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Abstract

Advances in wireless electroencephalography (EEG) technology promise to record brain-electrical activity in everyday
situations. To better understand the relationship between brain activity and natural behavior, it is necessary to monitor
human movement patterns. Here, we present a pocketable setup consisting of two smartphones to simultaneously capture
human posture and EEG signals. We asked 26 basketball players to shoot 120 free throws each. First, we investigated
whether our setup allows us to capture the readiness potential (RP) that precedes voluntary actions. Second, we investi-
gated whether the RP differs between successful and unsuccessful free-throw attempts. The results confirmed the presence
of the RP over fronto-central channels, with significant negative deflection at channel Cz, from—400 to 0 ms before move-
ment onset (M+SE: — 6.54+2.26 to — 13.52+2.42 pV; z=— 2.53 to — 3.92; FDR-corrected p=0.049 to 0.003; »=0.50 to
0.77). However, the amplitude of the RP was not related to shooting success (all FDR-corrected p>0.05; maximum mean
R2=0.047, i.e., 4.7% explained variance). Preliminary exploratory pose analysis conducted offline indicated the presence
of participant-specific variations in posture between successful and unsuccessful shots in 38.5% of participants (10/26),
with 4.5% explained variance (maximum mean landmark R2=0.045). We conclude that a highly portable, low-cost and
lightweight acquisition setup, consisting of two smartphones and a head-mounted wireless EEG amplifier, is sufficient to
monitor complex human movement patterns and associated brain dynamics outside the laboratory.
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Introduction

Technical limitations typically restrict non-invasive func-
tional brain research to stationary, controlled recording
conditions. Methods such as functional magnetic resonance
imaging (fMRI) and magnetoencephalography (MEG) are
particularly sensitive to head movement, and electroen-
cephalography (EEG) recordings are also susceptible to
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developments, such as advancements in wireless amplifiers,
lightweight recording hardware, synchronization techniques
and signal processing methods, have increasingly enabled
EEG and functional near-infrared spectroscopy (fNIRS)
to be adapted for mobile and real-world applications. This
makes it easier to study the brain outside the laboratory
(Boere et al. 2024; Debener et al. 2012, 2015; Bleichner and
Debener 2017; Gramann et al. 2011; Moffat et al., 2023).
The usability of mobile EEG has been demonstrated in
various whole-body movement scenarios, such as walking
(Debener et al. 2012; De Vos et al. 2014; Jacobsen et al.
2022; Straetmans et al. 2022, 2024), cycling (Scanlon et al.
2019; Zink et al. 2016), skateboarding (Robles et al. 2021;
Callan et al. 2024), slacklining (Papin et al. 2024), and even
freestyle swimming (Klapprott and Debener 2024). These
studies were able to record brain-electrical activity reflect-
ing sensory, cognitive and motor functions. As these pro-
cesses also play an important role in athletic performance
(Baumeister et al. 2008; Bertollo et al. 2016; Cheron et al.
2016; Crews and Landers 1993; Hunt et al. 2013; Tan et al.
2019), several groups have started to investigate the neu-
ral dynamics underlying athletic performance using mobile
EEG (Park et al. 2015; Schiring et al. 2023).

Complex motor skills play a significant role in the life
course of individuals (Espenhahn et al. 2019; Etnier et al.
1996; Veldman et al. 2018). Whereas closed skill sports
involve actions directed toward stable and predictable
stimuli, open skill sports involve activities directed toward
stimuli in unpredictable and dynamic environments (Gu et
al. 2019). Exercise neuroscience research categorizes bas-
ketball as involving goal-directed skills, including target-
specific motor skills, because it requires the execution of
precise movements directed toward a specific target loca-
tion, namely the basket. Evidently, throwing a basketball
toward a target requires a highly precise sequence of move-
ments (Cheng et al. 2015a, b, Chang et al. 2022, Feng et
al. 2023, O'Brien et al. 2017, Qiu et al. 2019, Shi and Feng
2022). To date, studies have analyzed brain function during
free-throw shooting using simulated basketball scenarios
or stationary conditions (Chien-Ting et al., 2007; Chuang
et al. 2013; Keshvari et al. 2023; Kanatschnig et al. 2023;
Moscaleski et al. 2022; Ramezanzade et al. 2023; Robin et
al. 2019).

EEG can capture several neural markers relevant to
movement, including oscillatory dynamics (e.g. gait-cycle-
related modulations of alpha- and beta-band power; Gwin et
al. 2011), event-related potentials (Debener et al. 2012), and
movement-related cortical potentials (Shibasaki and Hallett
2006). Among these markers, the readiness potential (RP)
is particularly relevant for the preparatory phase of volun-
tary movement and can therefore be analyzed before large
movement artifacts dominate the EEG signal. The RP is a
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slow negative shift in brain-electrical activity that precedes
voluntary, self-initiated movements and reflects cortical
brain activity involved in the preparation of a motor action
(Kornhuber and Deecke 1965). Functionally, the RP origi-
nates in the frontal cortex and has been associated with skill
acquisition and decision making (Lui et al. 2021; Mann et
al. 2011; Nann et al. 2019; Vogt et al. 2017). Studies relating
the RP to target motor skills have found greater RP ampli-
tude in professionals compared to amateurs (Mann et al.
2011; Vogtetal. 2017). As the RP occurs during the prepara-
tion or planning phase of a movement, it might be expected
to be related to movement efficiency and performance.
However, most RP studies have not investigated complex
human behavior, but rather isolated finger button presses
(Schurger et al. 2021). One exception is a study that identi-
fied the RP before bungee jumping and jumping from 1-m
height, but motor performance was not assessed (Nann et al.
2019). No previous report compared the RP for successful
and unsuccessful basketball shots. Other studies have evalu-
ated basketball shooting performance using motion sensors
(Kuhlman and Min 2021; Lian et al. 2021; Shankar et al.
2018), body position capture (Ji 2020), ball trajectory analy-
sis (Zhao et al. 2022), and personality traits (Siemon and
Wessels 2023), partially under laboratory conditions.

The concept of mobile brain/body imaging (MoBI) aims
to study human brain activity and motor behavior in natural-
istic environments (Gramann et al. 2011). While the simul-
taneous recording of brain-electrical activity and complex
whole-body motion patterns promises a more comprehen-
sive understanding of natural human behavior (Debener et
al. 2012; Ladouce et al. 2016; Makeig et al. 2009; Jung-
nickel et al. 2019), many studies in this area typically use
virtual reality and stationary motion capture technologies,
which may however compromise the mobility of the device
and participants (Bateson et al. 2017). These considerations
highlight the need for integrated brain—body measurements
in which neural activity is recorded together with concurrent
movement signals during natural behavior. Here, we report
a novel, portable and low-cost approach to simultaneously
record EEG and human whole-body actions on smartphones
outside of the laboratory. We examined cortical motor prep-
aration for basketball free-throws by combining wireless
EEG, an offline artificial intelligence (Al) based real-time
pose detection, and a wrist-worn inertial measurement unit
(IMU). First, we investigated whether the setup enables the
detection of the RP prior to movement onset during bas-
ketball free-throws. Second, we tested whether the RP or
human pose markers could differentiate between success-
ful (hits) and unsuccessful (misses) basketball shots. This
proof-of-principle study aims to demonstrate the feasibility
of combining mobile EEG and smartphone-based human
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pose tracking for future brain—body research in naturalistic
settings.

Materials and methods
Participants

26 right-handed, healthy participants (3 female, 23 male)
participated in this study. Participants performed basket-
ball free-throws while their brain activity and movement
patterns were recorded. Participants’ ages ranged from 18
to 32 years (M=25.88 years, SD=4.19 years). They were
recruited via the bulletin board of the online campus sys-
tem of the Oldenburg University, mailing lists, personal
contacts, social media, newspapers as well as by contact-
ing regional sports clubs. They all reported having at least
3 years of experience as basketball players and played the
sport regularly (at least twice per week). All participants
reported normal or corrected to normal vision. The speci-
fications of the basketball profile for all participants can be
found in Supplementary Table 1. Exclusion criteria were
neurological disease, drug use, alcohol consumption prior
to the day of the examination, and use of any medication.
Volunteers provided their written informed consent prior to
participation, and were compensated with 10€/h. The exper-
iment was conducted according to the tenets of the 1964
Declaration of Helsinki and with the approval of the ethics
committee of the University of Oldenburg (approval num-
ber: Drs.EK/2023/087).

In the absence of comparable prior research, an approxi-
mate estimate based on a statistical power calculation was
performed to determine the appropriate sample size using
G*Power (version: 3.1.9.7, RRID: SCR_013726, Germany)
(Faul et al. 2007). The power calculation was made based
on the statistical procedures that would be implemented. A
moderate effect size (d=0.5), an alpha error of a=0.05, and
a power of 1-3=0.8 indicated that a minimum sample size
of 21 participants was required.

Materials

The data collection took place on the basketball court in the
hall of the Institute for Sports Science Center of the Univer-
sity of Oldenburg and once on the training facilities of the
EWE Baskets Oldenburg.

We used two camera tripods (CT-10 SmallRig, Shen-
zhen, China) with two Android smartphones. One smart-
phone (Samsung Galaxy S21 FE 5G, model SM-G990B2/
DS, Android version 14, Suwon, South Korea) was used for
wireless mobile EEG and video recording with the Smart-
ing Pro application from mBrainTrain, Belgrade, Serbia

(version 3.2). The second phone (Samsung Galaxy S21 FE
5G, model SM-G990B2/DS, Android version 14, Suwon,
South Korea) was used for the simultaneous real-time
motion tracking with the Pose Landmark Detection (PLD)
(Bazarevsky et al. 2020) from MediaPipe studio (Lugaresi
et al. 2019). MediaPipe's embedded PLD uses a series of
convolutional neural networks to recognize human pose
landmarks in real-time, facilitating full-body human motion
tracking. The algorithm determines the position of 33 pose
landmarks on 2D video data. These landmarks are described
in cartesian coordinates. The basic data unit of these coordi-
nates is a packet, which consists of a value class with their
own numeric timestamp. They were recorded through Lab
Streaming Layer (LSL; Kothe et al. 2024) at a sampling rate
of 15 Hz using the customized standalone Android PLD app
version 1.1 (Haupt et al. 2026). The results of on-device
real-time body pose tracking research have been used in fit-
ness tracking (Bazarevsky et al. 2020), attention monitoring
(Hossen and Uddin 2023), real-time location of acupuncture
point location (Malekroodi et al. 2024), and social interac-
tion (Figari et al. 2024). In this study, we used PLD to record
motion in natural settings along with EEG.

EEG data were measured with a head-worn EEG Smart-
ing Pro (mBrainTrain, Beograd, Serbia) system with 32
channels (at the 10-20 sites F3, F4, C3, C4, P3, P4, Ol,
02, F7, F8, T7, T8, P7, P8, Fz, Cz, Pz, POz, FC1, FC2,
CP1, CP2, FC5, FC6, CP5, CP6, TP9, TP10), sending sig-
nals wirelessly via bluetooth 5.0. Reference and ground
electrodes for the EEG system were placed at FCz and AFz,
respectively. Impedances were checked before the record-
ing, and were kept below 20kQ using an electrolyte gel
(Abralyt HiCl, Easy-cap GmbH, Hersching, Germany). The
amplifier was attached to the back of the cap, positioned
below electrodes O1 and O2 and secured with an elastic
headband. EEG data and video data were recorded by the
same smartphone using the SmartingPro app at a sampling
rate of 250 Hz. Head movements were additionally recorded
with an inertial measurement unit (IMU) integrated into the
EEG amplifier, consisting of 3D accelerometer, gyroscope
and quaternions. The smartphones were placed on tripods at
a distance of at least 2 m from the participant.

Motion sensor signals (accelerometer, gyroscope, and
magnetometer) were also recorded by a small, lightweight
IMU (Movella Dot, Movella Inc., 2023, model Polar
OH1+. Bluetooth 5.0, version 2023.6.1, Nevada, USA)
attached to the right wrist with a wrist strap. The LSL Senda
Android app version 1.0.7 (Blum et al. 2021; Haupt et al.
2026) received the derived data via Bluetooth and streamed
them into the local area network at a sampling rate of 60 Hz.

EEG data, PLD data, and motion sensor IMU signals
were synchronized using the Android LSL Recorda app ver-
sion 1.0.00.9 (Blum et al. 2021; Haupt et al. 2026). Data
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were stored in a single Extensible Data Format (XDF) file.
The first smartphone independently recorded EEG signals.
The second smartphone recorded both PLD and motion sen-
sor signals, while running Senda and Recorda apps in the
background on that same device.

Procedure

Participants silently performed continuous free-throws at
their own pace, following the general rules of basketball.
The shooters took their place at the free-throw line, which
was 4.6 m away from the basket. After EEG preparation,
participants had 5 min of familiarization before the task.
They took a total of 120 shots in 6 blocks, 20 shots per
block, with a 1-min break in between to reduce the risk of
fatigue and loss of concentration. Participants were asked
to perform free-throw shooting with the following instruc-
tion: "Prepare for your shot and take your time, then you can
shoot whenever you are ready. Do your best!". Participants
were not allowed to dribble or bounce the ball between
shots. They were encouraged to prepare for their shot before
taking it, so that they were all set up and ready to shoot just
before the action. The precise timing of the preparation pro-
cess was not controlled in order to ensure that the protocol
remained as natural as possible. An experimenter handed
the basketball to the participant. In total, the recording ses-
sions, including preparation and follow-up, lasted approxi-
mately 90 min. With the explicit consent of the participants,
PLD video recordings were made from the lateral profile
of the dominant hand (right side, as all participants were
right-handed) as well as from the back of all participants.
A schematic of the setup is shown in Fig. 1, a visualization
of the actual recording setup is shown in a supplementary
video (Online Resource 1).

Fig. 1 Pocketable setup for
basketball free-throw shooting.
Two tripods are used to keep two Signal
Android smartphones in fixed posi-
tions. One smartphone wirelessly
receives EEG data recorded along
with video recordings from the
same phone (Smarting Pro app).
The second smartphone captures
human motion in real-time (Medi-
aPipe Pose Landmark Detection
app). A single Movella DOT sensor
placed at the right wrist streams
IMU signals. LSL Senda and LSL
Recorda Android apps manage
time-synchronous acquisition of all
sensor streams
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EEG data analysis

The study combined EEG, PLD, and IMU streams with dif-
ferent sampling rates. As a first step, we used the Matlab
function load xdf() with automatic dejittering configura-
tion to handle small timing discrepancies. Since the primary
focus of the analysis was on the EEG data, to align the PLD
and accelerometer data with the EEG timestamps, a linear
interpolation method (Matlab function interpi()) was used
with the EEG timestamps as query points. This method
resulted in an effectively upsampled PLD and accelerom-
eter data time series with the same time stamps as the EEG
data time series. Despite the initial temporal alignment of
the data streams provided by LSL during recording, dis-
crepancies may still remain due to varying sampling rates
and device-specific timing. These differences can result in
uneven frame counts and misaligned timestamps between
data streams. We addressed this challenge within the data
preprocessing stage described before using EEG time series
as the reference. Thus, this procedure ensured precise tem-
poral alignment with the EEG data without altering the
inherent properties of the other signals.

Onset detection

To analyze the RP, we first identified a prominent marker
of single basketball shots using PLD signals. Specifically,
the raising of the right hand above the eye level was used,
which is referred to as the “set-point” when players are
engaged in a shot (Brancazio 1981; Penner 2021). There-
fore, we identified the intersection of the PLD right eye and
right wrist y-coordinates. This artificial onset did not indi-
cate the onset of the movement but rather served as a time
reference for each individual shot. The set-point detection is
illustrated in Supplementary Fig. 1. From the set-point, the
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onset of movement was determined backwards in time by a
trial-by-trial reverse computation procedure. To do this, we
first determined the mean magnitude of the acceleration sig-
nal in the baseline period (from — 2500 ms to — 2000 ms),
during which participants stood steadily without signifi-
cant movement. A threshold for movement onset was then
defined as the baseline mean plus one standard deviation
(SD). The algorithm stepped through the signal sample by
sample, indicating movement onset as the last sample below
the threshold (Verbaarschot et al. 2015). The corresponding
time point was then used to epoch the EEG data and was
defined as 0 ms latency or movement onset. A visualization
of this method is shown in Supplementary Fig. 2.

EEG preprocessing

EEG data were processed using EEGLAB (version 2023.0)
(Delorme and Makeig 2004) and custom Matlab scripts
(The MathWorks, Inc. 2023; Natick, MA, USA, version
9.9.0 2023b). An overview of the processing steps is pro-
vided in Supplementary Fig. 3.

First, channels exceeding a root mean square (RMS)
(Kenney and Keeping 1962) of more than one SD above the
channel mean RMS were flagged as bad and rejected. The
data were high-pass filtered at 2 Hz (order 415) and low-
pass filtered at 30 Hz (order 111) using zero-phase finite
impulse response (FIR) filters (pop eegfiltnew()). The data
were then epoched from — 2.5 to 0 s (from baseline onset
to movement onset) for artifact attenuation. Epochs with
strong artifacts were identified using a probability function
(pop_jointprob() with SD=5). An extended infomax inde-
pendent component analysis (ICA) was then applied, and
the resulting ICA weights were applied to the unfiltered,
continuous raw data.

Second, continuous raw data were filtered at 0.2 Hz
(order 4127) and 10 Hz (order 331) using FIR filters (pop
eegfiltnew()). The filtered data were epoched from — 2.5 to
1 s relative to movement onset and baseline corrected (from
—2.5to— 2 s). Independent components were automatically
labeled as containing artifacts using ICLabel (version 1.3)
(Pion-Tonachini et al. 2019). Bad components were iden-
tified if they exceeded a threshold of 90% for 'heart' and
'line noise' artifacts, and 30% for 'muscle’, 'eye', 'channel
noise', or 'other' (functions pop_iclabel(), pop icflag(), and
pop_viewprops()). The corresponding component activities
were then removed from the data by joint back-projection
of all remaining component activities. Remaining artifact
epochs were rejected (pop_jointprob() with SD=3). Spheri-
cal interpolation was then used to replace rejected channel
data (pop_interp()). Finally, the data were referenced to
electrodes TP9 and TP10 (pop_reref()) and averaged across
trials to obtain the RP. Note that the period after movement

onset may have contained residual movement artifacts. The
focus of the artifact processing pipeline was to obtain a
clean pre-movement period as required for RP evaluation.
Detailed results of the data lost during EEG preprocessing
can be found in Supplementary Table 2.

Parameterization and analysis of ERP components

On average, 12% of the recorded epochs were discarded,
resulting in a mean of 103 remaining trials per participant
for averaging (range between 97 and 113 for each partici-
pant). The RP was obtained by averaging across trials and
statistically evaluated at (fronto-)central channels Cz, C3,
C4, Fz, FC1, and FC2 in the pre-movement phase from
— 1500 to 0 ms.

The RP was parameterized by averaging amplitude val-
ues in 100 ms bins from — 1500 to 0 ms. This resulted in
15 features per participant. The time interval after move-
ment onset (from 0 to 1000 ms) was included for visualiza-
tion purposes only and was not included in the statistical
analysis.

Statistical analysis

Statistical analyses were performed using custom Matlab
scripts. The alpha level of significance was set at 0.05 for all
statistical tests. The Shapiro—Wilk test assessed the normal-
ity of the ERP amplitude distributions in each bin (Shapiro
and Wilk 1965). Where appropriate, the False Discovery
Rate (FDR) correction was applied to control for multiple
comparisons (Benjamini and Hochberg 1995).

Movement onset validation

To statistically evaluate the wrist-worn accelerometer-based
movement onset detection procedure, we assessed whether
the 33 body landmarks indicated movement onset at that time
(i.e., the acceleration magnitude at 0 ms minus the accelera-
tion magnitude of the previous sample). The magnitude of
acceleration of each body part was calculated and evaluated
at the single-subject level by performing Wilcoxon signed-
rank tests against zero (Wilcoxon 1945). A correction for
multiple comparisons was applied across body parts within
participants. Binomial tests were used to explore whether a
significant number of participants showed an effect (Com-
brission and Jerbi, 2015).

Presence of the RP
The presence of RP across subjects was evaluated using

t-tests on preselected channels and for all time bins cover-
ing the interval from — 1500 to 0 ms. Correction for multiple
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comparisons was applied across channels and time intervals.
This analysis identified several time bins confirming the RP,
and for these time bins we subsequently evaluated condition
effects, i.e., whether a difference in RP could be observed
for successful versus unsuccessful trials.

Relationship between RP amplitudes and performance

To test whether RP differs between successful and unsuc-
cessful free-throw shots at the single-subject level, we eval-
uated trial-by-trial fluctuations in single-trial amplitudes
using point bi-serial correlation. A label vector (hits=1,
misses=0) was correlated with the single-trial amplitudes.
For each time bin and participant, a measure of explained
variance was obtained by squaring the resulting correla-
tion coefficients (R?). This analysis was performed on the
(fronto-) central channels only and explored whether single-
trial amplitudes are systematically different between suc-
cessful and unsuccessful shots. The False Discovery Rate
(FDR) correction method was applied to control for mul-
tiple comparisons across time intervals and channels (Ben-
jamini and Hochberg 1995).

Relationship between human pose and performance

The point bi-serial correlation analysis approach was also
applied to the PLD motion data, again on a single-subject,
trial-by-trial level. For each trial per participant, a label vec-
tor (hits=1, misses=0) was created and correlated with the
X, y, and z coordinates of the body landmarks (represent-
ing the 33 body parts) at 100 ms intervals. For each time
interval and participant, a measure of explained variance
was obtained by squaring the resulting correlation coef-
ficients (R%). The time range for this analysis covered the
interval from — 2500 ms to 1000 ms. Thus, we examined

Fig.2 Root mean square (RMS)
of acceleration magnitude over
time across body parts. Results of
binomial test for all participants
were conducted to identify time
intervals and body landmarks
where the observed RMS accelera-
tion, computed in 10 ms windows,
significantly deviated in relation-
ship with the movement onset. The
black dotted line marks the “set-
point” (eye-wrist intersection) as a
time reference. The vertical dashed
line (red) represents the movement
onset (time 0). Body parts with
significant movement at wrist-
accelerometer movement onset are
indicated by white stars (p<0.05,
FDR corrected)
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the relationship between human pose and shooting perfor-
mance. The False Discovery Rate (FDR) correction method
was applied to control for multiple comparisons across time
intervals and body landmarks (Benjamini and Hochberg
1995).

Results
Movement onset validation

For each participant, Wilcoxon signed-rank tests were used
to determine which body parts showed a significant amount
of motion at the accelerometer-based movement onset (time
0). A binomial test was used to determine whether the pro-
portion of participants showing significant movement in
each body part was significantly above chance level. We
found significant movement across participants in the left
index, left pinky, left thumb, left wrist, right index, right
pinky, right thumb, right wrist (»p<0.05%). A visual repre-
sentation is shown in Fig. 2.

Presence of the RP

At the group-mean level, there was clear evidence for RP
event-related potential, with both the topography and the
morphology of the signal being similar to previous reports
of the RP. At the individual level, variability in RP mor-
phology and topography was evident. While the majority
showed a clean representation of the RP, the influence of
residual artifacts cannot be excluded. Across the — 1500 to
0 ms interval at channel Cz, 57.7% of participants (15/26)
showed negative mean amplitudes, ranging from — 22.99 to
—1.43 uV (SE=0.37 to 3.19 uV). These negative deflections
were statistically significant in all 15 participants (z=— 8.74
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to — 2.08, p<0.05, d=—0.16 to — 1.89). In contrast, 42.3%
of participants (11/26) showed positive mean amplitudes,
ranging from 0.46 to 13.22 pV (SE=0.58 to 4.34 pV), with
significant positive deviations from zero in 23.1% of par-
ticipants (6/26; z=2.57-8.36, p<0.05, d=0.27-1.64). Thus,
although the group-level RP showed the expected fronto-
central negativity, individual Cz waveforms varied consid-
erably in polarity and magnitude, suggesting substantial
inter-individual variability in RP morphology or possible
residual artifacts. A graphical representation of individual
RP (event-related potentials) is shown in Supplementary
Fig. 4.

In the grand average RP, the topographic maps provide a
clear visual representation of the spatial and temporal distri-
bution of activity, indicating an onset of the RP at approxi-
mately — 1000 ms prior movement. The spatial distribution
is consistent with the expected (fronto-) central localiza-
tion of pre-movement neural activity. We tested the grand
average RP using the Wilcoxon test for each of the 15 time
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Fig.3 Grand average of simultaneous human motion capture and ERP.
Mobile EEG, motion patterns, and sensor IMU signals were combined
to analyze the readiness potential (RP) and motor activity during task
execution. A Motion tracking of body postures at key time intervals
relative to movement onset. B Grand average ERP topographies at time
intervals show the spatiotemporal evolution of the RP, with increased
negativity over (fronto-) central channel sites leading up to movement
onset. C RP evolution: The RP (blue line, channel Cz) exhibits a grad-
ual negative deflection preceding movement onset (red dotted line).
The onset of movement was determined using wrist accelerometer data
(black circle-line). Time reference “set-point” is shown in black dot
line. D ERP significance testing: Mean ERP amplitudes across 100 ms
time bins were tested against zero. Topographical maps display signifi-
cant regions (p<0.05, red dots) after false discovery rate correction,
indicating where the RP differed significantly from baseline

segments (each segment consisting of the mean amplitude
over 100 ms intervals) ranging from — 1500 ms to move-
ment onset. For channel Cz, statistical analysis revealed
significant amplitude deviations from zero in four con-
secutive time segments before movement onset: — 400 to
=300 ms (M=—6.54 nV, SE=+2.26,z=—2.53, FDR-cor-
rected p=0.049, r=0.50),—300 to—200 ms (M=—8.35 uV,
SE=+2.30, z=— 3.09, FDR-corrected p=0.013, »=0.61),
—200 to — 100 ms (M=—10.54 pV, SE==+2.25, z=— 3.59,
FDR-corrected p=0.004, r=0.70), and—100 to 0 ms
(M=— 13.52 pV, SE=+242, z=— 3.92, FDR-corrected
p=0.003, »=0.77). Thus, the Cz RP became progressively
more negative as movement onset approached. We also ana-
lyzed the other (fronto-) central channels, namely channels
C3, C4, FCl, Fz, and FC2. After correcting for multiple
comparisons, these channels largely followed the same sta-
tistical significance from — 400 ms to — 200 ms (p<0.05%)
and from — 200 ms to 0 ms (p<0.01**), except for channel
C4, which was statistically significant only from — 100 ms
to 0 ms (p<0.05%). Detailed results for individual RPs at
channel Cz are shown in Supplementary Table 3.

The grand average result of simultaneous human motion
capture and RP is shown in Fig. 3. A dynamic visualization
over time can be found in the animation (Online Resource
2). The p-values resulting from the Wilcoxon signed-rank
test comparing the grand ERP to zero for all channels are
depicted as topographical representations. In addition,
human position data are shown at selected intervals. On
average at the group level, the accelerometer data showed
that the set-point (eye-wrist intersection) occurred 544 ms
after movement onset.

Relationship between RP amplitudes and
performance

For each participant, successful and unsuccessful trials were
separated and statistically analyzed. For none of the partici-
pants and none of the 15 time window bins a significant
point bi-serial correlation was found (p>0.05). A graphical
representation of the comparison of the mean amplitude per
bin over the grand mean ERP is shown in Fig. 4.

At the group level, we compared trial-averaged RP for
successful and unsuccessful trials and found no significant
effects (p>0.05). We found that the maximum RP amplitude
prior to movement execution was located in channel Fz.
Comparison of single-trial amplitudes across participants
between conditions (successful vs. unsuccessful shots) of
(fronto-) central channels revealed no significant effects
(»>0.05). In an exploratory manner, the explained variance
(R?) of each channel of interest was analyzed across differ-
ent time segments (from 1500 ms to movement onset) and
participants. We focused on identifying significant changes
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o

Fig.4 Grand average ERP com-
parison between conditions across
participants. The grand average
amplitude of the ERP recorded
from the Cz channel, comparing
successful (hits) and unsuccess-
ful (misses) basketball free-throw
shots across all participants is
shown. The RP amplitudes are pre-
sented in 100 ms bins from — 1500
ms to 0 ms relative to movement
onset. Blue bars represent hits, and
red bars represent misses, with
error bars indicating the standard
error of the mean for each bin

o

Amplitude [pV]

=)

15

I Hits
I Misses

-20
P

'\'?&Q
*\“QQ

«\QQ
«'500

'\'7«00

,‘\‘3QQ \'l(‘“

0.06
0.05
0.04

0.03

Participants

0.02

0.01

S £ S
@q,»@

S P PP D
o@@@@ 0@@
o QQv
SESRSASNCASORN SN AN
SEEFEFF ST

Time window mean [ms]

Fig. 5 Explained variance (R®) from point-bi-serial correlation of
single-trial amplitude features between conditions of participants in
Fz channel. The heat-map illustrates the R? of single-trial amplitude
features at channel Fz, representing the proportion of variance in
trial outcomes (hits versus misses) explained by each feature across
26 participants. Red colors indicate higher R? values (more variance
explained), while blue colors indicate lower R? values (less variance
explained). The time window spans from — 1500 ms to 0 ms relative
to movement onset, divided into 100 ms bins. Each row corresponds
to a participant, the last column after white space represents the mean
R? values across time bins, and the last row after white space shows
the mean R? values across participants, highlighting the overall most
discriminative features for distinguishing hits from misses
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in R? values over time to determine whether basketball
shooting performance explained variability in single-trial
amplitude features. At the individual level, some partici-
pants showed higher differences than others. Specifically,
for the Fz channel, participants 12 and 18 had the largest
differences between conditions, as indicated by their overall
mean R? over time (R*=0.041 and R*>=0.047, correspond-
ing to 4.1% and 4.7% explained variance, respectively).
However, the magnitude of the effect indicated that only a
small amount of variance in single-trial RP amplitudes was
explained by shooting performance. Furthermore, the over-
all mean across participants did not exhibit specific differ-
ences at any time interval that would indicate performance
discrimination. Figure 5 provides an illustration of this
analysis for channel Fz, similar illustrations for the other
channels of interest can be found in Supplementary Fig. 5.

Relationship between human pose and
performance

In addition to the RP analysis, we explored the difference in
motion patterns between successful and unsuccessful shots
based on the PLD coordinates obtained from the motion
capture software during basketball free-throw shooting.

At the individual level, a point bi-serial correlation was
performed to compare the x, y, and z coordinates of each
body part between successful and unsuccessful shots. In this
case, landmarks were also analyzed at 100 ms intervals from
— 2500 ms to 1000 ms relative to movement onset. After
FDR correction, the point bi-serial correlation results identi-
fied statistically significant differences (p<0.05*) between
pose landmarks and shooting outcome within individual
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Fig. 6 Differences in pose landmarks between hits and misses. Point
bi-serial correlation analysis identified significant pose differences
between hits and misses across participants during specific time win-
dows while basketball shooting. Resulting p-values for the X, Y, and Z
coordinates of individual body parts derived from motion capture data
utilizing Pose Landmark Detection software are shown. Following
false discovery rate (FDR) correction, significant differences are color-
coded according to their p-value thresholds: p<0.05*, p<0.01**,
p<0.001***_ These are concentrated in the upper body landmarks,
particularly for the wrists, shoulders, and elbows, suggesting their crit-
ical role in differentiating between successful and unsuccessful trials

participants. These findings reflect within-subject differ-
ences rather than group-level effects, emphasizing the vari-
ability in movement patterns across individuals rather than
a generalized trend across people. Particularly, those differ-
ences were shown in 38.5% of participants (10/26) (sub-
02, sub-04, sub-06, sub-09, sub-12, sub-16, sub-19, sub-21,
sub-22, and sub-24) at different time intervals (— 2500 ms,
— 2000 ms, — 1500 ms, — 1000 ms, — 800 ms, — 700 ms,
— 600 ms, — 500 ms, — 400 ms, — 300 ms, 200 ms, 300 ms,
400 ms, 600 ms, 700 ms, 800 ms, and 1000 ms). Thus, these
participants showed significant differences in pose at differ-
ent time intervals and body parts. However, the amount of
variance explained (R?) was variable and low overall.

The p-values (p<0.001***) and the overall mean fea-
tures of body parts over time showed that the upper body
had the largest variance of the difference in pose between
conditions (successful vs. unsuccessful shots), especially at
the hand coordinates "Y-right-wrist" (mean R*=0.045, cor-
responding to 4.5% explained variance), "Y-right-pinky"
(mean R?=0.0426, corresponding to 4.3% explained vari-
ance), and "X-left-pinky" (mean R*>=0.044, corresponding
to 4.4% explained variance). In addition, the overall mean

features of each participant's pose revealed that the high-
est participant-level explained variance in pose at specific
time intervals was observed for sub-22 at 400 ms (mean
R*=0.040, corresponding to 4.0% explained variance),
600 ms (mean R>=0.043, corresponding to 4.3% explained
variance), and 1000 ms (mean R*=0.037, corresponding to
3.7% explained variance), indicating differences in whole-
body posture. However, the participants with the most pro-
nounced differences (p <0.001**%*) indicated different body
parts, namely the left shoulder, right shoulder, and right
elbow for sub-09 at — 600 ms, and the right wrist, right pin-
kie, and left pinkie for sub-02 at — 500 ms. A visualization of
the results is provided in Fig. 6, a plot illustrating this effect
as explained variance can be found in Supplementary Fig. 6.

The evaluation of pose landmarks during the execution
of the shot, in particular the Y-coordinates (corresponding
to the vertical position normalized to the image height),
revealed different movement patterns. For the participants
with statistically significant differences, successful per-
formance was characterized by a lower wrist body point
relative to the midpoint of the hip (Y-right-wrist: — 0.376
packets) compared to unsuccessful performance (Y-right-
wrist: — 0.395 packets) prior to movement execution. How-
ever, at the set-point, successful shots were characterized by
higher wrist elevation (Y-right-wrist: — 0.161 packets) com-
pared to unsuccessful shots (Y-right-wrist: — 0.154 packets).
Finally, at the group level, based on the magnitude of wrist
acceleration for each participant, the pose landmark data
showed that the set-point occurred approximately 536 ms
after movement onset for successful shots and 560 ms after
movement onset for unsuccessful shots, revealing a differ-
ence of approximately 26 ms between conditions.

Discussion

In this study, we propose a pocketable setup for the simul-
taneous acquisition of whole-body human pose data and
brain-electrical signals. We investigated the RP in prepa-
ration for basketball free-throw shooting. While we did
not find differences in the RP in preparation for successful
versus unsuccessful free-throws, we were able to capture
whole-body movement patterns with an unobtrusive setup
consisting of two off-the-shelf smartphones. In some par-
ticipants body positions in preparation for free-throws dif-
fered between successful and unsuccessful throws. Overall,
the plausibility of the motion capture and the EEG results
confirm the feasibility of our low-cost approach.
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Movement onset validation

RPs are defined as fronto-central negative deflections in
preparation for voluntary actions (Kornhuber and Deecke
1965; Shibasaki and Hallett 2006). It is therefore important
to identify the onset of a movement for RP analysis. While
this is relatively easy to do for a simple movement such as
isolated finger button presses, it is much more challenging
for whole-body movement sequences such as jumping or
throwing a ball. We used a wrist-worn accelerometer to
identify the onset of movement, and whole-body PLD sig-
nals to explore its validity. A descriptive evaluation of the
PLD signals suggested that hand/wrist motion was among
the first, prominent body parts involved in movement onset.
Accordingly, we found significant motion of several body
parts, such as the left wrist, in the PLD data at the time the
accelerometer signal indicated movement onset. While it is
beyond the scope of this report to analyze the temporal syn-
chronization of different sensor signals in detail, the overall
results suggest a good alignment of EEG, PLD, and accel-
erometer signals.

As confirmed by binomial tests, the PLD data indicated
that movement onset, which we defined by the analysis
of wrist accelerometer signals, was evident in upper limb
pose landmark signals However, single camera pose detec-
tion has limitations. Work on another Media Pipe algorithm
called Hand Landmark Detection (Zhang et al. 2020) found
that motion capture along the Z-axis (depth) contributed to
decreased accuracy of hand pose estimation (Wolke et al.
2025). It is possible that the PLD used here suffers from the
same drawback. Accordingly, the camera should be care-
fully positioned to capture the main motion trajectory of
interest. We positioned the PLD camera on the side profile
of the participants (vertical axis) and discarded the z-axis
pose information for our interpretations. This ensured that
the analysis was restricted to the 2D plane.

Computer vision technology for pose estimation is rela-
tively new, and there are models that require large amounts
of training data without real-time support, such as Open-
Pose (Cao et al. 2018), OpenCV (Nour 2021), DeepCut
(Insafutdinov et al. 2016), and YOLO (Dong and Du 2024).
In contrast, MediaPipe's (Lugaresi et al. 2019) PLD (Baza-
revsky et al. 2020) allows for real-time motion tracking.
Although its validation for clinical use is still ongoing, early
results are encouraging. A recent study has compared differ-
ent human pose estimation models for motion capture and
reported favorable results for PLD (Roggio et al. 2024). Val-
idation studies for clinical applications are also encourag-
ing, suggesting the feasibility of PLD for capturing specific
human movement patterns relevant to motor rehabilitation
(Latreche et al. 2023; Simoes et al. 2024). The present find-
ings extend to this work by applying smartphone-based
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PLD to a target motor skill in combination with EEG
recordings rather than to standardized clinical application.
Although further detailed biomechanical validation remains
necessary, our findings demonstrate that the combination of
mobile multimodal data can provide meaningful insights
for brain data analysis. This offers an opportunity for the
development of future home-based research and naturalistic
scenarios.

Presence of the RP

In the group-averaged event-related potential, a clear RP
was evident in the fronto-central channels that preceded
the onset of the basketball free-throw movement by sev-
eral hundred milliseconds. While statistically significant
effects were observed from — 400 ms to movement onset,
the RP morphology suggested that the early part of the RP
may have begun as early as — 1000 ms (see Schurger et al.
2021 for a discussion of RP onset and morphology). Previ-
ous research on RPs of bilateral motion reported widespread
scalp distributions with maximum amplitudes near channel
Cz (Deecke et al. 1983; Shibasaki et al. 1980; Shibasaki and
Hallett 2006). We found the maximum amplitude at channel
Fz, as previously reported by others (Travers et al. 2020).
We can only speculate whether this slightly more anterior
topography of the RP is somehow functionally related to the
subsequent movement pattern. In basketball players, free-
throws involve movements of both hands. Thus, a bilat-
eral RP can be expected, in contrast to lateralized RP and
movement-related cortical potential topographies for single
limb movements (Jacobsen et al. 2022; Tolmacheva et al.
2023). Consistent with previous findings, the slope of the
RP increased until movement onset (Kornhuber and Deecke
1965). Basketball free-throw requires considerable move-
ment of the shoulders, arms, and hands, which may lead to
movement artifacts in the EEG. Therefore, we do not inter-
pret EEG signals after movement onset. This distinction is
important because it shows that mobile EEG can capture
interpretable cortical activity even in complex movements,
but depuration of strong motion artifacts is still challenging.
Thus, the present results support the use of pre-movement
EEG markers, such as the RP, as feasible neural targets in
naturalistic whole-body tasks, while also highlighting the
need for caution when interpreting EEG activity during and
after movement execution.

Segmentation of the RP signal into time bins allowed the
detection of significant changes in specific time intervals, as
was previously done in an RP neurofeedback study (Schul-
tze-Kraft et al. 2021). This method recognizes that the RP is
not a uniform signal, but one that evolves over time with dif-
ferent spatiotemporal dynamics between individuals. Over-
all, the results of both statistical and topographic analyses
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suggest that the RP is a valid observable phenomenon in this
context. Our findings replicate and complement a previous
report observing the RP outside the laboratory in prepara-
tion for a whole-body movement (Nann et al. 2019).

Given that impedance was not continuously monitored
during the recording, gradual changes in electrode contact
due to movement, sweating, or cap displacement may have
contributed to variability in EEG signal quality and indi-
vidual RP differences. To minimize these effects, the cap
and amplifier were secured with an elastic band, and the
preprocessing pipeline included channel rejection, ICA-
based artifact attenuation, interpolation, and epoch rejec-
tion, based on previous work in mobile EEG (Debener et al.
2012; Jacobsen et al. 2022; Straetmans et al. 2022). In gen-
eral, the signal quality remained high, only 12% of the data
were rejected. However, future mobile EEG studies should
consider repeated or continuous impedance monitoring dur-
ing recording. Additionally, the use of other pre-processing
techniques such as Artifact Subspace Reconstruction (Blum
etal. 2019; Kim et al. 2025; Kothe & Makeig 2013; Miyako-
shi et al. 2023), and Generalized Eigenvalue De-Artifacting
Instrument (Ros et al. 2025) may benefit in the preprocess-
ing of highly contaminated mobile EEG data. However,
their calibration procedures and parameter settings should
be validated to limit excessive correction or removal of neu-
ral activity.

Relationship between RP amplitudes and
performance

Previous research suggests that larger RP amplitudes
over central cortical areas characterize greater movement
preparation and cerebral efficiency (Chiarenza et al. 1990;
Crews and Landers 1993; Landers et al. 1994; Mann et al.
2011, Papakostopoulos 1978; Taylor 1978; Konttinen and
Lyytinen 1993, Konttinen et al. 1995; Sanchez-Lopez et al.
2014). Thus, larger RP amplitude may precede better move-
ment execution. Evidence for this explanation has previ-
ously been found in novice-expert comparisons of target
motor skills (Mann et al. 2011; Vogt et al. 2017). However,
we did not find an association between RP and free-throw
shooting performance. The absence of a similar effect in
the present study may be related to the particular shooting
task or sample characteristics. Moreover, different mecha-
nisms may be at play when making within-subject versus
between-subject comparisons. It is likely that other move-
ment preparation and execution factors, not captured by the
RP, play an important role in motor performance.

Previous research has found that significant brain changes
related to skill performance are only observed in experienced
players (Hatfield and Kerick 2012). Our sample consisted of
amateur players with a wide range of experience, ranging

from 3 to 18 years of basketball playing. This is reflected in
the individual differences in shooting performance, which
ranged from 18.1% to 82.6% successful shots. A proportion
of our participants may have lacked the training that may be
required to initiate specific adaptations leading to improved
motor skill performance (Bakker et al. 2021; Hatfield and
Kerick 2012; Karni et al. 1998; Mann et al. 2011; Schurger
et al. 2021). Given the heterogeneity in skill level exhibited
by our participants, a more homogeneous sample, character-
ized by a higher degree of expertise, may have been more
appropriate for the identification of the hypothesized effect.
In addition, the typically large interindividual variability in
ERP components (Luck 2014; Woodman 2010) may have
masked possible associations between RP amplitude and
motor performance.

To ensure that we did not overlook participant-specific
patterns, we performed a point bi-serial correlation analysis
between individual single-trial amplitudes and performance,
but this approach also revealed no systematic association
between single-trial amplitudes and motor performance.
It remains unclear whether the absence of a correlation
reflects the absence of an effect or whether it was masked
by differences in motor preparation strategies or sample
characteristics. It is unlikely that our statistical examination
of single-trial activity was strongly biased by the different
probabilities of successful and unsuccessful free-throws.
At the group level, both classes were almost perfectly bal-
anced, as the average shooting accuracy was 51.9%.

Finally, most previous studies have examined the rela-
tionship between RP amplitudes and motor performance in
highly controlled environments. The extent to which move-
ment performance can be related to brain electrical activ-
ity in natural environments remains underexplored. Initial
findings, including the relationship between ERPs and
slacklining (Papin et al. 2024), suggest that mobile EEG has
considerable potential for detecting individual differences
in motor performance. Consequently, the development of
accurate assessments of brain-behavior relations in natural
scenarios would be valuable in applied areas investigating
brain mechanisms in exercise-sports science and neuroer-
gonomics (see Parasuraman 2003; Dehais and Ayaz 2019).

Relationship between human pose and
performance

The movement analysis of some participants revealed
significant differences in their posture during movement
execution between successful and unsuccessful shots. Suc-
cessful performance at the individual level was character-
ized by a lower position of the wrist level in relation to the
hip, a higher position of the upper body (arms and hands),
and a stable position of the head before releasing the ball.

@ Springer



153 Page 12 of 18

Experimental Brain Research (2026) 244:153

These results are consistent with previous studies describ-
ing proper free-throw technique, from the positioning of
the lower limbs, trunk, and upper extremities to the "dip" of
the shot (lower ball position relative to the hip), lower knee
position, and center of mass. These movement patterns have
been associated with greater basketball shooting accuracy
(Cabarkapa et al. 2023; Cetin and Murati, 2014; Coh and
Podmenik 2017; Kaya et al. 2012; Penner 2021; Stankovic
et al. 2006; Tang and Shung 2005) because basketball play-
ers need to lower their bodies to gain strength before motor
execution.

While analysis of the full PLD data was beyond the scope
of this study, the results of our preliminary analysis are con-
sistent with the conclusion that the PLD captures human
pose information reasonably well. At the set-point after
movement onset, successful shots were characterized by
higher wrist elevation for some participants. This is consis-
tent with previous findings suggesting that the angle, height,
and temporal characteristics of the basketball movement are
critical for the optimal trajectory of a successful basketball
shot (Hamilton and Reinschmidt 1997; Zhao et al. 2022;
Tang and Shung 2005; Okubo and Hubbard 2006). This may
indicate that high wrist elevation at the set-point is benefi-
cial for a successful outcome. In addition, this stereotypical
basketball shooting posture creates a 90° angle between the
elbow and wrist angles, representing a "catapult" position to
create a curved shot trajectory that increases the probability
of hitting the target (Hamilton and Reinschmidt 1997).

For other participants, results also indicated differences in
head landmarks between successful and unsuccessful shots,
particularly during shot execution. This is consistent with
previous research suggesting a relationship between aiming
point and accuracy (Gou et al. 2022). In this study, head ori-
entation, which may be indicative of visual attention, could
potentially influence shooting accuracy. A stable focus on a
specific target point may result in improved performance,
whereas an unstable head pattern with shifting visual fixa-
tion may have a detrimental effect. This interpretation is
consistent with the quiet eye phenomenon, which explains
expert-related differences in fixation (Vickers 1996, 2016;
Vickers and Williams 2017). Unfortunately, eye tracking
data were not available in our study.

The results presented here are case-specific. This suggests
that the accuracy of performance is strongly influenced by
individual characteristics (Gablonsky et al., 2005; Schmidt
2012; Slegers et al. 2021; Worobel 2020). The case-specific
nature of the pose findings has important implications for
future research. Rather than assuming that a single group-
level kinematic pattern explains successful performance
across participants, future studies may benefit from individ-
ualized analyses that account for skill level, shooting tech-
nique, movement strategy and changes across time. Larger
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samples, objective expertise criteria, repeated sessions, and
predefined biomechanical features such as joint angles,
movement velocity, and landmark coordinates alignment
may help determine which movement characteristics gen-
eralize across participants and those that are case-specific.

Simultaneous human motion capture and EEG
acquisition

We present a novel, easy-to-use, and low-cost setup for
capturing the neural correlates of complex, naturalistic
whole-body movements. This was achieved by combining
camera-based motion capture, an accelerometer sensor, and
wirelessly recorded EEG signals. We believe that this new
setup can help facilitate brain research in everyday scenar-
ios (Bleichner and Debener 2017). Importantly, the setup
is characterized by a relatively high degree of participant
and device mobility (Bateson et al. 2017). In other words,
it imposes only marginal constraints on participants: they
were able to perform basketball throws in a highly natu-
ral, ecologically valid manner. According to ECOVAL, a
self-assessment tool for ecological validity of experimental
setups (Chang, et al. 2022), our experimental setup is very
favorable (level 3, score 7-10), equivalent to "natural" and
"complex" everyday situations. The use of PLD as a tool
for human pose and motion assessment opens the possibility
of combining this real-time technology with real-time brain
activity measures, which may be useful for brain-computer
interfaces and neurofeedback applications.

Limitations

The high inter-subject variability in skill may have led to
human pose distortions in the data in few cases. Moreover,
the large variance in event-related potential amplitudes dur-
ing the basketball shooting implies that some datasets con-
tained a considerable amount of residual noise. However,
it was not our intention to describe brain dynamics during
the throw and therefore we tailored the processing pipeline
towards artifact attenuation of the pre-movement RP inter-
val. The extent to which EEG signals can be evaluated dur-
ing relatively explosive whole-body movements remains to
be determined.

Accelerometer signals were used to identify the move-
ment onset and to validate the temporal relationship between
movement and EEG. IMU signals were not included into the
EEG artifact processing, based on our previous mobile EEG
studies (e.g., Jacobsen et al. 2022; Klapprott and Debener
2024; Straetmans et al. 2024). Although motion signals
could provide a rich source of information to correlate with
EEG artifacts, sensor artifact modeling was beyond the
scope of this study and would require careful validation
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to avoid removing movement-related neural activity of
interest.

We only included participants who were familiar with
basketball based on their subjective reports (i.e., at least
3 years of basketball experience). Nevertheless, shooting
performance varied considerably among the participants,
indicating different skill levels. The use of objective perfor-
mance measures and inclusion criteria may be relevant for
future studies that systematically assess performance within
and between individuals. Instruments, such as the wearable
occlusion device proposed by Maglott and B. Shull (2019),
may help assess cognitive biases in basketball shooting
performance, although improvements would benefit the
assessment.

Several variables, including minimal delays in synchro-
nization (Iwama et al. 2024), sample characteristics (Bakker
et al. 2021; Hatfield and Kerick 2012; Karni et al. 1998),
and methodological details such as movement complexity
and task demands (Cui et al. 2000; Di Russo et al. 2017,
Olsen et al. 2021), movement-onset definition (Russo et al.
2019; Verbaarschot et al. 2015), baseline selection (Alday
2019), filtering parameters and referencing (Hu et al. 2017),
and ICA/component rejection criteria (Karimi et al. 2017)
may affect RP measurements. In addition, other factors can
modulate RP, such as respiration (Park et al. 2020) and con-
current cognitive load, such as mental calculations (Ra$ et
al. 2019). Most importantly, it can be questioned whether
the trial-averaged morphology of the RP is a good estimate
of single-trial pre-movement activity patterns (Schurger et
al. 2021). Our single-trial analyses implied the validity of
the additive ERP model (e.g., Makeig et al. 2004), but only
in very few participants were we able to find evidence for
a continuous evolution of pre-movement activity at the sin-
gle-trial level, consistent with alternative accounts of the RP
(Schurger et al. 2021).

The focus of this work was to explore the feasibility of
combining human motion capture and EEG recording sig-
nals with smartphone technology during a naturalistic tar-
get skill movement. We therefore related pose landmarks
to overall performance only in an exploratory manner
and did not implement a detailed biomechanical analysis.
Such an analysis would require additional methodologi-
cal constraints and validation, including calibrated camera
geometry, more precise 3D reconstruction, joint-angle esti-
mation, ball-release parameters, and possibly multi-camera
or marker-based reference data. The present single-camera
PLD setup was optimized for portability and real-time fea-
sibility rather than for full biomechanical modeling. Future
studies should build on this approach by combining mobile
EEG with more detailed kinematic features, such as joint
angles, movement velocity, exact release timing, and ball
trajectory, to directly test how neural preparation relates to

movement execution and performance. Future work may
benefit from correlating wireless EEG signals to simultane-
ously capture human pose and movement patterns in other
different contexts.

Outlook

Future studies may use the combined acquisition of human
pose and brain-electrical signals to address basic and applied
research questions. While the field of mobile brain-body
imaging is growing, the focus so far has been on assess-
ment in laboratory environments. With a sparse, portable
and light-weight setup it should be possible in the future to
bring recording devices to target individuals and real-life
recording conditions.

Conclusion

To the best of our knowledge, this is the first study to
investigate the feasibility of detecting RP during basket-
ball free-throw shooting. This is also one of the first reports
of monitoring the RP outside of the laboratory, during the
preparation of a complex, whole-body target skill move-
ment. We also conclude that it is feasible to combine human
motion capture and human EEG acquisition with versatile,
portable, and low-cost technology. This approach, once
fully developed and validated, will help researchers to better
understand how the brain orchestrates complex whole-body
movements. This should be relevant not only in the context
of human sports performance, but also for clinical diagnosis
and intervention studies.

Supplementary Information The online version contains
supplementary material available at https://doi.org/10.1007/s00221-0
26-07342-6.

Acknowledgements We would like to thank the professional basket-
ball club EWE Baskets Oldenburg for their cooperation and the Insti-
tute of Sports Science at the University of Oldenburg for making the
data collection possible. We would also like to thank Reiner Emkes for
his technical support.

Author contributions MCA: Conceptualization, Data acquisition and
curation, Formal analysis, Investigation, Methodology, Project ad-
ministration, Visualization, Writing—original draft, Writing—review
& editing. MK: Conceptualization, Methodology, Supervision, Writ-
ing—original draft, Writing—review & editing. NJ: Conceptualiza-
tion, Supervision, Writing—original draft, Writing—review & editing.
PM: Conceptualization, Software, Supervision, Writing—review &
editing. JW: Conceptualization, Supervision, Writing—original draft,
Writing—review & editing. SD: Conceptualization, Funding acquisi-
tion, Methodology, Resources, Supervision, Writing—original draft,
Writing—review & editing. MCA wrote the main manuscript text,
prepared all figures, and supplementary material. All authors reviewed
the manuscript.

@ Springer


https://doi.org/10.1007/s00221-026-07342-6
https://doi.org/10.1007/s00221-026-07342-6

153 Page 14 of 18

Experimental Brain Research (2026) 244:153

Funding Open Access funding enabled and organized by Projekt
DEAL. The development of software tools used in this study was
funded by the Deutsche Forschungsgemeinschaft (DFG, German Re-
search Foundation) as part of the German Excellence Strategy—EXC
2177/1—Project ID 390895285. In addition, internal funds of the Neu-
ropsychological Laboratory Oldenburg were available.

Data availability The data that support the findings of this study are
available on request from the corresponding author. The MATLAB
code is available on GitHub (https://github.com/micufx/Pocketable-M
oBI-Baskts). The smartphone LSL apps Senda and Recorda are avail-
able on GitHub (https://neuropsyol.github.io/). All information about
the set-up is available at https://juliuswelzel.github.io/eeg_basketbal
1_website/.

Declarations
Conflict of interest The authors declare no competing interests.

Ethical approval The study was reviewed and approved by the Ethics
Committee of the Carl von Ossietzky University of Oldenburg (Drs.
EK/2023/087), Oldenburg, Germany. The studies were conducted in
accordance with the local legislation and institutional requirements.
Participants gave written informed consent to participate in this study.
The human images displayed in this paper are the property of partici-
pants who have provided their explicit written consent for publication.

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

Alday PM (2019) How much baseline correction do we need in ERP
research? Extended GLM model can replace baseline correction
while lifting its limits. Psychophysiology 56(12):e13451. https://
doi.org/10.1111/psyp.13451

Bakker LBM, Nandi T, Lamoth CJC, Hortobagyi T (2021) Task speci-
ficity and neural adaptations after balance learning in young
adults. Hum Mov Sci 78:102833. https://doi.org/10.1016/j.hum
0v.2021.102833

Bateson AD, Baseler HA, Paulson KS, Ahmed F, Asghar AUR
(2017) Categorisation of mobile EEG: a researcher’s perspec-
tive. Biomed Res Int 2017:5496196. https://doi.org/10.1155/20
17/5496196

Baumeister J, Reinecke K, Liesen H, Weiss M (2008) Cortical activity
of skilled performance in a complex sports related motor task.
Eur J Appl Physiol 104(4):625-631. https://doi.org/10.1007/s00
421-008-0811-x

Bazarevsky Valentin, Grishchenko Ivan, Raveendran Karthik, Zhu
Tyler, Zhang Fan and Grundmann Matthias (2020) BlazePose:

@ Springer

on-device real-time body pose tracking. Google Research.
Retrieved from https://google.com

Benjamini Y, Hochberg Y (1995) Controlling the false discovery rate:
a practical and powerful approach to multiple testing. J Royal Stat
Soc Ser B Stat Methodol 57(1):289-300. https://doi.org/10.1111/
j.2517-6161.1995.tb02031.x

Bertollo M, Di Fronso S, Conforto S, Schmid M, Bortoli L, Comani
S, Robazza C (2016) Proficient brain for optimal performance:
the MAP model perspective. Peer] 4:¢2082. https://doi.org/10.7
717/peerj.2082

Bleichner MG, Debener S (2017) Concealed, unobtrusive ear-centered
EEG acquisition: cEEGrids for transparent EEG. Front Hum
Neurosci 11:163. https://doi.org/10.3389/fnhum.2017.00163

Blum S, Jacobsen NSJ, Bleichner MG, Debener S (2019) A rieman-
nian modification of artifact subspace reconstruction for EEG
artifact handling. Front Hum Neurosci 13:421678. https://doi.or
2/10.3389/FNHUM.2019.00141/TEXT

Blum S, Hélle D, Bleichner M, Georg; Debener, Stefan, (2021) Pock-
etable labs for everyone: synchronized multi-sensor data stream-
ing and recording on smartphones with the lab streaming layer.
Sensors 21(23):8135. https://doi.org/10.3390/s21238135

Boere K, Hecker K, Krigolson OE (2024) Validation of a mobile
fNIRS device for measuring working memory load in the pre-
frontal cortex. Int J Psychophysiol off J Int Organ Psychophysiol
195:112275. https://doi.org/10.1016/j.ijpsycho.2023.112275

Brancazio PJ (1981) Physics of basketball. Am J Phys 49(4):356-365.
https://doi.org/10.1119/1.12511

Brunswik E (1956) Perception and the representative design of psy-
chological experiments, 2nd edn. University of California Press,
Berkeley

Coh M, Podmenik N (2017) The effect of shooting range on the dynam-
ics of limbs angular velocities of the basketball shot. Kinesiology
(Zagreb, Online) 49(1):92—100. https://doi.org/10.26582/k.49.1.4

Cetin E, Muratli S (2014) Analysis of jump shot performance among
14-15 year old male basketball player. Procedia Soc Behav Sci
116:2985-2988. https://doi.org/10.1016/j.sbspro.2014.01.693

Cabarkapa D, Cabarkapa DV, Miller JD, Templin TT, Frazer LL,
Nicolella DP, Fry AC (2023) Biomechanical characteristics of
proficient free-throw shooters-markerless motion capture analy-
sis. Front Sports Act Living 5:1208915. https://doi.org/10.3389/f
spor.2023.1208915

Callan DE, Torre-Tresols JJ, Laguerta J, Ishii S (2024) Shredding arti-
facts: extracting brain activity in EEG from extreme artifacts dur-
ing skateboarding using ASR and ICA. Front Neuroergonomics
5:1358660. https://doi.org/10.3389/fnrgo.2024.1358660

Cao Zhe, Hidalgo Gines, Simon Tomas, Wei Shih-En, Sheikh Yaser
(2018) OpenPose: realtime multi-person 2D pose estimation
using part affinity fields. Available online at http://arxiv.org/pdf
/1812.08008

Chang M, Biichel D, Reinecke K, Lehmann T, Baumeister J (2022)
Ecological validity in exercise neuroscience research: a system-
atic investigation. Eur J Neurosci 55(2):487-509. https://doi.org
/10.1111/ejn.15595

Cheng M-Y, Hung C-L, Huang C-J, Chang Y-K, Lo L-C, Shen C,
Hung T-M (2015b) Expert-novice differences in SMR activity
during dart throwing. Biol Psychol 110:212-218. https://doi.org/
10.1016/j.biopsycho.2015.08.003

Cheng MY, Huang CJ, Chang YK, Koester D, Schack T, Hung TM
(2015a) Sensorimotor rhythm neurofeedback enhances golf put-
ting performance. J Sport Exerc Psychol 37(6):626—636. https://d
oi.org/10.1123/jsep.2015-0166

Cheron G, Petit G, Cheron J, Leroy A, Cebolla A, Cevallos C, Petieau
M, Hoellinger T, Zarka D, Clarinval AM, Dan B (2016) Brain
oscillations in sport: toward EEG biomarkers of performance.
Front Psychol 7:246. https://doi.org/10.3389/fpsyg.2016.00246


https://github.com/micufx/Pocketable-MoBI-Baskts
https://github.com/micufx/Pocketable-MoBI-Baskts
https://neuropsyol.github.io/
https://juliuswelzel.github.io/eeg_basketball_website/
https://juliuswelzel.github.io/eeg_basketball_website/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1111/psyp.13451
https://doi.org/10.1111/psyp.13451
https://doi.org/10.1016/j.humov.2021.102833
https://doi.org/10.1016/j.humov.2021.102833
https://doi.org/10.1155/2017/5496196
https://doi.org/10.1155/2017/5496196
https://doi.org/10.1007/s00421-008-0811-x
https://doi.org/10.1007/s00421-008-0811-x
https://google.com
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x
https://doi.org/10.7717/peerj.2082
https://doi.org/10.7717/peerj.2082
https://doi.org/10.3389/fnhum.2017.00163
https://doi.org/10.3389/FNHUM.2019.00141/TEXT
https://doi.org/10.3389/FNHUM.2019.00141/TEXT
https://doi.org/10.3390/s21238135
https://doi.org/10.1016/j.ijpsycho.2023.112275
https://doi.org/10.1119/1.12511
https://doi.org/10.26582/k.49.1.4
https://doi.org/10.1016/j.sbspro.2014.01.693
https://doi.org/10.3389/fspor.2023.1208915
https://doi.org/10.3389/fspor.2023.1208915
https://doi.org/10.3389/fnrgo.2024.1358660
http://arxiv.org/pdf/1812.08008
http://arxiv.org/pdf/1812.08008
https://doi.org/10.1111/ejn.15595
https://doi.org/10.1111/ejn.15595
https://doi.org/10.1016/j.biopsycho.2015.08.003
https://doi.org/10.1016/j.biopsycho.2015.08.003
https://doi.org/10.1123/jsep.2015-0166
https://doi.org/10.1123/jsep.2015-0166
https://doi.org/10.3389/fpsyg.2016.00246

Experimental Brain Research (2026) 244:153

Page 150f 18 153

Chiarenza GA, Vasile G, Villa M (1990) Goal or near miss! Move-
ment potential differences between adults and children in skilled
performance. Int J Psychophysiol off J Int Organ Psychophysiol
10(2):105-115. https://doi.org/10.1016/0167-8760(90)90025-9

Chien-Ting W, Lo L-C, Lin J-H, Shih H-S, Hung T-M (2007) The
relationship between basketball free throw performance and EEG
coherence. Int J Sport Exerc Psychol 5(4):448—-450. https://doi.or
2/10.1080/1612197X.2007.9671846

Chuang L, Huang C, Hung T (2013) The differences in frontal midline
theta power between successful and unsuccessful basketball free
throws of elite basketball players. Int J Psychophysiol 90(3):321—
328. https://doi.org/10.1016/j.ijpsycho.2013.10.002

Combrisson E, Jerbi K (2015) Exceeding chance level by chance: the
caveat of theoretical chance levels in brain signal classification and
statistical assessment of decoding accuracy. J Neurosci Methods
250:126-136. https://doi.org/10.1016/j.jneumeth.2015.01.010

Crews DJ, Landers DM (1993) Electroencephalographic measures of
attentional patterns prior to the golf putt. Med Sci Sports Exerc
25(1):116-126. https://doi.org/10.1249/00005768-199301000-00
016

Cui RQ, Huter D, Egkher A, Lang W, Lindinger G, Deecke L (2000)
High resolution DC-EEG mapping of the Bereitschaftspotential
preceding simple or complex bimanual sequential finger move-
ment. Exp Brain Res 134(1):49-57. https://doi.org/10.1007/S00
2210000449

De Vos M, Gandras K, Debener S (2014) Towards a truly mobile audi-
tory brain-computer interface: exploring the P300 to take away.
Int J Psychophysiol off J Int Organ Psychophysiol 91(1):46-53.
https://doi.org/10.1016/j.ijpsycho.2013.08.010

Debener S, Minow F, Emkes R, Gandras K, de Vos M (2012) How
about taking a low-cost, small, and wireless EEG for a walk?
Psychophysiology 49(11):1617-1621. https://doi.org/10.1111/j.1
469-8986.2012.01471.x

Debener S, Emkes R, De Vos M, Bleichner M (2015) Unobtrusive
ambulatory EEG using a smartphone and flexible printed elec-
trodes around the ear. Sci Reports 5(1):16743. https://doi.org/10
.1038/SREP16743

Deecke L, Boschert J, Weinberg H, Brickett P (1983) Magnetic fields
of the human brain (Bereitschaftsmagnetfeld) preceding volun-
tary foot and toe movements. Exp Brain Res 52(1):81-86. https:/
/doi.org/10.1007/BF00237152

Dehais Frédéric, Ayaz Hasan (2019) Chapter 1: progress and direction
in neuroergonomics. In: Hasan Ayaz, Frédéric Dehais (Eds.) Neu-
roergonomics. The brain at work and in everyday life. London
United Kingdom, San Diego CA United States: Academic Press
is an imprint of Elsevier, pp. 3—7. Available online at https://ww
w.sciencedirect.com/science/article/pii/B9780128119266000014

Delorme A, Makeig S (2004) EEGLAB: an open source toolbox for
analysis of single- trial EEG dynamics including independent
component analysis. J Neurosci Methods 134(1):9-21. https://d
oi.org/10.1016/j.jneumeth.2003.10.009

Di Russo F, Berchicci M, Bozzacchi C, Perri RL, Pitzalis S, Spinelli
D (2017) Beyond the “Bereitschaftspotential”: action preparation
behind cognitive functions. Neurosci Biobehav Rev 78:57-81.
https://doi.org/10.1016/J.NEUBIOREV.2017.04.019

Dong C, Du G (2024) An enhanced real-time human pose estima-
tion method based on modified YOLOvVS framework. Sci Rep
14(1):8012. https://doi.org/10.1038/s41598-024-58146-z

Espenhahn S, van Wijk BCM, Rossiter HE, Berker AO, Redman ND,
RondinaJ et al (2019) Cortical beta oscillations are associated with
motor performance following visuomotor learning. Neuroimage
195:340-353. https://doi.org/10.1016/j.neuroimage.2019.03.079

Etnier JL, Whitwer SS, Landers DM, Petruzzello SJ, Salazar W (1996)
Changes in electroencephalographic activity associated with
learning a novel motor task. Res Q Exerc Sport 67(3):272-279.
https://doi.org/10.1080/02701367.1996.10607954

Faul F, Erdfelder E, Lang AG, Buchner A (2007) G*Power 3: a flexible
statistical power analysis program for the social behavioral and
biomedical sciences. Behav Res Methods 39(2):175-191. https://
doi.org/10.3758/bf03193146

Feng X, Zhang Z, Jin T, Shi P (2023) Effects of open and closed skill
exercise interventions on executive function in typical children: a
meta-analysis. BMC Psychol 11(1):420. https://doi.org/10.1186/
$40359-023-01317-w

Gablonsky JM, Lang ASID (2005) Modeling basketball free throws.
SIAM Rev 47(4):775-798. https://doi.org/10.1137/S003614459
8339555

Gou Q, Li S, Wang R (2022) Study on eye movement characteristics
and intervention of basketball shooting skill. PeerJ 10:¢14301.
https://doi.org/10.7717/peerj.14301

Gramann K, Gwin JT, Ferris DP, Oie K, Jung T-P, Lin C-T et al (2011)
Cognition in action: imaging brain/body dynamics in mobile
humans. Rev Neurosci 22(6):593-608. https://doi.org/10.1515/R
NS.2011.047

Gu Q, Zou L, Loprinzi PD, Quan M, Huang T (2019) Effects of open
versus closed skill exercise on cognitive function: a systematic
review. Front Psychol 10:1707. https://doi.org/10.3389/fpsyg.20
19.01707

Gwin JT, Gramann K, Makeig S, Ferris DP (2011) Electrocortical
activity is coupled to gait cycle phase during treadmill walking.
Neuroimage 54(2):1289-1296. https://doi.org/10.1016/J.NEUR
OIMAGE.2010.08.066

Hamilton GR, Reinschmidt C (1997) Optimal trajectory for the basket-
ball free throw. J Sports Sci 15(5):491-504. https://doi.org/10.10
80/026404197367137

Hatfield BD, Kerick SE (2012) The psychology of superior sport
performance: a cognitive and affective neuroscience perspec-
tive. Handbook of sport psychology. John Wiley & Sons, Ltd,
pp 84-109

Haupt Thorge, Maanen Paul, Daeglau Mareike, Contreras-Altamirano
Miguel, Strizke Anouk Sophie, Kiene Franziska, Welzel Julius,
Roheger Mandy, Debener Stefan (2026) Enhancing mobile brain
and body imaging: open-source solutions for real-world research
applications. Sneak Peek. Cell Press. Available at SSRN: https:/
/ssrn.com/abstract=5433769 or https://doi.org/10.2139/ssrn.5433
769

Hossen MK, Uddin MS (2023) Attention monitoring of students dur-
ing online classes using XGBoost classifier. Comput Educ Artif
Intell 5:100191. https://doi.org/10.1016/j.caeai.2023.100191

Hu Y, Zhang L, Chen M, Li X, Shi L (2017) How electroencepha-
logram reference influences the movement readiness potential?
Front Neurosci 11(DEC):683. https://doi.org/10.3389/FNINS.20
17.00683

Hunt CA, Rietschel JC, Hatfield BD, Iso-Ahola SE (2013) A psycho-
physiological profile of winners and losers in sport competition.
Sport Exerc Perform Psychol 2(3):220-231. https://doi.org/10.1
037/a0031957

Insafutdinov Eldar, Pishchulin Leonid, Andres Bjoern, Andriluka
Mykhaylo, Schiele Bernt (2016) DeeperCut: a deeper, stronger,
and faster multi-person pose estimation model. Available online
at http://arxiv.org/pdf/1605.03170

Iwama S, Takemi M, Eguchi R, Hirose R, Morishige M, Ushiba J
(2024) Two common issues in synchronized multimodal record-
ings with EEG: jitter and latency. Neurosci Res 203:1-7. https://d
oi.org/10.1016/j.neures.2023.12.003

Jacobsen NSJ, Blum S, Scanlon JEM, Witt K, Debener S (2022)
Mobile electroencephalography captures differences of walking
over even and uneven terrain but not of single and dual- task gait.
Front Sports Active Living 4:945341. https://doi.org/10.3389/fsp
01.2022.945341

Ji R (2020) Research on basketball shooting action based on
image feature extraction and machine learning. IEEE

@ Springer


https://doi.org/10.1016/0167-8760(90)90025-9
https://doi.org/10.1080/1612197X.2007.9671846
https://doi.org/10.1080/1612197X.2007.9671846
https://doi.org/10.1016/j.ijpsycho.2013.10.002
https://doi.org/10.1016/j.jneumeth.2015.01.010
https://doi.org/10.1249/00005768-199301000-00016
https://doi.org/10.1249/00005768-199301000-00016
https://doi.org/10.1007/S002210000449
https://doi.org/10.1007/S002210000449
https://doi.org/10.1016/j.ijpsycho.2013.08.010
https://doi.org/10.1111/j.1469-8986.2012.01471.x
https://doi.org/10.1111/j.1469-8986.2012.01471.x
https://doi.org/10.1038/SREP16743
https://doi.org/10.1038/SREP16743
https://doi.org/10.1007/BF00237152
https://doi.org/10.1007/BF00237152
https://www.sciencedirect.com/science/article/pii/B9780128119266000014
https://www.sciencedirect.com/science/article/pii/B9780128119266000014
https://doi.org/10.1016/j.jneumeth.2003.10.009
https://doi.org/10.1016/j.jneumeth.2003.10.009
https://doi.org/10.1016/J.NEUBIOREV.2017.04.019
https://doi.org/10.1038/s41598-024-58146-z
https://doi.org/10.1016/j.neuroimage.2019.03.079
https://doi.org/10.1080/02701367.1996.10607954
https://doi.org/10.3758/bf03193146
https://doi.org/10.3758/bf03193146
https://doi.org/10.1186/s40359-023-01317-w
https://doi.org/10.1186/s40359-023-01317-w
https://doi.org/10.1137/S0036144598339555
https://doi.org/10.1137/S0036144598339555
https://doi.org/10.7717/peerj.14301
https://doi.org/10.1515/RNS.2011.047
https://doi.org/10.1515/RNS.2011.047
https://doi.org/10.3389/fpsyg.2019.01707
https://doi.org/10.3389/fpsyg.2019.01707
https://doi.org/10.1016/J.NEUROIMAGE.2010.08.066
https://doi.org/10.1016/J.NEUROIMAGE.2010.08.066
https://doi.org/10.1080/026404197367137
https://doi.org/10.1080/026404197367137
https://ssrn.com/abstract=5433769
https://ssrn.com/abstract=5433769
https://doi.org/10.2139/ssrn.5433769
https://doi.org/10.2139/ssrn.5433769
https://doi.org/10.1016/j.caeai.2023.100191
https://doi.org/10.3389/FNINS.2017.00683
https://doi.org/10.3389/FNINS.2017.00683
https://doi.org/10.1037/a0031957
https://doi.org/10.1037/a0031957
http://arxiv.org/pdf/1605.03170
https://doi.org/10.1016/j.neures.2023.12.003
https://doi.org/10.1016/j.neures.2023.12.003
https://doi.org/10.3389/fspor.2022.945341
https://doi.org/10.3389/fspor.2022.945341

153 Page 16 of 18

Experimental Brain Research (2026) 244:153

Access 8:138743-138751.
CESS.2020.3012456

Maglott Jonathan C, Shull Peter B (2019) Wearable occlusion device
for assessing cognitive basketball shooting performance between
males and females. In: Proceedings of the international con-
ference on industrial control network and system engineering
research. ICNSER2019. Shenyang China, 2019. New York, NY,
United States: Association for Computing Machinery (ACM Dig-
ital Library), pp 37—41. https://doi.org/10.1145/3333581.3333599

Jungnickel Evelyn, Gehrke Lukas, Klug Marius, Gramann Klaus
(2019) Chapter 10: MoBl—mobile brain/body imaging. In:
Hasan Ayaz, Frédéric Dehais (Eds.) Neuroergonomics. The brain
at work and in everyday life. London United Kingdom, San
Diego CA United States: Academic Press is an imprint of Else-
vier, pp 59—63. Available online at https://www.sciencedirect.co
m/science/article/pii/B9780128119266000105

Kanatschnig T, Rominger C, Fink A, Wood G, Kober SE (2023) Sen-
sorimotor cortex activity during basketball dribbling and its rela-
tion to creativity. PLoS ONE 18(4):e0284122. https://doi.org/10.
1371/journal.pone.0284122

Karimi F, Kofman J, Mrachacz-Kersting N, Farina D, Jiang N (2017)
Detection of movement related cortical potentials from EEG
using constrained ICA for brain-computer interface applications.
Front Neurosci 11(JUN):356. https://doi.org/10.3389/FNINS.20
17.00356

Karni A, Meyer G, Rey-Hipolito C, Jezzard P, Adams MM, Turner R,
Ungerleider LG (1998) The acquisition of skilled motor perfor-
mance: fast and slow experience-driven changes in primary motor
cortex. Proc Nat Acad Sci United States America 95(3):861-868.
https://doi.org/10.1073/pnas.95.3.861

Kaya D, Callaghan MJ, Donmez G, Doral MN (2012) Shoulder joint
position sense is negatively correlated with free-throw percentage
in professional basketball players. In IES 20(3):189—196. https://
doi.org/10.3233/IES-2012-0458

Kenney JF, Keeping ES (1962) Root mean square. In: Mathematics of
statistics. Pt. 1 (3rd ed., pp 59—60). Princeton, NJ: Van Nostrand

Keshvari F, Farsi A, Abdoli B (2023) Investigating the EEG Profile
of elite and non- elite players in the basketball free throw task.
J Mot Behav 56(1):91-102. https://doi.org/10.1080/00222895.2
023.2251912

Kim H, Chang CY, Kothe C, Iversen JR, Miyakoshi M (2025) Jug-
gler’s ASR: unpacking the principles of artifact subspace recon-
struction for revision toward extreme MoBI. J Neurosci Methods
420:110465. https://doi.org/10.1016/J.JNEUMETH.2025.110465

Klapprott Melanie, Debener Stefan (2024) Mobile EEG for the study
of cognitive-motor interference during swimming? In Front Hum
Neurosci 18. Available online at https://www.frontiersin.org/jou
rnals/human-neuroscience/articles/https://doi.org/10.3389/fnhum
.2024.1466853

Konttinen N, Lyytinen H (1993) Brain slow waves preceding time-
locked visuo- motor performance. J Sports Sci 11(3):257-266.
https://doi.org/10.1080/02640419308729993

Konttinen N, Lyytinen H, Konttinen R (1995) Brain slow potentials
reflecting successful shooting performance. Res Q Exerc Sport
66(1):64-72. https://doi.org/10.1080/02701367.1995.10607656

Kornhuber HH, Deecke L (1965) Hirnpotentialinderungen bei
Willkiirbewegungen und passiven Bewegungen des Menschen:
Bereitschaftspotential und reafferente Potentiale. Pflugers Arch
Gesamte Physiol Menschen Tiere 284(1):1-17

Kothe CA, Makeig S (2013) BCILAB: a platform for brain-computer
interface development. J Neural Eng. https://doi.org/10.1088/174
1-2560/10/5/056014

Kothe C, Shirazi SY, Stenner T, Medine D, Boulay C, Grivich MI,
Artoni F, Mullen T, Delorme A, Makeig S (2024) The lab stream-
ing layer for synchronized multimodal recording. bioRxiv Prepr
Serv Biol. https://doi.org/10.1101/2024.02.13.580071

https://doi.org/10.1109/AC

@ Springer

Kuhlman N, Min CH (2021) Analysis and classification of basketball
shooting form using wearable sensor systems. In: Proceedings of
the 2021 IEEE 11th annual computing and communication work-
shop and conference (CCWC) (pp 1478-1482). Las Vegas, NV,
USA. https://doi.org/10.1109/CCWC.2021.9376137

Ladouce S, Donaldson DI, Dudchenko PA, Ietswaart M (2016) Under-
standing minds in real-world environments: toward a mobile cog-
nition approach. Front Hum Neurosci 10:694. https://doi.org/10.
3389/fnhum.2016.00694

Landers DM, Han M, Salazar W, Petruzzello SJ et al (1994) Effects
of learning on electroencephalographic and electrocardiographic
patterns in novice archers. Int J Sport Psychol 25(3):313-330

Latreche A, Kelaiaia R, Chemori A, Kerboua A (2023) Reliability and
validity analysis of MediaPipe-based measurement system for
some human rehabilitation motions. Measurement 214:112826.
https://doi.org/10.1016/j.measurement.2023.112826

Lian C, Ma R, Wang X, Zhao Y, Peng H, Yang T, Zhang M, Zhang W,
Sha X, Li WJ (2021) ANN-enhanced IoT wristband for recogni-
tion of player identity and shot types based on basketball shooting
motion analysis. IEEE Sens J 22:1404—-1413. https://doi.org/10.1
109/JSEN.2020.3029461

Luck SJ (2014) An introduction to the event-related potential tech-
nique, 2nd edn. The MIT Press, lowa

Lugaresi C, Tang J, Nash H, McClanahan C, Uboweja E, Hays M et
al (2019) MediaPipe: a framework for perceiving and processing
reality. Google research. Retrieved from https://arxiv.org/pdf/19
06.08172.pdf

Lui KK, Nunez MD, Cassidy JM, Vandekerckhove J, Cramer SC,
Srinivasan R (2021) Timing of readiness potentials reflect a deci-
sion- making process in the human brain. Comput Brain Behav
4(3):264-283. https://doi.org/10.1007/s42113-020-00097-5

Makeig S, Debener S, Onton J, Delorme A (2004) Mining event-
related brain dynamics. Trends Cognit Sci 8(5):204-210. https://
doi.org/10.1016/j.tics.2004.03.008

Makeig S, Gramann K, Jung TP, Sejnowski TJ, Poizner H (2009) Link-
ing brain, mind, and behavior. Int J Psychophysiol off J Int Organ
Psychophysiol 73(2):95-100. https://doi.org/10.1016/].ijpsycho.
2008.11.008

Malekroodi HS, Seo S-D, Choi J, Na C-S, Lee B-I, Yi M (2024)
Real-time location of acupuncture points based on anatomi-
cal landmarks and pose estimation models. Front Neurorobot
18:1484038. https://doi.org/10.3389/fnbot.2024.1484038

Mann DT, Coombes SA, Mousseau MB, Janelle CM (2011) Quiet eye
and the Bereitschaftspotential: visuomotor mechanisms of expert
motor performance. Cogn Process 12(3):223-234. https://doi.org
/10.1007/s10339-011-0398-8

Miyakoshi M (2023) Artifact subspace reconstruction: a candidate
for a dream solution for EEG studies, sleep or awake. Sleep
46(12):zsad241. https://doi.org/10.1093/SLEEP/ZSAD241

Moffat R, Casale CE, Cross ES (2023) Mobile fNIRS for exploring
inter-brain synchrony across generations and time. Front Neuro-
ergonomics 4:1260738. https://doi.org/10.3389/fnrgo.2023.1260
738

Moscaleski LA, Fonseca A, Brito R, Morya E, Morgans R, fa A,
Okano AH (2022) Does high-definition transcranial direct current
stimulation change brain electrical activity in professional female
basketball players during free- throw shooting. Front Neuroer-
gonomics 3:932542. https://doi.org/10.3389/fnrgo.2022.932542

Movella Inc. (2023) Movella DOT version: 2023.6.1. Xsens DOT.
Retrieved from: https://www.movella.com

Nann M, Cohen LG, Deecke L, Soekadar SR (2019) To jump or not to
jump: the Bereitschaftspotential required to jump into 192-meter
abyss. Sci Reports 9(1):2243. https://doi.org/10.1038/s41598-01
8-38447-w

Nastase SA, Goldstein A, Hasson U (2020) Keep it real: rethinking
the primacy of experimental control in cognitive neuroscience.


https://doi.org/10.1109/ACCESS.2020.3012456
https://doi.org/10.1109/ACCESS.2020.3012456
https://doi.org/10.1145/3333581.3333599
https://www.sciencedirect.com/science/article/pii/B9780128119266000105
https://www.sciencedirect.com/science/article/pii/B9780128119266000105
https://doi.org/10.1371/journal.pone.0284122
https://doi.org/10.1371/journal.pone.0284122
https://doi.org/10.3389/FNINS.2017.00356
https://doi.org/10.3389/FNINS.2017.00356
https://doi.org/10.1073/pnas.95.3.861
https://doi.org/10.3233/IES-2012-0458
https://doi.org/10.3233/IES-2012-0458
https://doi.org/10.1080/00222895.2023.2251912
https://doi.org/10.1080/00222895.2023.2251912
https://doi.org/10.1016/J.JNEUMETH.2025.110465
https://doi.org/10.3389/fnhum.2024.1466853
https://doi.org/10.3389/fnhum.2024.1466853
https://doi.org/10.1080/02640419308729993
https://doi.org/10.1080/02701367.1995.10607656
https://doi.org/10.1088/1741-2560/10/5/056014
https://doi.org/10.1088/1741-2560/10/5/056014
https://doi.org/10.1101/2024.02.13.580071
https://doi.org/10.1109/CCWC.2021.9376137
https://doi.org/10.3389/fnhum.2016.00694
https://doi.org/10.3389/fnhum.2016.00694
https://doi.org/10.1016/j.measurement.2023.112826
https://doi.org/10.1109/JSEN.2020.3029461
https://doi.org/10.1109/JSEN.2020.3029461
https://arxiv.org/pdf/1906.08172.pdf
https://arxiv.org/pdf/1906.08172.pdf
https://doi.org/10.1007/s42113-020-00097-5
https://doi.org/10.1016/j.tics.2004.03.008
https://doi.org/10.1016/j.tics.2004.03.008
https://doi.org/10.1016/j.ijpsycho.2008.11.008
https://doi.org/10.1016/j.ijpsycho.2008.11.008
https://doi.org/10.3389/fnbot.2024.1484038
https://doi.org/10.1007/s10339-011-0398-8
https://doi.org/10.1007/s10339-011-0398-8
https://doi.org/10.1093/SLEEP/ZSAD241
https://doi.org/10.3389/fnrgo.2023.1260738
https://doi.org/10.3389/fnrgo.2023.1260738
https://doi.org/10.3389/fnrgo.2022.932542
https://www.movella.com
https://doi.org/10.1038/s41598-018-38447-w
https://doi.org/10.1038/s41598-018-38447-w

Experimental Brain Research (2026) 244:153

Page 17 0of 18 153

In Neuroimage 2(22):117254. https://doi.org/10.1016/j.neuroima
2e.2020.117254

Nour M (2021) Real-time detection and motivation of eating activity
in elderly people with dementia using Pose Estimation with Ten-
sorFlow and OpenCV. Adv Soc Sci Res J 8(3):28-34. https://doi.
org/10.14738/ASSRJ.83.9763

O’Brien J, Ottoboni G, Tessari A, Setti A (2017) One bout of open skill
exercise improves cross-modal perception and immediate mem-
ory in healthy older adults who habitually exercise. PLoS ONE
12(6):e0178739. https://doi.org/10.1371/journal.pone.0178739

Okubo H, Hubbard M (2006) Dynamics of the basketball shot with
application to the free throw. J Sports Sci 24(12):1303-1314.
https://doi.org/10.1080/02640410500520401

Olsen S, Alder G, Williams M, Chambers S, Jochumsen M, Signal
N, Rashid U, Niazi IK, Taylor D (2021) Electroencephalo-
graphic recording of the movement-related cortical potential in
ecologically valid movements: a scoping review. Front Neurosci
15:721387. https://doi.org/10.3389/FNINS.2021.721387

Papakostopoulos D (1978) Electrical activity of the brain associated
with skilled performance. In: Otto DA (ed) Multi-disciplinary
perspectives in event-related brain potentials research. U.S. Envi-
ronmental Protection Agency, Office of Research and Develop-
ment, Washington, pp 134-137

Papin LJ, Esche M, Scanlon JEM, Jacobsen NSJ, Debener S (2024)
Investigating cognitive-motor effects during slacklining using
mobile EEG. Front Hum Neurosci 18:1382959. https://doi.org/10
.3389/fnhum.2024.1382959

Parasuraman R (2003) Neuroergonomics: research and practice. Theor
Issues Ergon Sci 4(1-2):5-20. https://doi.org/10.1080/14639220
210199753

Park JL, Fairweather MM, Donaldson DI (2015) Making the case for
mobile cognition: EEG and sports performance. Neurosci Biobe-
hav Rev 52:117-130. https://doi.org/10.1016/j.neubiorev.2015.0
2.014

Park H-D, Barnoud C, Trang H, Kannape OA, Schaller K, Blanke O
(2020) Breathing is coupled with voluntary action and the cortical
readiness potential. Nat Commun 11(1):289. https://doi.org/10.10
38/s41467-019-13967-9

Penner LSJ (2021) Mechanics of the jump shot: the “Dip” increases the
accuracy of elite basketball shooters. Front Psychol 12:658102.
https://doi.org/10.3389/fpsyg.2021.658102

Pion-Tonachini L et al (2019) ICA-based artifact removal and its appli-
cation to mobile EEG. J Neural Eng 16(5):056023. https://doi.org
/10.1088/1741-2552/ab2600

Qiu F, Pi Y, Liu K, Zhu H, Li X, Zhang J, Wu Y (2019) Neural effi-
ciency in basketball players is associated with bidirectional
reductions in cortical activation and deactivation during multiple-
object tracking task performance. Biol Psychol 144:28-36. https:/
/doi.org/10.1016/j.biopsycho.2019.03.008

Ramezanzade H, Badicu G, Cataldi S, Parimi F, Mohammadzadeh
S, Mohamadtaghi M, Sani SHZ, Greco G (2023) Sonification
of motor imagery in the basketball jump shot: effect on muscle
activity amplitude. Appl Sci 13(3):1495. https://doi.org/10.3390
/app13031495

Ras M, Nowik AM, Klawiter A, Kroliczak G (2019) When is the brain
ready for mental actions? Readiness potential for mental calcula-
tions. Acta Neurobiol Exp 79(4):386-398. https://doi.org/10.213
07/ane-2019-036

Robin N, Toussaint L, Charles-Charlery C, Coudevylle GR (2019) Free
throw performance in non-expert basketball players: the effect of
dynamic motor imagery combined with action observation. Learn
Mot 68:101595. https://doi.org/10.1016/j.1mot.2019.101595

Robles D, Kuziek JWP, Wlasitz NA, Bartlett NT, Hurd PL, Mathew-
son KE (2021) EEG in motion: using an oddball task to explore
motor interference in active skateboarding. Eur J Neurosci
54(12):8196-8213. https://doi.org/10.1111/ejn.15163

Roggio F, Trovato B, Sortino M, Musumeci G (2024) A compre-
hensive analysis of the machine learning pose estimation mod-
els used in human movement and posture analyses: a narrative
review. Heliyon 10(21):e39977. https://doi.org/10.1016/j.heliyon
.2024.€39977

Ros T, Férat V, Huang Y, Colangelo C, Kia SM, Wolfers T, Vul-
liemoz S, Michela A (2025) Return of the GEDAI: unsuper-
vised EEG denoising based on lead field Filtering. bioRxiv,
2025.10.04.680449. https://doi.org/10.1101/2025.10.04.680449

Russo Y, Berchicci M, di Russo F, Vannozzi G (2019) How do different
movement references influence ERP related to gait initiation? A
comparative methods’ assessment. J Neurosci Methods 311:95—
101. https://doi.org/10.1016/j.jneumeth.2018.10.006

Sanchez-Lopez J, Fernandez T, Silva-Pereyra J, Martinez Mesa JA, Di
Russo F (2014) Differences in visuo-motor control in skilled vs.
novice martial arts athletes during sustained and transient atten-
tion tasks: a motor- related cortical potential study. PLoS ONE
9(3):e91112. https://doi.org/10.1371/journal.pone.0091112

Scanlon JEM, Townsend KA, Cormier DL, Kuziek JWP, Mathewson
KE (2019) Taking off the training wheels: measuring auditory P3
during outdoor cycling using an active wet EEG system. Brain
Res 1716:50—-61. https://doi.org/10.1016/j.brainres.2017.12.010

Schiring U, Emkes R, Striiber D, Schorer J, Herrmann CS (2023)
Effekte transkranieller Wechselstromstimulation auf das Putten
bei fortgeschrittenen Golfern. Z Neuropsychol 34(3):147-154.
https://doi.org/10.1024/1016-264X/a000379

Schmidt A (2012) Movement pattern recognition in basketball free-
throw shooting. Hum Mov Sci 31(2):360-382. https://doi.org/10.
1016/j.humov.2011.01.003

Schultze-Kraft M, Jonany V, Binns TS, Soch J, Blankertz B, Haynes
JD (2021) Suppress me if you can: neurofeedback of the readi-
ness potential. eNeuro 8(2):ENEURO.0425-20.2020. https://doi
.org/10.1523/ENEURO.0425-20.2020

Schurger A, Hu P’, Pak J, Roskies AL (2021) What is the readiness
potential? Trends Cogn Sci 25(7):558-570. https://doi.org/10.10
16/j.tics.2021.04.001

Shamay-Tsoory SG, Mendelsohn A (2019) Real-Life neuroscience: an
ecological approach to brain and behavior research. Perspect Psy-
chol Sci J Assoc Psychol Sci 14(5):841-859. https://doi.org/10.1
177/1745691619856350

Shankar S, Suresh RP, Talasila V, Sridhar V (2018) Performance mea-
surement and analysis of shooting form of basketball players
using a wearable [oT system. 2018 IEEE 3rd International Con-
ference on Circuits, Control, Communication and Computing,
14C 2018. https://doi.org/10.1109/CIMCA.2018.8739721

Shapiro SS, Wilk MB (1965) An analysis of variance test for normality
(complete samples). Biometrika 52(3-4):591-611. https://doi.org
/10.1093/biomet/52.3-4.591

Shi P, Feng X (2022) Motor skills and cognitive benefits in children
and adolescents: Relationship, mechanism and perspectives.
Front Psychol 13:1017825. https://doi.org/10.3389/FPSYG.202
2.1017825/FULL

Shibasaki H, Hallett M (2006) What is the Bereitschaftspotential? Clin
Neurophysiol 117(11):2341-2356. https://doi.org/10.1016/j.clinp
h.2006.04.025

Shibasaki H, Barrett G, Halliday E, Halliday AM (1980) Components
of the movement-related cortical potential and their scalp topog-
raphy. Electroencephalogr Clin Neurophysiol 49(3—4):213-226.
https://doi.org/10.1016/0013-4694(80)90216-3

Siemon D, Wessels J (2023) Performance prediction of basketball play-
ers using automated personality mining with twitter data. SBM
13(2):228-247. https://doi.org/10.1108/SBM-10-2021-0119

Simoes W, Reis L, Araujo C, Maia J (2024) Accuracy assessment of
2D pose estimation with MediaPipe for physiotherapy exercises.
Procedia Comput Sci 251:446-453. https://doi.org/10.1016/J.PR
0CS.2024.11.132

@ Springer


https://doi.org/10.1016/j.neuroimage.2020.117254
https://doi.org/10.1016/j.neuroimage.2020.117254
https://doi.org/10.14738/ASSRJ.83.9763
https://doi.org/10.14738/ASSRJ.83.9763
https://doi.org/10.1371/journal.pone.0178739
https://doi.org/10.1080/02640410500520401
https://doi.org/10.3389/FNINS.2021.721387
https://doi.org/10.3389/fnhum.2024.1382959
https://doi.org/10.3389/fnhum.2024.1382959
https://doi.org/10.1080/14639220210199753
https://doi.org/10.1080/14639220210199753
https://doi.org/10.1016/j.neubiorev.2015.02.014
https://doi.org/10.1016/j.neubiorev.2015.02.014
https://doi.org/10.1038/s41467-019-13967-9
https://doi.org/10.1038/s41467-019-13967-9
https://doi.org/10.3389/fpsyg.2021.658102
https://doi.org/10.1088/1741-2552/ab2600
https://doi.org/10.1088/1741-2552/ab2600
https://doi.org/10.1016/j.biopsycho.2019.03.008
https://doi.org/10.1016/j.biopsycho.2019.03.008
https://doi.org/10.3390/app13031495
https://doi.org/10.3390/app13031495
https://doi.org/10.21307/ane-2019-036
https://doi.org/10.21307/ane-2019-036
https://doi.org/10.1016/j.lmot.2019.101595
https://doi.org/10.1111/ejn.15163
https://doi.org/10.1016/j.heliyon.2024.e39977
https://doi.org/10.1016/j.heliyon.2024.e39977
https://doi.org/10.1101/2025.10.04.680449
https://doi.org/10.1016/j.jneumeth.2018.10.006
https://doi.org/10.1371/journal.pone.0091112
https://doi.org/10.1016/j.brainres.2017.12.010
https://doi.org/10.1024/1016-264X/a000379
https://doi.org/10.1016/j.humov.2011.01.003
https://doi.org/10.1016/j.humov.2011.01.003
https://doi.org/10.1523/ENEURO.0425-20.2020
https://doi.org/10.1523/ENEURO.0425-20.2020
https://doi.org/10.1016/j.tics.2021.04.001
https://doi.org/10.1016/j.tics.2021.04.001
https://doi.org/10.1177/1745691619856350
https://doi.org/10.1177/1745691619856350
https://doi.org/10.1109/CIMCA.2018.8739721
https://doi.org/10.1093/biomet/52.3-4.591
https://doi.org/10.1093/biomet/52.3-4.591
https://doi.org/10.3389/FPSYG.2022.1017825/FULL
https://doi.org/10.3389/FPSYG.2022.1017825/FULL
https://doi.org/10.1016/j.clinph.2006.04.025
https://doi.org/10.1016/j.clinph.2006.04.025
https://doi.org/10.1016/0013-4694(80)90216-3
https://doi.org/10.1108/SBM-10-2021-0119
https://doi.org/10.1016/J.PROCS.2024.11.132
https://doi.org/10.1016/J.PROCS.2024.11.132

153 Page 18 of 18

Experimental Brain Research (2026) 244:153

Slegers PM, Lian C, Zhang Q, Li J, Zhao Y (2021) Shooting predic-
tion based on vision sensors and trajectory learning. Appl Sci
12(19):10115. https://doi.org/10.3390/app121910115

Stankovic Ratko, Simonovi¢ Cvetko, Herodek Katarina (2006) Bio-
mechanical analysis of free shooting technique in basketball in
relation to precision and position of the players. In: ISBS-CPA.
Available online at ttps://ojs.ub.unikonstanz.de/cpa/article/
view/191

Straetmans L, Holtze B, Debener S, Jaeger M, Mirkovic B (2022)
Neural tracking to go: auditory attention decoding and saliency
detection with mobile EEG. J Neural Eng 18(6):66054. https://do
i.org/10.1088/1741-2552/ac42b5

Straetmans Lisa, Adiloglu Kamil, Debener Stefan (2024) Neural
speech tracking and auditory attention decoding in everyday life.
Front Hum Neurosci 18. Available online at https://www.frontie
rsin.org/journals/human- neuroscience/articles/https://doi.org/10.
3389/fnhum.2024.1483024

Tan SJ, Kerr G, Sullivan JP, Peake JM (2019) A brief review of the
application of neuroergonomics in skilled cognition during expert
sports performance. Front Hum Neurosci 13:278. https://doi.org/
10.3389/fnhum.2019.00278

Tang W-T, Shung H-M (2005) Relationship between isokinetic
strength and shooting accuracy at different shooting ranges in
Taiwanese elite high school basketball players. Isokinet Exerc Sci
13(3):169-174. https://doi.org/10.3233/IES-2005-0200

Taylor MJ (1978) Bereitschaftspotential during the acquisition of
a skilled motor task. Electroencephalogr Clin Neurophysiol
45(5):568-576. https://doi.org/10.1016/0013-4694(78)90157-8

The MathWorks Inc. (2023) MATLAB version: 9.9.0 (R2023b) [Soft-
ware]. Natick, Massachusetts: The MathWorks Inc. https://www
.mathworks.com

Tolmacheva V, Dudnik E, Petelin D, Shishorin R, Gamirova A, Bezru-
kov V et al (2023) Lateralized readiness potential as a neurophys-
iological marker of functional movement disorders. Neurosci
Appl 2:103767. https://doi.org/10.1016/j.nsa.2023.103767

Tomenotti FF, Noceti N, Odone F (2024) Head pose estimation with
uncertainty and an application to dyadic interaction detection.
Comput vis Image Underst 243:103999. https://doi.org/10.1016
/j.cviu.2024.103999

Travers E, Khalighinejad N, Schurger A, Haggard P (2020) Do readi-
ness potentials happen all the time? Neuroimage 206:116286.
https://doi.org/10.1016/j.neuroimage.2019.116286

Veldman SLC, Jones RA, Santos R, Sousa-Sa E, Pereira JR, Zhang
Z, Okely AD (2018) Associations between gross motor skills

@ Springer

and physical activity in Australian toddlers. J Sci Med Sport
21(8):817-821. https://doi.org/10.1016/j.jsams.2017.12.007

Verbaarschot C, Farquhar J, Haselager P (2015) Lost in time...: the
search for intentions and readiness potentials. Conscious Cogn
33:300-315. https://doi.org/10.1016/j.concog.2015.01.011

Vickers JN (1996) Visual control when aiming at a far target. J Exp
Psychol Hum Percept Perform 22(2):342-354. https://doi.org/10.
1037/0096-1523.22.2.342

Vickers JN (2016) The quiet eye: origins, controversies, and future
directions. Kinesiol Rev 5(2):119-128. https://doi.org/10.1123/k
r.2016-0005

Vickers JN, Williams AM (2017) The role of mental processes in elite
sports performance. In: Oxford research encyclopedia of psychol-
ogy. https://doi.org/10.1093/acrefore/9780190236557.013.161

Vogt T, Kato K, Schneider S, Tiirk S, Kanosue K (2017) Central
neuronal motor behaviour in skilled and less skilled novices:
approaching sports-specific movement techniques. Hum Mov Sci
52:151-159. https://doi.org/10.1016/j.humov.2017.02.003

Wilcoxon F (1945) Individual comparisons by ranking methods. Biom
Bull 1(6):80. https://doi.org/10.2307/3001968

Wolke R, Welzel J, Maetzler W et al (2025) Validity of tremor analysis
using smartphone compatible computer vision frameworks. Sci
Rep 15:13391. https://doi.org/10.1038/s41598-025-97252-4

Woodman GF (2010) A brief introduction to the use of event-related
potentials in studies of perception and attention. Atten Percept
Psychophys 72(8):2031-2046. https://doi.org/10.3758/APP.72.8
2031

Worobel M (2020) Stability training and effectiveness of playing bas-
ketball. Cent Eur J Sport Sci Med 30:85-95. https://doi.org/10.1
8276/cej.2020.2-08

Zhang Fan, Bazarevsky Valentin, Vakunov Andrey, Tkachenka Andrei,
Sung George, Chang Chuo-Ling, Grundmann Matthias (2020)
MediaPipe Hands: on-device real- time hand tracking. Available
online at http://arxiv.org/pdf/2006.10214

Zhao Y, Zhang X, Yang M, Zhang Q, Li J, Lian C (2022) Shooting
prediction based on vision sensors and trajectory learning. Appl
Sci 12(19):10115. https://doi.org/10.3390/app121910115

Zink R, Hunyadi B, van Huffel S, de Vos M (2016) Mobile EEG on
the bike: disentangling attentional and physical contributions to
auditory attention tasks. J Neural Eng 13(4):46017. https://doi.or
2/10.1088/1741-2560/13/4/046017

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


https://doi.org/10.3390/app121910115
https://doi.org/10.1088/1741-2552/ac42b5
https://doi.org/10.1088/1741-2552/ac42b5
https://www.frontiersin.org/journals/human
https://www.frontiersin.org/journals/human
https://doi.org/10.3389/fnhum.2024.1483024
https://doi.org/10.3389/fnhum.2024.1483024
https://doi.org/10.3389/fnhum.2019.00278
https://doi.org/10.3389/fnhum.2019.00278
https://doi.org/10.3233/IES-2005-0200
https://doi.org/10.1016/0013-4694(78)90157-8
https://www.mathworks.com
https://www.mathworks.com
https://doi.org/10.1016/j.nsa.2023.103767
https://doi.org/10.1016/j.cviu.2024.103999
https://doi.org/10.1016/j.cviu.2024.103999
https://doi.org/10.1016/j.neuroimage.2019.116286
https://doi.org/10.1016/j.jsams.2017.12.007
https://doi.org/10.1016/j.concog.2015.01.011
https://doi.org/10.1037/0096-1523.22.2.342
https://doi.org/10.1037/0096-1523.22.2.342
https://doi.org/10.1123/kr.2016-0005
https://doi.org/10.1123/kr.2016-0005
https://doi.org/10.1093/acrefore/9780190236557.013.161
https://doi.org/10.1016/j.humov.2017.02.003
https://doi.org/10.2307/3001968
https://doi.org/10.1038/s41598-025-97252-4
https://doi.org/10.3758/APP.72.8.2031
https://doi.org/10.3758/APP.72.8.2031
https://doi.org/10.18276/cej.2020.2-08
https://doi.org/10.18276/cej.2020.2-08
http://arxiv.org/pdf/2006.10214
https://doi.org/10.3390/app121910115
https://doi.org/10.1088/1741-2560/13/4/046017
https://doi.org/10.1088/1741-2560/13/4/046017

	﻿A portable solution for simultaneous human movement and mobile EEG acquisition: readiness potential for basketball free-throw shooting
	﻿Abstract
	﻿Introduction
	﻿Materials and methods
	﻿Participants
	﻿Materials
	﻿Procedure
	﻿EEG data analysis
	﻿Onset detection
	﻿EEG preprocessing
	﻿Parameterization and analysis of ERP components
	﻿Statistical analysis
	﻿Movement onset validation
	﻿Presence of the RP
	﻿Relationship between RP amplitudes and performance
	﻿Relationship between human pose and performance


	﻿Results


