
ters were relatively small, we recommend future studies
aiming to investigate associations between complex human
traits and complex neural parameters (1) to use large sam-
ples (N.200) for capturing enough phenotypic variation
and reach sufficed statistical power (. 0.95) to detect ex-
pectedly small effects (r ; 0.20), (2) to combine multiple
neural parameters in multimodal models, (3) to apply internal
cross-validation to obtain realistic estimates of the general-
ization error, and (4) to actually test the generalizability in a
completely independent sample.
In sum, our study reveals that individual differences in a

person’s cognitive ability level are reflected in the com-
plexity of temporally highly resolved intrinsic brain dynam-
ics. We demonstrated that different complexity measures
capture separate but also overlapping information and
that associations with intelligence vary across temporal
and spatial scales. Finally, we showed that combining dif-
ferent measures into a single multivariate model allows to
significantly predict individual intelligence scores from
only 5 min of resting-state EEG data. Overall, our study
highlights the potential of combining multimodal analysis
approaches with internal cross-validation and out-of-
sample prediction to reliably investigate how intrinsic
brain dynamics might contribute to complex human traits.

References

Anokhin AP, Lutzenberger W, Birbaumer N (1999) Spatiotemporal or-
ganization of brain dynamics and intelligence: an EEG study in
adolescents. Int J Psychophysiol 33:259–273.

Anticevic A, Cole MW, Murray JD, Corlett PR, Wang X-J, Krystal JH
(2012) The role of default network deactivation in cognition and
disease. Trends Cogn Sci 16:584–592.

Azami H, Li P, Arnold SE, Escudero J, Humeau-Heurtier A (2019)
Fuzzy entropy metrics for the analysis of biomedical signals: as-
sessment and comparison. IEEE Access 7:104833–104847.

Basten U, Hilger K, Fiebach CJ (2015) Where smart brains are differ-
ent: a quantitative meta-analysis of functional and structural brain
imaging studies on intelligence. Intelligence 51:10–27.

Bigdely-Shamlo N, Mullen T, Kothe C, Su KM, Robbins KA (2015)
The PREP pipeline: standardized preprocessing for large-scale
EEG analysis. Front Neuroinform 9:16.

Britz J, Van De Ville D, Michel CM (2010) BOLD correlates of EEG to-
pography reveal rapid resting-state network dynamics. Neuroimage
52:1162–1170.

Brodbeck V, Kuhn A, von Wegner F, Morzelewski A, Tagliazucchi E,
Borisov S, Michel CM, Laufs H (2012) EEG microstates of wakeful-
ness and NREM sleep. Neuroimage 62:2129–2139.

Calvin CM, Deary IJ, Fenton C, Roberts BA, Der G, Leckenby N,
Batty GD (2011) Intelligence in youth and all-cause-mortality: sys-
tematic review with meta-analysis. Int J Epidemiol 40:626–644.

Campos Viola F, Thorne J, Edmonds B, Schneider T, Eichele T,
Debener S (2009) Semi-automatic identification of independent
components representing EEG artifact. Clin Neurophysiol 120:868–
877.

Cheung M, Chan AS, Han YM, Sze SL (2014) Brain activity during
resting state in relation to academic performance. J Psychophysiol
28:47–53.

Cohen J (1988) Statistical power analysis for the behavioral sciences.
New York: Routledge Academic.

Cole MW, Bassett DS, Power JD, Braver TS, Petersen SE (2014)
Intrinsic and task-evoked network architectures of the human
brain. Neuron 83:238–251.

Costa M, Goldberger AL, Peng CK (2002) Multiscale entropy analysis
of complex physiologic time series. Phys Rev Lett 89:e068102.

Costa M, Goldberger AL, Peng CK (2005) Multiscale entropy analysis
of biological signals. Phys Rev E 71:e021906.

Courtiol J, Perdikis D, Petkoski S, Müller V, Huys R, Sleimen-Malkoun
R, Jirsa VK (2016) The multiscale entropy: guidelines for use and in-
terpretation in brain signal analysis. J Neurosci Methods 273:175–
190.

Custo A, Van De Ville D, Wells WM, Tomescu MI, Brunet D, Michel
CM (2017) Electroencephalographic resting-state networks:
source localization of microstates. Brain Connect 7:671–682.

Cwiek A, Rajtmajer SM, Wyble B, Honavar V, Grossner E, Hillary FG
(2022) Feeding the machine: challenges to reproducible predictive
modeling in resting-state connectomics. Netw Neurosci 6:29–48.

D’Croz-Baron DF, Bréchet L, Baker M, Karp T (2021) Auditory and
visual tasks influence the temporal dynamics of EEG microstates
during post-encoding rest. Brain Topogr 34:19–28.

Deary IJ, Whiteman MC, Starr JM, Whalley LJ, Fox HC (2004) The im-
pact of childhood intelligence on later life: following up the Scottish
mental surveys of 1932 and 1947. J Pers Soc Psychol 86:130–147.

De Luca A, Termini S (1972) A definition of a nonprobabilistic entropy
in the setting of fuzzy sets theory. Inf Control 20:301–312.

de Pasquale F, Della Penna S, Sporns O, Romani GL, Corbetta M
(2016) A dynamic core network and global efficiency in the resting
human brain. Cereb Cortex 26:4015–4033.

Dreszer J, Grochowski M, Lewandowska M, Nikadon J, Gorgol J,
Bałaj B, Finc K, Duch W, Kałamała P, Chuderski A, Piotrowski T
(2020) Spatiotemporal complexity patterns of resting-state bioe-
lectrical activity explain fluid intelligence: sex matters. Hum Brain
Mapp 41:4846–4865.

Duncan J (2010) The multiple-demand (MD) system of the primate
brain: mental programs for intelligent behaviour. Trends Cogn Sci
14:172–179.

Férat V, Arns M, Deiber M-P, Hasler R, Perroud N, Michel CM, Ros T
(2022) Electroencephalographic microstates as novel functional
biomarkers for adult attention-deficit/hyperactivity disorder. Biol
Psychiatry Cogn Neurosci Neuroimaging 7:814–823.

Research Article: New Research 16 of 18

February 2023, 10(2) ENEURO.0345-22.2022 eNeuro.org

http://dx.doi.org/10.1016/s0167-8760(99)00064-1
https://www.ncbi.nlm.nih.gov/pubmed/10533842
http://dx.doi.org/10.1016/j.tics.2012.10.008
https://www.ncbi.nlm.nih.gov/pubmed/23142417
http://dx.doi.org/10.1109/ACCESS.2019.2930625
http://dx.doi.org/10.1016/j.intell.2015.04.009
http://dx.doi.org/10.3389/fninf.2015.00016
https://www.ncbi.nlm.nih.gov/pubmed/26150785
http://dx.doi.org/10.1016/j.neuroimage.2010.02.052
https://www.ncbi.nlm.nih.gov/pubmed/20188188
http://dx.doi.org/10.1016/j.neuroimage.2012.05.060
https://www.ncbi.nlm.nih.gov/pubmed/22658975
http://dx.doi.org/10.1093/ije/dyq190
https://www.ncbi.nlm.nih.gov/pubmed/21037248
http://dx.doi.org/10.1016/j.clinph.2009.01.015
https://www.ncbi.nlm.nih.gov/pubmed/19345611
http://dx.doi.org/10.1027/0269-8803/a000107
http://dx.doi.org/10.1016/j.neuron.2014.05.014
https://www.ncbi.nlm.nih.gov/pubmed/24991964
http://dx.doi.org/10.1103/PhysRevLett.89.068102
https://www.ncbi.nlm.nih.gov/pubmed/12190613
http://dx.doi.org/10.1016/j.jneumeth.2016.09.004
https://www.ncbi.nlm.nih.gov/pubmed/27639660
http://dx.doi.org/10.1089/brain.2016.0476
https://www.ncbi.nlm.nih.gov/pubmed/28938855
http://dx.doi.org/10.1162/netn_a_00212
https://www.ncbi.nlm.nih.gov/pubmed/35350584
http://dx.doi.org/10.1007/s10548-020-00802-4
https://www.ncbi.nlm.nih.gov/pubmed/33095401
http://dx.doi.org/10.1037/0022-3514.86.1.130
https://www.ncbi.nlm.nih.gov/pubmed/14717632
http://dx.doi.org/10.1016/S0019-9958(72)90199-4
http://dx.doi.org/10.1093/cercor/bhv185
https://www.ncbi.nlm.nih.gov/pubmed/26347485
http://dx.doi.org/10.1002/hbm.25162
https://www.ncbi.nlm.nih.gov/pubmed/32808732
http://dx.doi.org/10.1016/j.tics.2010.01.004
http://dx.doi.org/10.1016/j.bpsc.2021.11.006
https://www.ncbi.nlm.nih.gov/pubmed/34823049


Ferenets R, Lipping T, Anier A, Jäntti V, Melto S, Hovilehto S (2006)
Comparison of entropy and complexity measures for the assess-
ment of depth of sedation. IEEE Trans Biomed Eng 53:1067–1077.

Finn ES, Shen X, Scheinost D, Rosenberg MD, Huang J, Chun MM,
Papademetris X, Constable RT (2015) Functional connectome fin-
gerprinting: identifying individuals using patterns of brain connec-
tivity. Nat Neurosci 18:1664–1671.

Ghisletta P, Rabbitt P, Lunn M, Lindenberger U (2012) Two thirds of
the age-based changes in fluid and crystallized intelligence, per-
ceptual speed, and memory in adulthood are shared. Intelligence
40:260–268.

Goldberger AL, Peng CK, Lipsitz LA (2002) What is physiologic com-
plexity and how does it change with aging and disease? Neurobiol
Aging 23:23–26.

Gramfort A, Luessi M, Larson E, Engemann DA, Strohmeier D,
Brodbeck C, Goj R, Jas M, Brooks T, Parkkonen L, Hämäläinen M
(2013) MEG and EEG data analysis with MNE-Python. Front
Neurosci 7:267.

Haier RJ (2017) The neuroscience of intelligence. Cambridge:
Cambridge University Press.

Heisz JJ, McIntosh AR (2013) Applications of EEG neuroimaging
data: event-related potentials, spectral power, and multiscale en-
tropy. J Vis Exp 76:e50131.

Hilger K, Markett S (2021) Personality network neuroscience: prom-
ises and challenges on the way toward a unifying framework of in-
dividual variability. Netw Neurosci 5:631–645.

Hilger K, Sporns O (2021) Network neuroscience methods for studying
intelligence. In: The Cambridge handbook of intelligence and cogni-
tive neuroscience, pp 26–43. Cambridge: Cambridge University
Press.

Hilger K, Fukushima M, Sporns O, Fiebach CJ (2020) Temporal sta-
bility of functional brain modules associated with human intelli-
gence. Hum Brain Mapp 41:362–372.

Horn JL (1965) A rationale and test for the number of factors in factor
analysis. Psychometrika 30:179–185.

Jaušovec N, Jaušovec K (2003) Spatiotemporal brain activity related
to intelligence: a low resolution brain electromagnetic tomography
study. Cogn Brain Res 16:267–272.

Jung RE, Haier RJ (2007) The parieto-frontal integration theory (P-
FIT) of intelligence: converging neuroimaging evidence. Behav
Brain Sci 30:135–154.

Jung TP, Makeig S, Humphries C, Lee TW, McKeown MJ, Iragui V,
Sejnowski TJ (2000) Removing electroencephalographic artifacts
by blind source separation. Psychophysiology 37:163–178.

Kaur Y, Weiss S, Zhou C, Fischer R, Hildebrandt A (2021) Exploring
neural signal complexity as a potential link between creative think-
ing, intelligence, and cognitive control. J Intell 9:59.

Koenig T, Prichep L, Lehmann D, Sosa PV, Braeker E, Kleinlogel H,
Isenhart R, John ER (2002) Millisecond by millisecond, year by
year: normative EEG microstates and developmental stages.
Neuroimage 16:41–48.

Langer N, Pedroni A, Gianotti LRR, Hänggi J, Knoch D, Jäncke L
(2012) Functional brain network efficiency predicts intelligence.
Hum Brain Mapp 33:1393–1406.

Lehmann D (1971) Multichannel topography of human alpha EEG
fields. Electroencephalogr Clin Neurophysiol 31:439–449.

Lehmann D, Ozaki H, Pal I (1987) EEG alpha map series: brain micro-
states by space-oriented adaptive segmentation. Electroencephalogr
Clin Neurophysiol 67:271–288.

Li Y, Tong S, Liu D, Gai Y, Wang X, Wang J, Qiu Y, Zhu Y (2008)
Abnormal EEG complexity in patients with schizophrenia and de-
pression. Clin Neurophysiol 119:1232–1241.

Liu J, Xu J, Zou G, He Y, Zou Q, Gao J-H (2020) Reliability and indi-
vidual specificity of EEG microstate characteristics. Brain Topogr
33:438–449.

Lutzenberger W, Birbaumer N, Flor H, Rockstroh B, Elbert T (1992)
Dimensional analysis of the human EEG and intelligence. Neurosci
Lett 143:10–14.

Marek S, et al. (2022) Reproducible brain-wide association studies
require thousands of individuals. Nature 603:654–660.

McDonough IM, Nashiro K (2014) Network complexity as a measure
of information processing across resting-state networks: evidence
from the Human Connectome Project. Front Hum Neurosci 8:409.

McIntosh AR, Vakorin V, Kovacevic N, Wang H, Diaconescu A,
Protzner AB (2014) Spatiotemporal dependency of age-related
changes in brain signal variability. Cereb Cortex 24:1806–1817.

Michel CM, Koenig T (2018) EEG microstates as a tool for studying
the temporal dynamics of whole-brain neuronal networks: a re-
view. Neuroimage 180:577–593.

Milz P, Faber PL, Lehmann D, Koenig T, Kochi K, Pascual-Marqui RD
(2016) The functional significance of EEG microstates—associa-
tions with modalities of thinking. Neuroimage 125:643–656.

Nuijten MB, van Assen MALM, Augusteijn HEM, Crompvoets EV,
Wicherts JM (2020) Effect sizes, power, and biases in intelligence
research: a meta-meta-analysis. J Intell 8:36.

Pahor A, Jaušovec N (2014) Theta–gamma cross-frequency coupling
relates to the level of human intelligence. Intelligence 46:283–290.

Pascual-Marqui RD, Michel CM, Lehmann D (1995) Segmentation of
brain electrical activity into microstates; model estimation and vali-
dation. IEEE Trans Biomed Eng 42:658–665.

Poulsen AT, Pedroni A, Langer N, Hansen LK (2018) Microstate
EEGlab toolbox: an introductory guide. bioRxiv

Raven JC, Court JH (1998) Manual for Raven’s progressive matrices
and vocabulary scales. Los Angeles: Western Psychological
Services.

Richman JS, Moorman JR (2000) Physiological time-series analysis
using approximate entropy and sample entropy. Am J Physiol
Heart Circ Physiol 278:H2039–H2049.

Rosenberg MD, Finn ES (2022) How to establish robust brain–behav-
ior relationships without thousands of individuals. Nat Neurosci
25:835–837.

Salthouse TA (2010) Influence of age on practice effects in longitudi-
nal neurocognitive change. Neuropsychology 24:563–572.

Santarnecchi E, Khanna AR, Musaeus CS, Benwell CSY, Davila P,
Farzan F, Matham S, Pascual-Leone A, Shafi MM; Honeywell
SHARP Team authors (2017) EEG microstate correlates of fluid in-
telligence and response to cognitive training. Brain Topogr 30:502–
520.

Schaie KW (1994) The course of adult intellectual development. Am
Psychol 49:304–313.

Schultz DH, Cole MW (2016) Higher intelligence is associated with less
task-related brain network reconfiguration. J Neurosci 36:8551–
8561.

Seitzman BA, Abell M, Bartley SC, Erickson MA, Bolbecker AR,
Hetrick WP (2017) Cognitive manipulation of brain electric micro-
states. Neuroimage 146:533–543.

Shannon CE (1948) A mathematical theory of communication. Bell
Syst Tech J 27:379–423.

Shen X, Finn ES, Scheinost D, Rosenberg MD, Chun MM,
Papademetris X, Constable RT (2017) Using connectome-based
predictive modeling to predict individual behavior from brain con-
nectivity. Nat Protoc 12:506–518.

Sidlauskaite J, Sonuga-Barke E, Roeyers H, Wiersema JR (2016)
Default mode network abnormalities during state switching in
attention deficit hyperactivity disorder. Psychol Med 46:519–
528.

Sonuga-Barke EJS, Castellanos FX (2007) Spontaneous atten-
tional fluctuations in impaired states and pathological condi-
tions: a neurobiological hypothesis. Neurosci Biobehav Rev
31:977–986.

Stankova EP, Myshkin IY (2016) Association between individual EEG
characteristics and the level of intelligence. Moscow Univ Biol Sci
Bull 71:256–261.

Sternberg RJ (1997) The concept of intelligence and its role in life-
long learning and success. Am Psychol 52:1030–1037.

Sui J, Jiang R, Bustillo J, Calhoun V (2020) Neuroimaging-based indi-
vidualized prediction of cognition and behavior for mental disor-
ders and health: methods and promises. Biol Psychiatry 88:818–
828.

Research Article: New Research 17 of 18

February 2023, 10(2) ENEURO.0345-22.2022 eNeuro.org

http://dx.doi.org/10.1109/TBME.2006.873543
https://www.ncbi.nlm.nih.gov/pubmed/16761834
http://dx.doi.org/10.1038/nn.4135
https://www.ncbi.nlm.nih.gov/pubmed/26457551
http://dx.doi.org/10.1016/j.intell.2012.02.008
http://dx.doi.org/10.1016/s0197-4580(01)00266-4
https://www.ncbi.nlm.nih.gov/pubmed/11755014
http://dx.doi.org/10.1162/netn_a_00198
http://dx.doi.org/10.1002/hbm.24807
https://www.ncbi.nlm.nih.gov/pubmed/31587450
http://dx.doi.org/10.1007/BF02289447
https://www.ncbi.nlm.nih.gov/pubmed/14306381
http://dx.doi.org/10.1016/S0926-6410(02)00282-3
http://dx.doi.org/10.1017/S0140525X07001185
https://www.ncbi.nlm.nih.gov/pubmed/17655784
https://www.ncbi.nlm.nih.gov/pubmed/10731767
http://dx.doi.org/10.3390/jintelligence9040059
http://dx.doi.org/10.1006/nimg.2002.1070
https://www.ncbi.nlm.nih.gov/pubmed/11969316
http://dx.doi.org/10.1002/hbm.21297
https://www.ncbi.nlm.nih.gov/pubmed/21557387
http://dx.doi.org/10.1016/0013-4694(71)90165-9
https://www.ncbi.nlm.nih.gov/pubmed/4107798
http://dx.doi.org/10.1016/0013-4694(87)90025-3
https://www.ncbi.nlm.nih.gov/pubmed/2441961
http://dx.doi.org/10.1016/j.clinph.2008.01.104
https://www.ncbi.nlm.nih.gov/pubmed/18396454
http://dx.doi.org/10.1007/s10548-020-00777-2
https://www.ncbi.nlm.nih.gov/pubmed/32468297
http://dx.doi.org/10.1016/0304-3940(92)90221-r
https://www.ncbi.nlm.nih.gov/pubmed/1436649
http://dx.doi.org/10.1038/s41586-022-04492-9
https://www.ncbi.nlm.nih.gov/pubmed/35296861
http://dx.doi.org/10.3389/fnhum.2014.00409
https://www.ncbi.nlm.nih.gov/pubmed/24959130
http://dx.doi.org/10.1093/cercor/bht030
https://www.ncbi.nlm.nih.gov/pubmed/23395850
http://dx.doi.org/10.1016/j.neuroimage.2017.11.062
https://www.ncbi.nlm.nih.gov/pubmed/29196270
http://dx.doi.org/10.1016/j.neuroimage.2015.08.023
https://www.ncbi.nlm.nih.gov/pubmed/26285079
http://dx.doi.org/10.3390/jintelligence8040036
http://dx.doi.org/10.1016/j.intell.2014.06.007
http://dx.doi.org/10.1109/10.391164
https://www.ncbi.nlm.nih.gov/pubmed/7622149
http://dx.doi.org/10.1152/ajpheart.2000.278.6.H2039
https://www.ncbi.nlm.nih.gov/pubmed/10843903
http://dx.doi.org/10.1038/s41593-022-01110-9
https://www.ncbi.nlm.nih.gov/pubmed/35710985
http://dx.doi.org/10.1037/a0019026
https://www.ncbi.nlm.nih.gov/pubmed/20804244
http://dx.doi.org/10.1007/s10548-017-0565-z
https://www.ncbi.nlm.nih.gov/pubmed/28493012
http://dx.doi.org/10.1037//0003-066x.49.4.304
https://www.ncbi.nlm.nih.gov/pubmed/8203802
http://dx.doi.org/10.1523/JNEUROSCI.0358-16.2016
https://www.ncbi.nlm.nih.gov/pubmed/27535904
http://dx.doi.org/10.1016/j.neuroimage.2016.10.002
http://dx.doi.org/10.1002/j.1538-7305.1948.tb01338.x
http://dx.doi.org/10.1038/nprot.2016.178
https://www.ncbi.nlm.nih.gov/pubmed/28182017
http://dx.doi.org/10.1017/S0033291715002019
https://www.ncbi.nlm.nih.gov/pubmed/26456561
http://dx.doi.org/10.1016/j.neubiorev.2007.02.005
https://www.ncbi.nlm.nih.gov/pubmed/17445893
http://dx.doi.org/10.3103/S0096392516040118
http://dx.doi.org/10.1037/0003-066X.52.10.1030
http://dx.doi.org/10.1016/j.biopsych.2020.02.016
https://www.ncbi.nlm.nih.gov/pubmed/32336400


Thatcher RW, North D, Biver C (2005) EEG and intelligence: relations
between EEG coherence, EEG phase delay and power. Clin
Neurophysiol 116:2129–2141.

Thiele JA, Faskowitz J, Sporns O, Hilger K (2022) Multitask brain
network reconfiguration is inversely associated with human in-
telligence. Cereb Cortex 32:4172–4182.

Ueno K, Takahashi T, Takahashi K, Mizukami K, Tanaka Y, Wada Y
(2015) Neurophysiological basis of creativity in healthy elderly peo-
ple: a multiscale entropy approach. Clin Neurophysiol 126:524–
531.

Vakorin VA, Lippé S, McIntosh AR (2011) Variability of brain signals
processed locally transforms into higher connectivity with brain
development. J Neurosci 31:6405–6413.

Valencia JF, Bolaños JD, Vallverdú M, Jensen EW, Porta A,
Gambús PL (2019) Refined multiscale entropy using fuzzy met-
rics: validation and application to nociception assessment.
Entropy 21:706.

Yarkoni T, Westfall J (2017) Choosing prediction over explanation in
psychology: lessons from machine learning. Perspect Psychol Sci
12:1100–1122.

Research Article: New Research 18 of 18

February 2023, 10(2) ENEURO.0345-22.2022 eNeuro.org

http://dx.doi.org/10.1016/j.clinph.2005.04.026
https://www.ncbi.nlm.nih.gov/pubmed/16043403
http://dx.doi.org/10.1093/cercor/bhab473
https://www.ncbi.nlm.nih.gov/pubmed/35136956
http://dx.doi.org/10.1016/j.clinph.2014.06.032
https://www.ncbi.nlm.nih.gov/pubmed/25066939
http://dx.doi.org/10.1523/JNEUROSCI.3153-10.2011
https://www.ncbi.nlm.nih.gov/pubmed/21525281
http://dx.doi.org/10.3390/e21070706
http://dx.doi.org/10.1177/1745691617693393
https://www.ncbi.nlm.nih.gov/pubmed/28841086

	Multimodal Brain Signal Complexity Predicts Human Intelligence
	Introduction
	Materials and Methods
	Preregistration
	Participants
	Intelligence
	Electroencephalographical recordings and preprocessing
	Intrinsic brain signal complexity
	Correlative associations between intrinsic brain signal complexity and intelligence
	Predicting intelligence from multimodal brain signal complexity
	External replication
	Data and code accessibility

	Results
	Intrinsic brain signal complexity
	The association between intelligence and brain signal entropy depends on spatial and temporal scales
	Intelligence is associated with two specific EEG microstates
	Predicting intelligence from multimodal brain signal complexity
	Post hoc analyses

	Discussion
	References


