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Abstract

This study investigated the effects of kinesthetic stimuli on brain activities during a sustained-

attention task in an immersive driving simulator. Tonic and phasic brain responses on multiple

timescales were analyzed using time—frequency analysis of electroencephalographic (EEG) sources

identified by independent component analysis (ICA). Sorting EEG spectra with respect to reaction

times (RT) to randomly introduced lane-departure events revealed distinct effects of kinesthetic

stimuli on the brain under different performance levels. Experimental results indicated that EEG

spectral dynamics highly correlated with performance lapses when driving involved kinesthetic

feedback. Furthermore, in the realistic environment involving both visual and kinesthetic feedback,

a transitive relationship of power spectra between optimal-, suboptimal-, and poor-performance

groups was found predominately across most of the independent components. In contrast to the

static environment with visual input only, kinesthetic feedback reduced theta-power augmentation

in the central and frontal components when preparing for action and error monitoring, while

strengthening alpha suppression in the central component while steering the wheel. In terms of

behavior, subjects tended to have a short response time to process unexpected events with the

assistance of kinesthesia, yet only when their performance was optimal. Decrease in attentional

demand, facilitated by kinesthetic feedback, eventually significantly increased the reaction time in

the suboptimal-performance state. Neurophysiological evidence of mutual relationships between

behavioral performance and neurocognition in complex task paradigms and experimental

environments, presented in this study, might elucidate our understanding of distributed brain
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dynamics, supporting natural human cognition and complex coordinated, multi-joint naturalistic

behavior, and lead to improved understanding of brain-behavior relations in operating environments.
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1. Introduction

Sensory feedback is one of the most important components in sustaining attentioret(Siarter

2001). With respect to everyday driving, an early report (Gioia and Morphew, 1968) claimed that

90% of the information that is used by drivers depends on vision, but the accuracy of this estimate

was then debated by Sivak (1996). In fact, perception inference is largely automatic (Kasschau,

1985), effectively helping drivers obtain relevant information emabling them to focus on a given

task (Kemeny and Panerai, 2003; Kim et, &012). Kinesthesia is an important sensory source.

Various degrees of vehicle motion can contribute to the generation of kinesthetic and vestibular

sensations that inform drivers about the direction and speed of vehicle motion, its location, and the

surrounding environment. Motion cues have been shown to improve driving performance (Kemeny

and Panerai, 2003; Wallg al., 2007). We hypothesize that a kinesthetic input might alter observed

brain activity.

Monitoring the neurophysiological activities that are induced by motion in a naturalistic

environment using vibration-sensitivity equipment, such as functional magnetic resonance imaging

(Friston et al., 1996) or positron emission tomography (Nehmeh and Erdi, 2008), represents a

severe measurement challenge. The electroencephalogram (EEG) is currently the clearly preferred

device for imaging the brains of humans as they performing tasks that involve natural movements in

a real-world environment (Liagt al., 2012).

Recently, many laboratory-based investigations (Bagtkal., 2004; Boyleet al., 2008;

Campagneet al., 2004; De Rosariet al., 2010; Eohet al., 2005; Jagt al., 2011; Jaget al., 2009;
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Khushabeet al., 2011; Lal and Craig, 2001; Lal and Craig, 2002; dtadl., 2003; Linet al., 2010;

Lin et al., 2006; Linet al., 2005; Linet al., 2012b; Otmanét al., 2005) have led to foundational

insights into the brain functions that are associated with sustaining attention on the task of safe

driving. They demonstrated the feasibility of accurately estimating shifts in a driver's levels of

arousal, fatigue, and vigilance, as represented by changes in their task performance, by evaluating

EEG changes. Most relevant studies have found an increase in theta power (4-7 Hz)(Ca&mpagne

al., 2004; De Rosariet al., 2010; Eohet al., 2005; Huanget al., 2009; Jaget al., 2011; Jaget al.,

2009; Lal and Craig, 2001; Lal and Craig, 2002; Ealal., 2003; Otmaniet al., 2005), the

frequency of theta burst (Banktal., 2004; Eohet al., 2005) or the duration of episodes of theta

activity (Bankset al., 2004; Boyleet al., 2008) as the task performance declined or a progressive

deterioration of the driver's attention. Alpha activity (8-12 Hz) is another useful index of task

performance, but it varies among studies. Increases of the alpha power, the density ratio of the sum

of theta and alpha to beta, and the density ratio of alpha to beta were observed as the driving error

increased (Campagrmtal., 2004) or fatigue occurred (E@hal., 2005; Jaget al., 2009; Otmanét

al., 2005). The aforementioned studies, however, have not quantitatively explored the effects of

motion stimuli to human behavior and brain dynamics.

Previous studies showed that the motion and vestibular stimuli elicited an evoked potential

over the fronto-central areas such as Fz, Cz, and Pz (Elidhn1991; Looset al., 1999; Nolaret

al., 2012; Probstt al., 1997; Rodionot al., 1996). The cortical regions involve in the processing

of motion/vestibular cues include the posterior parietal cortex, insular, frontal cortex,
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somatosensory cortex, cingulate cortex, and striate/extrastriate cortex (Deutsciiahde002;

Lopez and Blanke, 2011). Furthermore, functional magnetic resonance imaging (fMRI) studies

(Bremmeret al., 2001; Scheett al., 2009) reveal increased activation at the posterior parietal,

premotor cortex and visual cortices when the brain is engaged in processing motion. These brain

regions that are observably affected by motion or vestibular stimuli largely overlap with the regions

associated with performance lapses. However, the interaction effect of kinesthetic feedback and

performance lapse on the brain activity remains unknown.

Therefore, this study thoroughly elucidated how kinesthesia affects brain activity, especially

when momentary cognitive lapses were experienced. This study implemented an event-related lane-

departure paradigm (Huamtjal., 2009) on a realistic dynamic driving simulator (letnal., 2010)

to explore detailed EEG dynamics associated with motion cues under different levels of

performance. Each subject participated in a simulated driving session without kinesthetic feedback

and a separate session with kinesthetic feedback on different days, in which subject’ behavior and

EEG signals were recorded simultaneously. Owing to volume conduction through the cerebrospinal

fluid, skull and scalp, EEG data collected from any point on the scalp may include activity from

brain, extra-brain and artifactual sources. This signal-mixing problem reduces the signal-to-noise

ratio of desired EEG brain signals, making EEG analysis and interpretation rather challenging tasks

(Junget al., 2001; Makeiget al., 1997). Moreover, as is well known, brain responses to stimulus

presentations may vary widely across subjects in both time course and spatial origins. Therefore,

equivalent EEG sources across subjects must be identified to assist in an anatomic and functional
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interpretation of the component process. By using independent component analysis (ICA), this

study separated the data of each subject into temporally independent components (I&s3{Jung

2001; Makeiget al., 1997). Several studies have demonstrated the efficacy of clustering ICs

according to their cortical locations estimated from the scalp topographies (Malkaig2002;

Marco-Pallareset al., 2005; Milneet al., 2009; Ontonet al., 2005). Thus, based on a source

localization/imaging method, this study estimated the cortical locations of individual ICs from their

scalp maps by individual columns of the ICA unmixing matrix. ICs obtained from all of the subjects

were then grouped into distinct clusters with a high intra-cluster similarity (Delorme and Makeig,

2004) based on commonalities of scalp topographies, equivalent dipole source locations, and time-

frequency properties (Delorme and Makeig, 2004). The neural generators of task-relevant

oscillatory brain activity were then identified, based on equivalent dipole locations of ICs. Finally,

this study compared the EEG spectra of ICs of interest under different experimental conditions (w/

or w/o kinesthetic feedback) at various levels of behavioral performance, as determined by the

required time to react to a random lane-departure event.



2. Materialsand Methods

2.1 Experimental environment and paradigm

This study implemented an event-related lane-departure driving paradigm (&lun@009)

on a dynamic simulator (Ligt al., 2010) to explore detailed EEG dynamics associated with motion

cues under different levels of task performance. The immersive virtual reality (VR) scenario (Fig.

1A) simulated nighttime driving at a constant speed of 100 km/hr on a four-lane divided highway.

The VR program (Fig. 1B) randomly introduced lane-perturbation events to cause the virtual

vehicle to drift from the center of the cruising lane, and participants had been instructed to steer the

vehicle back to the cruising lane as fast as possible after becoming aware of the deviation. If the

subjects did not respond to the lane-perturbation event, falling asleep for example, and then the

vehicle could hit the left and right curb of the roadside within 2.5s and 1.5s, respectively. The

vehicle would then continue to move along the curb until it returned to the original lane. The inter-

trial interval was set to 5~10 s. The experiment was begun in the early afternoon (13:00-14:00) after

lunch and lasted for about 90min when the circadian rhythm of sleepiness was at its peak (Ferrara

and De Gennaro, 2001). Subjects’ cognitive states and driving performance were monitored via a

surveillance video camera and the vehicle trajectory throughout the experiment.

2.2 Experimental session with and without a kinesthetic feedback

To investigate the effect of kinesthesia on brain activity in the sustained-attention driving task,

each subject was asked to participate two driving sessions on different days. Each session lasted for
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about 90min. One was the driving session (noted asith a fixed-based simulator but with no
kinesthetic feedback, so the subject had to monitor the vehicle deviation visually from the virtual
scene. The other driving session (noted §sittolved a motion-based simulator with a six degree-
of-freedom Stewart platform (Figl) to simulate the dynamic response of the vehicle to the
deviation event or steering. The visual and kinesthetic inputs together aroused the subject to attend
to the deviation event and take action to correct the driving trajectory. The order ofgbsskn

and the K session was counterbalanced across subjects, i.e., half of the participants performed the
K~ session first followed by the *Ksession and the other half of participants performed the K
session first followed by the Ksession. The second session was performed after an average delay

of a week.

2.3 Participants
Sixteen voluntary participants of age 24.2+3.7 (ten males and six females) with normal or

corrected-to-normal vision were recruited in this study. None of subjects reported sleep deprivation
in the preceding weeks and none had a history of drug abuse according to self-report. Before each
experiment, the subjects needed to answer a questionnaire regarding their sleep patterns to make
sure they were not sleep deprived or took any medication that might influence their cognitive states.
Every subject was also required to have a normal work and rest cycle, enough sleep (around 8hrs of
sleep each night), and not stay up late (no latter than 11:00 pm) a week before the experiment.

Additionally, the subjects did not have imbibed alcohol and caffeinated drinks, or participated in
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strenuous exercise a day before the experiments. To evaluate accurately their driving performance,

the participants attended a pre-test session to determine that none was afflicted with simulator

sickness. The Institutional Review Board of the Veterans General Hospital, Taipei, Taiwan,

approved the study. All participants were asked to read and sign an informed consent form before

participating in the EEG experiments.

2.4 Data recording and preprocessing

The EEG signals were recorded using Ag/AgCI electrodes that were attached to a 32-channel

Quik-Cap (Compumedical NeuroScan). Thirty electrodes were arranged according to a modified

international 10-20 system, and two reference electrodes were placed on both mastoid bones. The

skins under the reference electrodes were abraded using Nuprep (Weaver and Co., USA) and

disinfected with a 70% isopropyl alcohol swab before calibration. The impedance of the electrodes

was calibrated under 8kusing NaCl-basedonductive gel (Quik-Gel, Neuromedical Supplies®).

The EEG signals from the electro-cap were amplified using the Scan NuUAmps Express system

(Compumedics Ltd., VIC, Australia) and recorded at a sampling rate of 500 Hz with 16bit

guantization. Before the data were analyzed, the raw EEG recordings were preprocessed using a

digital band-pass filter (1-50 Hz) to remove line noise and artifacts and then down-sampled to 250

Hz to reduce the number of data. Severe contamination of the EEG signal by eye movement,

blinking, muscle activity, and environmental noise was manually removed to minimize their effect

on the subsequent analysis. Table 1 shows the number of trials collected in two sessions.
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3. Data Analysis

3.1 Independent EEG processes and category

Independent component analysis (ICA) was applied to EEG signals using the EEGLAB

routine (Delorme and Makeig, 2004) to separate out temporally independent time courses of the

activation. For each recorded datum, a maximum of 30 independent components (ICs) and their

corresponding mixing matrix were decomposed. The ICs, obtained frambj#cts, were grouped

into distinct clusters with high intra-cluster similarity (Delorme and Makeig, 2004) based on

commonalities of scalp topographies (2-D visualization maps of the columns of the mixing matrix),

equivalent dipole source locations (Oostenveld and Oostendorp, 2002), and event-related spectral

perturbations (Delorme and Makeig, 2004). Based on suggestions in the literature éHalng

2008; Huanget al., 2009; Linet al., 2010), five IC clusters - frontal, central, motor, parietal, and

occipital (as displayed in Fig. 2) — were selected as the ICs of interest for further analysis.

The continuous IC time series was then segmented into a set of epochs of varying lengths from

2 s before each deviation event to the occurrence of the following deviation event. Each extracted

epoch comprises four critical periods, which are (1) the baseline period (the period before the onset

of the deviation), (2) the lane-departure period (between the onset of the deviation and the onset of

the response), (3) the steering period (between the onset and the end of the response), and (4) the

post-movement period (between the end of the response and the next deviation onset).
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The response time (RT) to each lane-departure event (i.e., the time between the onset of the

deviation and the onset of the response) was used as an objective behavioral measurement to

characterize all EEG epochs. Three groups of epochs were definaghtithal-performance, the

suboptimal-performance, and thpoor-performance groups. For each subject, the RTs collected

from the first 10 minutes of the experiment were used to construct a null distribution of the optimal

RTs. To make sure the subjects had optimal performance during the first 10min baseline period,

both their facial videos and responses to the lane departure events were closely monitored. The

experimenters visually observe subjects’ facial features such as eye movements (blink rate, blink

duration, long closure rate etc.), head pose and gaze direction via the surveillance video to

determine whether subjects take eyes off the road. Most importantly, the behavioral data (vehicle

trajectory) objectively confirms whether or not the estimated RTs during the first 10 min were short

(~700 ms). Then, for the rest of the experiment, any epoch with RT no greater than 95% of the

values in the null distribution (i.e., it was not significantly different from the optimal RT, p<0.05)

was considered to be an epoch of optimal-performance group. The poor-performance epochs were

those with RTs exceeding twice of the threshold of the optimal-performance epochs. Finally, the

epochs with RTs in between were considered as suboptimal.

3.2 Event-related time-frequency estimation

To investigate brain dynamics following the lane-departure events and the subsequent motor

responses, each epoch was separately transformed into the time-frequency representation using the
12



event-related spectral perturbation routine (Delorme and Makeig, 2004). The mean baseline log

power spectrum (in dB) of the optimal epochs, used as the reference value, was subtracted from

each estimated spectrum. All estimated spectra were then linearly warped to a fixed temporal length.

The new latencies of the events, obtained by estimating the medians of the original latencies of the

events, were 0s, 0.960s, 3.160s, and 9.407s for the onset of the deviation, the onset of the response,

the end of the response, and the onset of the next deviation (end of the epoch), respectively. The

total number of time points (flames) that were used to determine the new time-frequency estimate

was 1087, of which the baseline period, the lane-departure period, the steering period, and the post-

movement period were associated with 192 pts, 97 pts, 212 pts, and 586 pts, respectively. For each

component cluster and each driving session, as presented in Figs. 4A-E, the mean dedt&iz),

theta- ¢: 4-7 Hz), alpha-«: 8-12 Hz), and beta#( 13-20 Hz) band powers were vertically stacked

according to the RT of the epoch, yielding four 2D images of event-related band power dynamics

that accompanied the transition of behavioral changes from optimal, suboptimal to poor

performance (x-axis: time and y-axis: RT).

3.3 Satistical analysis

Linear dependence between the band power and the RT for each component cluster was

measured by calculating the Pearson’s correlation coeffioigrag shown in Fig. 4, and correcting

for multiple comparisons by using the false discovery rate (FDR)-adjpstadlie<0.001. The

Kolmogorov-Smirnov and Wilcoxon signed-rank tests were also performed on the RTs to determine
13



the behavioral differences between &d K sessions. Additionally, the effect size was assessed

by using the formular = z/+/(V)(Fritz et al., 2012), where denotes the Wilcoxon z-statistic and

N represents the total number of observations. This study also investigated how event types
(baseline, lane-departure, steering, and post-movement), performance quality (optimal, suboptimal,
and poor), kinesthetic feedback (kand K), and their interactions affect power spectra by
performing a three-way repeated-measure ANOVA with a 4x3x2 design for four bafds,(and

#) and five independent clusters. Since 20 ANOVAs were performed independently, multiple
comparison corrections were made using the FDR theory. Notably, the band powers across different
RTs were averaged into three bins (representing 3 levels of performance quality) for each of the 4
event types and each of the 2 kinesthetic feedback types before performing each ANOVA test.
Table 2 lists the ANOVA statistics including the FDR-adjuspedalue and the effect size (as
measured by partial eta square;), corresponding to the main effect and the interaction effect.
Moreover, the significant interaction effects inferred from Table 2 were further visualized by
interaction plots (Figs. 5-7), in which the multiple comparison results were provided as well.
Furthermore, post-hoc t-tests were conducted for follow-up analysis in repeated measure ANOVA.

The effect size was measured the absolute value of Cdhen’
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4. Reaults
4.1 Task performance

Figs. 3A and 3B plot the histograms of the RTs (reddish distribution), the end of the response
(greenish distribution), and the onset of the next deviation (bluish distribution) for theskion
and the K session, respectively. All of the distributions were positively skewed. The sample
skewnesses of the onset of the deviation, the onset of the response, and the end of the response were
3.179 (3.662), 2.564 (2.288), and 2.276 (4.942), respectively, fortif Ksession. A two-sided
two-sample Kolmogorov-Smirnov test was performed to demonstrate how kinesthetic feedback
affects RTs. According to those results, theatd K sessionsp<0.001) at the onset and end of
the response significantly differed in the distributions of event latencies. The maximum difference
between the onsets of response in two driving sessions was 115ms, and that between the ends of the
response was 152ms. Comparing the RTs in theekision with those in the'l$ession showed that
subjects performed better in the driving task when they had kinesthetic feedback to integrate with
incoming visual information.

In Fig. 3C, all of the epochs are time-locked with the onset of the deviation (leftmost solid line
at time = 0), and the times of occurrence of the events were stacked vertically according to the RTs
of the epochs in which they occurred. The traces in Fig. 3C represent, from left to right, the onset of
the response (dashed trace), the end of the response (dotted-dashed trace), and the onset of the next
deviation (solid trace), respectively. The upper and lower bounds of RTs on the optimal-

performance and poor-performance groups were 0.756s and 1.512s, respectively. In the optimal-
15



performance group, median RT of thé #essions (0.665s) was statistically significantly shorter
than that of the K sessions (0.682s)(Wilcoxon signed-rank tgst0.001,r = —0.35). In the
suboptimal-performance group, median RT of tHes&ssions (1.034s) was significantly larger than
that of the K sessions (0.951$K0.0009,” = —0.36). In the poor-performance group, the
difference of median RT between K(5.743s) and K (5.022s) sessions was statistically

insignificant o =1,r = —0.11).

4.2 Co-variance of event-related band powers with increase of RT

This study also attempted to justify the functional role of event-related spectral dynamics of
independent components by using Pearson’s correlation to evaluate the dependence between neural
dynamics and behavior. Pearson’s correlation coefficienjsshown in Figs. 4 specified the
strength of the linear dependence between the band powers and the fluctuations of RTs across time
and events (FDR-adjustgeavalue<0.001). For the EEG activity during the baseline period, all delta
and theta powers exhibited a strongly positive correlation (Pearsonis5) with changes of the
RTs in all clusters under both conditions. The strongly positive correlations between the alpha
powers and the RTs were found in the frontal cluster (botaril K conditions), central cluster
(K™ and K conditions), parietal cluster {Kcondition), and occipital cluster {Kcondition).
Additionally, a strong positive correlation between the beta powers and the RTs was found in the
frontal cluster (K condition) and the central cluster (knd K conditions). During the lane-

departure period, delta power (Kondition) of the frontal cluster (Fig. 4A), delta (Kondition),
16



theta (K condition), and alpha power {Kondition) of the central cluster (Fig. 4B), theta power

(K™ condition) of the motor cluster (Fig. 4C), delta (ondition), theta (K condition), and alpha
powers (both Kand K conditions) of the parietal (Fig. 4D) cluster were nearly independent of the
RTs. Additionally, the correlation coefficient decreased markedly to Pearsen(s Except for the

delta power of the central cluster, all of the band powers were strongly positively correlated with
RTs throughout the lane-departure and steering periods. Following the offset of a response, most of
the band powers were highly positively correlated with RTs. However, for alpha powers of the
central (K condition only), motor, parietal, and occipital clusters and the beta powers of the motor,

parietal, and occipital clusters, the correlation coefficients decreased to zero.

4.3 Main Effects
Main effect of event type

Two-dimensional images in Fig. 4 show the RT-sorted event-related spectral perturbation in
the frontal, central, motor, parietal, and occipital IC clusters. The main effect of the event type
(three-way repeated measures ANOVA, FDR-adjuptedlue<0.001)(Table 2) was observed in all
EEG spectral bands of the frontal:(3,45) = 121.17, n2 = 0.89; 0: F(2.15,32.30) = 71.00,
2 = 0.83; o F(1.72,25.72) = 9.94, n? = 0.40; 3: F(1.29,19.37) = 14.40, n = 0.49), central §:
F(1.87,28.01) = 468.45, 2 = 0.97; 0: F(2.00,30.01) = 620.71, 2 = 0.98; a: F(3,45) = 1001.63,
2 =0.99; 3: F(2.22,33.22) = 364.97, 2 = 0.96), motor ¢: F(1.77.26.59) = 524.82, n? = 0.97;

6 : F(1.76.26.36) = 561.44 , 72 =097 ; o : F(1.70,25.46) = 808.81 , 72 =098 ; f :
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F(1.59,23.90) = 623.88 , n2 = 0.98), parietal (J: F(1.66.24.93) = 938.08, 2 =0.98; 6 :
F(1.92.28.84) =721.89 , 12=0.98 ; o : F(2.0530.79) =649.08 , 12=098 ; §
F(1.56,23.41) = 400.38 , 72 =0.96 ), and occipital ¢ : F(3,45) = 587.78 , 0> =0.98; 6 :
F(1.85.27.69) = 591.30, n2 = 0.98; a: F(1.96,29.37) = 461.70, 512 = 0.97; : F(3,45) = 329.34,
n2 = 0.96) clusters.

The post-hoc comparisons showed that delta band of the frpraDQ1,d| = 0.61), central
(p<0.001,d| = 1.24), motor <0.001,d| = 0.58), and parietal g<0.001,d| = 1.04) clusters and
theta band of the centrap<0.001,|d| = 0.70) cluster significantly increased during the lane-
departure period relative to the baseline peri@dnversely, significant event-related spectral
suppressions were observed in the theta powers of the occipital chs€e€0(1,/d| = 0.60), alpha
powers of the motorp&0.001,/d| = 2.46), parietal p<0.001,d| = 2.06), and occipital §<0.001,
|d| = 1.94) clusters, as well as beta powers of the cenp.001,d| = 1.51), motor ©<0.001,
|d| = 2.31), parietal p<0.001,|d| = 2.12), and occipital §<0.001,/d| = 2.08) clusters.

A significant spectral suppression was also observed during the steering period relative to the
baseline period (post-hoc t-tests, FDR-adjugtedilue<0.001). In particular, this event-related
desynchronization (ERD) occurred in the delta and theta bands of the féoe0 001 ,|d| = 0.77;

6: p<0.001,/d| = 0.90), central §: p<0.001,d| = 1.11; 8: p<0.001,/d| = 1.71), motor ¢: p<0.001,
|d| = 2.09; 8: p<0.001,d| = 2.89), parietal ¢: p<0.001,/d| = 2.23; 4. p<0.001,|d| = 2.87), and
occipital ¢: p<0.001,d| = 1.65; #: p<0.001,/d| = 2.09) clusters and the alpha and beta bands of

the central ¢: p<0.001,|d| = 2.95; /3: p<0.001,|d| = 1.39), motor (: p<0.001,d| = 2.39; 5:
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p<0.001,|d| = 1.55), parietal (:: p<0.001,|d| = 2.39; /3: p<0.001,/d| = 1.40), and occipital ¢:
p<0.001,d| = 1.93; 3: p<0.001,d| = 1.13) clusters.

During the post-movement period, delta and theta powers of the centrgb<Q.001,
|d| = 0.60; #: p<0.001,|d| = 0.68) and parietal : p<0.001,|d| = 0.40, #: p<0.001,|d| = 0.40)
clusters were significantly less than that during the baseline period. Conversely, beta powers of the
frontal (<0.001,/d| = 0.75), central p<0.001,|d| = 0.93), motor 0<0.001,|d| = 0.81), parietal
(p<0.001,/d| = 0.83), and occipital [f<0.001,d| = 1.27) clusters and alpha power of the occipital
cluster p<0.001,d| = 0.54) during the post-movement period were significantly larger than that

during the baseline period. Table 3 summarizes these results.

Main effect of performance quality
The main effect of the performance quality (three-way repeated measures ANOVA, FDR-

adjustedp-value<0.001)(Table 2) was observed in the frontaF((1.11,16.58) = 81.43, 2 = 0.84;

0: F(2,30) = 85.37, % = 0.85; o F(1.44,21.63) = 74.16, n? = 0.83; 3: F(1.43,21.47) = 66.09,

2 =0.82), central §: F(1.12,16.81) = 141.32, 72 = 0.90; 0: F(1.12,16.81) = 141.32, n? = 0.91;

a: F(2,30)=139.07 , n2 =0.90; 8 : F(1.28,19.27) = 224.96 , 7> =0.94 ), motor (J :

F(1.46,21.86) = 123.65, n? = 0.89; 0: F(1.43.21.47) = 106.54, n? = 0.88; a: F(2,30) = 78.90,

n? = 0.84; 81 F(2,30) = 91.17, n2 = 0.86), parietal §: F(1.24,18.55) = 151.15, 7

2 —-0.091;0:

F(1.38,20.68) = 19156, 12 = 0.93; a: F(2,30) = 137.75, n2 = 0.90; #: F(2,30) = 301.52,
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12 =0.95), and occipital & F(1.42,21.42) = 454.03, n? = 0.97; 6: F(2,30) = 604.34, 2 = 0.98;
a: F(2,30) = 155.00, 2 = 0.91; 5: F(2,30) = 115.23, 2 = 0.88) clusters.

The post-hoc comparisons showed that the power spectra of the suboptimal-performance group
were significantly higher than those of the optimal-performance group in the delta band of the
occipital cluster §<0.001,/d| = 1.17) cluster, the theta band of the occipitak@.001,d| = 1.29)
cluster, the alpha band of the front@k(.001,/d| = 0.73), parietal p<0.001,|d| = 0.86), and
occipital £<0.001,d| = 1.36) clusters, as well as the beta band of the cemx&l.Q01,/d| = 1.02),
motor (<0.001,|d| = 0.86), parietal p<0.001,|d| = 1.17), and occipital §<0.001,|d| = 1.37)
clusters.

The post-hoc comparisons also indicated that all of the power spectra of the poor-performance
group were significantly higher than those of the suboptimal-performance group in the frontal (
p<0.001,d| = 1.63; #: p<0.001,d| = 1.56; o p<0.001d| = 0.75; 3: p<0.001,d| = 0.80), central
(9: p<0.001,|d| = 1.38; 8: p<0.001,|d| = 1.52; a: p<0.001,|d| = 1.30; /5: p<0.001,|d| = 1.62),
motor (6: p<0.001,|d| = 1.58; 6: p<0.001,|d| =1.90; a: p<0.001,|d| =0.85; 5: p<0.001,
|d] = 0.55), parietal ¢: p<0.001,|d| = 1.79; #: p<0.001,|d| = 1.94; o: p<0.001,|d| = 0.93; 5:
p<0.001,|d| = 0.58), and occipital clustersd¢ p<0.001,|d| = 2.55; #: p<0.001,|d| = 2.42; «:
p<0.001,/d| = 0.94; 5: p<0.001,|d| = 0.54). All of the power spectra of the poor-performance
group were also significantly greater than those of the optimal-performance group in all component
clusters. Cumulatively, the power spectra revealed a transitive relation from optimal-, to

suboptimal-, and poor-performance groups in the delta and theta bands of the occipital cluster, the
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alpha band of the frontal, parietal, and occipital clusters, as well as the beta band of the central,
motor, parietal, and occipital clusters. The power spectra monotonically increased with a declining

performance (i.e. optimal<suboptimal<poor). Table 4 summarizes these results.

Main effect of kinesthetic feedback

The main effect of the kinesthetic feedback (three-way repeated measures ANOVA, FDR-
adjustedp-value<0.001)(Table 2) was observed in the delta band of the frdttallH) = 68.31,
n2 = 0.82), central ¢(1,15) = 93.65, n2 = 0.86), motor (F'(1,15) = 64.62, > = 0.81), parietal
(F(1,15) = 39.40, 2 = 0.72), and occipital F(1,15) = 50.69, n2 = 0.77) clusters, the theta band
of the frontal £(1,15) = 102.10, 2 = 0.87), central £(1,15) = 168.67, n2 = 0.92), and occipital
(F(1,15) = 23.82, 2 = 0.61) clusters, as well as the alpha band of the frorftal (15) = 46.66,
n2 = 0.76), central (1, 15) = 85.16, 72 = 0.85), and motor F (1, 15) = 30.37, 52 = 0.67) clusters.

The post-hoc comparisons further indicated that the power spectra in the delta band of the
frontal (<0.001,/d| = 0.39), central p<0.001,/d| = 0.58), motor <0.001,/d| = 0.48), parietal
(p<0.001,|d| = 0.58), and occipital [§<0.001,|d| = 0.60) clusters, the theta band of the frontal
(p<0.001,|d| = 0.53), central p<0.001,|d| = 0.67), and occipital §<0.001,/d| = 0.37) clusters,
and the alpha band of the front@k(.001,d| = 0.40), central p<0.001,/d| = 0.64), and motor
(p<0.001,d| = 0.54) clusters under the kcondition were significantly less than that under the K

condition. Table 5 summarizes these results.
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4.4 Interaction Effects
Event type by performance quality interaction

According to Table 2, the interaction effect of event type by performance quality (ExP) was
significant (FDR-adjusted p-value<0.001) on the power spectra in four bands and five component
clusters, except for the alpha power in the occipital cluster (Table 2). In particular, according to our
results, a significant ExP interaction occurred in the theta band of the central cluster (Figs. 5A and
5C)( F(3.92,58.81) =90.74 , n2 =087 ), the beta band of the motor cluster
( F(3.21,48.10) = 79.62, n2 = 0.86), the alpha band of the central cluster (Figs. 6A and
6C)(F'(2.94,44.08) = 36.32, 2 = 0.71), and the theta band of the frontal cluster (Figs. 7A and
7C)(F(6,90) = 17.46, n2 = 0.54).

Post-hoc t-tests suggested that the event-related spectral perturbations might differ across
different performance levels. During the lane-departure period, significant event-related
synchronizations (ERS) of the delta and theta powers relative to the baseline spectra were found
across most component clusters when optimal (fréntpk0.001,/d| = 1.91; frontal: p<0.001,
|d| = 1.67 (Fig. 7C); centrad: p<0.001,d| = 4.10; centrald: p<0.001,d| = 3.23 (Fig. 5C); motor
d: p<0.001,|d| = 1.61; motord: p<0.001,|d| = 0.72; parietald: p<0.001,/d| = 3.86; parietald:
p<0.001,/d| = 1.37; occipitald: p<0.001,d| = 0.98) and suboptimal (frontall: p<0.001,d| = 1.98;
frontal : p<0.001,d| = 1.53; centrald: p<0.001,d| = 4.10, centralf: p<0.001,d| = 1.22; motord:
p<0.001,d| = 0.85; parietald: p<0.001,|d| = 2.22) performances were achieved. However, neither

delta-ERS nor theta-ERS was significaor@.001) in the poor-performance state. Conversely, the
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theta powers of motor, parietal and occipital clusters showed a significant ERD when the
performance was suboptimal (motpk0.001,|d| = 1.03; occipital: p<0.001,|d| = 1.15) and poor
(motor: p<0.001,d| = 1.55; parietal:p<0.001,d| = 1.38; occipital: p<0.001,|d| = 1.02). For alpha
and beta bands, significant ERDs were observed,mainly across most component clusters except for
the frontal cluster during the lane-departure period regardless of the changes in the performance
state.

During the steering period, significant delta-, theta-, alpha-, and beta-ERDs were found in most
component clusters in the optimal- (frontalp<0.001,/d| = 1.00; frontal 3: p<0.001,d| = 1.54 ;
centrald: p<0.001,d| = 1.60; centrale: p<0.001,/d| = 3.17; central3: p<0.001,d| = 4.21; motor
d: p<0.001,|d| = 1.65; motoré: p<0.001,|d| = 2.07; motor«: p<0.001,|d| = 4.25; motor 3:
p<0.001,|d| = 5.80; parietald: p<0.001,|d| = 2.05; parietald: p<0.001,|d| = 2.23; parietala:
p<0.001,|d| = 2.91; parietal3: p<0.001,/d| = 4.15; occipitald: p<0.001,/d| = 1.22; occipital&:
p<0.001,d| = 1.90; occipitale: p<0.001,d| = 2.56; occipital 5: p<0.001,|d| = 2.98), suboptimal-
(frontal 0: p<0.001,|d| = 1.24; frontal9: p<0.001,d| = 1.39; frontal«: p<0.001,d| = 1.61; frontal
£ p<0.001,/d| = 1.60; centrald: p<0.001,/d| = 1.72; centrald: p<0.001,/d| = 2.98; centrala:
p<0.001,|d| = 5.04; centrals3: p<0.001,d| = 4.22; motord: p<0.001,/d| = 3.35; motord: p<0.001,
|d| = 4.91; motor «: p<0.001,|d| = 4.78; motor 5: p<0.001,|d| = 5.49; parietald: p<0.001,
|d| = 3.54; parietald: p<0.001,|d| = 4.76; parietalo: p<0.001,|d| = 6.37; parietal/3: p<0.001,
|d| = 5.60; occipitald: p<0.001,d| = 2.31; occipitalf: p<0.001,/d| = 3.22; occipitala: p<0.001,

|d| = 4.06; occipital 5: p<0.001,d| = 2.93), and poor-performance (front&l p<0.001,d| = 1.14;
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frontal #: p<0.001,d| = 0.87; centrald: p<0.001,d| = 4.63; centrald: p<0.001,d| = 5.13; central
«: p<0.001,|d| = 2.63; motord: p<0.001,|d| = 3.17; motorf: p<0.001,|d| = 3.18; motor «:
p<0.001,|d| = 1.88; parietaldé: p<0.001,|d| = 4.55; parietalf: p<0.001,|d| = 4.73; parietal«:
p<0.001,/d| = 2.58; occipitald: p<0.001,d| = 2.37; occipital?: p<0.001,d| = 2.14; occipital«:
p<0.001,|d| = 1.20) states.

During the post-movement period, delta- and theta-ERDs were found across most component
clusters yet only in the poor-performance state (frantak0.001,d| = 0.81; centrald: p<0.001,
|d| = 1.62; centrald: p<0.001,|d| = 1.56; motoro: p<0.001,|d| = 0.87; parietald: p<0.001,
|d| = 1.33; parietalf: p<0.001,/d| = 0.83; occipitald: p<0.001,/d| = 0.81; occipitalf: p<0.001,
|d| = 0.79). Conversely, significant augments of the beta power were found across optimal-
(parietal: p<0.001, |d| = 0.67 ; occipital: p<0.001,|d| = 1.57), suboptimal- (frontal:p<0.001,
|d| = 0.86; central: p<0.001,|d| = 1.06; occipital: p<0.001,|d| = 1.09), and poor-performance
(frontal: p<0.001,|d| = 1.70; central: p<0.001,|d| = 1.94; motor: p<0.001,|d| = 2.60; parietal:
p<0.001,|d| = 1.97; occipital: p<0.001,|d| = 1.55) states. Some spectral augments were also
observed in the delta, theta, and alpha powers of the occipital clistes0(001,|d| = 0.89; 6:
p<0.001,d| = 1.01; : p<0.001,d| = 1.36) in the optimal-performance state and the alpha powers
of the frontal p<0.001,d| = 0.80), motor ©<0.001,d| = 1.24), and parietalg<0.001,d| = 0.66)
clusters in the poor-performance state. Table 6 summarizes these results.

The post-hoc t-testes indicated that regardless of the event types, the delta and theta powers of

the occipital cluster monotonically increased (i.e. poor>suboptimal>optimal) with a declining
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performance. In particular, significantly larger delta and theta powers of the occipital cluster were
found in the suboptimal-performance state than those in the optimal-performance state during the
baseline 4: p<0.001,|d| = 1.83; #: p<0.001,d| = 2.09), lane-departures( p<0.001,d| = 0.82; &:
p<0.001,d| = 1.11), steering §: p<0.001,d| = 0.70; 6: p<0.001,d| = 0.72), and post-movement

(0: p<0.001,/d| = 2.26; 6: p<0.001,/d| = 2.06) periods. Moreover, significantly larger delta and
theta powers of the occipital cluster were found in the poor-performance state than those in the
suboptimal-performance state during the baseling<0.001,d| = 4.42; §: p<0.001,|d| = 4.29),
lane-departured{ p<0.001,|d| = 2.99; : p<0.001,d| = 3.57), steering {: p<0.001,d| = 2.64; 6:
p<0.001,d| = 2.92), and post-movement:(p<0.001,d| = 4.33; 8: p<0.001,d| = 3.84) periods.
However, the post-hoc comparisons also suggested that the performance-related spectral changes
might vary across different event types. For instance, with a declining performance, the delta and
theta powers of all component clusters monotonically increased only during the baseline and post-
movement periods. In particular, during the baseline period, the delta and theta powers of the frontal
(Fig. 7A) and central clusters (Fig. 5A) in suboptimal- and poor-performance states were
significantly larger than those in the optimal- (frontalp<0.001,d| = 0.91; frontal: p<0.001,

|d| = 1.10; centrald: p<0.001,|d| = 0.85; centralf: p<0.001,|d| =1.05) and suboptimal-
performance (frontad: p<0.001,|d| = 2.16; frontal §: p<0.001,|d| = 2.42; centrald: p<0.001,

|d| = 3.88; centrald: p<0.001,/d| = 3.06) states, respectively. During the post-movement period,
the delta and theta powers of the frontal (Fig. 7A) and central clusters (Fig. 5A) in the suboptimal-

and poor-performance states were significantly larger than that in the optimal- (#rgmal001,
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|d| = 1.04; frontal 6: p<0.001,|d| = 1.28; centralé: p<0.001,|d| = 0.90; centrald: p<0.001,

|d| =1.18) and suboptimal-performance (frontat p<0.001,|d| =2.02; frontal ¢: p<0.001,

|d| = 2.13; centrald: p<0.001,|d| = 2.88; centrald: p<0.001,|d| = 2.87) states, respectively.

However, delta and theta powers of the frontal, central, motor, parietal, and occipital cluster in

suboptimal- and poor-performance states were insignificantly larger than those in the optimal- and

suboptimal-performance statgs-0.001). Table 7 summarizes these results.

Event type by kinesthetic feedback interaction

According to Table 2, the interaction effect of event type by kinesthetic feedback (ExK) was

significant (FDR-adjusteg@-value<0.001) on the power spectra of the frontaF{(3,45) = 17.45,
=054 ; 6: F(272.40.75) = 1119 , n2 =043 ; a1 F(3,45) =11.00, 2 =042 ; B:
F(3,45) = 7.95, 12 = 0.35), central ¢: F(2.03,30.46) = 24.39, % = 0.62; o F(3,45) = 90.53,
n2=086; B: F(3,45) =17.13, n? =0.53), motor (5: F(3,45) =14.02, n2 =048 ; 6 :
F(3,45) =19.35 , n2 = 0.56 ; o : F(1.98,29.65) = 14.71, n2 = 0.50; 8: F(3,45) = 12.05
n2 =0.45), parietal (0: F(3,45) =815, n2=035; 0: F(3,45) =11.05, n2 =0.42; «a:
F(3,45) =16.75 , n7 =053 ), and occipital (0 : F(2.17,32.47) =21.77 , 2 =059 ; 0 :

F(3,45) = 25.79, n2 = 0.63; a: F(3,45) = 33.80, 72 = 0.69; f: F(3,45) = 12.51, n2 = 0.45)

clusters, except for the delta power of the central cluster and the beta power of the parietal cluster

(p>0.001).
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Post-hoc t-tests suggested that theakd K sessions might differ in the event-related spectral
perturbations. During the lane-departure period, delt®.001,/d| = 0.80) and theta §<0.001,
|d| = 0.54) powers of the frontal cluster (Fig. 7E), theta power of the central clystér0Q1,
|d| = 0.99)(Fig. 5E), as well as delta power of the motor clugbe0(001,d| = 0.86) significantly
increased only in the Ksession. Conversely, the beta power of the frontal clupted.q01,
|d| = 0.69), alpha power of the central clustex(.001,d| = 1.36)(Fig. 6E), theta powers of motor
(p<0.001,d| = 0.67) and occipital clusterg€0.001,|d| = 0.86) significantly decreased only in the
K" session. During the steering period, the theta (Fig. 7E) and alpha powers of the frontal cluster
were significantly suppressed:(p<0.001,/d| = 1.20; «: p<0.001,|d| = 0.78) only in the K
session. During the post-movement period, alpha power of the occipital cluster significantly
increased only in the Ksession. Table 8 summarizes these results.

Post-hoc t-tests also suggested that the power spectra of tiedKK sessions might differ
across different event types, except for the baseline. During the lane-departure period, power
spectra of the frontal «(: p<0.001,|d| = 0.73), central ¢: p<0.001,|d| = 1.32; «: p<0.001,
|d| = 1.80), motor ¢: p<0.001,d| = 0.73; 8: p<0.001,|d| = 0.79; a: p<0.001d| = 0.98), parietal
clusters §: p<0.001)d| = 0.67; #: p<0.001,d| = 0.67) in the K session were significantly less
than those in the Ksession. During the steering period, the power spectra of the fronald(001,
|d| = 0.87; §: p<0.001,|d| = 0.86; a: p<0.001,|d| = 0.62), central §: p<0.001,|d| = 1.07; «:
p<0.001,d| = 1.33), motor ¢: p<0.001,d| = 0.82; 8: p<0.001,|d| = 0.59; o: p<0.001,|d| = 0.86),

parietal (0: p<0.001,|d| = 0.87; §: p<0.001,|d| = 0.65;) and occipital clustersd( p<0.001,
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|d| = 1.66; 8: p<0.001d| = 1.30; @z p<0.001,/d| = 1.05) in the K session were significantly less
than those in the Ksession. During the post-movement period, the power spectra of the parietal (
p<0.001,|d| = 0.96) and occipital clusters {: p<0.001,|d| = 0.62) in the K session were

significantly larger than those in the Kession. Table 9 summarizes these results.

Performance quality by kinesthetic feedback interaction

According to Table 2, the interaction effect of performance quality by kinesthetic feedback
(PxK) was significant (FDR-adjusted p-value<0.001) on theta, alpha, and beta powers of the frontal
cluster (6 : F(1.61,24.19) =13.88 , n2 =048 , o : F(2,30)=16.57 , n? =048 , 3 :
F(1.38,20.67) = 16.49, n2 = 0.48), delta power of the parietal clusterF'(2,30) = 10.14 ,
n2 = 0.40), as well as delta power of the occipital clustét&(30) = 10.00, n; = 0.40).

Most of the performance-related spectral changes in treegsion showed a transitive relation
between performance-groups that was the same as in tilsedsion. However, post-hoc t-tests
suggested that the Kand K sessions differed in performance-related spectral changes. Beta power
of the frontal cluster (Ksession), delta and theta powers of the central clustesg$sion), delta
and theta powers of the motor cluster @€ssion), and alpha power of the motor clustérsgésion)

did not significantly increasg$0.001) with a declining performance from optimal to suboptimal.
Additionally, beta power of the occipital cluster did not significantly increpse.Q01) in the K

session with a declining performance from suboptimal to poor. Table 10 summarizes these results.
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In the optimal-performance state, the $ession and the'Ksession did not statistically differ
significantly in all power spectra of the frontal, parietal, and occipital clus{¢8.001).
Conversely, the power spectra of the centfal @<0.001,/d| = 1.30; #: p<0.001,/d| = 1.12; «:
p<0.001,d| = 0.69) and motor ¢: p<0.001,d| = 0.96; #: p<0.001,d| = 0.49) clusters in the K
session were significantly larger than those in theséssion. In the suboptimal-performance state,
theta power of the frontal clustgn<0.001,d| = 0.52) and alpha powers of the centrpk(.001,
|d| = 0.48) and motor ¢<0.001,d| = 0.81) clusters in the Ksession were significantly larger than
that in the K session. Conversely, alpha power of the parietal clyst€r@01,d| = 0.53) and beta
powers of the frontal p<0.001,|d| = 0.54), central p<0.001,|d| = 0.53), parietal p<0.001,
|d| = 0.56), and occipital §<0.001,/d| = 0.54) clusters in the K session were significantly less
than those in the Ksession. In the poor-performance state, most power spectra of the féontal (
p<0.001,d| = 0.67; 8: p<0.001)d| = 0.88; a: p<0.001,|d| = 0.93; 3: p<0.001,d| = 0.79), central
(0: p<0.001,|d| = 0.62; 6: p<0.001,|d| = 0.75; «: p<0.001,|d| = 0.76), motor (§: p<0.001,
|ld| = 0.59; a: p<0.001,|d| = 0.75; 3: p<0.001,|d| = 0.51), parietal ¢: p<0.001,|d| = 1.21; 8:
p<0.001,d| = 0.77), and occipital §: p<0.001,/d| = 1.35; 8: p<0.001,/d| = 0.95) clusters in the K
session were significantly larger than those in tHes&ssion. Cumulatively, in all performance
levels, post-hoc t-tests indicated that two sessions in the alpha band of the occipital cluster
statistically differ significantly. Additionally, alpha power of the central cluster in thedssion
was significantly larger than that in the® Kession across all performance levels. Table 11

summarizes these results.
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Three-way interaction

According to Table 2, the three-way interaction effect of ExPxK was significant (FDR-
adjusted p-value<0.001) on delta activities of the fronfd5(90) = 7.03, > = 0.32) and motor
clusters ((6,90) = 4.54, n2 = 0.23), alpha activity of the central clusterF(6,90) = 9.74,
n2 = 0.39), as well as beta activity of the occipital clustef(¢, 90) = 7.17, n; = 0.32). The
following post-hoc comparisons were made to determine whether two-way interactions vary across
levels of a third variable.

For delta activity of the frontal cluster, all of the two-way interactions varied across levels of
the third variable. Specifically, the interactions effects of ExP differed across various levels of
kinesthetic feedback (K session: p<0.001, F(6,90) =22.27 ; K~ session: p>0.001,
F(6,90) = 3.12). The interaction effect of ExK differed across various levels of performance
quality (optimal:p>0.001,F(3,45) = 0.56; suboptimal:p>0.001,F'(3,45) = 5.89; poor: p<0.001,
F(3,45) = 14.59). Additionally, the interaction effect of PxK differed across various event types
(baseline:p>0.001,F' (2, 30) = 0.98; lane-departurep>0.001,F'(2, 30) = 1.47; steering:p<0.001,
F(2,30) = 23.33; post-movemen{p<0.001,F (2, 30) = 12.36).

For delta power of the motor cluster, all of the interactions effects of ExP were statistically
significant across various levels of kinesthetic feedbacks@$sionp<0.001,F(6,90) = 21.58; K~
sessionp<0.001,F(6,90) = 18.91). The interaction effect of ExK differed across various levels of

performance quality (optimalp>0.001,F(3,45) = 6.46; suboptimal:p>0.001, F(3,45) = 5.30;
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poor: p<0.001, F'(3,45) = 15.54). Additionally, the interaction effect of PxK differed across
various event types (baseline:0.001,F'(2,30) = 2.15; lane-departurep>0.001,/'(2, 30) = 8.08;
steeringp>0.001,/'(2,30) = 6.32; post-movemen{p<0.001,#'(2, 30) = 10.87).

For alpha activity of the central cluster, all of the interactions effects of ExP were statistically
significant across various levels of kinesthetic feedbacks@$sionp<0.001,F(6,90) = 17.58; K~
sessionp<0.001,F(6,90) = 31.80). All of the interactions effects of ExK were also statistically
significant across various levels of performance quality (optimps0.001,F(3,45) = 41.64;
suboptimal: p<0.001, F(3,45) = 95.10 ; poor: p<0.001, F'(3,45) = 15.22). Conversely, the
interaction effect of PxK differed across various event types (baspi#0e001,F(2,30) = 1.26;
lane-departurep>0.001, F(2,30) = 6.79; steering: p<0.001, F(2,30) = 9.04; post-movement:
p>0.001,F (2, 30) = 3.36).

For beta activity of the occipital cluster, all of the interactions effects of ExP were statistically
significant across various levels of kinesthetic feedback® (l§ession: p<0.001,
F(2.22,33.34) = 15.23; K™ sessionp<0.001,F(6,90) = 5.93). Additionally, all of the interaction
effects of PxK were not statistically significant across various event types (bageiheol,
F(2,30) = 7.77; lane-departurep>0.001, F'(2,30) = 6.19; steering: p>0.001, F'(2,30) = 0.45;
post-movementp>0.001,F(2,30) = 0.32). Additionally, the interaction effect of ExK differed
across various levels of performance quality (optinpl0.001, F'(3,45) = 1.97; suboptimal:

p<0.001,F(3,45) = 16.79; poor:p<0.001,F(3,45) = 11.54).
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5. Discussion

This study has thoroughly elucidated how performance lapse and kinesthetic feedback
collaboratively affect brain activity during a sustained-attention driving task using independent
component analysis, time-frequency analysis, and three-way repeated measure ANOVA. Empirical
results demonstrated the neural dynamics of multisensory integration in a natural environment.
Consistent with previous studies (Bardtsal., 2004; Boyleet al., 2008; Campagnet al., 2004;
Eoh et al., 2005; Huanget al., 2009; Japet al., 2009; Otmaniet al., 2005), the results of our
statistical analysis (Table 2) indicated that EEG dynamics in all spectral bands and component
clusters were significantly altered following behavioral lapses. Additionally, most of the spectral
bands and component clusters were highly correlated with the changes of RT (Fig. 4), indicating a
transitive relation from optimal-, to suboptimal, and poor (i.e., optimal<suboptimal<poor),
especially in the K sessions (Table 10). The driving task involved lane-departure events and
steering activities that induced significant ERS and ERD, respectively. The theta-ERS was found
during the lane-departure period in multiple component clusters, particularly in optimal- and
suboptimal-performance states (Table 6). Our results further demonstrated that less theta-ERS
occurred in the frontal and central clusters in thes&ssion than that in the Kession (Tables 8
and 9). For most of the spectra bands and component clusters, ERD occurred during the steering
period across all performance levels (Table 6). These results indicated that, across all performance
levels, less alpha power of the central cluster was observed in'teesKion than that in the K

session (Table 11). Cumulatively, when individuals performed the driving task involving
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kinesthetic feedback, less EEG activity in delta, theta, and alpha bands was observed in multiple
component clusters (Table 5).

Comparing the RTs in the Ksession with those in the'K§ession (Kolmogorov-Smirnov test,
p<0.001) showed that subjects performed better (i.e., a faster reaction time) in the driving task when
they had kinesthetic feedback to integrate with incoming visual information. However, the
kinesthetic feedback appeared to be beneficial only when the subjects were in the optimal-
performance state. Their reaction time tended to be slow under"tbeniition, compared to the

K™ condition, when the subjects were in a suboptimal-performance state.

5.1 Kinesthesia modifies tonic EEG dynamics
Neural mechanisms mediate lapse-related cortical activity

Results of correlation between the power spectra and the RT showed that the synchronized
changes of EEG activities in all spectral bands are comparable between frontal, central, motor,
parietal and occipital clusters, which might reflect a signal from the deep brain projecting to these
cortical areas (Chuarg al., 2012). The cholinergic neurons in the basal forebrain projecting much
of the remaining cerebral cortices might be a driver for maintenance of behavioral performance.
Thalamus is also one of the key lapse-related regions @lake2008). Studies have reported that
thalamo-cortical networks strongly affect the spectral synchronization of cortical field potentials
(Herculano-Houzeét al., 1999). This co-variation of EEG spectral fluctuations may be caused by

the reduction of cortical—cortical connectivity (Massimghial., 2005) which produces a cortical
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gate during the transition from optimal to poor performance. The cortical gate acts like a low-pass

filter, allowing slow, widespread activity to propagate through the brain, while blocking the

propagation of fast fluctuations (Esstal., 2009).

Power spectral augmentations across most independent brain processes

Many studies (Davidsost al., 2007; Linet al., 2010; Makeig and Inlow, 1993; Peigtal.,

2006) have investigated behavioral lapses by using EEG measurements. According to a meta-

analysis (Linet al., 2012a), most EEG activities in low bands identified significant increases at

most of brain regions, which were strongly correlated with the deterioration of task performance.

However, this study demonstrated that in a static (laboratory) environment, the differences of delta

and theta powers in the central and motor clusters between the optimal- and suboptimal-

performance groups were insignificant (Table 10). Conversely, in a dynamic environment,

kinesthetic inputs induced decreased EEG activities in the delta and theta bands, particularly in the

optimal-performance state (Table 11), resulting in a transitive relationship of power spectra from

optimal-, to suboptimal-, and poor-performance groups across most component clusters (Table 10).

This finding suggests that the EEG spectral dynamics are sensitive to performance lapses when

involved with the kinesthetic feedback. Hence, for real-world applications, such as performance

lapse prediction/detection, developing an advanced algorithm is necessary to adaptive to the

environment.
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5.3 Kinesthesia modifies phasic EEG dynamics
Reduced theta-ERS at central and frontal clusters

The event-related theta activity typically is associated with the level of cognitive demand
(Klimesch, 1999; Ontomt al., 2005; Rawlest al., 2012; Sauseng al., 2007) and the amount of
attentional resources (Gomaregtsal., 2006) for planning the required motor action (Perfittl.,

2011) and integrating the sensorimotor function (Cruikshetrét., 2012). A parallel increase of
fronto-parietal theta coherence mirrors activation of a fronto-parietal network for central executive
functions of working memory (Sausemy al., 2005). The human brain is highly responsive to
movements of the platform and, therefore, to somatic sensation. The difference of power spectra
between the Kand K sessions may arise from the different amounts of attentional resources for
engaging in the driving task. When the environment provided only visual input, the subject had to
pay more attention to the trajectory of the vehicle to detect a random lane-departure event.
Kinesthetic feedback might provide critical input that facilitated the driving task such that the
subjects did not have to focus on the vehicle trajectory at all times.

Furthermore, the dipole model of the frontal component cluster was located near the medial
frontal area involving the cingulate cortex. The anterior cingulate cortex has been identified to be
associated with the error processing (Calhoun and Pearlson, 2012; van Veen and Carter, 2002).
Results of the event-related fMRI experiments (Holreydl., 2004) also illustrated that an error
feedback as well as an error response would activate the region of dorsal anterior cingulate cortex.

In previous EEG studies, the theta activity dominates the error-related negativity which is
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considered as an indicator of brain processes to monitor action outcomeat @lyw2004). Our

results (Table 9 and Fig. 7E) demonstrate that the kinesthetic feedback from the moving vehicle
significantly reduces theta augmentation following the onset of deviation (during the lane-departure
period) below that in the Ksession. This result may suggest that an external source of the error

information will facilitate the brain resource for error monitoring.

Event-related alpha desynchronization in the central cluster

Control of the steering wheel causes an observable decrease in the alpha power that dominates
most regions of the brain (Table and Fig. 4). An apparent ERD of alpha power shortly after the
onset of the deviation reflects the needs for shifting cortical activity from an idle state to an
activated state (Goldmaat al., 2002). Accordingly, a power suppression of 2-4 dB relative to the
baseline level is required to move the steering wheel to respond to the perturbation, and a strongly
positive relationship between the RT and the alpha power provides evidence that greater alpha
suppression is associated with a more timely response (Petfettj 2011; Zhanget al., 2008).
Consistent with a previous study (Cocletral., 1998), this study found that the decrease in alpha-
band power in the Ksession exceeded that in thedéssion in the central cluster (Table 9 and Figs.
6B and 6E). This result suggests that kinesthesia can produce large cortical excitability (Kéimesch

al., 2007) as part of an action response.
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5.3 Driving performance

Upon a perturbation, the attempt to minimize the trajectory error generates a positively skewed

distribution of reaction times (Fig. 3), which was truncated on (Lal and Craig, 2001) the left and

spread out on the right (Triggs and Harris, 1982). In this study, an RT of 0.756s was used as the

upper bound on the optimal-performance group. This threshold is close to the RT values of 700ms

and 750ms, which are suggested by the Department of Transport in Britain and the Royal

Automobile Club of Victoria, Australia, respectively, for calculating safe tailing distances and

stopping distances (Nguyenal., 2000). Double the threshold for the optimal- performance group

(with an RT of 1.512s), was set as the lower bound on the poor-performance group. Notably, the

vehicle would hit the curb of the roadside within 1.5s of the onset of a deviation event. Subjects

with an RT over this threshold indicated that they were unaware of the lane-departure event and the

vehicle eventually hit the roadside.

The effective integration of multiple sensory modalities from the body and the environment

enable the driver to understand the surrounding feedback and accurately respond to the traffic event.

The established immersive driving environment (Fig. 1), including the surroundings and motion

platform reproduces two sensory modalities — visual and kinesthetic input — that inform the subject.

Consistent with a previous finding (Ngbal., 2012), multisensory feedback could effectively alert

drivers to take corrective action. Restated, the involvement of kinesthetic feedback facilitates a fast

RT in response to an unintended lane departure. However, the kinesthetic feedback appeared to be

beneficial only when the performance was optimal. Comparing the two conditions with respect to
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the median RT of the suboptimal-performance group between two conditions showed that the
reaction time of a subject tended to be slow when driving under ‘tloerdlition. Notably, a valid
concern arises that facilitating the kinesthetic feedback on a driving task, as reflected by the non-
significant theta-ERS of the central component during lane departure in' thes&on (Table 8),

may reduce situational awareness (Young and Stanton, 2007) and lower task engagement

(Neubauekt al., 2012).

5.4 Limitations

This study implemented an event-related lane-departure driving paradigm on a dynamic
simulator to explore the detailed EEG dynamics associated with kinesthetic feedback under
different levels of task performance, as measured by the RT to a random lane-departure event.
However, the lack of independent indicators to measure the subject’s level of arousal makes it
difficult to identify the cause of a long RT. Given this limitation, the EEG dynamics of this study
must be interpreted in terms of behavioral lapses. Additionally, varying levels of sleep in
participants can lead to various levels of homeostatic changes in the brain, thus confounding the
EEG dynamics. To ensure rigorous monitoring of sleep habits, we recommend using a sleep diary

or ActiWatch (Lotjoneret al., 2003) for at least a week before the study.

6. Conclusion
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This study thoroughly elucidated the brain dynamics and behavioral changes of a driver who

responded to a lane-departure event in a static or dynamic driving simulator. Independent

component analysis was performed to decompose 30-channel EEG data into spatially independent

brain processes. Independent components with similar topographic maps, dipole source locations,

and spectral profiles were then grouped into IC clusters. Tonic analysis demonstrates that the

increasing activities in multiple bands and brain regions are robust indices of behavioral lapses,

especially when driving involves kinesthetic feedback. Moreover, a decrease in phasic theta

augmentation in the central component suggests that the motion cues facilitate the distribution of

attentional resources. Whereas an increase in phasic alpha suppression in the central cluster

suggests that cortical excitability increased in the presence of motion cues. Although kinesthetic

feedback can improve driving performance in terms of reaction time, a decrease in attentional

demand (as facilitated by kinesthetic feedback) may increase the reaction time in the suboptimal-

performance state. Results of this study demonstrate the importance of kinesthetic feedback in

driving from an EEG dynamics perspective. Neurophysiological evidence of brain-behavior

relations in this study provides further insight into distributed brain dynamics that support natural

human cognition and complex coordinated, multi-joint naturalistic behavior, ultimately shedding

light on the characteristics of brain-behavior relations in operational environments.
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Figure legends

Figure 1.

(A) Immersive driving environment, including a real car frame that is mounted on a Stewart
platform and a projected night-time driving scene (tial., 2010).

(B) Event-related lane departure paradigm (Huetrad., 2009). Onset of deviation occurs when the
vehicle begins to deviate. Onset of response occurs when the subject initiates compensatory steering.
End of response occurs when the vehicle returns to the center of the cruising lane and the subject
ceases to rotate the steering wheel.

Figure 2.

(A) Average scalp topographies of frontal, central, motor, parietal, and occipital clusters, estimated
from all ICs of interest.

(B) Equivalent dipole locations and their averages. The average Talairach coordinates of the frontal,
central, motor, parietal, and occipital components are (-2.2, 30.3, 22.3), (0.7, -2.3, 40.0), (-31.0, -
26.5, -41.4), (2.0, -41.8, 32.9), and (x3.7, -71.5, 4.4), respectively.

Figure 3.

(A) Histograms of the latency of the onset of response (reddish distribution), end of response
(greenish distribution), and the onset of the next deviation (bluish distribution) observed in the K
session.

(B) Histograms of the latency of the onset of response (red distribution), end of response (green
distribution), and the onset of the next deviation (blue distribution) observed i thession.

(C) The times of occurrence of the onset of the deviation (dashed line), the onset of the response
(dashed trace), the end of the response (dotted-dashed trace), and the onset of the next deviation
(solid trace), which were sorted by RT and vertically stacked. Color traces and black lines represent
the times of the occurrence of the events and their median times, respectively.

Figure4.

Tonic and phasic EEG dynamics in (A) frontal, (B) central, (C) motor, (D) parietal, and (E)
occipital clusters. Four columns from the left to the right describe the event-related spectral
dynamics of delta, theta, alpha, and beta bands, respectively. Top and middle panels are the spectral
perturbations in the Ksession and the'ksession, respectively, where each colored horizontal bar
represents a single trial in a time-warped spectral estimate. All of the spectral estimates are
vertically stacked according to the RT from fast to slow (from bottom to top). Bottom panel
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presents the Pearson’s correlation coefficient between RT and band power across every time point
(FDR-adjuste@-value<0.001).

Figure5.

Interaction plot for the theta power in the central component. (A) and (C) ExP interaction. (B) and
(E) ExK interaction. (D) and (F) PxK interaction. Gray cell refers a significant interaction effect
(Table 2). Asterisks between two levels of a factor indicate that the difference between group means
by post-hoc tests is significant. Significant at FDR-adjupte®.001.

Figure®6.

Interaction plot for the alpha power in the central component. (A) and (C) ExP interaction. (B) and
(E) ExK interaction. (D) and (F) PxK interaction. Gray cell refers a significant interaction effect
(Table 2). Asterisks between two levels of a factor indicate that the difference between group means
by post-hoc tests is significant. Significant at FDR-adjupted.001.

Figure7.

Interaction plot for the theta power in the frontal component. (A) and (C) ExP interaction. (B) and
(E) ExK interaction. (D) and (F) PxK interaction. Gray cell refers a significant interaction effect
(Table 2). Asterisks between two levels of a factor indicate that the difference between group means
by post-hoc tests is significant. Significant at FDR-adjupte®.001.
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Table 1. Summary of trials collected from each subject

K™ session K* session
Subject Number of Number of trials Number of Number of trials

electrodes electrodes
S01 3C 292 28 404
S0z 27 341 3C 461
S03 30 414 30 249
S04 30 247 28 160
S05 30 265 30 292
SO€E 26 292 3C 304
S07 3C 304 3C 404
S08 30 407 26 182
S09 30 237 30 244
S10 26 188 30 182
S11 29 277 3C 251
S1z 29 30¢€ 3C 271
S1: 29 41t 3C 34¢€
S14 28 400 29 496
S15 30 274 30 377
S1¢€ 3C 444 3C 40¢
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Table 2. Results of three-way repeated measure ANOVA.

nd § S | Main effect Interaction effect
ndependent| Spectra
component | band ZEEV)ent type gs;flﬁ;nzg;]ce gzggt&:ﬁsaﬁ) ExP ExK PxK ExPxK
5 p<0.001 p<0.001 p<0.001 p<0.001 p<0.001 n.s. p<0.001
n2=0.89 n:=0.84 73=0.82 n2=0.54 n2=0.54 72=0.32
9 p<0.001 p<0.001 p<0.001 p<0.001 p<0.001 p<0.001 ns.
Frontal Tlf) =0.83 7[5 =0.85 'r/IZJ =0.87 Tlg =0.54 Tlg =0.43 ’r/f) =0.48
o p<0.001 p<0.001 p<0.001 p<0.001 p<0.001 p<0.001 n.s.
n2=0.40 n2=0.83 n2=0.76 n=0.67 n2=0.42 n2=0.48
3 p<0.001 p<0.001 n.s. p<0.001 p<0.001 p<0.001 n.s.
72=0.49 72=0.82 72=0.76 77=0.35 75 =0.52
5 p<0.001 p<0.001 p<0.001 p<0.001 n.s. n.s. ns.
‘ 72=0.97 72=0.90 7=0.86 | 72=0.8416
9 p=0.000 p<0.001 p<0.001 p<0.001 p<0.001 n.s. ns.
Central 72=0.98 72=0.91 75=0.92 72=0.87 72=0.62
a p<0.001 p<0.001 p<0.001 p<0.001 p<0.001 n.s. p<0.001
n2=0.99 n%=0.90 72=0.85 n2=0.71 n2=0.86 72=0.39
3 p<0.001 p<0.001 n.s. p<0.001 p<0.001 n.s. ns.
! 12=096 | 12=0.94 12=0.76 | 12=053
5 p<0.001 p<0.001 p<0.001 p<0.001 p<0.001 n.s. p<0.001
n:=0.97 7% =0.89 72=0.81 n2=0.66 n2=0.48 73=0.23
9 P<0.001 p<0.001 n.s. p<0.001 p<0.001 n.s. n.s.
Motor n:=0.97 n2=0.88 n2=0.65 n2=0.56
a p<0.001 p<0.001 p<0.001 p<0.001 p<0.001 n.s. n.s.
72=0.98 72=0.84 75=0.67 72=0.72 77=0.50
p<0.001 P<0.001 n.s. p<0.001 p<0.001 n.s. n.s.
p 72=0.98 72=0.86 72=0.86 72=0.45
5 p<0.001 p<0.001 p<0.001 p<0.001 p<0.001 p<0.001 ns.
72=0.98 72=0.91 7?=0.72 72=0.85 77=0.35 7= 0.40
9 p<0.001 p<0.001 n.s. p<0.001 p<0.001 n.s. n.s.
Parictal 72=0.98 72=0.93 72=0.76 172=0.42
a P<0.001 p<0.001 n.s. p<0.001 p<0.001 n.s. n.s.
n:=0.98 n%=0.90 n2=0.37 n2=0.53
[)’ P<0.001 p<0.001 n.s. p<0.001 n.s. n.s. n.s
n:=0.96 n%=0.95 n2=0.22
5 p<0.001 p<0.001 p<0.001 p<0.001 p<0.001 p<0.001 ns.
n:=0.98 n%=0.97 n2=0.77 n2=0.48 n2=0.59 n2=0.40
9 p<0.001 p<0.001 p<0.001 p<0.001 P<0.001 n.s. n.s.
Occipital n:=0.98 n%=0.98 72=0.61 n2=0.39 n2=0.63
o p<0.001 p<0.001 n.s. ns. p<0.001 n.s. n.s.
n2=0.97 n2=0.91 nZ=0.69
p<0.001 p<0.001 n.s. p<0.001 p<0.001 n.s. p<0.001
s 71, =0.96 7;,=0.88 77=0.43 77=0.45 75=0.32

n.s. reveals that the effect is insignificant (FDR-adjusted p-»¥8l081).
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Table 3. Comparison of marginal means between event types by post-hoc t-tests

Lane-departure vs. baseline Steering vs. baseline Post-movement vs. baseline
) g 8] 5 ) e 8] 5 ) e 8] I}

Frontal + - - +

Central + + - - - - - - R - +

Motor + - - - - - - +

Parietal + - - - - - - - - +

Occipital - - - - - - 3 + +

Symbols +/ - indicate that EEG synchrony/desynchronizationgsificantly greater during the lane-departure

period (the steering period/the post-movement period) than that during the baseline period (FDR4adjusted
value<0.001).
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Table 4. Comparison of marginal means between performance qualities by post-hoc t-tests

Optimal < suboptimi Suboptimal < poc Optimal < poo

) 0 2 B ) f o I5] ) f o 3
Frontal * * * * * * * * *
Centra * * * * * * * * *
Motor * * * * * * * * *
Parieta * * * * * * * * * *
Occipital * * * * * * * * * * *

Symbol * refers to a situation in which the difference ofweo spectra between groups (i.e.

optimal<suboptimal, suboptimal<poor, and optimal<poor) is statistically significant (FDR-adjpsted
value<0.001).
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Table 5. Comparison of marginal means between kinesthetic feedbacks by post-hoc t-tests

K* vs. K-
) f o 3
Frontal . . .
Centra . - -
Motor . -
Parietal .
Occipital .

Symbol - indicates that the spectral power of group K

is significantly less than that of group K
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Table 6. Significant event-related spectral perturbation across different levels of performance suggested by post-hoc
comparisons

Lane-departure Steering Post-movement

vs. baseline vS. baseline vs. baseline

) 0 o 3 ) 0 o 3 ) 0 o 3
Optima Frontal +  + - -

Central + + - - - - -

Motor + + - - - - - -

Parietal  + + - - - - - - +

Occipital  + - - - - - - + + + +
Suboptimal - Frontal + o+ - - - - -

Central + + - 4 > - +

Motor + - - - - N - -

Parietal  + - - y - - -

Occipital - - - - - - - +
Poor Frontal - - - + - P

Central - \ - - - - - +

Motor - - - - - - - + +

Parietal - - - - - - - - + +

Occipital 4 3 - - - - - - +

Symbols +/ - indicate that EEG synchrony/desynchronization ggificantly greater during the

lane-departure period (the steering period/the post-movement period) than that during the baseline
period (FDR-adjusteg-value<0.001).
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Table 7. Significant performance-related spectral perturbation across different type of event suggested by post-hoc

comparisons

Optimal < suboptimal Suboptimal < poor Optimal < poor
1 0 « B ) 6 « B ) 6 « 3
Frontal * * * * * * * * *
e}
g Central * * * * * * * * * * * *
[¢}]
g Motor * * * * * * *
= .
% Parieta * * * * * * * * *
(%]
g Occipital * * * * * * * * * *
Fronta * * * * * *
e Centra . . « . . .
2
g Motor * * * * *
(]
-c .
T O
8 3 Parieta * * * * * *
3 8_ Occipital * * * * * * * * * *
Frontal * * * * * * * *
S Centra * * * * * * * * *
8_ Motor * * * * * * * *
m .
E Parieta * * * * * * * * *
()
Q .
n OCClplta| * * * * * * * * * * * *
Fronta * * * * * * * * * * *
8 Central * * * * * * * * * * * *
IS
g Motor * * * * * * * * * * *
o
g -8 Parieta * * * * * * * * * * * *
7 2
& 8_ OCCIpItal * * * * * * * * * * * *

Symbol * refers to a situation in which the difference ofwpo spectra between groups (i.e.,
optimal<suboptimal, suboptimal<poor, and optimal<poor) is statistically significant (FDR-adjpsted
value<0.001).
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Table 8. Significant event-related spectral perturbation-irakd K+ sessions suggested by post-hoc comparisons

Lane-departure period Steering period Post-movement period
vs. baseline period vs. baseline period vs. baseline period
) 0 e’ 3 ) 0 o 3 ) 0 e’ 3

K- Frontal + + - +
Central + + - - - - - - - +
Motor + - - - - - 4 +
Parietal + - - - - - - +
Occipital - - - - - - +
K+ Frontal - - - - +
Central + - - - - - - - - +
Motor - - - - - 4 - +
Parietal + - - - - - - +
Occipital - - - - - - - + +

Symbols +/ - indicate that EEG synchrony/desynchronization gmificantly greater during the

lane-departure period (the steering period/the post-movement period) than that during the baseline
period (FDR-adjusteg-value<0.001).
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Table 9. Significant kinesthesia-related spectral perturbation across different type of event suggested by post-hoc

comparisons

K-vs. K*
§ 4 &3 3
Frontal
e]
2 Centra
[}
o Motor
(]
= :
3 Parieta
)
3 Occipital
Fronta * *
% Centra * * *
§_ Motor * * *
) .
é .8 Parieta * *
< g Occipital
Frontal * * *
.8 Central * * *
8 Motor * * *
O’ .
£ Parieta * *
3
) Occipital * * *
Frontal
S Centra
&
o Motor
g .
ﬁ .8 Parieta t +
£9  Occipital T

Symbol * indicates that the spectral power of the K
session is significantly larger than that of the Kession.
Symbol t indicates that the spectral power of the K

session is significantly less than that of the Kession
(FDR-adjusteg-value<0.001).
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Table 10. Significant performance-related spectral changes inid K+ sessions suggested by post-hoc comparisons

Optimal < suboptimal Suboptimal < poor Optimal < poor
) 0 ] 3 ) 0 o 3 ) 6 o 3
K - Frontal * * * * * * * * * * *
Central * * * * * * * * *
Motor " * * * " * * * * x
Parletal * * * * * * * * * *
OCC'p'tal * * * * * * * * * * * *
K+ Frontal * * * * * * * * * * * *
Central * * * * * * * * * * *
Motor * * * * " " * * * * x
Parietal * * * * * * * * * *
OCCIpItal * * * * * * * * * * *

Symbol * refers to a situation in which the difference ofwpo spectra between groups (i.e.

optimal<suboptimal, suboptimal<poor, and optimal<poor) is statistically significant (FDR-adjpsted
value<0.001).
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Table 11. Significant kinesthesia-related spectral perturbation across different levels of performance suggested by post-

hoc comparisons

K- vs. K*
5 6 o 3
Optimal Frontal
Central * * *
Motor * *
Parietal
Occipital
Suboptime Frontal * +
Central * t
Motor *
Parietal ) t
Occipital T
Poor Frontal * * * *
Central * * *
Motor * * *
Parietal * *
Occipital * *

Symbol * indicates that the power spectra of theskssion

is significantly larger than those of thef Kession. Symbol T

indicates that the power spectra of the-ISession is

significantly less than those of therKsession (FDR-adjusted

p-value<0.001).
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