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Abstract

Solving the Rubik’s Cube (RC) swiftly demands intricate cognitive abilities to generate strategic and precise movements,
and the electrocortical demands in high-level RC athletes have not been explored. Therefore, we aimed at examining the
electrocortical activity associated with planning and executing the RC, alongside tasks assessing planning, fine motor
skills, spatial working memory, and visuospatial ability. Thirteen experienced male speed-cubers underwent EEG record-
ings while performing RC-related tasks (planning and execution), Tower of London (TOL), Judgment of Line Angle and
Position-15 (JLAP), Memory Match (MEM), and Fine Motor Skills (FMS). Our results demonstrated that speed-cubers
presented similar EEG power spectrum when planning and executing the RC across all frequency bands (p>0.05). Pear-
son’s correlation demonstrated that Delta-band EEG power spectrum in the occipital lobe exhibited a significant associa-
tion with RC execution (r=0.71, p=0.009), underscoring the importance of visuomotor integration. Similarly, JLAP per-
formance correlated significantly with frontal (r=-0.65, p=0.022) and occipital EEG power spectrum (r=-0.57, p=0.048)
at the Delta-band, emphasizing the role of visuospatial abilities. Moreover, TOL performance correlated significantly with
temporal EEG power spectrum at the Delta- (r=-0.64, p=0.025) and Theta-band (»=0.67, p=0.011), highlighting the
role of planning abilities while solving the RC. In conclusion, this study sheds light on the complex neural mechanisms
underlying speed-cubing, revealing intricate neural signatures across multiple brain regions associated with RC-related
tasks and isolated cognitive activities. Understanding these neurocognitive underpinnings could pave the way for enhanced
training protocols in tasks demanding high-level cognitive and motor skills.

Keywords EEG - Rubik’s cube - Spatial memory - Motor learning - Visuospatial memory

Introduction demanding due to its combinatorial complexity (Korf

1997), requiring solvers to mentally simulate sequences

Solving puzzles and games, such as the Rubik’s Cube (RC),
engages multiple high-level cognitive processes, including
visuospatial reasoning, working memory, procedural learn-
ing, and executive planning (Duncan et al. 1996; Unter-
rainer and Owen 2006; Oberauer and Lewandowsky 2019).
The RC, a 3x3x3 color-matching puzzle, is particularly
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of moves while optimizing for speed and efficiency. This
dynamic interplay of cognitive and motor skills has made
RC-solving a subject of interest in cognitive neuroscience,
as it mirrors real-world tasks requiring rapid decision-mak-
ing and visuomotor integration (Meinz et al. 2023). Com-
petitive speed-cubing further amplifies these demands, with
elite athletes solving the cube in under 5.5 s (GoCube 2021).
Cognitive abilities to solve the RC can be used as predictors
of real-world outcomes that involve complex skills (Kanfer
and Ackerman 1989). Problem-solving tasks such as speed-
cubing demand strategic perspective as a behavior directed
towards a goal, which often involves setting sub-goals that
enable the use of conscious actions (Huang et al. 2017,
Weis and Wiese 2019) (Anderson 2015). Therefore, under-
standing the neural correlates of such expertise can eluci-
date broader principles of skill acquisition and cognitive
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plasticity, with potential applications in training protocols
for fields requiring high-speed problem-solving, such as
medical procedures (e.g., surgery) and aviation.

Recent research has shown that improvements in solv-
ing the RC are more associated with fluid intelligence (e.g.,
the ability to solve novel problems) than working memory
capacity, which is the ability to simultaneously store and
process information (Meinz et al. 2023). Thus, it may be
assumed that different brain regions must be involved in
solving the RC. It is plausible to suggest that active plan-
ning and working memory, visuospatial ability and fine
motor control are required to complete the speed-cubing
task, since it is necessary to create a sequence of moves that
involve multi-dimensional evaluation throughout the task.
The abovementioned cognitive capabilities have been eval-
uated in isolation using specific experimental paradigms.
The first is the tower of London (TOL), which involves re-
distribution of colored rings to conform to a pre-established
sequence (Unterrainer and Owen 2006). The TOL accesses
planning abilities, demanding high engagement of the fron-
tal and pre-frontal cortex (Owen et al. 1996). Research
using similar tasks revealed increased theta (Domic-Siede
et al. 2021) and beta activity (20 Hz) (Cannon et al. 2014)
while performing the TOL. The second is the judgment
of Line Angle and Position-15 (JLAP), which consists of
assessing the angle and position of a series of 15 lines that
form a half-circle starting from the same origin on a plane
(Campbell and Collaer 2009; Holden and Hampson 2014).
The JLAP assesses visuospatial ability for identification
and manipulation of objects, demanding engagement of the
pre-frontal, frontal and visual cortices. Superior visuospa-
tial ability is correlated with increased parietal alpha/theta
ratio at rest (Eichelberger et al. 2017) and increased over-
all alpha desynchronization in the parietal area (Gevins and
Smith 2000). The third task is memory matching (MEM),
which involves memorizing the spatial location of a color
pattern and seeking a matching pattern amongst multiple
other spatial choices. The task demands generalized cortical
activation over multiple regions at the theta and alpha bands
(Liu et al. 2018; Marshall et al. 2018). Lastly, speed cubing
requires fine motor skills (Floyer-Lea and Matthews 2004),
which demands engagement of the premotor and motor cor-
tices, as well as the supplementary motor area (Amunts et
al. 1997) and somatosensory cortex (Kilavik et al. 2013).
During FMS tasks, there is a reduction in alpha and beta
power (Zaepftel et al. 2013; Kilavik et al. 2013; Rueda-
Delgado et al. 2019; Espenhahn et al. 2019; Dissanayake
et al. 2022) and an increase in gamma power (Babiloni et
al. 2016). During speed-cubing competitions, athletes have
15 s to study the state of the cube, examining every face and
the arrangement of the colors. Therefore, athletes generate a
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spatiotemporal strategy to solving the cube prior to start to
move it, which requires high cognitive capabilities.

Assessing brain activity is possible through different
techniques such as magnetic resonance imaging, functional
near-infrared spectroscopy and magnetoencephalography
among others (Auriat et al. 2015; Hallett et al. 2021). Among
those, surface electroencephalography (EEG) is one of the
most popular methods due to its relatively low cost and high
temporal resolution, although it has limitations regarding
spatial resolution (Auriat et al. 2015; Oliveira et al. 2017).
Portability and high temporal resolution may be valuable
features for assessing brain activation during speed cubing,
as this task demands natural posture and freedom to move.
However, to our knowledge no study has explored how elec-
trocortical activity in different brain regions is modulated
during the planning and the execution of speed-cubing.

In this study, we evaluated the performance and elec-
trocortical dynamics of speed-cubing athletes while per-
forming speed-cubing simulating a competition, where
the athletes have 15 s to establish a solving strategy and
subsequently apply it to solve the cube as fast as possible.
Moreover, we evaluated the performance and electrocorti-
cal dynamics of such athletes while performing tasks that
independently assess cognitive capacities related to speed-
cubing (planning, fine motor control, spatial working mem-
ory and visuospatial ability). Therefore, our study aimed to
describe the electrocortical activity of elite speed-cubing
athletes during both the planning and execution of speed-
cubing. In addition, we established the association between
the electrocortical activity from tasks that stimulate specific
cognitive capacities in isolation to the activity from plan-
ning and solving the RC.

Methods
Participants

Thirteen healthy young male adults (23+5 years) with
5.8+2 years of experience in speed-cubing volunteered to
participate in this study. The inclusion criteria to participate
in the study was a minimum age of 16 years and previous
participation in speed-cubing competition. An exclusion
criterion was the ingestion of alcohol 24 h before testing.
Eleven out of the 13 participants were recruited during
their participation in a national speed-cubing tournament
in Copenhagen, organized by the World Cube Association
in 2019. The average best time from the sample for speed-
cubing was 17+5 s. Participants were informed about the
experimental procedure and provided verbal and written
informed consent to participate in this study. The procedures
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applied in this study were in accordance with the ethical
committee of Northern Jutland practices.

Experimental design

In a single session, participants were tested in a quiet room
while performing speed-cubing and other tasks related to
cognitive capabilities (TOL, JLAP, MEM and FMS). The
room was set with closed doors and windows to minimize
potential visual and auditory distractions to participants
while performing the tasks. During the experiments, there
were only two researchers and the participant inside the
room and researchers remained completely silent through-
out task execution. Prior to performing the tests, partici-
pants were fitted with a cap containing EEG electrodes for
the recordings of electrocortical activity. Initially, a baseline
recording of 30 s was performed with the subject seated
approximately 1 m from a computer screen displaying a
fixation cross at the participant’s sight height. The electro-
cortical activation of different brain regions was accessed
during tasks that individually present similar demands to
attempting to solve the RC. Before each task, participants
were fully instructed and familiarized prior to recordings,
and the order for performing the tasks was randomized. The
tasks were the following:

Tower of London (TOL)

The task consists of 3 or more colored rings that are distrib-
uted across three columns (Unterrainer and Owen 2006). A

A — Tower of London (TOL)

Target stacks

Player must move the
rings in the user stack to
replicate the target stack
formation using the fewest
number of moves

User stacks

C — Memory match (MEM)

Player must perform correctly reveal pairs of tiles with identical
pattern until all 10 pairs are identified

model of the ring’s organization is shown to the player, and
the player must move rings from their starting position to
the one demonstrated on the template with as few moves
as possible (Fig. 1.A). The software/webpage brainturk.com
was used to perform the task. Participants were asked to
perform this task 15 times. For the Tower of London task,
performance was evaluated using a combined metric, con-
sidering the ratio of excessive moves to the minimal moves
required, alongside the time taken per task. These values
were derived from careful visual analysis of the Tower of
London task videos.

JLAP

The JLAP test consists of assessing the angle and position
of a series of 15 lines that form a half-circle starting from
the same origin on a plane (Fig. 1.B) (Campbell and Collaer
2009; Holden and Hampson 2014). Participants were asked
to perform this task 10 times.

Memory match (MEM)

An online memory match game (Memozor 2021) consisting
of a 4 x5 grid of tiles presented on a 10-inch tablet. There
were 10 pairs of tiles presenting identical color patterns, but
they were initially hidden (flipped on their backs). Partici-
pant was asked to reveal the pattern of pairs of tiles in one
turn, if the patterns match, the tiles would be permanently
revealed (Fig. 1.C). Otherwise, the two selected tiles would
be hidden again, and the participant could select two other

B — Judgement of line and angle position (JLAP-15)
Play Trigger Play Trigger

I+ 1 I- /1

Traces to compare
with half-cirde form

Player must evaluate the angle of the presented traces and
assign the number of the correspondent trace in the half circle

D — Fine motor skills using the Rubik’s cube (FMS)
2. 3. 4.

—“—t

FRONT

Player must perform the sequence of moves in the four directions
(up, right, down, left) at a comfortable pace for 60 seconds.

Fig. 1 Illustration of the four different tasks that comprised the main cognitive capabilities involved in solving a Rubik’s cube
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tiles. The task was repeated until all 10 pairs of tiles were
successfully matched, and the outcome measures were the
time and number of moves used to complete the task.

Cube manipulation (FMS)

Participants were asked to perform a series of pre-estab-
lished movements of the cube. After fixing one face as the
front of the cube, participants were asked to move the left
column up, the upper row to the right, the right column
down and the bottom row to the left (see Fig. 1.D), repeating
this sequence at a comfortable pace for 60 s. The number of
turns performed in 60 s was the outcome measure extracted
for each participant. It is noteworthy that there were no
signs of physical/mental fatigue during the experiment up
to the Rubik’s cube execution. Moreover, participants were
offered rest intervals prior to each task, especially prior to
starting the Rubik’s cube task, minimizing any possible
influence of previous tasks in Rubik’s cube planning and
execution.

Solving the Rubik’s cube

The final task in the protocol was to solve the RC from a
random initial configuration. The study participants were
presented to the cube and were instructed to firstly study
the state of the cube and determine their strategy for 15 s.
Immediately following the 15 s to determine the solving
strategy, participants started to solve the cube. Electrocorti-
cal activity was recorded from both the 15-s solving strategy
as RC planning (RC-P) and the RC execution (RC-E). The
speed cubing performance was quantified by calculating the
average time taken by all subjects in their initial three trials.

Electroencephalographic and head acceleration
recordings

Electroencephalography data were recorded using a wire-
less 32-channel EEG system (LiveAmp, Brain Products
Inc., Gilching, Germany). To minimize the influence of head
motion on the EEG recordings, we used an EEG system
with active electrodes, fixated the EEG cables with straps to
minimize their motion, and also placed a stretchable mesh
cap that assisted in maintaining the electrodes with the
decided contact to the scalp across the recording. EEG data
were recorded with the sampling rate of 500 Hz at all chan-
nels (Fpl, Fp2, AFz, F3, F4, Fz, FC1, FC2, FC3, FC4 FCS5,
FC6, FCz, C1, C2, C3, C4, C5, C6, Cz, CP1, CP2, CP3,
CP4, CP5, CP6, CPz, P3, P4, Pz, PO3, PO4). The reference
electrode was located on the left mastoid. This EEG system
is a gel-based system with active electrodes. The electrode
impedances were kept <20 kQ during the experiment.

@ Springer

EEG data analysis

EEG signals were analyzed with BrainVision Analyzer
(Version 2.2.2, Brain Products, GmbH). The continuous
EEG data recorded from each condition band-passed filtered
within 0.5 to 45 Hz using an 8th order FIR filter. Next, blink
artifacts and eye movements on the filtered data were cor-
rected using the “Ocular correction independent component
analysis” function in BrainVision Analyzer software using
independent component analysis (ICA). Subsequently, the
time interval of 300 ms around the data point with ampli-
tude exceeding+ 100 nV was marked for rejection to elimi-
nate any remaining non-physiological artifacts (e.g., eye
blinks, muscle activity, cable movements) following epoch-
ing. The continuous EEG data were then re-referenced to
the average reference. Data were then visually inspected,
and the remaining artifacts were identified and manually
indexed for rejection. Following data cleaning, the con-
tinuous artifact-free data were segmented into epochs of 2s
duration with 200ms overlap which served as the basis for
all following analyses. The number of artifact-free epochs
per participant for each condition were as follow: Baseline:
16+1; JLAP: 16£8; FMS: 31+2; TOL: 179+7; MEM:
324+13; RC-P: 17+4; RC-E: 28+ 8 epochs.

Channel level artifact-free epochs were source localized
to the cortex using the built-in low-resolution electromag-
netic tomography (LORETA) method of the BrainVision
analyzer. Although several studies have used LORETA to
estimate electrophysiological activity and reported it as a
promising tool in different clinical fields (Zarei et al. 2022;
Jadidi et al. 2023), using High-density EEG recording plays
an important role in precisely estimating cortical source
activity from small brain regions. In line with this, while
EEG data were recorded by 32 EEG channels in this study,
we consider defining more broad regions of interest as dif-
ferent lobes, including the Frontal, Occipital, Parietal, and
Temporal lobes. For each epoch, the current density aver-
aged from all the voxels within a region of interest defined
the time-series activity corresponding to the cortical level
regions.

The power spectrum from EEG channels was calculated
separately for different conditions using a Fast Fourier
Transform for each region of interest and the averaged power
across epochs were utilized for calculating the mean power
density. The power spectrum density at each frequency band
(theta, 4-8 Hz; alpha, 8—13 Hz; beta, 14-30 Hz) is defined
by the average of the frequency activities among the speci-
fied frequency band. The measured power spectrum density
at each frequency band, regions of interest, and conditions
were then exported for statistical analysis.
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Statistical analysis

All the statistical tests were conducted in RStudio (R ver-
sion 4.1.3 and RStudio version 2022.02.0). To minimize
and eliminate the effect of subjective psychological differ-
ence, data in all the conditions were normalized to the base-
line condition (the difference between, TOL, JLAP, MEM,
FMS, RC-P and RC-E conditions and the Baseline). The
Shapiro-Wilk test was used to examine the normality of the
data distribution. In case the data followed the normal dis-
tribution (from the Shapiro-Wilk test), a one-way repeated
measure ANOVA was employed to investigate the brain cor-
tical oscillations between different conditions (TOL, JLAP,
MEM, FMS, RC-P, and RC-E) as the within-subject factor
at each frequency band and region of interest. However, if
the data did not follow the normal distribution, the Kruskal
Wallis test was applied as the one-way ANOVA-based non-
parametric test. The multiple comparisons problem for all
tests was addressed by Bonferroni correction and the level
of significance was kept as p<0.05. The association of the
power spectrum density for all possible pair-wise compari-
sons was calculated using Pearson’s correlation analysis for
all brain regions at the Delta, Theta, Alpha and Beta bands.
Moreover, the association between the RC-E, JLAP and
TOL task performances (e.g. time to complete the tasks) and
the respective power spectrum density for the task at the

TOL-FMS
TOL - MEM
TOL - JLAP
TOL-RC-P
TOL-RC-E

JLAP-FM

JLAP - MEM
JLAP-RC-E
JLAP-RC-P

FMS - MEM
FMS-RC-E
FMS-RC-P
MEM -RC-E
MEM -RC-P

RC-E -RC-P

Delta Theta Apha Beta

wp<001 wp<0.001

Fig. 2 Pairwise correlation of all tasks across four different frequency
bands (i.e., Delta, Theta, Alpha, and Beta) and across the Frontal,
Occipital, Parietal, and Temporal lobes. The color scale depicts the

Delta Theta Alpha Beta

different brain regions at the Delta, Theta, Alpha and Beta
bands were calculated using Pearson’s correlation analysis.

Results

Association between different conditions (brain
areas)

Figure 2 shows the pair-wise correlation of all tasks at
Delta, Theta, Alpha, and Beta frequency bands and over the
Frontal, Occipital, Parietal, and Temporal lobes. There were
moderate-to-strong correlations at the frontal lobe between
tasks involved in RC (i.e., RC-P and RC-E) and all four iso-
lated cognitive tasks (i.e., TOL, FMS, JLAP, and MEM),
mostly at Delta and Beta bands (Fig. 2A, p<0.0125, Bonfer-
roni corrected). Regarding the occipital lobe (Fig. 2B), there
were correlations between tasks involved in RC vs. FMS
and MEM tasks in the Alpha and Beta bands (p<0.01). The
Parietal lobe revealed significant correlations between tasks
involved in RC vs. FMS and MEM tasks in the Beta band.
Moreover, planning the RC (RC-P) strongly correlated
with FMS and MEM in the Delta band. (Fig. 2C, p<0.01).
Additionally, the correlation between FMS vs. RC-E and
MEM vs. RC-P was found to be statistically significant in
the Alpha band. Regarding the Temporal lobe, there were

06

101

| | L 1 1 1 Lo
Delta Theta Apha Beta Delta Theta Apha Beta

range of Pearson correlation coefficients for each pairwise compari-
son. Two different levels of significance are marked with star symbols
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strong correlations between tasks involved in RC and all
four isolated cognitive tasks in the Alpha band (Fig. 2D,
»<0.01). Moreover, FMS and MEM presented a strong cor-
relation with RCs tasks in the Beta band. Finally, there was a
significant correlation at different frequency bands for pair-
wise comparisons such as TOL vs. FMS, TOL vs. MEM,
FMS vs. MEM, and JLAP vs. MEM.

Task-related differences in electrocortical dynamics
(EEG power normalized to resting EEG)

The theta power from RC-E was generally significantly
greater when compared to TOL in the Temporal lobe
(Fig. 3A, Bonferroni corrected, p<0.001). In the Alpha
band, the oscillatory activity from RC-E and RC-P, and
JLAP were significantly higher when compared to TOL
across all brain lobes (Fig. 3B). This same pattern was
found for the comparisons in the Beta band (Fig. 3C), while
the differences between tasks were marginally reduced at
the beta band in both the parietal and occipital lobes. No
differences between RC-E and RC-P were found across all
EEG frequency bands and brain lobes.

Association between task performance and brain
activity

Analyzing the performance of the tasks and brain oscilla-
tory activity at four different frequency bands and four brain
regions revealed that the performance of speed-cubing is
significantly associated with the Delta band activity at the
Occipital lobe during RC execution (»=0.71, p=0.009,
Fig. 4A). There was a significant association between
Delta band activity in the Frontal (» = -0.65, p=0.022,
Fig. 4B) and Temporal lobes (r=0.64, p=0.025, Fig. 4C)
with respect to the performance of JLAP and TOL, respec-
tively. JLAP performance was also significantly associated

with Delta band activity in the Occipital lobe (r = -0.57,
p=0.048). In addition, Theta band activity at the Temporal
lobe was also significantly correlated with the performance
of the TOL task (»=0.70, p=0.011, Fig. 4D). No significant
associations were found between EEG power spectrum and
RC planning (p>0.05).

Discussion

This study investigated the electrocortical activity of elite
speed-cubing athletes while planning and executing speed-
cubing. Moreover, we explored the association between the
electrocortical activity during planning and execution of
speed-cubing and the electrocortical activity generated dur-
ing specific tasks that stimulate specific cognitive capaci-
ties. Our main results demonstrated significant associations
between electrocortical activities during both planning and
execution of speed-cubing and the four isolated cognitive/
motor tasks proposed in the study (TOL, JLAP, FMS and
MEM) at the frontal lobe. Moreover, substantial increases
in EEG spectral power at all brain regions were evident
when either planning or executing the speed-cubing moves,
with no evident distinction in brain activity between plan-
ning and execution. Finally, we found modestly significant
associations between electrocortical dynamics at low fre-
quencies (Delta, Theta) and task performance, demonstrat-
ing that electrocortical signals can be relevant to quantify
high-level skills.

Electrocortical dynamics in specific cognitive tasks

The association between electrocortical activity during plan-
ning and execution of the RC in relation to some specific
cognitive tasks demonstrates the demand for multiple abili-
ties to execute the task. The TOL assesses planning abilities,

Theta Alpha Beta
A A A
() () 0
2 7 7
1 2> oy tsy tsy
= s s & < <
& & B § & ey & ‘/\ & % 1 8
8 % & & b X e
& -
N ]
2.5 SR s & RIS 23 % 8y
Aot K2 N s » :c:r ‘)“Q:’; .
% B X
"o - ' b
" [ N e " e
we g, e s
r’o’,ﬂ S ':":s ~ 2 ey
s 24« e PN e 2%,
& § %S & %5 I n 20"
7] * Y883 » T ga »
& % . 2 " 4 < N s °F 4 5
\/\ N £ b A N VAV N
bl b S R & RV 5
2, S 2, S Y%, S
"%, "%, L4 %y
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Fig. 3 Brain oscillatory activity across theta (A), alpha (B), and beta (C) bands in the frontal, temporal, parietal, and occipital lobes during six
tasks. Significant correlations (Bonferroni corrected, p<0.001) are represented by dashed lines connecting the tasks
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09

08

Performance
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TOL Temporal - Theta
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TOL Performance
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07 E . .
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Fig.4 Association between the performance of the tasks and brain oscillatory activity at frequency bands and brain regions demonstrating signifi-

cant correlations. R=Pearson correlation coefficient; p=alpha level

which are essential to plan the moves during speed-cubing.
The alpha and beta oscillatory activity in the frontal, tempo-
ral, and occipital lobes in RC-P and RC-E were significantly
higher than the same activity in the TOL task, suggesting
that solving RC significantly increases the engagement of
the mentioned brain areas at the alpha and beta bands. This
elevated engagement may reflect the integration of motor
planning, spatial reasoning, and sensorimotor coordina-
tion required to solve the RC beyond the purely cognitive
demands of the TOL task. Previous studies have demon-
strated that alpha and beta desynchronization is linked to
higher cognitive and motor demands, particularly in tasks
requiring visuomotor coordination and fine motor control
(Pfurtscheller and Lopes da Silva 1999; Neuper et al. 2006;
Zaepftel et al. 2013; Kilavik et al. 2013). Moreover, fron-
tal and parietal beta oscillations have been associated with
internal action planning and motor preparation, especially
under conditions of increased task complexity (Engel and
Fries 2010; Tzagarakis et al. 2010, 2015). Therefore, the

stronger alpha and beta activity observed during RC-P and
RC-E compared to the TOL task likely reflects the greater
neural integration and cognitive load involved in planning
and executing speed-cubing movements.

The JLAP assesses visuospatial ability for identification
and manipulation of objects. It has been reported that per-
forming JLAP demands the engagement of the pre-frontal,
frontal, and visual cortices. Additionally, the superior visuo-
spatial ability is correlated with increased parietal alpha/
theta ratio at rest (Eichelberger et al. 2017) and increased
overall alpha desynchronization in the parietal area (Gevins
and Smith 2000). In line with this, our results demonstrated
that cortical oscillatory activity in delta and alpha bands in
the Frontal lobe and alpha band in the Temporal lobe sig-
nificantly correlated with the planning and execution of the
RC tasks. Our results provide preliminary insights on the
use of surface EEG to evaluate a classical visuospatial abil-
ity task such as JLAP, with further studies being relevant to
compare the electrocortical dynamics during JLAP between

@ Springer
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regular people with those with high levels of visuospatial
abilities.

MEM. Along with planning abilities, memorizing the
sequence of moves is highly relevant to solving the RC as
fast as possible. The MEM task used in our study demands
generalized cortical activation over multiple regions at the
theta and alpha bands (Liu et al. 2018; Marshall et al. 2018).
Interestingly, we found associations in beta bands across
the Frontal, Parietal and Temporal lobes between MEM and
planning the RC, but not with executing the RC. This phe-
nomenon was also found in the Alpha band over the occipi-
tal, parietal, and temporal lobes and the delta band in just
the parietal lobe.

Alpha band activity in the parietal lobe relates to atten-
tional control processes (Palva et al. 2005), while the alpha
rhythm at parietal and occipital areas is closely related to
memory load during retention and visuo-spatial memory
tasks (Jensen et al. 2002; Bastiaansen et al. 2002). Our
results may indicate the allocation of attentional resources
to maximize the retention of information through working
memory, in which the effective memorization process relies
on visual cues or mental imagery of the sequence of moves.
Moreover, the delta band activity in the parietal region may
be linked to attentional processes or working memory (Jung
et al. 2020), both of which are crucial for effective planning
and memorization of the RC movements. Our results may
suggest that speed-cubing athletes may employ a strategic
approach during the planning phase of the RC task, which
is subsequently implemented during the execution phase.
However, further studies deepening our understanding on
the differences in electrocortical activity between planning
and executing the RC are required to confirm our suggestion.

Refined bilateral hand dexterity is crucial to solving the
RC as fast as possible. FMS engages the premotor and
motor cortices, as well as the supplementary motor area
(Amunts et al. 1997) and somatosensory cortex (Kilavik
et al. 2013). FMS evoke reductions in EEG alpha and beta
power (Zaepffel et al. 2013; Kilavik et al. 2013; Rueda-Del-
gado et al. 2019; Espenhahn et al. 2019; Dissanayake et al.
2022), as well as increases in gamma power (Babiloni et al.
2016). In line with this, our results revealed that alpha and
beta band activities of executing the RC (RC-E) were sig-
nificantly correlated with the FMS task across all brain areas
(i.e., parietal, temporal, occipital, and frontal). Moreover,
we found a significant correlation between RC-P and FMS
in the beta band over the parietal, occipital, and temporal
lobes. Such results suggest that the planning stage of the RC
task is influenced by the individual’s level of fine motor skill
proficiency. We also found delta band activity of RC-P was
correlated with FMS task over parietal, frontal, and occipi-
tal brain areas. The observed correlations between FMS and
EEG band activities across different brain regions provide

@ Springer

valuable insights into the neural underpinnings of motor
coordination and planning. Understanding these relation-
ships may have implications for developing interventions
or training protocols to enhance motor skills and optimize
performance in tasks that require precise hand dexterity and
coordination (Sidhu and Cooke 2021).

Planning vs. executing the Rubik’s cube

In our study we did not find associations between RC-P and
RC-E. Previous studies have shown that motor imagery is
effective in improving real-life motor actions in rehabilita-
tion (Machado et al. 2019), while somatosensory and motor
brain areas present remarkably similar activities when
imagining or executing hand movements (Miller et al. 2010)
or even walking (Stolbkov et al. 2019). Our study corrobo-
rates such findings when similar electrocortical activity is
reported across all investigated brain regions when planning
or solving the Rubik’s cube. Despite similar power spectrum
profiles between planning and solving the Rubik’s cube, the
activities were not associated regardless of the brain region.
It would be expected that not only the general power mag-
nitude could be similar, but also that planning and execution
the task would demand similar patterns across participants.

Association between electrocortical activity and
real-world performance

Our results demonstrated that solving the Rubik’s cube, the
JLAP and the TOL tasks were significantly associated with
the EEG activity in specific brain regions at low-frequency
(Delta and Theta) bands. Solving the Rubik’s cube was
associated with the occipital EEG power at the delta band,
which may be related to the high demands for visuomotor
integration throughout the task. The JLAP task relied heav-
ily on visuospatial ability, which requires involvement of
the pre-frontal and frontal cortices, justifying the significant
association with the JLAP performance. Finally, the TOL
performance presented significant association with the EEG
power from the temporal lobe at the Theta and Delta bands,
demonstrating that planning abilities may be associated
with such EEG features. However, noteworthy that our cor-
relations were estimated using a limited number of points
(n=13), and further studies including a greater sample size
would be necessary to confirm our results.

Limitations and future work

The first limitation of this study is the relatively small
sample size (n=13), which limits the statistical power from
analyses of variances and Pearson’s correlations (Button et
al. 2013). Secondly, our sample included only young adult
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males, which restricts the generalizability of the results, as
research has shown that both sex and age can influence cog-
nitive performance and EEG signal characteristics (Gur and
Gur 2016; Hashemi et al. 2016). Finally, the allowance for
head movement during RC execution introduces potential
contamination from movement-related artifacts, which can
be difficult to fully eliminate in traditional EMG settings
(Oliveira et al. 2016, 2017; Richer et al. 2020). Regard-
ing future work, it is relevant to replicate these findings
in larger and more diverse cohorts, including females and
individuals with varying levels of experience. Longitudi-
nal studies assessing the impact of training on the neural
correlates of speed-cubing may provide further insight into
the neuroplasticity associated with complex visuomotor
skill acquisition. Moreover, incorporating complementary
neuroimaging modalities (e.g., fNIRS, MEG) may enhance
ecological validity and signal fidelity in future research.

Conclusion

In summary, our study demonstrated that several brain
regions (frontal, parietal, temporal and occipital) present
electrocortical activity that is associated with the electro-
cortical activity generated during planning/executing the
Rubik’s cube. There is no detectable difference in the power
spectrum generated when planning or solving the Rubik’s
cube, demonstrating that the planning phase of the speed-
cubing competition establishes a cognitive solving strategy
that will be “copied” during the execution phase. Moreover,
modest yet significant associations between electrocortical
activity and the performance of real-world tasks (RC-E,
JLAP and TOL) demonstrates that EEG features may have
potential to underpin progress in cognitive learning involv-
ing visuomotor and planning abilities.

Author contributions Study design: AO, CF, MJData collection/Anal-
ysis: AZ, CF, MJData interpretation drafting results: AZ, CF, AOM-
anuscript draft: AZ, AOAIl authors reviewed the manuscript.

Funding Open access funding provided by Aalborg University

Data availability No datasets were generated or analysed during the
current study.

Declarations
Competing interests The authors declare no competing interests.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format,
as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate
if changes were made. The images or other third party material in this

article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.o
rg/licenses/by/4.0/.

References

Amunts K, Schlaug G, Jancke L et al (1997) Motor cortex and hand
motor skills: structural compliance in the human brain. Hum
Brain Mapp 5:206-215. https://doi.org/10.1002/(SICI)1097-019
3(1997)5:3

Anderson JR (2015) Cognitive psychology and its implications, 8th
edn. Freemand/Worth, New York, NY, USA

Auriat AM, Neva JL, Peters S et al (2015) A review of transcranial
magnetic stimulation and multimodal neuroimaging to character-
ize post-stroke neuroplasticity. Front Neurol 6:226. https://doi.or
2/10.3389/FNEUR.2015.00226/BIBTEX

Babiloni C, Del Percio C, Vecchio F et al (2016) Alpha, beta and
gamma electrocorticographic rhythms in somatosensory, motor,
premotor and prefrontal cortical areas differ in movement execu-
tion and observation in humans. Clin Neurophysiol 127:641-654.
https://doi.org/10.1016/J.CLINPH.2015.04.068

Bastiaansen MCM, Posthuma D, Groot PFC, De Geus EJC (2002)
Event-related alpha and theta responses in a visuo-spatial work-
ing memory task. Clin Neurophysiol 113:1882—1893. https://doi.
org/10.1016/S1388-2457(02)00303-6

Button KS, Ioannidis JPA, Mokrysz C et al (2013) Power failure: why
small sample size undermines the reliability of neuroscience. Nat
Rev Neurosci 14:365-376. https://doi.org/10.1038/NRN3475;S
UBJMETA=340,369,370,42;KWRD=MOLECULAR+NEURO
SCIENCE

Campbell SM, Collaer ML (2009) Stereotype threat and gender dif-
ferences in performance on a novel visuospatial task. Psychol
Women Q 33:437-444. https://doi.org/10.1111/J.1471-6402.200
9.01521.X

Cannon J, Mccarthy MM, Lee S et al (2014) Neurosystems: brain
rhythms and cognitive processing. Eur J Neurosci 39:705. https:/
/doi.org/10.1111/EJN.12453

chi Huang S, Jin L, Zhang Y (2017) Step by step: Sub-goals as a source
of motivation. Organ Behav Hum Decis Process 141:1-15. https:
//doi.org/10.1016/J.OBHDP.2017.05.001

Dissanayake UC, Steuber V, Amirabdollahian F (2022) EEG spectral
feature modulations associated with fatigue in Robot-Mediated
upper limb gross and fine motor interactions. Front Neurorobot
15:192. https://doi.org/10.3389/FNBOT.2021.788494/BIBTEX

Domic-Siede M, Irani M, Valdés J et al (2021) Theta activity from
frontopolar cortex, mid-cingulate cortex and anterior cingulate
cortex shows different roles in cognitive planning performance.
Neurolmage 226:117557. https://doi.org/10.1016/J. NEUROIMA
GE.2020.117557

Duncan J, Emslie H, Williams P et al (1996) Intelligence and the fron-
tal lobe: the organization of Goal-Directed behavior. Cogn Psy-
chol 30:257-303. https://doi.org/10.1006/COGP.1996.0008

Eichelberger D, Calabrese P, Meyer A et al (2017) Correlation of
visuospatial ability and EEG slowing in patients with Parkinson’s
disease. https://doi.org/10.1155/2017/3659784. Parkinsons Dis
2017:

Engel AK, Fries P (2010) Beta-band oscillations — signalling the sta-
tus quo? Curr Opin Neurobiol 20:156—-165. https://doi.org/10.101
6/J.CONB.2010.02.015

@ Springer


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1002/(SICI)1097-0193(1997)5:3
https://doi.org/10.1002/(SICI)1097-0193(1997)5:3
https://doi.org/10.3389/FNEUR.2015.00226/BIBTEX
https://doi.org/10.3389/FNEUR.2015.00226/BIBTEX
https://doi.org/10.1016/J.CLINPH.2015.04.068
https://doi.org/10.1016/J.CLINPH.2015.04.068
https://doi.org/10.1016/S1388-2457(02)00303-6
https://doi.org/10.1016/S1388-2457(02)00303-6
https://doi.org/10.1038/NRN3475
https://doi.org/10.1111/J.1471-6402.2009.01521.X
https://doi.org/10.1111/J.1471-6402.2009.01521.X
https://doi.org/10.1111/EJN.12453
https://doi.org/10.1111/EJN.12453
https://doi.org/10.1016/J.OBHDP.2017.05.001
https://doi.org/10.1016/J.OBHDP.2017.05.001
https://doi.org/10.3389/FNBOT.2021.788494/BIBTEX
https://doi.org/10.1016/J.NEUROIMAGE.2020.117557
https://doi.org/10.1016/J.NEUROIMAGE.2020.117557
https://doi.org/10.1006/COGP.1996.0008
https://doi.org/10.1155/2017/3659784
https://doi.org/10.1016/J.CONB.2010.02.015
https://doi.org/10.1016/J.CONB.2010.02.015

155 Page 10 of 11

Experimental Brain Research (2025) 243:155

Espenhahn S, van Wijk BCM, Rossiter HE et al (2019) Cortical beta
oscillations are associated with motor performance following
visuomotor learning. Neurolmage 195:340. https://doi.org/10.10
16/JNEUROIMAGE.2019.03.079

Floyer-Lea A, Matthews PM (2004) Changing brain networks for
visuomotor control with increased movement automaticity. J
Neurophysiol 92:2405-2412. https://doi.org/10.1152/JN.01092.2
003/ASSET/IMAGES/LARGE/Z9K0070439191005.JPEG.

Gevins A, Smith ME (2000) Neurophysiological measures of work-
ing memory and individual differences in cognitive ability and
cognitive style. Cereb Cortex 10:829-839. https://doi.org/10.10
93/cercor/10.9.829

GoCube (2021) Rubik’s Cube World Records of 2021. https://getgocu
be.com/play/world-records-2021/ Assessed 22/04/2025

Gur RE, Gur RC (2016) Sex differences in brain and behavior in ado-
lescence: findings from the Philadelphia neurodevelopmental
cohort. Neurosci Biobehav Rev 70:159—170. https://doi.org/10.1
016/JNEUBIOREV.2016.07.035

Hallett M, DelRosso LM, Elble R et al (2021) Evaluation of movement
and brain activity. Clin Neurophysiol 132:2608-2638. https://doi
.org/10.1016/J.CLINPH.2021.04.023

Hashemi A, Pino LJ, Moffat G et al (2016) Characterizing population
EEG dynamics throughout adulthood. https://doi.org/10.1523/EN
EURO.0275-16.2016. eNeuro 3:

Holden MP, Hampson E (2014) Categorical Bias in line angle judg-
ments: sex differences and the use of multiple categories. Spat
Cognition Compuation 14:199-219. https://doi.org/10.1080/138
75868.2014.915844

Jadidi AF, Jensen W, Zarei AA et al (2023) From pulse width modu-
lated TENS to cortical modulation: based on EEG functional con-
nectivity analysis. Front Neurosci 17:1-10. https://doi.org/10.33
89/fnins.2023.1239068

Jensen O, Gelfand J, Kounios J, Lisman JE (2002) Oscillations in the
alpha band (9-12 Hz) increase with memory load during reten-
tion in a short-term memory task. Cereb Cortex 12:877-882. http
s://doi.org/10.1093/cercor/12.8.877

Jung JY, Cho HY, Kang CK (2020) Brain activity during a working
memory task in different postures: an EEG study. Ergonomics
63:1359-1370. https://doi.org/10.1080/00140139.2020.178446
7;REQUESTEDJOURNAL:JOURNAL:TERG20

Kanfer R, Ackerman PL (1989) Motivation and cognitive abilities: an
integrative/aptitude-treatment interaction approach to skill acqui-
sition. J Appl Psychol 74:657-690. https://doi.org/10.1037/0021
-9010.74.4.657

Kilavik BE, Zaepffel M, Brovelli A et al (2013) The ups and downs of
beta oscillations in sensorimotor cortex. Exp Neurol 245:15-26.
https://doi.org/10.1016/j.expneurol.2012.09.014

Korf RE (1997) Finding optimal solutions to Rubik’s cube using pat-
tern databases. In: Proceedings of the National Conference on
Artificial Intelligence. pp 700-705

Liu S, Poh J-H, Koh HL et al (2018) Carrying the past to the future:
distinct brain networks underlie individual differences in human
Spatial working memory capacity. Neurolmage 176:1-10. https:/
/doi.org/10.1016/j.neuroimage.2018.04.014

Machado TC, Carregosa AA, Santos MS et al (2019) Efficacy of motor
imagery additional to motor-based therapy in the recovery of
motor function of the upper limb in post-stroke individuals: a sys-
tematic review. Top Stroke Rehabil 26:548-553. https://doi.org/1
0.1080/10749357.2019.1627716

Marshall AC, Cooper N, Rosu L, Kennett S (2018) Stress-related
deficits of older adults’ Spatial working memory: an EEG investi-
gation of occipital alpha and frontal-midline theta activities. Neu-
robiol Aging 69:239-248. https://doi.org/10.1016/j.neurobiolagi
ng.2018.05.025

Meinz EJ, Hambrick DZ, Leach JJ, Boschulte PJ (2023) Ability and
nonability predictors of Real-World skill acquisition: the case of

@ Springer

Rubik’s cube solving. J Intell 2023 11:18. https://doi.org/10.3390
/JINTELLIGENCE11010018

Memozor (2021) Memozor. https://www.memozor.com/memory-gam
es/for-adults

Miller KJ, Schalk G, Fetz EE et al (2010) Cortical activity during
motor execution, motor imagery, and imagery-based online feed-
back. Proc Natl Acad Sci U S A 107:4430-4435. https://doi.org/1
0.1073/pnas.0913697107

Neuper C, Wortz M, Pfurtscheller G (2006) ERD/ERS patterns reflect-
ing sensorimotor activation and deactivation. Prog Brain Res
159:211-222. https://doi.org/10.1016/S0079-6123(06)59014-4

Oberauer K, Lewandowsky S (2019) Simple measurement models for
complex Working-Memory tasks. Psychol Rev 126:880-932. htt
ps://doi.org/10.1037/REV0000159

Oliveira AS, Schlink BR, Hairston WD et al (2016) Induction and sep-
aration of motion artifacts in EEG data using a mobile Phantom
head device. J Neural Eng 13. https://doi.org/10.1088/1741-256
0/13/3/036014

Oliveira AS, Schlink BR, Hairston WD et al (2017) A channel rejec-
tion method for attenuating motion-related artefacts in EEG
recordings during walking. Front Neurosci 11:225. https://doi.o
rg/10.3389/fnins.2017.00225

Owen AM, Doyon J, Pedtrides M, Evans AC (1996) Planning and Spa-
tial working memory: a positron emission tomography study in
humans. Eur J Neurosci 8:353-364. https://doi.org/10.1111/J.146
0-9568.1996.TB01219.X

Palva JM, Palva S, Kaila K (2005) Phase synchrony among neuronal
oscillations in the human cortex. J Neurosci 25:3962-3972. https
://doi.org/10.1523/JNEUROSCI.4250-04.2005

Pfurtscheller G, Lopes da Silva FH (1999) Event-related EEG/MEG
synchronization and desynchronization: basic principles. Clin
Neurophysiol 110:1842-1857

Richer N, Downey RJ, Hairston WD et al (2020) Motion and muscle
artifact removal validation using an electrical head Phantom,
robotic motion platform, and dual layer mobile EEG. IEEE Trans
Neural Syst Rehabil Eng 28:1825-1835. https://doi.org/10.1109/
TNSRE.2020.3000971

Rueda-Delgado LM, Heise KF, Daffertshofer A et al (2019) Age-
related differences in neural spectral power during motor learn-
ing. Neurobiol Aging 77:44-57. https://doi.org/10.1016/j.neurob
iolaging.2018.12.013

Sidhu A, Cooke A (2021) Electroencephalographic neurofeedback
training can decrease conscious motor control and increase
single and dual-task psychomotor performance. Exp Brain Res
239:301-313. https://doi.org/10.1007/S00221-020-05935-3/FIG
URES/4

Stolbkov YK, Moshonkina TR, Orlov IV et al (2019) The neurophysio-
logical correlates of real and imaginary locomotion. Hum Physiol
45:104-114. https://doi.org/10.1134/S0362119719010146

Tzagarakis C, Ince NF, Leuthold AC, Pellizzer G (2010) Beta-Band
activity during motor planning reflects response uncertainty. J
Neurosci 30:11270-11277. https://doi.org/10.1523/INEUROSC
1.6026-09.2010

Tzagarakis C, West S, Pellizzer G (2015) Brain oscillatory activity
during motor preparation: effect of directional uncertainty on
beta, but not alpha, frequency band. Front Neurosci 9:246. https:/
/doi.org/10.3389/fnins.2015.00246

Unterrainer JM, Owen AM (2006) Planning and problem solving:
from neuropsychology to functional neuroimaging. J Physiology-
Paris 99:308-317. https://doi.org/10.1016/J.JPHY SPARIS.2006.
03.014

Weis PP, Wiese E (2019) Problem solvers adjust cognitive offloading
based on performance goals. Cogn Sci 43:¢12802. https://doi.org
/10.1111/COGS.12802;JOURNAL:JOURNAL:15516709;WGR
OUP:STRING:PUBLICATION


https://doi.org/10.3390/JINTELLIGENCE11010018
https://doi.org/10.3390/JINTELLIGENCE11010018
https://www.memozor.com/memory-games/for-adults
https://www.memozor.com/memory-games/for-adults
https://doi.org/10.1073/pnas.0913697107
https://doi.org/10.1073/pnas.0913697107
https://doi.org/10.1016/S0079-6123(06)59014-4
https://doi.org/10.1037/REV0000159
https://doi.org/10.1037/REV0000159
https://doi.org/10.1088/1741-2560/13/3/036014
https://doi.org/10.1088/1741-2560/13/3/036014
https://doi.org/10.3389/fnins.2017.00225
https://doi.org/10.3389/fnins.2017.00225
https://doi.org/10.1111/J.1460-9568.1996.TB01219.X
https://doi.org/10.1111/J.1460-9568.1996.TB01219.X
https://doi.org/10.1523/JNEUROSCI.4250-04.2005
https://doi.org/10.1523/JNEUROSCI.4250-04.2005
https://doi.org/10.1109/TNSRE.2020.3000971
https://doi.org/10.1109/TNSRE.2020.3000971
https://doi.org/10.1016/j.neurobiolaging.2018.12.013
https://doi.org/10.1016/j.neurobiolaging.2018.12.013
https://doi.org/10.1007/S00221-020-05935-3/FIGURES/4
https://doi.org/10.1007/S00221-020-05935-3/FIGURES/4
https://doi.org/10.1134/S0362119719010146
https://doi.org/10.1523/JNEUROSCI.6026-09.2010
https://doi.org/10.1523/JNEUROSCI.6026-09.2010
https://doi.org/10.3389/fnins.2015.00246
https://doi.org/10.3389/fnins.2015.00246
https://doi.org/10.1016/J.JPHYSPARIS.2006.03.014
https://doi.org/10.1016/J.JPHYSPARIS.2006.03.014
https://doi.org/10.1111/COGS.12802
https://doi.org/10.1111/COGS.12802
https://doi.org/10.1016/J.NEUROIMAGE.2019.03.079
https://doi.org/10.1016/J.NEUROIMAGE.2019.03.079
https://doi.org/10.1152/JN.01092.2003/ASSET/IMAGES/LARGE/Z9K0070439191005.JPEG
https://doi.org/10.1152/JN.01092.2003/ASSET/IMAGES/LARGE/Z9K0070439191005.JPEG
https://doi.org/10.1093/cercor/10.9.829
https://doi.org/10.1093/cercor/10.9.829
https://getgocube.com/play/world-records-2021
https://getgocube.com/play/world-records-2021
https://doi.org/10.1016/J.NEUBIOREV.2016.07.035
https://doi.org/10.1016/J.NEUBIOREV.2016.07.035
https://doi.org/10.1016/J.CLINPH.2021.04.023
https://doi.org/10.1016/J.CLINPH.2021.04.023
https://doi.org/10.1523/ENEURO.0275-16.2016
https://doi.org/10.1523/ENEURO.0275-16.2016
https://doi.org/10.1080/13875868.2014.915844
https://doi.org/10.1080/13875868.2014.915844
https://doi.org/10.3389/fnins.2023.1239068
https://doi.org/10.3389/fnins.2023.1239068
https://doi.org/10.1093/cercor/12.8.877
https://doi.org/10.1093/cercor/12.8.877
https://doi.org/10.1080/00140139.2020.1784467
https://doi.org/10.1080/00140139.2020.1784467
https://doi.org/10.1037/0021-9010.74.4.657
https://doi.org/10.1037/0021-9010.74.4.657
https://doi.org/10.1016/j.expneurol.2012.09.014
https://doi.org/10.1016/j.expneurol.2012.09.014
https://doi.org/10.1016/j.neuroimage.2018.04.014
https://doi.org/10.1016/j.neuroimage.2018.04.014
https://doi.org/10.1080/10749357.2019.1627716
https://doi.org/10.1080/10749357.2019.1627716
https://doi.org/10.1016/j.neurobiolaging.2018.05.025
https://doi.org/10.1016/j.neurobiolaging.2018.05.025

Experimental Brain Research (2025) 243:155

Page 11 0of 11 155

Zaepftel M, Trachel R, Kilavik BE, Brochier T (2013) Modulations
of EEG Beta power during planning and execution of grasping
movements. PLoS ONE 8:e60060. https://doi.org/10.1371/JOUR
NAL.PONE.0060060

ZareiAA,Jensen W, FaghaniJadidiAetal (2022) Gamma-band enhance-
ment of functional brain connectivity following transcutaneous

electrical nerve stimulation. J Neural Eng 19:026020. https://doi.
org/10.1088/1741-2552/ac59al

Publisher’s note Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.

@ Springer


https://doi.org/10.1088/1741-2552/ac59a1
https://doi.org/10.1088/1741-2552/ac59a1
https://doi.org/10.1371/JOURNAL.PONE.0060060
https://doi.org/10.1371/JOURNAL.PONE.0060060

	﻿The electrocortical activity of elite Rubik’s cube athletes while solving the cube
	﻿Abstract
	﻿Introduction
	﻿Methods
	﻿Participants
	﻿Experimental design
	﻿Tower of London (TOL)
	﻿JLAP
	﻿Memory match (MEM)
	﻿Cube manipulation (FMS)


	﻿Solving the Rubik’s cube
	﻿Electroencephalographic and head acceleration recordings
	﻿EEG data analysis
	﻿Statistical analysis
	﻿Results
	﻿Association between different conditions (brain areas)
	﻿Task-related differences in electrocortical dynamics (EEG power normalized to resting EEG)
	﻿Association between task performance and brain activity

	﻿Discussion
	﻿Electrocortical dynamics in specific cognitive tasks
	﻿Planning vs. executing the Rubik’s cube
	﻿Association between electrocortical activity and real-world performance
	﻿Limitations and future work

	﻿Conclusion
	﻿References


