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A B S T R A C T

Several recent studies have reported a frequency-dependent directional information flow loop in resting-state
networks by phase transfer entropy, comprising an anterior-to-posterior information flow in the theta band
and a posterior-to-anterior information flow in the alpha band. However, the functional roles of this information
flow loop remain unclear. In the current study, we compared information flow patterns in four different brain
states using electroencephalography: resting-state, fixation, working memory (WM) encoding and WM mainte-
nance. An auditory (pure tones) WM span task was carried out. A consistent anterior-to-posterior information flow
in the theta band and an opposite pattern in the alpha band were found in all four segments. Flows in both
patterns were enhanced during WM encoding. In contrast, a prefrontal-to-central information flow in the alpha
band was dominant during the resting-state. In addition, enhanced information flows from right temporal to other
brain regions in the theta band were found during WM processing (WM encoding and maintenance). Comparison
of the consistency and dynamical changes of information flows in these four brain states indicated their functional
roles in central executive processes, internal attention, WM information maintenance, and the right-hemisphere
advantage in pure tone processing.
1. Introduction

Functional neuroimaging techniques, including functional magnetic
resonance imaging (fMRI) and positron emission tomography (PET), are
well suited for identifying brain regions exhibiting coincident brain ac-
tivity, because of their high spatial resolution. However, the data ob-
tained by fMRI (changes in blood oxygenation) and PET (changes in
blood flow) provide indirect indices of neural activity, with limited
temporal resolution (Dale et al., 2000; Lobier et al., 2014). In contrast,
electroencephalography (EEG) and magnetoencephalography (MEG)
reveal brain networks directly and have a high temporal resolution
(Naghavi and Nyberg, 2005; Sakkalis, 2011).

In EEG and MEG, neural connectivity can be computed from two
distinct parameters: amplitude and phase, which analyze neural
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connectivity from different but complementary perspectives. Amplitude
reflects the extent of neural synchrony in a local assembly and sustained
activation or deactivation patterns in larger cortical areas (Lobier et al.,
2014; Varela et al., 2001). Phase indicates the signal position in a given
oscillation cycle and is considered to reflect the coordination of
communication across regions in anatomically distributed processing
(Lobier et al., 2014). The association between instantaneous EEG phase
with particular neuronal firing patterns and neural activity has been re-
ported in previous studies with high temporal precision (Buzs�aki and
Draguhn, 2004; Harris et al., 2002; Hirase et al., 1999; Sauseng and
Klimesch, 2008). Thus, neural connectivity across brain regions is
thought to be more accurately reflected by oscillation phase than by
amplitude (Cardin et al., 2009; Fries, 2005; Lakatos et al., 2008; Lobier
et al., 2014; Ng et al., 2013; Schyns et al., 2011; Singer, 1999;
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Fig. 1. Experiment protocol: an example trial for three auditory span task.
During the experiment, five different workload auditory span tasks (three to
seven pure tones) were presented randomly. Participants received no in-
structions regarding how many sounds would be presented in a given trial.
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Womelsdorf et al., 2007). Moreover, EEG phase synchronization is
considered to provide more valuable information about neural connec-
tivity than amplitude estimates (Sauseng and Klimesch, 2008).

In recent years, in order to investigate complex cortical interactions,
many researchers have made efforts to improve brain connectivity
analysis methods from different, novel perspectives (Fr€assle et al., 2017;
Razi et al., 2017; Sakkalis, 2011; Seguin et al., 2019). Based on EEG phase
information, Lobier et al. (2014) proposed a phase-based information
flow estimation method called phase transfer entropy (PTE). PTE is a
functional connectivity estimation method, which can measure
large-scale phase-specific directed connectivity among brain regions
using extracted phase time-series data. Lobier et al. (2014) have
confirmed that PTE has four advantages for detecting brain connectivity:
1) PTE is reliable even in the combined presence of noise and sensor
signal mixing, which can result in reduced connectivity or artificial
connectivity; 2) PTE can identify complex interactions; 3) PTE requires
limited amounts of data and computation time; 4) PTE is effective for
identifying frequency band limited information flow.

Using PTE, Hillebrand et al. (2016) found that the directions of in-
formation flow in brain networks during the resting-state are
frequency-dependent. In addition, they observed an anterior-to-posterior
information flow in the theta band and a posterior-to-anterior informa-
tion flow pattern in the higher-frequency bands (alpha and beta). These
directionally opposite information flows constitute a frequency-specific
information flow loop. A consistent information flow pattern in the
resting-state has also been reported in other studies using PTE (Dauwan
et al., 2016; Engels et al., 2017). The anterior-to-posterior information
flow in the theta band reveals that the frontal cortex sends information to
all other brain regions in the theta band, reflecting top-down control of
the frontal cortex on lower-level, perceptual processes (Hillebrand et al.,
2016). According to this top-down control model, Hillebrand et al.
(2016) predicted an anterior-to-posterior information flow in the alpha
band for attentional control. However, PTE has revealed that the alpha
band information flow occurs in a posterior-to-anterior direction.
Because information flow was calculated in the resting-state, Hillebrand
et al. (2016) proposed two possible explanations: the
posterior-to-anterior information flow in the alpha band might reflect
internal attention rather than external stimuli; alternatively, the
posterior-to-anterior information flow in the alpha band may be a
consequence of enhanced top-down signaling in the theta band.

Task-related experiments may be useful for understanding the precise
roles of information flow in brain function. In the current study, we
examined information flow patterns while participants performed
working memory (WM) tasks. WM is the ability to maintain, manipulate,
and update information (Chai et al., 2018). A multicomponent WM
model was proposed by Baddeley et al., in 2011. In this model, the
phonological (maintaining auditory information) and visuo-spatial sub-
systems (visuospatial information storage) feed into a multidimensional
common store (episodic buffer), which interacts with the central execu-
tive system. WM networks have been well studied using fMRI, EEG, and
MEG. A number of studies using fMRI (Moore et al., 2013; Osaka et al.,
2003; Vartanian et al., 2013) and functional near-infrared spectroscopy
(fNIRS) (Rodriguez Merzagora et al., 2014) have suggested that a
fronto-parietal network underlies WM, and has been suggested to reflect
central executive processes. Central executive processes are defined as
modality-free supervisory attentional functions with limited capacity,
reflecting an interface between the WM and long-term memory systems
(Baddeley, 1992; Sauseng et al., 2005). Sauseng et al. (2005) proposed
that increased fronto-parietal EEG coherence in the theta band and
decreased anterior upper alpha short-range connectivity reflect increased
demand on central executive functions in WM. In addition to central
executive processes, WM is also related to storage processes, which are
thought to involve two subsystems: the phonological loop and the vi-
suospatial sketch (Baddeley, 1992). Brain areas are flexibly connected
during different WM modalities. Kawasaki et al. (2014) reported
enhanced fronto-temporal and fronto-parietal theta phase
2

synchronization during auditory-verbal and visual WM, respectively.
Although central executive functions are thought to be reflected by a
frontal-to-parietal information flow in WM processing using theta
coupling (Sauseng et al., 2005), no previous studies have comprehen-
sively revealed all possible roles of information flows in WM processing,
such as storage, and attentional control. Thus, to explore the precise
functional roles of information flows in the current study, we compared
the consistency and dynamical changes of information flow in different
brain states, including resting-state, fixation, WM encoding, and WM
maintenance.

2. Materials and methods

2.1. Participants and recordings

Twenty-one healthy students from Kyushu University (mean age
[standard deviation; SD]: 24:28� 3:01 years old, range: 19–31; eight
females) with intact auditory processing and normal or corrected-to-
normal vision participated voluntarily. This study was approved by the
ethics committee of Kyushu University. All participants provided written
informed consent before the experiment.

EEG data were recorded from 30 active electrodes according to the
extended 10–20 system with a sampling rate of 500Hz using an EEG-
amplifier PolymateV AP5148 (TEAC Corp., Tokyo, Japan). The linked
earlobes A1 and A2 were used as a reference, and an electrode placed at
Fz was used as a ground. For removing eye movement artifacts from EEG
data, electrooculography (EOG) signals were simultaneously recorded.
2.2. Experiment design

An auditory span task (as shown in Fig. 1) was carried out. Seven 0.5
s-duration pure tones with frequencies of 338.8, 573.8, 971.9, 1646.2,
2788.4, 4723.1, and 8000Hz were adopted as stimuli (Cha et al., 2016).
Before the experiment, a pre-experiment task was conducted to check
that participants could distinguish every sound stimulus. Only partici-
pants who were able to distinguish the tones were included in the actual
experiment. For all 21 participants, only one participant could not
distinguish all the tones correctly. Thus, the analysis was conducted using
the data from only 20 participants.

During the encoding period, a series of pure tones with an interval of
0.8 s were presented via earphones. Five different workload auditory
span tasks (three to seven pure tones) were conducted randomly, without
any instruction about howmany sounds the participant would hear. After
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a 2 s maintenance period, a probe tone was played. Participants were
asked to report the order position of the probe tone using a keyboard. In
total, 80 trials (sixteen trials for each workload) were completed by each
participant. After finishing the WM task, participants were asked to close
their eyes for 2min to record resting-state EEG data.

2.3. EEG data pre-processing

EOG artifacts were removed from EEG data using independent
component analysis (ICA). A 60 Hz notch filter and a bandpass filter
(0.1–110Hz) were applied to remove electrical interference and other
artifacts. EEG data were then resampled at 250Hz.

Artifact-free EEG data were further segmented into four different
types of epochs: 1) 2min eyes-closed resting-state; 2) 2 s fixation before
memory encoding; 3) memory encoding state with 3.9 s, 5.2 s, 6.5 s, 7.8 s,
and 9.1 s durations for each workload condition, respectively; and 4) 2 s
WM maintenance.

2.4. Individual EEG frequency bands

According to the typical EEG/MEG power density spectrum described
by Moretti et al. (2004), we calculated each participant’s specific fre-
quency bands using 2-min eyes-closed resting-state EEG data. The aver-
aged frequency ranges (mean� SD) for each band were: delta, 2 � 2:82�
0:12Hz; theta, 3:83�0:12� 6:17� 0:18Hz; alpha, 7:22�0:18� 12:24�
0:16Hz; beta, 14:32�0:12� 29Hz; and gamma1, 30� 59Hz.

2.5. Phase transfer entropy

Transfer entropy (TE) is based on the following principle: if a source
signal X has a causal influence on a target signal Y, the uncertainty of the
present of YðtÞ conditioned on its own past Yðt � δÞ should be greater
than the uncertainty of the present of YðtÞ conditioned on the signals of
both past Xðt � δÞ and Yðt� δÞ. The uncertainty of a variable signal X is
quantified by Shannon Entropy HðXÞ ¼ � P

xpðxÞlog pðxÞ. Thus, TE can
be represented by the following equation (Lobier et al., 2014):

TEX→Y ¼HðYðtÞjYðt � δÞÞ � HðYðtÞjYðt � δÞ;Xðt � δÞÞ (1)

Using a Morlet wavelet or Hilbert transform, a time-series of the
signal XðtÞ in a given frequency band can be represented in a complex
form XðtÞ ¼ AðtÞexpðiθðtÞÞ, where AðtÞ is the instantaneous amplitude
and θðtÞ is the instantaneous phase time-series. Based on the TE model, a
phase-specific directed connectivity estimation method, PTE, was pro-
posed by Lobier et al. (2014), represented by the following equation:

PTEX→Y ¼ H
�
θyðtÞ; θyðt � δÞ�þ H

�
θyðt � δÞ; θxðt � δÞ�

�H
�
θyðt � δÞ�� H

�
θyðtÞ; θyðt � δÞ; θxðt � δÞ� (2)

To reduce bias, Hillebrand et al. (2016) proposed the following
normalization equation:

dPTEX→Y ¼ PTEX→Y=ðPTEX→Y þ PTEY→XÞ (3)

The value range of dPTEX→Y is between 0 and 1. Whereas 0:5 <

dPTEX→Y � 1 indicates preferential information flow from X to Y, 0 �
dPTEX→Y < 0:5 indicates preferential information flow from Y to X, and
dPTEX→Y ¼ 0:5 indicates there is no directed information flow.

The values of dPTEX→Y were further subtracted by 0.5. Thus, Positive
values indicate that information flowed preferentially from X to Y. In
contrast, negative values indicate that information flowed preferentially
toward X from Y. A value of zero indicates that there was no directed
information flow between electrodes.

We first evaluated the dPTEX→Y values of all possible electrode-pairs
from the 30-channel EEG data of each trial, resulting in a 30� 30 matrix.
Second, the 30 electrodes were divided into seven regions of interest
(ROIs): prefrontal (AFz, AF7, AF8, F3, F4, F7, F8), agranular frontal (FC3,
FCz, FC4, C3, Cz, and C4), left temporal (T7, and FT7), right temporal
3

(T8, and FT8), preparietal (CP1, CP2, CP5, and CP6), parietal (P3, Pz, and
P4), and occipital cortex (P7, P8, POz, O1, Oz, and O2). The information
flow strength between two ROIs (e.g., prefrontal cortex vs occipital
cortex) was calculated as the following equation:

dPTEprefrontal→occipital ¼ 1
MN

XM

m¼1

XN

n¼1

dPTEXðmÞ→YðnÞ (4)

where X is the electrodes in the prefrontal cortex, Y is electrodes in the
occipital cortex, M is the number of electrodes in X, and N is the number
of electrodes in Y. The information strengths between all possible ROI
pairs were calculated, resulting in a 7� 7 matrix.

For each participant, the dPTE between ROIs (7� 7) were averaged
across all the trials of the same brain state, resulting in a 7�7� 4 matrix.
Here, number 4 refers to four brain states, resting, fixation, WM encod-
ing, and WMmaintenance. Because the PTE values of WM encoding (and
maintenance) between different workloads showed no significant dif-
ferences, the PTE values of WM encoding (and WM maintenance) were
averaged from all five workload tasks. Thus, the information flows be-
tween ROIs in fixation, WM encoding, and WM maintenance were
averaged from 80 trials for each participant. For the 2-min-eyes-closed
resting-state, there was only one trial for a participant.

Finally, participant-averaged information flow strengths (mean� SE
[standard error]) between ROIs across all 20 participants were calculated
for each brain state. SE refers to the individual standard error.

All data processing was achieved using the BrainStorm software
package (http://neuroimage.usc.edu/brainstorm).

2.6. Statistics analysis

According to the Lilliefors test, not all PTE values followed a normal
distribution. Thus, a non-parametric statistic, permutation test, was
applied in this study. Permutation test has been adopted for testing the
significance of PTE information flows in previous studies (Hillebrand
et al., 2016; Lobier et al., 2014).

First, to confirm whether the information flows between two ROIs
under the four brain states were significantly directed or not, a dataset
(20� 4, each row corresponds to a particular participant while each
column represents a brain state) consisted of information flow strengths
in the four states of 20 individuals was used for the permutation test.
5000 random permutations were implemented to check whether the
information flow strengths were significantly different from zero or not.
The null distributions are symmetrically generated around the mean of
the null hypothesis. A p-value was obtained for each brain state, which
was adjusted by “tmax” method for multiple comparisons to control
family-wise error (Blair and Karnisky, 1993; Westfall and Young, 1993).
The permutation tests were conducted using a widely used Matlab
function “mult_comp_perm_t1”, developed by Groppe et al., in 2011
(version 1.8, https://jp.mathworks.com/matlabcentral/fileexch
ange/29782-mult_comp_perm_t1). The validity of this function has
been confirmed in many EEG studies (Barrick and Dillon, 2018; Files
et al., 2016; Mehnert et al., 2019).

Second, Friedman’s test followed by a multiple comparisons post hoc
test with Tukey-Kramer correction was used to test if there was a sig-
nificant difference between different brain states (resting-state, fixation,
WM encoding, and WM maintenance).

3. Results

EEG data recorded from 20 participants who performed an auditory
span task were segmented into four brain states: eyes-closed resting-state,
fixation, WM encoding, and WM maintenance. Information flow loops
were observed for all four phase segments, consistent with previous re-
ports (Dauwan et al., 2016; Engels et al., 2017; Hillebrand et al., 2016),
exhibiting an anterior-to-posterior flow in the theta band (see Fig. 2) and
a posterior-to-anterior information flow in the alpha band (see Fig. 3).

http://neuroimage.usc.edu/brainstorm
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Fig. 2. Averaged PTE matrices from all participants in the theta band for four different phase segments: (a) 2-min-eyes-closed resting-state, (b) 2-s fixation in front of
WM, (c) WM encoding, and (d) 2-s WM maintenance. Each color square in the PTE matrices represents information strength between an electrode pair. (e)–(h) are
information flows among the brain regions. The solid lines indicate significant directional information flows between regions (permutation test, p < 0:05). Line
thickness represents information flow strength (greater thicknesses indicate higher values). The minimum strength of all the significant directional information flows
among the four brain states is 0.003. We set 0.003 as a threshold. Information flows over the threshold without significantly directed (permutation test, p > 0:05) were
plotted in dashed lines (see Supplementary Fig. S1 for details). PF: prefrontal; AF: agranular frontal; LT: left temporal; RT: right temporal; PP: preparietal; PA: parietal;
OC: occipital.
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The information flows in the other bands (delta, beta, and gamma1) were
dispersed and weak.

For WM encoding state, both of the information flows from the frontal
to parietal-occipital cortex in the theta band and parietal-to-frontal in the
alpha band were enhanced compared with the other three states. 1) The
information flow strengths of theta band (mean� SE) from frontal (pre-
frontal, and agranular frontal) to parietal-occipital cortex in the four EEG
segments were (see Fig. 4 (a)): resting-state, 0:003� 0:002 (permutation
test, p ¼ 0:121); fixation, 0:003� 0:001 (permutation test, p ¼ 0:036);
encoding, 0:007� 0:002 (permutation test, p ¼ 0:002); and mainte-
nance, 0:003� 0:002 (permutation test, p ¼ 0:281). According to the
permutation test, only fixation and WM encoding states exhibited
directed information flow from the frontal to parietal-occipital cortex in
the theta band. Friedman’s test with Tukey-Kramer correction indicated
that this information flow in the WM encoding state was significantly
stronger than in fixation (p ¼ 0:025) and WM maintenance states (p ¼
0:008). However, there was no significant difference between encoding
and resting-state (p ¼ 0:092). 2) The information flow strengths (mean�
SE) for parietal-to-frontal in the alpha band were (see Fig. 4 (e)): resting-
state, 0� 0:007 (permutation test, p ¼ 0:500); fixation, 0:007� 0:004
(permutation test, p ¼ 0:144); encoding, 0:020� 0:006 (permutation
test, p ¼ 0:004); and maintenance, 0:005� 0:005 (permutation test, p ¼
0:284). Only WM encoding showed directed information flow from the
parietal-to-frontal cortex in the alpha band. The parietal-to-frontal in-
formation flow in encoding was significantly stronger than that in
resting-state (Friedman’s test, p ¼ 0:002), fixation (Friedman’s test, p ¼
0:049), and maintenance (Friedman’s test, p ¼ 0:036). The fronto-
parietal network has been suggested to reflect the central executive
functions of WM by fMRI (Moore et al., 2013; Osaka et al., 2003;
4

Vartanian et al., 2013), fNIRS (Rodriguez Merzagora et al., 2014), and
EEG (Sauseng et al., 2005).

Different from information flows from the parietal-to-frontal cortex in
the alpha band, the information flows from the occipital-to-frontal cortex
(prefrontal cortex, and agranular frontal cortex) were consistently
directed for all four segments without any significant differences (see
Fig. 4 (f)). The information flow strengths (mean� SE) for occipital-to-
frontal in the four segments were: resting-state, 0:021� 0:006 (permu-
tation test, p ¼ 0:002); fixation, 0:018� 0:003 (permutation test, p ¼ 0);
encoding, 0:026� 0:006 (permutation test, p ¼ 0:0003); and mainte-
nance, 0:019� 0:004 (permutation test, p ¼ 0:0002).

In the alpha band, in addition to the posterior-to-anterior information
flows, information flows from the prefrontal region to central regions
(agranular frontal, temporal, and preparietal regions) were also observed
for the resting-state (see Fig. 4 (d)). The information flow strength
(mean� SE) of prefrontal-to-central for the four segments were: resting-
state, 0:024� 0:005 (permutation test, p ¼ 0:0001); fixation, 0:005�
0:003 (permutation test, p ¼ 0:097); encoding, 0:003� 0:003 (permu-
tation test, p ¼ 0:311); and maintenance, 0:006� 0:003 (permutation
test, p ¼ 0:082). Friedman’s test indicated that this flow strength in the
resting-state was significantly stronger than the other three EEG seg-
ments, p ¼ 0:017 compared with fixation, p ¼ 0:036 compared with
encoding, and p ¼ 0:008 compared with maintenance.

Kawasaki et al. (2014) reported that brain areas are flexibly con-
nected during different WM modalities: fronto-temporal and
fronto-parietal theta phase synchronization are enhanced during
auditory-verbal and visual WM, respectively. However, in our study,
directed information flows in the theta band from the temporal cortex,
particularly from the right temporal cortex, to both the agranular frontal



Fig. 3. Averaged PTE matrices from all participants in the alpha band for four different phase segments: (a) 2-min-eyes-closed resting-state, (b) 2-s fixation in front of
WM, (c) WM encoding, and (d) 2-s WM maintenance. Each color square in the PTE matrices represents information strength between an electrode pair. (e)–(h) are
information flows among the brain regions. The solid lines indicate significant directional information flows between regions (permutation test, p < 0:05). Line
thickness represents information flow strength (greater thicknesses indicate higher values). The minimum strength of all the significant directional information flows
among the four brain states is 0.006. We set 0.006 as a threshold. Information flows over the threshold without significantly directed (permutation test, p > 0:05) were
plotted in dashed lines (see Supplementary Fig. S1 for details). PF: prefrontal; AF: agranular frontal; LT: left temporal; RT: right temporal; PP: preparietal; PA: parietal;
OC: occipital.
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and parietal-occipital cortex, were significantly involved in WM encod-
ing andmaintenance states (see Fig. 2). 1) The information flow strengths
(mean� SE) from right temporal to agranular frontal cortex and pre-
parietal regions in the four EEG segments were (see Fig. 4 (b)):
resting-state, �0:001� 0:002 (permutation test, p ¼ 0:493); fixation,
0:002� 0:001 (permutation test, p ¼ 0:133); encoding, 0:006� 0:002
(permutation test, p ¼ 0:008); and maintenance, 0:007� 0:002 (per-
mutation test, p ¼ 0:001). The information flow strengths in encoding
and maintenance were significantly higher than that in the resting-state
(Friedman’s test, p ¼ 0:008 for encoding and p ¼ 0:035 for maintenance,
compared with resting-state respectively). There were no significant
differences between encoding (Friedman’s test, p ¼ 0:316) or mainte-
nance (Friedman’s test, p ¼ 0:611) with fixation. 2) The information
flow strengths (mean� SE) from right temporal to parietal-occipital
cortex in the four EEG segments were (see Fig. 4 (c)): resting-state,
0:002� 0:002 (permutation test, p ¼ 0:404); fixation, 0:003� 0:001
(permutation test, p ¼ 0:064); encoding, 0:007� 0:002 (permutation
test, p ¼ 0:0004); and maintenance, 0:005� 0:002 (permutation test,
p ¼ 0:027). The information flow strength in encoding was significantly
higher than that in resting-state (Friedman’s test, p ¼ 0:025) and fixation
(Friedman’s test, p ¼ 0:025), respectively. There was no significant dif-
ference between maintenance and other brain states.

WM encoding and maintenance also involved significant directed
information flow from the left temporal to other regions. The information
flows from the left temporal cortex and from the right temporal cortex
showed no significant differences. However, for the information flows
from the left temporal cortex, there were no significant differences be-
tween different brain states. 1)The information flow strengths (mean�
SE) from left temporal to agranular frontal cortex and preparietal regions
5

in the four EEG segments were: resting-state, 0:003� 0:002 (permuta-
tion test, p ¼ 0:151); fixation, 0:003� 0:002 (permutation test, p ¼
0:116); encoding, 0:004� 0:002 (permutation test, p ¼ 0:049); and
maintenance, 0:006� 0:002 (permutation test, p ¼ 0:022). 2) The in-
formation flow strengths (mean� SE) from the left temporal to parietal-
occipital cortex in the four EEG segments were: resting-state, 0:003�
0:002 (permutation test, p ¼ 0:119); fixation, 0:003� 0:001 (permuta-
tion test, p ¼ 0:049); encoding, 0:006� 0:001 (permutation test, p ¼
0:002); and maintenance, 0:004� 0:002 (permutation test, p ¼ 0:047).

4. Discussion

4.1. Information flow loop

Long-range functional interaction or integration between distinct
cortical areas are achieved by slow oscillations in theta and alpha band
activities (Min and Park, 2010; Sauseng et al., 2005). Information flow
loop, composed of anterior-to-posterior information flow in the theta
band and an opposite pattern in the alpha band, has been reported in the
resting-state (Dauwan et al., 2016; Engels et al., 2017; Hillebrand et al.,
2016). In addition to the resting-state, we also observed this information
flow loop during fixation, WM encoding, and WM maintenance.
Although the information flow patterns in different brain states were
consistent to some extent, significant differences (i.e., information flow
strength, sub-networks) among these brain states were found in the
current study. For example, information flows from prefrontal to central
cortex in the alpha band were only observed in the resting-state. These
dynamical changes in theta/alpha information flow strengths in
sub-networks according to brain states may help to elucidate their



Fig. 4. Information flow strengths in the four brain
states: (a)–(c) in the theta band, (d)–(f) in the alpha
band. * represents p < 0:05, and ** represents
p < 0:01. Error bars indicate 95% confidence intervals
(CIs) of the averaged information flow strengths of all
participants. CIs were calculated using a Matlab
function “tmaxPermCIsOneSamp”, developed by
Groppe in 2017 (version 1.0, https://jp.mathworks.co
m/matlabcentral/fileexchange/54573-tmaxpermciso
nesamp). This function computes symmetric multiple
comparison adjusted CIs by permuting the residuals of
a data set. 5000 random permutations were
computed.
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functional roles in neural processing.
4.2. Enhanced fronto-parietal networks reflect central executive functions
of WM

A fronto-parietal network, composed of the dorsolateral prefrontal
cortex (DLPFC), the anterior cingulate cortex (ACC), and the parietal
cortex (PAR) have been suggested to comprise the WM neural network
(Moore et al., 2013; Osaka et al., 2003; RodriguezMerzagora et al., 2014;
Vartanian et al., 2013). The DLPFC is involved in executive control, the
ACC is regarded as an “attention controller”, and the PAR is considered to
control sensory or perceptual processing (Baddeley, 2010; Chai et al.,
2018). In addition to its role in WM, the fronto-parietal network is re-
ported to be commonly activated during conscious perception, attention,
and episodic retrieval, and has been suggested to reflect central executive
control processes (Babiloni et al., 2004; Kondo et al., 2004; Li et al., 2004;
Osaka et al., 2004). Functionally, the prefrontal cortex is suggested to be
involved in actively focusing attention on relevant sensory representa-
tions, selecting information and performing executive functions that are
necessary for controlling the cognitive processing of information (Gerrits
et al., 2015; Lara and Wallis, 2015; Postle, 2006).

By comparing the information flow strengths in the four EEG seg-
ments, an enhanced information flow from frontal to parietal-occipital in
the theta band, and a reversed enhanced parietal-to-frontal information
flow in the alpha band were observed in the WM encoding state. This
finding supports the notion that an increase in theta/alpha long-range
coherence reflects increased demands on central executive functions in
working memory (Sauseng et al., 2005).
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4.3. Prefrontal-to-central information flows in the alpha band reflect
internal attention

There are at least two distinct subsystems in the default mode
network (DMN): a memory process system and a self-relevant mental
system. An fMRI study by Gusnard et al. (2001) revealed that the medial
prefrontal cortex (MPFC) was more active during self-referential tasks
compared with attention-demanding tasks. The MPFC plays a role in
evaluation and judgment of self-referential stimuli (Yaoi et al., 2015).
Forbes et al. (2015) reported that the lateral parietal cortex (LPC) and
MPFC were phase-locked in the alpha band during self-concept pro-
cessing, confirming that phase-locking in the alpha band was related to
self-referential stimuli. Similarly, we found enhanced
prefrontal-to-central (agranular frontal, temporal, and preparietal) in-
formation flow in the alpha band only for the resting-state. Thus, the
prefrontal-to-central information flow in the alpha band might reflect
internal attention rather than external stimuli.
4.4. Occipital-to-frontal information flows reflect baseline brain
connectivity

Posterior-to-anterior information flows in the alpha band have been
reported in previous studies during the resting-state (Dauwan et al.,
2016; Engels et al., 2017; Hillebrand et al., 2016). In the current study,
we found that the parietal-to-frontal information flows in WM encoding
were significantly stronger than in the other three brain states. However,
the occipital-to-frontal information flows in the alpha band were
consistently strong in all four brain states. We further compared the

https://jp.mathworks.com/matlabcentral/fileexchange/54573-tmaxpermcisonesamp
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occipital-to-frontal information flow strengths with the
parietal-to-frontal information flow strengths. All four brain states were
found to show significant differences using permutation tests:
resting-state, p ¼ 0:0001; fixation, p ¼ 0:0001; encoding, p ¼ 0:037;
and maintenance, p ¼ 0:0003. Thus, the occipital-to-frontal and
parietal-to-frontal information flows were two distinct networks.

As discussed previously, the parietal-to-frontal information flows in
the alpha band in the WM encoding reflect increased demand on central
executive functions in WM (see section 4.2 “Enhanced fronto-parietal
networks reflect central executive functions of WM”). However, the
functional roles of occipital-to-frontal information flows are difficult to
explain in accord with our current experimental results. Decreased
occipital-to-frontal correlation during drowsiness-alpha activity was re-
ported by Cantero et al. (2002). Thul et al. (2016) reported reduced
feedback interaction in fronto-occipital networks in patients with
unresponsive-wakefulness-syndrome. In the current study, participants
were instructed to remain alert during the whole experiment. The
occipital-to-frontal information flow pattern in the alpha band may
indicate arousal, or other baseline brain activity. Further research is
needed to confirm the functional roles of occipital-to-frontal information
flows.
4.5. Theta oscillations in WM information maintenance

In the current study, we observed enhanced information flows from
right temporal to agranular frontal and parietal during both WM
encoding and maintenance. The connections among frontal, temporal,
and parietal regions have been reported using theta phase synchroniza-
tion: frontal-temporal theta synchronization has been reported during
WM encoding, maintenance, and retrieval processes (Kawasaki et al.,
2014; Sarnthein et al., 1998; Sauseng et al., 2004; Serrien et al., 2004);
fronto-parietal theta synchronization is reported to be enhanced when
processing high workload and complex manipulation (Kopp et al., 2006;
Payne and Kounios, 2009; Sauseng et al., 2005). However, Kawasaki
et al. (2014) reported that fronto-temporal synchronization was involved
in auditory-verbal WM tasks and that fronto-parietal synchronization was
involved in visualWM tasks. We inferred that auditoryWM tasks not only
induce temporal-to-agranular frontal but also temporal-to-parietal in-
formation flows. Thus, we concluded that the information flow from right
temporal to agranular frontal and parietal reflects the functional role of
theta activity in the transient maintenance of information in WM rather
than top-down control. Several other studies also support the functional
roles of theta activity in transient maintenance of information in WM
using theta coherence (Sarnthein et al., 1998; Sauseng et al., 2004;
Sauseng et al., 2006; Weiss et al., 2000).

Both of the information flows from the left temporal cortex and right
temporal cortex were significantly directed in WM processing, and with
no significant differences between them. However, information flow
strengths from the left temporal cortex in WM processing did not show
significant differences with resting or fixation states. This possibly
because of a right-hemisphere advantage in pure tone processing. Pure
tones were used as WM stimuli in the current study. The right-
hemisphere advantage in pure tone processing has been confirmed in
many previous studies (Hine and Debener, 2007; Koike et al., 1996;
Lütkenh€oner et al., 2003; Sidtis, 1984). Koike et al. (1996) found that
patients with the right temporal cortex removed were found to exhibit
impaired performance on pure tone timbre discrimination and tonal
memory tasks. However, this phenomenon was not observed in patients
with the left temporal cortex removed. In a recent study, Matsubara et al.
(2018) conducted a pure tone stimulation test in patients with mesial
temporal cortex epilepsy (mTLE). Patients with right mTLE exhibited
more pronounced abnormalities in auditory cortex function than patients
with left mTLE and healthy controls. Responses was predominantly
observed in the right hemisphere in both left mTLE patients and healthy
controls.
7

5. Conclusion

In the current study, we compared the information flow patterns of
four EEG segments: resting-state, fixation, WM encoding and WM
maintenance. Dominant anterior-to-posterior information flow in the
theta band and an opposite pattern in the alpha band were found in all
four segments. By comparing the consistency and dynamical changes of
the information flow in different brain states, various brain functions
were found to be related to information flow in the current study,
including internal attention, central executive functions, WM informa-
tion maintenance, and the right-hemisphere advantage in pure tone
processing. Thus, the current results further confirmed that information
flow can be useful for understanding neural correlations, and that PTE
provides a robust approach for evaluating information flow.
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