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in Different Daily Fatigue Levels
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Abstract—A significant issue for traffic safety has been
drowsy driving for decades. A number of studies have in-
vestigated the effects of acute fatigue on spectral power;
and recent research has revealed that drowsy driving is
associated with a variety of brain connections in a specific
cortico-cortical pathway. In spite of this, it is still unclear
how different brain regions are connected in drowsy driving
at different levels of daily fatigue. This study identified the
brain connectivity-behavior relationship among three dif-
ferent daily fatigue levels (low-, median- and high-fatigue)
with the EEG data transfer entropy. According to the re-
sults, only low- and medium-fatigue groups demonstrated
an inverted U-shaped change in connectivity from high per-
formance to poor behavioral performance. In addition, from
low- to high-fatigue groups, connectivity magnitude de-
creased in the frontal region and increased in the occipital
region. These study results suggest that brain connectivity
and driving behavior would be affected by different levels
of daily fatigue.

Index Terms—Fatigue, brain connectivity, transfer en-
tropy, electroencephalography (EEG).

Impact Statement— This longitudinal study explores the
transfer entropy of different EEG channel pairs to reveal
distinct patterns of brain connectivity based on daily fa-
tigue levels to highlight the significant factors that con-
tribute to the detrimental effects of fatigue on driving per-
formance.
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I. INTRODUCTION

THE traffic fatalities were the leading cause of death around
the world [1]. According to the report, driving behavior

and performance played an important role in driving safety.
Therefore, to prevent car accidents and to improve traffic safety, a
comprehensive understanding of the neurophysiological makers
of the decline in performance during driving is critical.

Recently, many studies have investigated the different associa-
tions between brain dynamics and task performance [2], [3], [4],
[5], [6], [7], [8], [9]. According to the research by Lin et al. [6]
and Huang et al. [5], there are significant increases in theta power
or longer episodes of theta activity, as observed by an Electroen-
cephalography (EEG), from alert to poor performances during
driving. The power of alpha, alpha+theta/beta, and alpha/beta
showed an increasing trend, whereas the number of driving er-
rors increased [2], [3], which indicated that driving performance
decreased. Additionally, some studies [6], [7], [8] stated that
tonic occipital alpha power and theta power increased when the
reaction time increased during a long vigilance task. It was found
in [4] that as reaction times increased, delta, theta, and alpha
bands in the occipital and temporal cortices exhibited increasing
trends in independent EEG activation. The relationship between
brain dynamics and task performance varied across studies.
To identify differences among the studies, our previous study
[9] tracked and assessed subjects’ daily fatigue variations and
explored the relation between power spectrum variation in delta,
theta, alpha, and beta bands with different daily fatigue levels.

Regarding the study of the brain, most previous research
has focus on functional specialization, which is the analysis of
regionally specific effects on the brain dividing the brain into
different regions, such as the frontal, central or occipital brain
regions. Distinct areas in the brain are specialized for various
functions. In the recent decade, more and more research has
been conducted on functional integration, which is the analysis
of interregional effects on the brain. This kind of analysis is used
to understand how each brain region processes information and
affects responses in the entire brain network.

Functional connectivity and effective connectivity are two
different aspects of the communication and interaction between
different brain regions. Functional connectivity [10], [11], [12],
[13], [14] denotes the statistical correlations between brain
regions and demonstrates the interaction between different brain
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regions. However, it doesn’t necessarily imply direct communi-
cation but rather coherence across brain regions.

Recent research has introduced novel approaches to studying
functional connectivity, including using the phase lag index
(PLI) to estimate functional connectivity [15]. Additionally,
innovative deep learning architectures [16] have been proposed
for analyzing brain functional connectivity.

Otherwise, some studies have suggested the neural mecha-
nism of effective connectivity [8], [12], [17], [18], [19], [20].
Effective connectivity represents a form of directed connectivity
across brain structures, revealing causal interactions between
distinct brain regions [10], [12]. The calculation of effective
connectivity allows us to comprehend the flow of information
across various brain areas.

In the earlier studies, Granger causality (GC) [21] and its
extensions, such as directed transfer function (DTF) [17], [19]
and partial directed coherence (PDC) [19], [22], [23], and re-
lated concepts such as Transfer entropy (TE), are used to study
functional and effective connectivity in cognitive neuroscience
[12], [17], [18], [19]. The GC analysis, however, has some
prerequisites for being applied to EEG signals [12], and may
not be the best method for calculating the effective connectivity
of brain-related signals, which are nonlinear and non-Gaussian
distributions [24], [25].

Therefore, in this study, we applied TE, a model-free measure
of effective connectivity based on information theory [26], to
improve the detectability of effective connectivity in nonlinear
interactions. As part of our preliminary research, TE has been
applied to observe the brain connectivity associated with fatigue
while driving [27].

Furthermore, in regard to the brain-behavior relationship in
driving, some relevant studies have focused on the neural sup-
pression or activation of cellular potentials, on brain activity, or
on blood concentrations in specific brain regions with the view
of functional specialization. However, evidence [28], [29], [30]
has indicated that drowsy driving may involve the coupling of
different brain regions. Another piece of research suggested that
the change in the brain connectivity of a specific cortico-cortical
pathway may also be a sensitive neurophysiological signature
for changes in alertness [30]. Furthermore, investigating the
information flow between brain regions helps us reveal the
coupling of synchronized, correlated systems in the brain.

According to our previous studies [5], [6], [7], [8], [9], fatigue
affects the relation between the EEG spectral power in specific
brain regions and behavior during simulated driving. In addition,
several studies [31], [32], [33] have suggested that the network of
the brain may also change between different states. Furthermore,
our previous study [9] has also mentioned that the various daily
fatigue levels would lead to different relations of the changes in
the EEG power spectrum and behaviors during drowsy driving.

However, whether the variation in daily fatigue levels affects
the specific brain regions’ connectivity magnitudes during driv-
ing remains an unresolved issue of the human brain-behavior
model. In this sense, we hypothesized that driving or real-world
performance decrements may be associated with brain con-
nectivity fluctuations between different modes and applied the
transfer entropy method to calculate the effective connectivity

of a prelabeled dataset. To identify the effect of realistic fatigue
on the brain connectivity-behavior relationship during driving,
the aims of the study are listed as the following: 1) to divide
subjects’ daily performance into three classes based on different
daily fatigue levels; 2) to apply the transfer entropy (TE) method
to calculate the connectivity of each piece of EEG data; and 3)
to inspect the fluctuations in connectivity with the changes in
driving performance among three daily fatigue.

II. MATERIALS AND METHODS

A. Subjects and EEG Acquisition

Sixteen healthy subjects aged 20–26 (11 males and five fe-
males) were recruited to join the study. All participants were
scheduled to conduct the lane-keeping task at each of three daily
fatigue levels (high-, medium-, and low-fatigue) and explore
the effect of different daily fatigue levels on simulated driving
performance and corresponding informative EEG features. This
means that each subject experimented while they were at three
different individual daily fatigue levels. Each subject’s daily fa-
tigue level was divided according to the statistical distribution of
daily effectiveness scores recorded using ReadiBand actigraph
(Fatigue Science, Vancouver, BC) for at least one continuous 1
month (details are presented in Section II-B). This experimental
paradigm was adapted from our previous methods [9]. The sub-
jects were also required to complete subjective questionnaires
to check psychometric responses to fatigue, sleep, and stress,
including the Karolinska Sleepiness Scale (KSS) [34], [35]
and the Fatigue Visual Analog Scale (FVAS) [36], during each
experimental session to ensure daily fatigue level accuracy. They
are right-handed and have the normal or corrected-to-normal
vision, and have not taken any medication that affects cognitive
function.

In this study, the behavioral data were recorded and monitored
during the whole process of the experiment. EEG data were
recorded from Ag/AgCl electrodes, placed according to the
modified international 10–20 system, by the Synamp system
(Compumedics Ltd., VIC, Australia) during the task. The con-
tact impedance between all the electrodes and the skin was kept
under 10 kΩ. The EEG signal was recorded at a sampling rate
of 1000 Hz.

This study was carried out in strict accordance with the rec-
ommendations in the Guide for Committee of Laboratory Care
and Use of the National Chiao Tung University. The Institutional
Review Board of National Chiao Tung University approved the
protocol. Each participant read and signed an informed consent
form before the experiment began.

B. Daily Fatigue Level Determination

The ReadiBand actigraph (Fatigue Science, Vancouver, BC)
was given to each subject. It is a wrist-worn actigraphy de-
vice that records the duration, quantity and quality of sleep
automatically and objectively. By means of the patented Sleep,
Activity, Fatigue, and Task Effectiveness model (SAFTE) [37],
the ReadiBand can evaluate the estimated effectiveness score.
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Fig. 1. Event-related lane departure paradigm. The solid black arrows
represent the driving trajectory. The red point represents the deviation
onset. The green point represents the response onset. The blue point
represents the response offset. The driver’s reaction time (RT) is the
time interval from the deviation onset (red point) to the response onset
(green point). The next deviation begins 5–10 s after the response offset
(adapted from Ref. [5] and [6]).

The SAFTE model calculates and simulates the physiological
processes of the human body. It can determine the level of daily
fatigue using the effectiveness score mentioned above at any
given point in time. It contains a sleep-reservoir process that
represents the method in which recovery sleep is affected by
bed time, wake time, sleep quantity and quality, sleep debt,
and the circadian timing of sleep, as well as any type of sleep
fragmentation. Additionally, it contains a circadian process that
simulates the way in which the body clock influences circadian
regulation and performance. The real-time effectiveness scores
(ES, 0%–100%) are provided by the SAFTE model. Using
these scores, the model will make a decision as to which level
of daily fatigue the subject is at. According to effectiveness
scores, the levels of daily fatigue are divided into three levels
(high-, medium- and low-fatigue) and marked as three different
risk groups of accident (high-risk, reduced and normal group,
respectively). The normal group as having an effectiveness score
near the MEAN+ standard deviation (SD) (SD; The MEAN and
SD were calculated over approximately 1 month). Subjects with
effectiveness scores lower than the MEAN – SD were considered
the high-risk group. Those with effectiveness scores lying be-
tween the normal and high-risk ranges were categorized as the
reduced group. Participants were asked to wear the actigraph
continuously for the duration of the study [9].

C. Lane-Keeping Task

An event-related lane departure paradigm was implemented
using a virtual-reality scene in Fig. 1, adapted from our pre-
vious studies [5], [6]. In the scene, the speed of the vehicle
was 100 km/hr, and it would drift away automatically from
the original cruising lane to the right or left side at random.
The subjects were required to steer the automobile back to the
original lane as fast as possible after they perceived the deviation.
If the subjects did not respond to the perturbation of the vehicle,
it would hit the right or left curb of the roadside after 2.5 or
1.5 seconds, respectively. The vehicle would keep moving along
the roadside until it was steered back to the original lane. The
lane departure event is regarded as a trial that is composed of
three significant moments. The deviation onset represents the
moment when the vehicle starts to drift away the original lane.
The response onset indicates the moment when the participant

has feels the car perturbation and begins to rotate the steering
wheel. Finally, the response offset represents the moment when
the vehicle is steered back to the original lane, and the participant
stops moving the steering wheel. The reaction time is defined
as the interval between the response onset and the deviation
onset. The next trial occurs 5 to 10 seconds after every response
onset. The duration time for each task session is around one hour,
including 300 trials at least. There were not any another stimuli
during the driving task that would create a car condition that
would induce the driving fatigue of the subjects. The cognitive
states of the subjects were recorded using a real-time camera, as
well as the driving trajectory throughout the session.

D. Connectivity Estimation by Transfer Entropy

Schreiber [26] proposed an information-theoretic measure
termed transfer entropy (TE). TE is derived from the conditional
mutual information and conditional transition probabilities be-
tween any two processes evolving in time. This measure sup-
poses that X = {x1, x2, · · · , xn} and Y = {y1, y2, · · · , yn}
are two processes that represent two interacting systems (time
series, n is the number of time bin of process) that can
be approximated by stationary Markov processes. Let xd

t =
{xt, xt−τ , xt−2τ , · · · , xt−(d−1)τ} be an embedding vector that
is related to the full state of the processes of interest. The
dimension of the embedding space is d, and the delay is τ [18].
Under the assumption that the system can be approximated by a
stationary Markov process of order d, the transition probabilities
that describe the system are as follows:
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where u is the prediction time, and p(∗) is the probability. The
probabilities can be estimated via kernel estimation or by the
k-nearest neighbor approach [12], [26], [38]. We wanted to
measure the amount of information transferred from process
Y to process X. The entropy rate of a system X is the amount of
additional information that is required to represent the value of
an additional state of the system X and the other system Y. All
previous states are known and can be computed as follows:
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If the two processes are independent, there is no transfer
of information, and p(xt+u|xd

t ) = p(xt+u|xd
t , y

m
t ), that also

is H(xt+u|xd
t ) = H(xt+u|xd

t , y
m
t ), where the state of X only

depends on d states of X. As proposed by Schreiber [26], a
measure of the deviation from this generalized Markov property
can be computed using the Kullback-Leibler divergence or by
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mutual information. This measurement is a directed measure of
the information flow from Y to X and is called the transfer en-
tropy, TE(Y → X)and is computed as follows [12], [26], [39]:

TE (Y → X) = H
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∣∣xd
t

)−H
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The essence of the calculation of transfer entropy is directional
and dynamic information transfer. We can recognize TE as an
asymmetric measure and see its property of causality detec-
tion, which means TE(Y → X) �= TE(X → Y ). Under the
assumption that the processes are independent from each other,
TE(Y → X) = TE(X → Y ) = 0.

The estimation of parameters and the calculation of TE were
performed by TRENTOOL (version 2.0.4) [40], which is an
open source toolbox for Matlab that analyzes information flow
in a time series with transfer entropy. The algorithms used to
determine the appropriate time delay (τ ) was proposed by Cao
[41] based on false neighbors computation and an alternative
known as the Ragwitz’ criterion [42], while the dimension (d
and m) was obtained using an effective search algorithm [12],
[40]. With the TRENTOOL toolbox, the range of embedding
dimensions (d and m) is scanned from 1 to 10 to find the optimal
dimension.

E. EEG Processing and TE Analysis

The EEG data were preprocessed and then applied the transfer
entropy method to calculate the effective connectivity. Then, we
combined the reaction times with the effective connectivity to
observe the connectivity between different brain regions during
driving. All EEG data were applied a bandpass filter ranging
from 0.5 Hz to 50 Hz to remove the DC noise and the high-
frequency noise, and then through downsampling from 1000 Hz
to 250 Hz to minimize the computational complexity. An epoch
refers to a segment of multichannel EEG signals that is time-
locked to some special kind of event. In order to observe the
EEG dynamics during a specific event, epoch extraction was
conducted by cutting the nine seconds of continuous EEG data
ranging from two seconds before the deviation onset to the seven
seconds after the deviation onset.

Tonic EEG dynamics refer to the changes in spontaneous
EEG activity that are associated with the long-term changes
in baseline arousal levels [4]. In our research, we wanted to
investigate the tonic EEG dynamics during driving. Therefore,
we analyzed the EEG data from 2 s before the deviation onset
of each epoch.

To reduce the intrinsic inter-subject and intra-subject differ-
ences of each experiment session, the TE values of each session
were normalized by subtracting their own TE baseline. The TE
baseline was calculated as the mean of the TE from 10% of
the sorted RTs in each subject. Therefore, the normalized TE
represented the changes in TE relative to the baseline TE. In
addition, the RT was divided by the mean of the 10% of the
sorted RTs for each session to obtain the normalized RT. The
normalized RT enabled us to observe the connectivity dynamics

during the changes in driving performance. Then, all the results
for each subject were combined together and sorted from the
best to worst RT. The TE values were smoothed by moving the
average filter (window size: 1 unit of RT; step size: 0.1 unit of
RT) to obtain the TE connectivity dynamics.

In this study, all the data were divided into three groups
(high-risk, reduced, and normal group) based on different levels
of daily fatigue and were transformed into three kinds of TE con-
nectivity dynamics. Furthermore, this study compared the EEG
connectivity changes between any two levels of daily fatigue.
In this case, Wilcoxon signed-rank tests were performed to test
the pairwise comparison between any two groups of TE values.
The false discovery rate (FDR) was furthered used to obtain the
FDR-adjusted p-values. Additionally, this study’s experimental
trial numbers for each daily fatigue level were high-risk state:
4025, reduced state: 4588, and normal state: 4716, respectively.
That is the number of TE values of each state for each EEG
channel pair.

Previous studies [5], [6] have stated that the independent
EEG components, including the frontal, central, left motor, right
motor, parietal and occipital regions, are highly correlated with
fatigue and behavioral lapse. The brain regions mentioned above
play important roles in the brain-behavior relationship during
driving. Our goal was to observe the information flow among
different brain regions during driving using EEG channels. In
this study, we follow our previous studies [9], [27] to compare
with brain connectivity of different brain regions. The EEG
channels used were those that were the closest to the main brain
regions mentioned above. They were Fz (frontal region), Cz
(center region), C3 (left motor region), C4 (right motor region),
Pz (parietal region), and Oz (occipital region).

III. RESULTS

A. Baseline TE Among Different Levels of Daily
Fatigue

Within each level of daily fatigue, the mean TE of the trials
with the shortest RTs (first 10% of all RT-sorted trials) was
as the baseline TE and calculated the average baseline TE of
all the subjects. Fig. 2 shows the average baseline TE among
different levels of daily fatigue (vertical axis, average baseline
TE between all pairs of channel; horizontal axis, three levels of
daily fatigue; Color: red, high-risk state; green, reduced state;
and blue, normal state). For each pair of channels, the standard
deviation of the average baseline TE across the three levels of
daily fatigue was enormous. Although subtle differences in the
baseline TE values among the different levels of daily fatigue
were found in some channel pairs with the naked eye, there were
no statistically significant differences in the baseline TE values
among the different levels of daily fatigue.

B. Reaction Time (RT)-Sorted EEG Connectivity
Changes

Fig. 3 shows the EEG connectivity changes among channel
pairs across three groups (high-risk, reduced, and normal) (ver-
tical axis, TE values between all pairs of channels; horizontal
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Fig. 2. Comparison of baseline TE values between channel-pairs across the three different daily fatigue level groups. The red, green, and blue
bars are high-risk, reduced, and normal groups, respectively. Standard deviations are also shown.

Fig. 3. Connectivity magnitudes between pairs of EEG channels (Fz, Cz, C3, C4, Pz, and Oz) estimated by transfer entropy among the three
different daily fatigue level groups. The red, green and blue curves represent high-risk, reduced and normal groups, respectively.
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axis, sorted normalized RT), where causality is from row to col-
umn. All measures were smoothed using a window smoothing
method.

The blue curves show the relation between connectivity
changes and the sorted normalized RTs among channel pairs
in the normal state. There were multiple trends of RT-sorted TE
values at different channel pairs. TE values showed an inverted
U shape in the channel pairs associated with Cz, C3, and C4,
indicating motor-related channels. As well, all channel pairs
whose source was Oz displayed a similar trend in connectivity.
The magnitude of connectivity was an inverted U-shaped shift,
which meant that the U-shape was delayed with the sorted
normalized RT, and the location of the magnitude peak appeared
later than the inverted U-shape discussed above. Nevertheless,
different from the trend in the Oz-source channel pairs, a unique
pattern was observed in the channel pairs whose sink were Oz.
The magnitude of connectivity declined monotonously as the
normalized RT increased. In summary, the normalized RT-sorted
TE changes were considerably different among the distinct brain
regions.

The green curves show the relation between connectivity
changes and the sorted normalized RTs among the channel
pairs in the reduced state. As with the normal state, inverted-U
shaped changes in the TE values occurred in some channel
pairs, including Fz-to-Cz, Fz-to-C3, Fz-to-C4 and Cz-to-C3,
Pz-to-Fz. We also observed inverted-U shaped shifts at C3-to-Fz
and C3-to-C4, as well as at C4-to-Fz, C4-to-Cz, C4-to-C3,
Pz-to-Fz, and Pz-to-C4. The connectivity magnitude increased
as the normalized RT increased, and the peak was located at
RT=6, which was larger than the peak location of the TE
magnitude of the inverted-U shaped shift in the normal state.
The connectivity magnitude began to decrease abruptly after RTs
higher than 6. Finally, there was an interesting observation that
the connectivity magnitudes of all the channel pairs whose sink
were Oz decreased from high normalized RTs to low normalized
RTs. It can be seen that the magnitudes of connectivity changed
in different brain regions.

The red curves show the relation between connectivity
changes and the sorted normalized RTs among channel pairs in
the high-risk state. The connectivity magnitudes of the channel
pairs whose sink was Fz first remained still and then declined
at the point when the normalized RT was approximately 4 with
the increased normalized RT. Furthermore, when we observed
the frontal- and motor-related channel pairs, such as Fz-to-C3,
Cz-to-Fz, C3-to-Fz, and C4-to-Fz, the connectivity magnitudes
dropped sharply and reached the bottom at a normalized RT
of 4. Compared to the similar declining trend in the connectivity
magnitude in the normal and reduced states, the one in the
high-risk state reached the bottom earlier than both of them. The
inverted U-shape and inverted U-shaped shift were observed in
both the reduced and normal states; however, we only observed
similar patterns at channel pairs with Oz as their sink.

Overall, we found that the normalized reaction times in which
the connectivity magnitude reached the lowest point gradually
progressively moved from the high-risk state, the reduced state
to the normal state in these channel pairs, such as Fz-to-C4,
Cz-to-C4 and Oz-related pairs. Consider Cz-to-Oz, for example.

The connectivity magnitude reached its lowest point when the
reaction time was 6 in the normal state. The connectivity mag-
nitude reached its lowest point when the reaction time was 5 in
the reduced state. The connectivity magnitude reached its lowest
point when the reaction time was 4 in the high-risk state.

C. Comparison of EEG Connectivity Changes
Between Any Two Levels of Daily Fatigue

The comparisons of the connectivity magnitudes among the
channel pairs among the three states (the high-risk, reduced,
and normal state, respectively) are displayed in Figs. 4 and 6
(vertical axis, TE values between all channel pairs; horizontal
axis, sorted normalized RTs), where causality is from row to
column (Color: red, high-risk state; green, reduced state; and
blue, normal state). All measures were smoothed using a window
smoothing method (window size: 1 unit of RT; step size: 0.1 unit
of RT). A Wilcoxon signed-rank test was used to test the pairwise
comparisons between the TE values of each two states. We
used the false discovery rate (FDR) to obtain the FDR-adjusted
p-values. The black star ‘∗’ under each channel pair represents
that the FDR-adjusted p-value was less than 0.05. The region
of normalized reaction time where the black star (∗) appeared
represented that a significant difference between the TE values of
the two states had been found. Fig. 4 compares the connectivity
magnitudes in the high-risk and the reduced states. In addi-
tion to significant differences among Oz-related channel pairs,
there were significant differences among Fz-related channel
pairs. Furthermore, significant differences were found among
motor-related channel pairs, such as C3-to-C4, and C4-to-Cz.
It is clear from above that the short normalized reaction time
was responsible for most of the significant differences between
high-risk and reduced TE values.

Fig. 5 compares the connectivity magnitudes in the reduced
and the normal states. Compared with the former results of the
comparison between the high-risk state and the reduced state,
significant differences were hardly found among the Oz-related
channel pairs. Nevertheless, there were significant differences
among the Fz-related pairs. The number of significant differ-
ences was less than that of the previous results among the
motor-related pairs. In addition, most of the differences were
found at the short normalized reaction time.

Fig. 6 compares the connectivity magnitudes in the high-risk
and the normal state. There were significant differences among
the pairs of Oz-related channels as well as between the pairs of
FZ-related channels and motor-related channel pairs. Most of the
differences were found at the short normalized reaction time. It
was interesting to note that the results of the comparison between
the normal and high-risk states were similar to the results of the
comparison between the reduced and high-risk states.

In this study, we present the comparison of TE values between
any two levels of daily fatigue. Integrating the results above
can be concluded: First, the significant differences were found
at the short normalized reaction time. Second, the connectivity
changes in the high-risk state were clearly different from the
changes in the reduced and normal states.
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Fig. 4. Comparison of the connectivity magnitudes between the pairs of EEG channels (Fz, Cz, C3, C4, Pz, and Oz) in the high-risk and the
reduced states. The red and green curves are high-risk and reduced groups. ∗FDR-adjusted p-value <0.05.

Fig. 5. Comparison of the connectivity magnitudes between the pairs of EEG channels (Fz, Cz, C3, C4, Pz, and Oz) in the reduced and the
normal states. The green and blue curves are reduced and normal groups. ∗FDR-adjusted p-value <0.05.
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Fig. 6. Comparison of the connectivity magnitudes between the pairs of EEG channels (Fz, Cz, C3, C4, Pz, and Oz) in the high-risk and the
normal state. The red and blue curves are high-risk and normal groups. ∗FDR-adjusted p-value <0.05.

The high-risk state and the normal state were the two extreme
states among the levels of daily fatigue. Therefore, it would
be vital and meaningful to inspect the difference between the
connectivity magnitudes of the high-risk state and of the normal
state in detail. Fig. 6 depicts the comparison of the connectivity
changes between the high-risk state and the normal state. The
black star ‘∗’ under each cell represents that there was significant
difference between the TE values of the two states at the partic-
ular normalized RT. The greater the number of black stars ‘∗’
that appeared at the region of the RT, the greater the difference
found in the TE values between the two states. We chose the
region from normalized RT =1.5 to normalized RT ratio=3,
which was the region that had the most black stars (∗) located
in. In previous studies, the so-called fight fatigue phenomenon
of subjects would occur at the interval of the normalized RT.
The performance of subjects was suboptimal in this region of
the normalized RT. The states of subjects were stationary at the
region of the normalized RT. It was quite appropriate for us to
use the region of the normalized RT to inspect the differences in
the TE values between two states. The mean of the TE values in
the region was calculated. Then, we subtracted the mean TE
value of the high-risk state from the mean TE value of the
normal state as the TE difference. This measure represented
the strength of the link among any two chosen channel between
the two states. Based on the calculation above, the difference in
the TE values between the high-risk state and the normal state
is shown in Fig. 7. We defined the difference magnitude by the
normalization technique and the formula as follow:

Magnitude ratio :
|High-risk − Normal|

min (|High-risk − Normal|) (5)

where “High-risk” represents the mean of the TE values in the
high-risk state from RT=1.5 to RT=3, and “Normal” represents
the mean of TE values in the normal state from RT=1.5 to RT=3.
The red arrow indicates that the TE values in the high-risk state
were higher than those in the normal state. This represented that
the magnitude of the link between two chosen channels increased
from the normal state to the high-risk state; the blue arrow meant
that the TE value at the high-risk state was lower than the one
at the normal state. It represented that the magnitude of link
between two chosen channels decreased from the normal state
to the high-risk state.

In the frontal region, most of the links were blue, which
indicates that information flow decreased from the normal state
to the high-risk state among channel pairs in the frontal region.
On the other hand, in the occipital region, most of the links
were red, indicating that the information flow increased among
channel pairs from the normal state to the high-risk state.

IV. DISCUSSION

A. Effect of Fatigue on TE Fluctuations During
Driving

The results showed that the EEG connectivity fluctuated
within a single level of daily fatigue. There was an inverted-U
shaped change in the TE at several channel pairs. From great
driving performance to poor driving performance, the subjects
would feel tired gradually and suffered from declining alert-
ness. However, they were asked to react to the deviation in the
lane-keeping task as quickly as possible. Therefore, much more
strength and effort were required for the participants to engage
in the task. This resulted in the occurrence of an inverted-U
shaped change in the TE. In the previous studies, there were
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Fig. 7. Differences between the TE values of the high-risk state and the normal state. The red solid arrows indicate that the TE values of the
high-risk state were higher than those of the normal states. The blue solid arrows indicate that the TE values of the normal state were higher than
those of the high-risk state. The thickness of each arrow is divided into three levels to represent the three different magnitude levels (1–10, 11–20,
and 21–40).

similar changes that occurred in the brain under sleep deprivation
[25], [43]. Additional compensatory resources were needed to
implement cognitive tasks or maintain the task performance via
the enhancement of couplings [43], [44], [45], [46], [47], [48].

As driving performance was poor, subjects who reacted
slowly to the environmental stimulus were possibly prone to be
drowsy. The declining tendency of the connectivity magnitude
that was observed at many channel pairs under each level of
daily fatigue may be associated with the fading of consciousness
[27], [49]. A cortical gate is created through the reductions in
cortico-cortical connectivity, and it may disconnect the brain
from the external environment and, thus, block sensory inputs
[27], [50].

According to the results mentioned above, we found an
inverted-U shaped change in the TE in the normal and reduced
states. There were descending trends of the connectivity magni-
tudes in the normal, reduced and the high-risk states. In addition,
we observed an inverted-U shaped shift in the change in the
TE in the normal and reduced states. And there were different
descending trends across the different levels of daily fatigue.
Therefore, it was suggested that the result was different from
those of the past studies [27].

Previous research [27], which was related to the brain dy-
namics during a driving task, also presented the relationship
between connectivity and reaction time. The previous research
did not separate the EEG data based on the current daily fatigue
level of each subject as they conducted the task. The results
indicated that inverted-U shaped changes in the TE values were
observed in Fz-, Cz-, C3-, C4- and Pz-associated connectivity.
In our study, we observed an inverted-U shaped change only
in the normal and reduced states. In addition, an inverted-U
shaped shift, a variant of the classical inverted U-shape, was
observed at the Oz- associated channel pairs in the normal state

and at the motor-related region in the reduced state. This type of
inverted U-shape was different from the one that was presented
in the previous research, and it was found only in this study.
Additionally, subjects in high-risk states might feel tired and lose
consciousness during driving tasks. Therefore, the descending
shape of connectivity dominated most of the channel pairs, and
there were no inverted-U shaped changes in the high-risk state.
Our result not only aligned with those of the previous study but
also presented a more significant number of different styles of
connectivity fluctuations across the distinct groups. This finding
suggested that different levels of daily fatigue actually affect
the relationship between brain connectivity and behavior during
drowsy driving.

Apart from this, previous research [27] showed a monotonic
descending trend in the connectivity of the occipital area, espe-
cially in Pz-to-Oz, and Oz-to-Pz. In our study, we discovered
different kinds of descending shapes of the connectivity magni-
tudes across the three distinct groups at the Fz-to-C4, Cz-to-C4
and Oz-related pairs. From the normal state, the reduced state
to the high-risk state, the connectivity magnitude reached the
bottom progressively earlier at these particular pairs. When
the subjects were transitioning from a low-fatigue level to a
high-fatigue level, they enter into a drowsy state wherein they
were prone to feeling tired and making mistakes. Moreover,
we found from the video that the high-risk group fell asleep
during the driving task. As mentioned above, the descending
tendency of the connectivity magnitude may be associated with
the fading of consciousness [27], [49] and with the reductions
in the cortico-cortical connectivity. Consequently, this gave rise
to the finding that the drowsier the subjects were, the earlier the
connectivity magnitude reached the bottom. In our study, we
divided all the EEG data into three groups based on the different
levels of daily fatigue, and we observed the fluctuations in the
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connectivity changes. Hence, in contrast to the past research,
we discovered some differences, such as the distinct types of de-
scending trends among the groups, that certainly represented that
different fatigue conditions change the subjects’ brain-behavior
relationships during driving.

B. Effect of Fatigue on TE Difference Between the
High-Risk State and the Normal State

According to the results mentioned above, we found that the
high-risk state and the normal state were the two extreme states
among the different levels of daily fatigue. Therefore, we then
observed the effect of fatigue on the differences in the TE values
between two of the groups. We chose the region from RT=1.5 to
RT=3 in every channel pair and subtracted the mean TE value of
the high-risk state from the mean TE value of the normal state as
the TE difference. Using the calculation above, we depicted the
information link between any two channel pairs between these
two states.

In Fig 7, we observed the amount and direction of the in-
formation flow among the different brain regions. The result
revealed that the connectivity magnitude decreased in the frontal
area from the normal state to the high-risk state. There were
several studies could be found that had presented similar results
after sleep deprivation. Previous research [51] stated the sleep
deprivation led to a loss of connectivity in the frontal brain
region. Additionally, a study [52] of investigating the effects
of total sleep deprivation and recovery sleep in normal subjects
discovered that sleep deprivation led to a relative decrease in
the glucose metabolism of the frontal cortex. In this study, the
high-risk group contained the subjects were at the high-fatigue
level. We suspected that the subjects felt extremely tired and got
into the high-fatigue level after the sleep deprivation. Hence, our
results were similar to those of the existing studies.

As a result, from the normal state to the high-risk state, the
occipital region was associated with a greater magnitude of
connectivity. To maintain performance, subjects in the high-risk
state must pay more attention to the driving task than subjects
in the normal state. An increase in coherence magnitude in
the parietal and occipital cortex is associated with sustained
visual attention, as found in previous research [53]. Moreover,
one of the studies [52] mentioned above suggested that sleep
deprivation leads to a relative decrease in glucose metabolism in
the frontal cortex but an increase in occipital activity. Compared
with our findings, these studies showed similar results.

V. CONCLUSION

For this study, bio-data for each participant and effective-
ness scores were recorded using the ReadiBand, a wrist-worn
actigraphy device. As a result of the effectiveness score, the
EEG data was divided into three levels of daily fatigue based on
the subject’s performance in lane-keeping tasks. Each subject
was divided into three groups based on their levels of daily
fatigue: the high-risk, reduced, and normal groups. Each sub-
ject’s effective connectivity was determined by calculating the
transfer entropy of the EEG data. Moreover, we observed brain
connectivity fluctuations in all groups to determine whether

acute fatigue, the progression from alert to drowsy, affected brain
connectivity-behavior relationships.

As a result of the observations of brain connectivity fluctu-
ations among the three groups, the results indicate that normal
states and reduced states experienced changes in connectivity of
some pairs of EEG channels in an inverted-U shape. In the high-
risk state, however, no such findings were found. Additionally,
we found different types of descending shapes in connectivity
magnitudes among the three distinct groups. From the normal
state, the reduced state to the high-risk state, the magnitude of
connectivity reached the bottom progressively earlier at some
particular pairs.

Moreover, we observed a difference in connectivity between
normal and high-risk states after examining the RT-sorted con-
nectivity changes. From the normal to the high-risk state, con-
nectivity magnitude decreased in the frontal region. In addition,
we found that connectivity magnitude increased in the occipital
region from the normal to the high-risk state. In addition, the
strength of the connectivity between the frontal and occipital
cortical regions increased. In summary, this study revealed the
variations in the magnitude of connectivity between the pairs of
different brain regions among different levels of daily fatigue
during drowsy driving.
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