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Abstract— Goal: Working memory (WM) is a memory system
with a limited capacity that can process and store information
temporarily in the performing of cognitive tasks. Despite WM is
known to be influenced by age, the difficulty of tasks and trained
or not from behavior studies, little is known about their
relationships from the aspect of the brain functional network. Our
goal was to explore the factor of aging-related changes of WM
with brain functional networks. Methods: In this study, 25
healthy elderly and 23 healthy young volunteers were recruited
for electroencephalogram (EEG) recording during the visual WM
task with four difficulty levels (1-4 backs). In each back, we repeat
the experiment with four sessions, and we add training sections
between session one and session two as well as between session two
and session three. However, we remove any training section
between session three and session four in order to evaluate the
impact of forgetting on WM in different age groups. After the
experiment, we utilized graph theoretical analysis to characterize
the brain functional network in three frequency bands (alpha,
beta, and theta). Results: From the well-designed experiment, we
found that physiological aging influences brain network
connectivity and makes the functional brain network less
differentiated. Moreover, there is an inverse relationship between
alpha activity and WM load for the elderly group, which is absent
in the young group. At the same time, theta band activity will be
correlated with behavioral performance for the elderly group
with WM training between sessions, which is also absent in the
young group. To further study the influence of difficulty of tasks
and training on the WM, we distinguish the tasks with quantified
topological characteristics, and the classification results manifest
that the training is more effective for the young group. Finally,
through the establishment of a brain map before and after
training, we find that the right parietal lobe plays an important
role in the training of WM for the elderly group whereas the beta
band plays an important role in WM for both the elderly group
and the young group. Conclusion: Taken together, our findings
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clarify the underlying mechanism of WM under different
frequency bands in terms of physiological aging, the influence of
training, and task difficulty. Significance: the working memory
capacities can be uncovered in terms of the combination of
three-way ANOVA and EEG-based graph theoretical analysis.
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. INTRODUCTION

LTHOUGH the development of medical and food safety

has prolonged people’s life spans, aging is still an
inevitable problem that we should face. Aging is often
accompanied by neurodegenerative disorders such as
Alzheimer’s disease, which cannot be cured at present [1].
Therefore, a long-period tracking method that can effectively
differentiate physiological and pathological brain aging is
essential. Specifically, EEG is a convenient and noninvasive
method that can characterize neural functioning and be engaged
in disease diagnosis [2]. By adding more electrodes to the EEG
device, we can improve the spatial resolution of EEG. Despite
still showing a less superior spatial resolution compared to
other neuroimaging techniques such as functional magnetic
resonance imaging (fMRI), EEG’s high temporal resolution is
helpful to the task that requires multi-frequency analysis of
brain activity.

Working memory (WM) is a cognitive process that can hold
information temporarily [3, 4]. Such manipulation of stored
information is very important to the guidance of
decision-making and behavior [5]. The capacity of WM
increases gradually in childhood but declines in old age [6-8].
Fortunately, cognitive abilities like WM can be improved by
corresponding training [9]. However, aging-related studies of
WM tend to focus on the behavioral aspect and the design of
experimental protocols might be oversimplified, therefore
cannot sufficiently delineate the phenomenon of aging in the
brain. For example, Hou et al. proposed an n-back WM task
with only a O-back and 2-back paradigm [10]. Although a
varying experimental protocol can explain the difference of the
aging changes on WM, the extension of brain aging or the
influence of a progressive experimental design on brain aging
cannot be studied under such protocol. Moreover, the effect of
training on brain aging is also not discussed. Nevertheless, a
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good experimental design can be beneficial to unravel the
underlying mechanism of physiological aging in the brain.

The most prevalent experimental assessment of WM s the
n-back task, a continuous performance task in cognitive
neuroscience that can measure WM and its capacity. During the
task, the participant will receive a sequence of stimuli and they
are asked to match the current stimulus with the one from n
steps earlier in the sequence. The combination of n-back tasks
and brain tracking techniques like EEG and fMRI is commonly
used to uncover the underlying mechanism of aging from brain
activity [11-18]. However, EEG-based WM studies often focus
on the regional properties of the brain as the analysis of EEG
signals is in the view of the spectral power of different
frequency bands (alpha, beta, theta, and gamma) or the
event-related potentials (ERPs). For instance, Dong et al. found
that WM capacity differences among individuals can be
reflected by P300 wave, theta event-related synchronization
(ERS), and alpha event-related desynchronization (ERD) at the
most challenging level and lowest difficulty level [19]. And
both P300 analysis and ERS/ERD results focus on the frontal
and parietal regions of the brain. However, such EEG-based
WM analysis neglects the global properties of the brain. In
addition, in each block, n will be a constant and the WM task
within a block will be more difficult with a higher value of n.
The difficulty of age-related WM tasks usually does not go
beyond 2-back and the 0-back paradigm is used for the control
group [20]. In this study, we aim to find the influence of
experimental difficulty on the WM performance of people from
different age groups and thus performed a 4-back paradigm that
varied n from 1 to 4. Furthermore, to evaluate the effect of
forgetting on WM in different age groups, we incorporated a
forgetting protocol between the 3-back and 4-back paradigms.

Arises from the brain’s anatomical structure and neural
circuitries, intricate interactions and cross talks of different
brain regions further contribute to the functional processing of
cognitive functions. For example, the acquisition of motor
learning is contributed by the plasticity between the parallel
fiber (PF) and Purkinje cell whereas the consolidation of motor
learning may be stored within the plasticity between the PF and
cerebellar nuclei site [21]. Evidence suggests that memory
formation may be related to the interregional synchronization
of neural activity [10, 22]. Therefore, the study of age-related
WM should adopt a comprehensive approach that exploits the
advantages of the brain functional connectivity network and the
high temporal resolution of EEG signals.

Recently, EEG-based graph theoretical analysis (GTA) for
functional connectivity networks has attracted many interests.
In neuroscience, due to the anatomical morphology within the
brain, GTA can build a model that contains regions of interest
(nodes) and their connection (edges). As the brain network has
a special topology organization, GTA can inform us
characteristics of the brain based on the nodes and edges. For
example, global efficiency is a feature that measures the overall
information exchange capability of the network. In our
previous work, global efficiency is a good property that can tell
the driving state in most frequency bands (alpha, beta, and theta)
[23]. Apart from analyzing the mental state of the brain, GTA

can be also used for the diagnosis of degenerative disease and
WM training [24, 25]. Although GTA has been applied to the
age-related n-back WM task, we will use GTA to explore a
more comprehensive mechanism with a well-designed training
protocol for subjects of different ages [10].
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Fig. 1. Experimental protocol.

A. Participants

Twenty-three students (aged 24#1.2) from the National
University of Singapore and twenty-five older adults (aged
6043.1) were recruited.

All participants were right-handed with normal or corrected
vision. All the selected participants were interviewed by a brief
interview to ensure that they met all the inclusion criteria. For
example, participants who admitted chronic physical or mental
illness, a history of being diagnosed with a sleep disorder or
hyperactivity disorder during childhood, or long-term
medication were excluded. Before the experiment, participants
were asked to have a full night (> 7 hours) sleep on two nights,
avoid caffeine or alcohol, and refrain from strenuous exercise
for 24 hours before the study. All participants signed the
consent form before the experiment. The experiments were
approved by the Institutional Review Board of the National
University of Singapore, written informed consent was
obtained from all subjects before the experiment and monetary
compensation was given for their participation.

B. N-back task

In this experiment, a spatial n-back task was implemented in
which a square would be randomly presented on one of four
positions (up, down, left and right) specified on the screen (Fig.
1). Participants sit in front of the computer and avoid any
interference from the external environment to the subject. At
the beginning of the experiment, 5 pictures appeared on the
screen in turn, each picture was displayed for 0.5 s, and nothing
was displayed for an interval of 2.5 s. Each picture displayed a
square, and there are 4 possible positions of the square. Each
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time, a random position was displayed. When the fifth screen is
displayed, the top of the screen will prompt the back task.
Participants recalled according to the back task. If the fifth
screen is consistent with the previous back screens, then press
the yellow button. If it does not match, press the white button.
The response window last from the onset of the stimulus until
the presentation of the next stimulus (3 s). Four difficulty levels
of the task were created (1, 2, 3, 4-back). For each session, there
were 240 trials. For both the training session and the testing
session with EEG recording, participants received 1-, 2- ,3-,
and 4-back levels in this order, with each level presented 60
trials, resulting in a total 240 trials. In the analysis, only the
correct trials are selected. There was total four sessions for the
whole experiment with training or no training between each
two sessions. In the first three sessions, the time interval
between two consecutive sessions was set to be 10 days
whereas the last interval between session 3 and session 4 was
set to be two weeks. For the training groups, participants
received n-back task training for each day between sessions. As
elderly cannot complete the experiment well without training in
the first session, they only have the results of session 2, 3and 4.
In addition, we selected results for analysis from the

participants who can complete all four phases of the experiment,

so the final participants are 17 young people and 11 elderly
people.

During the task, EEG signals from 64 channels were
recorded with the ASALab system (ANT B.V., Netherlands) at
a sampling rate of 256 Hz. EEG activity refers to the mean
value of two mastoid processes. Two electrodes were placed
above and below the left eye to record the vertical EOG. The
recorded EEG signals were re-referenced to the average
reference. The artifacts caused by eye movement or significant
muscle activity were removed by independent component
analysis (ICA). A bandpass filter (0.5~70 Hz) was used for
antialiasing, and a 50 Hz notch filter was used to remove the
main interference during the experiment.

C. Method

Three typical frequency bands (theta, 4~8 Hz, alpha, 8~12
Hz, and beta, 12~30 Hz) related to WM were extracted by
wavelet packet decomposition with the wavelet basis function
of db4 [26, 27]. Then the brain functional network is
constructed by phase lag index (PLI) in each frequency band
for graph theoretical analysis.

The PLI is computed by

PLIy,; = |(sign[sin(¢i(t) — @.())])| M
where sign stands for signum function and | | indicates absolute
value function whereas k and / represent different channels.

PLI values are between 0 and 1. A value of 0 indicates no
coupling and 1 indicates perfect phase locking. The stronger
this nonzero phase locking is, the larger PLI values are. During
the computation of the graph metric, a sparsity threshold was
applied to the connection matrix. Since there is no definitive
method to determine the sparsity threshold [28], we followed
previous studies to utilize a series of thresholds to eliminate the
bias due to only using one arbitrary threshold [28-30]. A series
of thresholds ranging from 0.12 to 0.40 with an incremental

step of 0.01 were used in our study and the metric values were
obtained by taking the integral of all values corresponding to
the thresholds.

The clustering coefficient describes the connection
centralization of the connection network. The clustering
coefficient for channel i is defined as:

Dk#i Di#ilzk Wik Wit Wi
(2)
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where w stands for entries in the connection matrix, which
was PLI values and i, k, [ are channel indices.

L is the mean of the shortest path length, and is the path with
the maximum total weight between vertices, as shown in
follow:
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where dj; is the shortest path length between nodes i and ;. L is a
major indicator of global integration. The shorter the path
length, the greater the functional integration intensity and the
more direct connections between brain regions.

Eg00a measures the global information transmission ability,
which is the reciprocal of the shortest path length, as shown in

follow:
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Elcar 1s a measure to evaluate the efficiency of information
transmission in a network, as shown in follow:

4)

_i\1/3
Z] hEN,j#i Wl]Wlh[ h(Ni)] 1)
local 2 z (5)

& kiCk; = 1)
where wj; is the connection weight between nodes i and ;.

To quantify the extent to which a network displays
small-world structure, we define the Small-World Propensity,
o, to reflect the deviation of a network’s clustering coefficient,
Cops and characteristic path length, Ly from both lattice (Cias,
Liaxr) and random (Crand, Lrana) networks constructed with the
same number of nodes and the same degree distribution:

Az 4+ A7
p=1- |——— (6)
where
Clatt - Cobs
Ay = 2o ™)
¢ Clatt - Crand
and
Lobs - Lrand
4, = ;2 _rand ®
t Llatt - Lrand

The ratios Ac and AL represent the fractional deviation of the
metric (Cops OF Lops) from its respective null model (a lattice or
random network). Because it is occasionally possible for
real-world networks to display path lengths or clustering
coefficients that exceed that of a lattice or random network, we
bound both Ac and A. between 0 and 1. Thus, if Ac or AL >1, we
set Ac or A =1 and if Ac or A <0, we set Ac or A.=0, which
guarantees that ¢ is bounded in the range [0, 1]. Networks with
high small-world characteristics (low Ac and A_) will have a
value of ¢ close to 1, while lower values of ¢ represent larger
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deviations from the respective null models for clustering and
path length, and display less small-world structure.

To quantitatively describe the importance of a node, the most
effective measurement method is to calculate the betweenness
centrality. The betweenness centrality B; of node i is defined as:

Bi= ) ©

jkEN

k(i)
njk

where nj represents the number of shortest paths between
nodes j and k; nj(i) represents the number of nodes i in the
shortest path between nodes j and k. Betweenness centrality
reflects the role and influence of nodes in the whole network
and is an important global geometric quantity.

Il. RESULTS

A. Behavioral analysis

The results were selected from the participants who
completed all four phases of the experiment accurately,
including 17 young participants and 11 elderly. Using ANOVA
two-factor analysis test, the accuracies of N-back tasks were
compared (Fig. 2).

As shown in Fig. 2A, excluding the age factor, task
ac-curacies across different training sessions and difficulties
are compared. The figure on the left shows that the accuracy
comparison among sessions of the elderly group and no
significant changes between sessions has been observed.
However, for young participants, although there was no
obvious significance throughout all sessions of the 1-back task,
for the 2-back to 4-back difficulty levels, the performance
during session 1 was significantly different from other sessions

4

(training factor, F (3,64) =57.98, p<0.0001). Hence, the n-back
training produced more obvious effects on the WM
performance of young people but not the elderly.

As shown in Fig. 2B, the training factor is neglected, while
the impact of age and difficulty of tasks on the accuracy was
compared. In session 2, there was little difference within both
1-back and 2-back tasks between elderly and young
participants whereas the differences within 3-back and 4-back
were significantly different (age factor, F(1,26)=66.59,
p<0.0001). In session 3 and session 4, there were statistically
significant difference in 3-back and 4-back between the elderly
and young people (age factor, session 3: F(1,26)=41.87,
p<0.0001; session 4: F(1,26)=29.83, p<0.0001). Such results
suggest that young people can more flexibly adjust to the
change in the difficulty of the n-back task. On the other hand, as
the difficulty of tasks increases, the accuracy of the elderly
group is gradually decreasing.

As shown in Fig. 2C, the impact of age and train stages on
task accuracy was compared based on different difficulty levels.
In the 1-back task, there was no significant difference between
the elderly and young groups whereas in the 2-back task, a
significant difference between the two groups was recorded.
Similarly, in the 3-back and 4-back tasks, there were
statistically significant differences. (age factor, 2-back:
F(1,26)=16.30, p=0.0004; 3-back: F(1,26)=73.42, p<0.0001;
4-back: F(1,26)=104.0, p<0.0001) Such results demonstrate
that with increasing task difficulty, while the accuracy of
elderly participants gradually declined, that of young
participants was not significantly affected.
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Fig. 2. Behavioral results with two-way ANOVA analysis. A, difficulty of task factor and training factor to the accuracy of n-back tasks. B, age factor and difficulty
of task factor to the accuracy of n-back tasks. C, age factor and train factor to the accuracy of n-back tasks. (*: p<0.05, **: p<0.01, ***: p<0.005, ****: p<0.001, ns

represents no significance)



5

> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) <

S00'0 8y T000> 8€98y T1000> ¥CE96S 9000 T00°€ - - - - - - €loq

- - - - T000> 2ezTal - - - - 000> 60902 600°0 8T eydie  Aysuadord prom-[ews
1000 T€E'S T000> ¢ST'8G T000> STT'86T - - - - T000> /€8¢ - - Qs
100°0> €€6'L 1000> 866  TO00> ¥¥6'359 - - - - T000>  9S5%¢ 100 €18¢C Bloq
1000>  8EY'8 - - 1000> mm.wN: - - - - 000> €68 810°0 €L57C eydie AdusIolyy 800
100°0> 6.6 T000> 86¢€T T000> ¥98'8.c €100 80L°C - - T000> 887’6 - - Qs

- - - - T00'0> 960°0ZY - - - - T000> 88C'LT 8000 €16'C €12q

- - 9000 906 T000> TLZI9 - - - - 1000> /€80T 1200 €05C eqdre JUSIOLFO0)) SuLIdsn[)
2200 66T°C - - T000>  80'T¥ 8200 65€'C - - T000> 8eLCT - - 'R

- - 1000> 9.2y  T000> GL97T6 1200 €8y'c 6v0°0 619¢C 1000> €8V'LE - - Bloq

- - 1000> 6.5ST  1000> 6YTVEE - - - - 1000>  TI8YT - - eydpe Aouaronyy [8q0[D

- - TO0'0> 891'1¢C - - - - - - T000> T.6'€EC - - akleil

- - T00'0> 62897 T0O00>S T6E08 - - - - 1000> 6€9°6T - - Bloq

- - 2000 €009  T0O00> L09'66Z - - - - 7000> 2918 - - eydie  ISUST e OUISLIdIORIRYD

- - 1000 G189  T000> V6961 - - - - 1200 £88°¢ - - e

d q d q d d d q d E| d d d d

Knorgip Sururen Suie Amogip,Sutureny  Anoiygip,Swide  Jumuren,SuiSe  Anouyyip,Jururen, Suide

SANVY ADNANOTY INTIHAAI( NI SIOLIV ] SNOTIV A 40 NOLLOVIALIN] : VAONYV AVM-TTIH], 40 LTINSTY dH ],

1 379vL



> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 6

B. Graph theoretical analysis (GTA)

The brain topological characteristics of the cortical
functional connectivity network in different WM tasks could be
reflected in three factors, namely age, training, and task
difficulty. We used three-factor ANOVA to analyze the effect
of factors on different frequency bands. The analysis results are
shown in TABLE I.

It was observed that there was a three-factor interaction
between the alpha and beta frequency bands in the clustering
coefficient, local efficiency, and the alpha frequency band of
the small-world tendency, hence indicating that these
characteristics are affected by the interaction of three factors.
Also, brain topological features were affected by the interaction
of aging and training stage, except the small-world propensity
beta band. From a single factor perspective, aging had a great
influence on the experimental results, with an exception that the
theta frequency band of global efficiency was not significantly
affected by age. The training stage had little effect on the local
efficiency and clustering coefficient theta and beta bands, as
well as small-world propensity alpha band, probably because of
the lack of influence on the topological features of these bands
by learning and memory. The difficulty of task also affected the
local efficiency, small-world propensity theta and beta
frequency bands and clustering coefficient theta frequency
band.

Fig. 3 shows the influence of training on the brain
topological characteristics under different frequency bands for

the elderly group. The characteristic path length increased with
training (session 2 vs session 3) and decreased without training
(session 3 vs session 4) for 1 to 3-back especially in beta bands
(session 2 vs session 3, 1 and 2-back, p<0.001; session 2 vs
session 3, 3-back, p<0.01; session 3 vs session 4, 1 to 3-back,
p<0.001). Accordingly, the global efficiency decreased with
training and increased without training, and the statistical
difference was significant in theta and beta frequency bands for
1-3 backs (session 2 vs session 3 and session 3 vs session 4,
theta frequency band, 2 and 3-back, p<0.001; session 2 vs
session 3, beta frequency band, 1 and 2-back, p<0.001, 3-back,
p<0.005; session 3 vs session 4, beta frequency band, 1 to
3-back, p<0.001). It showed similar trends as in characteristic
path length for clustering coefficient and local efficiency in 1 to
3-back. The small-world propensity decreased with training
and increased without training for all backs. Moreover, in the
4-back task, the influence of training was less than that of in
other WM tasks which might be attributed to the overload of
WM for the elderly.

In contrast, Fig. 4 shows the influence of training on the
brain topological characteristics under different frequency
bands for young people, which was quite different from that of
the elderly group. For example, the characteristic path length of
the youth group decreased with training (session 1 vs session 3,
beta band, 1-back, p<0.001, 3-back, p<0.05) and increased
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Fig. 3. The graph theoretical analysis under different frequency bands for elderly people with and without training. Each column stands for different properties for
n-back tasks and each row is the difficulty of the WM task. In each sub-figure, three kinds of frequency bands (theta, alpha, and beta) are used for the comparison.
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without training (session 3 vs session 4, alpha band, 2-back,
p<0.05, 3-back, p<0.01). And other indexes like clustering
coefficient and local efficiency had similar trends with and
without training for the young group. However, the trend for
global efficiency for the young group was opposite to that of the
elderly group, which increased with training (session 1 vs
session 3, beta band, 1 and 4-back, p<0.001, 2-back, p<0.005, 3
back, p<0.01) and decreased without training (session 3 vs
session 4, beta band, 1-back, p<0.005, 2 and 4-back, p<0.05).
The small-world propensity of the young group decreased with
training and increased without training in which the trend is the
same as the elderly group. In the young group, the improvement
of working memory performance was accompanied by an
improvement of global efficiency as well as a decrease of local
efficiency, which suggests that a more dispersed network rather
can promote better working memory performance than a dense
network.

Fig. 5 shows the influence of training difficulty on brain
topological characteristics for both elder and young people in
session 3. In the comparison of the 1-back and 4-back tasks, the
local efficiency increased for young people (1-back vs 4-back,
theta frequency, P<0.05) whereas the characteristics path
length increased (1-back vs 4-back, alpha frequency, P<0.005)
and the small-world propensity decreased (1-back vs 4-back,
beta frequency, P<0.05) with the increasing difficulty of the
task for elderly people.

Betweenness centrality refers to the ability of a given node
that transmits information along the shortest path between node
pairs in the network. Fig. 6 shows the comparison BC of the
CP1 node in WM in terms of aging (Fig. 6A) and training (Fig.
6B) under the alpha band. There are significant differences
between the elder group and the young group in the completed
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Fig. 4. The graph theoretical analysis under different frequency bands for young people with and without training. Each column stands for different properties for
n-back tasks and each row is the difficulty of the WM task. In each sub-figure, three kinds of frequency bands (theta, alpha, and beta) are used for the comparison.
The four colors of bars stand for four sessions (cyan: session 1, blue: session 2, earthy yellow: session 3, and orange: session 4). The young participants received
training of WM tasks between session 1 and session 2 as well as between session 2 and session 3 whereas no training was conducted between session 3 and session
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Fig. 6. The comparison of BC of CP1 node in WM in terms of aging and training under the alpha band. A, the influence of aging to BC of CP1 node. The two color
bars stand for different groups of participants. (aquamarine: elder group, purples: young group). B, the influence of training to BC of CP1 node. The color bars stand
for different sessions of the WM experiment (cyan: session 1, blue: session 2, earthy yellow: session 3, and orange: session 4). The elder participants received
training of WM tasks between session 2 and session 3 whereas no training was conducted between session 3 and session 4. The young participants received training
of WM tasks between session 1 and session 2 as well as between session 2 and session 3 whereas no training was conducted between session 3 and session 4. (*:
p<0.05, **: p<0.01, ***: p<0.005, ****: p<0.001) C, the influence of training on the BC of the elderly. There are 62 leads in total, and the value of each lead is the
difference between session 3 and session 2. Yellow represents the lead with an increased value of the BC after training, and blue represents the lead with decreased

value after training.

WM task. Interestingly, with the increase of the task difficulty,
the discrimination decreases in session 3 and session 4 of the
4-back task. On the other hand, the BC of the CP1 node is also
influenced by the training process as there is a gradual increase
of BC with training and a decrease of BC with the distinction
process for both the elder group and the young group. As a
result, the decline of WM caused by aging may be related to the
disconnection of the CP1 node and training may be helpful to
the recovery of disconnection. We also intuitively show an
example of the BC for the elderly group that the training
improves the BC of node CP1 in Fig. 6C.

To further explain the influence of the difficulty of the task
on the WM, we used the quantified topological characteristics
to classify the tasks (TABLE II). The input feature of the
classifier was graph metric features of each frequency band
with different numbers for each feature (clustering coefficient:
62, the characteristic path length: 1, global efficiency: 1, local
efficiency: 62, small world propensity: 1). If there are three
frequency bands, then there are 127 * 3 features in total. And
the random forest was selected as the classifier. We observed
that if the topological characteristics were used for
four-category, the accuracy was low for both the young and the
elderly groups. The highest classification accuracy was in 1, 2,
3 vs 4-back task which means that 4-back task can be relatively
easily separated from other tasks. After training, the accuracy in
the classification of 1 vs 2, 3, 4-back increased, indicating that
the 1-back task (the simplest task) is easier to distinguish after
training. However, the accuracy in the classification of 1, 2, 3
vs 4-back decreased, indicating that the 4-back task (the most
difficult task) is more difficult to distinguish after training. In
other words, for all age groups, the difficulty of the 4-back task
decreased and become close to 1, 2, 3-back tasks. In the second
case (the classification of 1 vs 2, 3, 4-back), the accuracy of
young people was higher than that of old people, whereas in the
fourth case (the classification of 1 vs 2, 3, 4-back), the accuracy

of young people was lower than that of old people. Such
findings showed that compared to young people, the 1, 4-back
for the elderly was still difficult, with the training for young
people being more effective.

IV. DISCUSSION

In this study, we analyzed the variation of the network
topology in EEG-related WM tasks for both young and elderly
participants. We conducted multi-channel recording during the
1 to 4-back WM tasks across four sessions. In addition, we
added WM training into the period between the 1% session and
the 2" session as well as the period between the 2" session and
the 3 session. And during the period between the 3" session
and the 4" session, we revoke the training. Therefore, the whole
experiment comprised the influence of difficulty of the task,
aging, as well as forgetting on WM in terms of different
frequency bands, which will be discussed below.

A. The influence of aging on the WM

The influence of aging on WM intuitively lies in the degree
of task completion. For both the elderly group and the young
group, we experimented with four tasks with four difficulties
across four sessions. However, without training, the elderly
group cannot complete the WM task and thus we do not have
the complete data of session 1 for elderly people. Performance
of cognitive function has been found to decline with aging in
various aspects [31, 32]. There is evidence that the decline of
performance in the WM tasks is related to changes in
communication between different regions of the brain. Aging
not only affects functional connectivity within specific
functional networks but also alters the communication between
different functional networks [33-35]. In this study, the elderly
group has a lower clustering coefficient and local efficiency,
which indicates that with the increase of age, the network
connectivity decreases, and the functional brain network
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becomes less differentiated or specific. Previous studies have
shown that the function of brain regions is dedifferentiated with
age [36-38]. The decrease of network connectivity in the
elderly may lead to an over-recruitment of brain regions to
process the overwhelming incoming information, resulting in a
decrease in local efficiency. In addition, we observed that the
characteristic path length of the elderly group was lower than
that of the young group, which may be attributed to the fact that
the proportion of long-distance connections decreased with
aging. High clustering (i.e. high local efficiency) and sparse
long-range connection in brain networks can achieve the
minimum metabolic cost. Although the cost of sparse
long-range connections is higher, the information transmission
speed can be improved. Despite the global efficiency of the
elderly group was slightly higher than that of the young group,
the small-world propensity was lower than that of the young
group. The reason may be that aging is more obvious in local
areas of the brain [39].

B. The influence of difficulty of tasks on the WM

In the functional connectivity network of the alpha band, the
characteristics path length of the 4-back task decreased
significantly compared with that in the 1-back task for the
elderly group (Fig. 7), which indicates the decrease of
functional segregation and local connection density. However,
the alteration of alpha-band amplitude was not statistically
significant for the young group. In recent years, many studies
have shown that the amplitude of alpha activity is negatively
correlated with the number of cortical resources used to
perform cognitive tasks [20, 40-42]. Therefore, we speculate
that the inverse relationship between alpha activity and WM
load may be related to the weakening of local functional
clustering in the alpha band in WM tasks. On the other hand,
with the increasing difficulty of the task, the influence of
training on the alteration of features was not evident for the
elderly group. For example, in the 4-back task, the alteration of
global efficiency and the characteristic path length (beta
frequency) with training for the elderly group changed less than
that in the 1,2,3-back tasks (Fig. 4). In contrast, the difficulty of
a task made less impact on the young group than the elderly
group (Fig. 5). Such phenomenon may be related to WM
overload. In other words, if the cognitive requirements of the
4-back task are too high for the elderly, the decrease of cortical
resource recruitment during the task may be related to the
decrease of global efficiency and thus the effective connection
involves relatively few cortical areas for the task.

C. The influence of difficulty of tasks on the WM

In the current study, compared with the young group, the
EEG metrics in the theta band were significantly influenced by
training for the elderly group when the WM training was
included between sessions. In the 2-back or 3-back task, the
characteristic path length of the theta band and the clustering
coefficient increased with training for the elderly group
(session 2 vs session 3). Nevertheless, if the elderly group
returned to the state of no training and carried out the
experiment, the EEG metrics in the theta band for both the
characteristic path length and the clustering coefficient would
recover to the corresponding state similar to that of before
training. In contrast, there was no significant change in the
characteristic path length of the theta band for the young group
before and after training. At the same time, in the theta band,
the global efficiency and the local efficiency were inversely
correlated with and without training. Such alterations mean that
the training can improve the information processing efficiency
of local brain regions and thus reduce the overall efficiency of
information integration for the elderly group. However, for the
young group, the overall efficiency of information integration
for WM tasks is improved with training, especially with the
increase in task difficulty. Such a result is consistent with our
previous findings [43] that the theta band is enhanced for more
efficient propagation of information with the increase of task
difficulty [20].

D. The influence of the BC of CP1 nodes on the WM

The BC is used to describe the importance of key nodes
which own large numbers of the shortest path for pairs of nodes
within a network. In this study, we calculate the BC of 62 nodes
in terms of the aforesaid three factors and hereby find that the
CP1 node possesses an important role in the WM considering
the aging factor and the training factor. The CP1 node is located
at the inferior parietal lobule. The latest work showed that
repetitive (4-day) transcranial alternating current stimulation
(tACS) on the scalp of the inferior parietal lobule (9 nodes) with
non-invasive electrodes can improve the auditory-verbal WM
of aging people [44]. Their experiment also implies that a
certain memory function can be improved through the
modulation of specific brain rhythms in a selective brain region
[44-46].Therefore, our results demonstrate the existence of
plasticity of key nodes from the view of graph theoretical and
such plasticity can be modified by training regardless of aging
and task difficulty. There remains a question does exist a
network in a specific area of the brain that supports a certain

TABLE 11
CLASSIFICATION RESULTS OF WM TASKS WITH THE QUANTIFIED TOPOLOGICAL CHARACTERISTICS

Young (Accuracy: %)

Elderly (Accuracy: %)

Group

session 1 session 2 session 3  session4  session2  session 3 session 4
1vs2vs3vs4 40 .71 33.05 30.36 31.43 37.39 32.82 36.65
1vs2,3,4 64.07 73.89 74.73 74.45 66.21 68.15 67.78
1,2vs 3,4 62.99 58.26 56.39 58.03 61.86 60.91 60.84
1,2,3vs4 83.04 77.36 74.54 74.96 82.82 81.86 81.72

1 vs 2 vs 3 vs 4 means that it will be classified into four categories in accordance with 1,2,3,4-back. 1 vs 2,3,4 represents a binary classification in which the
1-back is a category whereas the rest backs will be in the same category. 1,2 vs 3,4 means 1-back and 2-back tasks will be in the same category whereas 3-back and

4-back tasks are in the other category.
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memory function? Maybe the graph theoretical method can be
potential guidance for clinical applications of ameliorating WM
in aging adults and can be a method to find the network to
support a specific memory function.

We also show the distribution of differences of the clustering
coefficient between sessions for both the young and elderly
groups. In the theta band, the clustering coefficients of the
central and right parietal regions increased significantly with
training and decreased significantly after revoking training. In
the alpha and beta bands, the clustering coefficient of the right
parietal lobe increased significantly after training and
decreased significantly after revoking training. In conclusion,
the training and non-training process of the elderly is
accompanied by a significant change in the clustering
coefficient of the right parietal lobe (Fig. 7). The results show
that the right parietal lobe plays an important role in the training
of WM in the elderly group. It has been proven that the right
posterior parietal cortex is involved in spatial short-term
memory [47], and the damage of the right posterior parietal
cortex leads to the general defect of WM [48]. In addition, right
parietal lobe dysfunction may be a manifestation of

Alzheimer's disease [49]. Nonetheless, for the young group,
there is no obvious alteration of the clustering coefficient in

Theta Alpha
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different brain regions for the theta band. On the other hand,
more significant changes occurred in the beta band for both the
elderly group and the young group. Recent studies also show
that the beta band plays an important role in WM [50] (Fig. 8).
Moreover, the active beta band may help to protect the current
WM content from interference [51]. The change of the beta
frequency band of young people is significant, which may help
to carry out WM tasks more smoothly. By comparing the
distribution of difference of clustering coefficient between the
young and elderly groups for all sessions, the clustering
coefficient of the right parietal lobe of the elderly was
significantly higher than that of the young (Fig. 9). In a study on
emergency awareness, compared with young people, the
elderly showed excessive activation of the parietal lobe, which
proved that the age-related destruction of the parietal lobe was
enough to weaken consciousness [52]. And as mentioned
earlier, the initial manifestation of Alzheimer's disease may
appear in the right parietal lobe. These findings may indicate
that the right parietal region has a significant impact on the
working memory of the elderly. Through indepth study of the
right parietal region, it may provide a new research direction for
Alzheimer's disease and other diseases.
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Fig. 7. The distribution of difference of clustering coefficient between sessions for elderly people. There was training between session 3 and session 2, but there was
no training between session 4 and session 3. The asterisk represents the channel with a significant difference (P < 0.001).
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Fig. 9. The distribution of difference of clustering coefficient between the young and elderly group for all sessions. The asterisk represents the channel with a

significant difference (P < 0.001).

V. CONCLUSION

In this study, we proposed an experiment of WM in terms of
the effect of aging, task difficulty, and inclusion of training
between sessions of the task on performance. Then we used the
graph-theoretical method to characterize the brain functional
network in three frequency bands. First of all, we found that
physiological aging influenced brain network connectivity and
led to a less differentiated functional brain network. Secondly,
the interaction of aging and training influenced all the
topological characteristics over all bands. Thirdly, we observed
that there is an inverse relationship between alpha band activity
and WM load whereas topological characteristics in the theta
band were significantly influenced by WM training for the
elderly group. Fourthly, training-induced improvement in
performance was more evident in the young group whereas the
BC of CP1 for both groups show plastic changes before and
after training. At the same time, lateralization of beta frequency
is obvious for the elder group with the extinction effect of
training. Finally, the right parietal lobe plays an important role
in the training of WM for the elderly group whereas the beta
band plays an important role in WM for both the elderly group
and the young group. Our findings may shed light on the EEG
frequency-based analysis of WM and may promote the study of
degenerative disorders from an aspect of the brain functional
network.

ACKNOWLEDGMENT

This work was supported by Special Projects in Key Fields
Supported by the Technology Development Project of
Guangdong Province (No. 2020ZDZX3018), the Special Fund
for Science and Technology of Guangdong Province (No.
2020182), the Wuyi University and Hong Kong & Macao joint
Research and  Development Project under Grant
(2019WGALH16), and the Startup funds for Scientific
Research of High-level Talents of Wuyi University
(2019AL020), and the EU’s H2020 Research and Innovation
Program[Proactive Safety Systems and Tools for a Constantly
Upgrading Road Environment(SAFE_UP)] (031019).

(1]

[2]

31
(41

[5]

(6]

[71

(8]
[°]

[10]

[11]

[12]

[13]

REFERENCES

Babic, T., P. T. Francis, A. M. Palmer, M. Snape, and G. K. Wilcock,
"The cholinergic hypothesis of Alzheimer's disease: a review of
progress,” J. Neurol. Neurosurg. Psychiatry, vol. 67, no. 4, pp.
558-558, 1999, doi: 10.1136/jnnp.67.4.558.

G. G. Knyazev, N. V. Volf, and L. V. Belousova, "Age-related
differences in electroencephalogram connectivity and network
topology,” Neurobiol. Aging, vol. 36, no. 5, pp. 1849-1859,
2015/05/01/2015,doi:https://doi.org/10.1016/j.neurobiolaging.2015.0

2.007.

A. Baddeley, "Working Memory," Science, vol. 255, no. 5044, pp.
556-559, 1992, doi: doi:10.1126/science.1736359.

A. Baddeley, "Working memory: looking back and looking forward,"
Nat. Rev. Neurosci., vol. 4, no. 10, pp. 829-839, 2003/10/01 2003, doi:
10.1038/nrn1201.

T. P. Alloway, "Working Memory, but Not I1Q, Predicts Subsequent
Learning in Children with Learning Difficulties," Eur J Psychol
Assess, vol. 25, no. 2, pp. 92-98, 2009, doi:
10.1027/1015-5759.25.2.92.

S. E. Gathercole, S. J. Pickering, B. Ambridge, and H. Wearing, "The
Structure of Working Memory From 4 to 15 Years of Age," Dev.
Psychol., vol. 40, pp. 177-190, 2004, doi:
10.1037/0012-1649.40.2.177.

C. Hertzog, R. A. Dixon, D. F. Hultsch, and S. W. S. MacDonald,
"Latent Change Models of Adult Cognition: Are Changes in
Processing Speed and Working Memory Associated With Changes in
Episodic Memory?," Psychol. Aging, vol. 18, pp. 755-769, 2003, doi:
10.1037/0882-7974.18.4.755.

T. A. Salthouse, "The aging of working memory," Neuropsychology,
vol. 8, no. 4, p. 535, 1994.

C. C. Von Bastian, N. Langer, L. Jacke, and K. Oberauer, "Effects of
working memory training in young and old adults," Mem. Cognit., vol.
41, no. 4, pp. 611-624, 2013, doi: 10.3758/s13421-012-0280-7.

F. Hou, C. Liu, Z. Yu, X. Xu, J. Zhang, C.-K. Peng, C. Wu, and A.
Yang, "Age-related alterations in electroencephalography connectivity
and network topology during n-back working memory task," Frontiers
in Human Neuroscience, vol. 12, p. 484, 2018.

N. A. Padgaonkar, T. P. Zanto, J. Bollinger, and A. Gazzaley,
"Predictive cues and age-related declines in working memory
performance,” Neurobiol. Aging, vol. 49, pp. 31-39, 2017, doi:
10.1016/j.neurobiolaging.2016.09.002.

H.-J. Li, X.-H. Hou, H.-H. Liu, C.-L. Yue, G.-M. Lu, and X.-N. Zuo,
"Putting age-related task activation into large-scale brain networks: A
meta-analysis of 114 fMRI studies on healthy aging," Neurosci.
Biobehav. Rev., vol. 57, pp. 156-174, 2015/10/01/ 2015, doi:
https://doi.org/10.1016/j.neubiorev.2015.08.013.

S. Heinzel, R. C. Lorenz, W. R. Brockhaus, T. Wustenberg, N.
Kathmann, A. Heinz, and M. A. Rapp, "Working Memory
Load-Dependent Brain Response Predicts Behavioral Training Gains
in Older Adults," J. Neurosci., vol. 34, no. 4, pp. 1224-1233, 2014, doi:
10.1523/jneurosci.2463-13.2014.



https://doi.org/10.1016/j.neurobiolaging.2015.02.007
https://doi.org/10.1016/j.neurobiolaging.2015.02.007
https://doi.org/10.1016/j.neubiorev.2015.08.013

> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 12

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

P. D. Gajewski and M. Falkenstein, "Age-related effects on ERP and
oscillatory EEG-dynamics in a 2-back task," J Psychophysiol, vol. 28,
no. 3, p. 162, 2014.

E. T. Schulze, E. K. Geary, T. M. Susmaras, J. T. Paliga, P. M. Maki,
and D. M. Little, "Anatomical Correlates of Age-Related Working
Memory Declines," J Aging Res., vol. 2011, p. 606871, 2011/11/16
2011, doi: 10.4061/2011/606871.

M. Pesonen, H. H&m&é&nen, and C. M. Krause, "Brain oscillatory 4—
30 Hz responses during a visual n-back memory task with varying
memory load," Brain Res., vol. 1138, pp. 171-177, 2007/03/23/ 2007,
doi: https://doi.org/10.1016/j.brainres.2006.12.076.

V. S. Mattay, F. Fera, A. Tessitore, A. R. Hariri, K. F. Berman, S. Das,
A. Meyer-Lindenberg, T. E. Goldberg, J. H. Callicott, and D. R.
Weinberger, "Neurophysiological correlates of age-related changes in
working memory capacity," Neurosci. Lett., vol. 392, no. 1, pp. 32-37,
2006/01/09/ 2006, doi: https://doi.org/10.1016/j.neulet.2005.09.025.
P. Missonnier, G. Gold, U. Leonards, L. Costa-Fazio, J. P. Michel, V.
Ib&ez, and P. Giannakopoulos, "Aging and working memory: early
deficits in EEG activation of posterior cortical areas," Journal of
Neural Transmission, vol. 111, no. 9, pp. 1141-1154, 2004/09/01 2004,
doi: 10.1007/s00702-004-0159-2.

S. Dong, L. M. Reder, Y. Yao, Y. Liu, and F. Chen, "Individual
differences in working memory capacity are reflected in different ERP
and EEG patterns to task difficulty,” Brain Res., vol. 1616, pp.
146-156, 2015.

Z. Dai, J. De Souza, J. Lim, P. M. Ho, Y. Chen, J. Li, N. Thakor, A.
Bezerianos, and Y. Sun, "EEG cortical connectivity analysis of
working memory reveals topological reorganization in theta and alpha
bands," Front Hum Neurosci, vol. 11, p. 237, 2017.

T. Yamazaki, S. Nagao, W. Lennon, and S. Tanaka, "Modeling
memory  consolidation  during  posttraining  periods in
cerebellovestibular learning," Proceedings of the National Academy of
Sciences, vol. 112, no. 11, pp. 3541-3546, 2015.

M. J. Jutras and E. A. Buffalo, "Synchronous neural activity and
memory formation," Curr. Opin. Neurobiol., vol. 20, no. 2, pp.
150-155, 2010.

H. Wang, X. Liu, J. Li, T. Xu, A. Bezerianos, Y. Sun, and F. Wan,
"Driving fatigue recognition with functional connectivity based on
phase synchronization," IEEE Transactions on Cognitive and
Developmental Systems, vol. 13, no. 3, pp. 668-678, 2020.

Y. Sun, Q. Yin, R. Fang, X. Yan, Y. Wang, A. Bezerianos, H. Tang, F.
Miao, and J. Sun, "Disrupted functional brain connectivity and its
association to structural connectivity in amnestic mild cognitive
impairment and Alzheimer’s disease," PLoS ONE, vol. 9, no. 5, p.
296505, 2014.

N. Langer, C. C. Von Bastian, H. Wirz, K. Oberauer, and L. J&ncke,
"The effects of working memory training on functional brain network
efficiency," Cortex, vol. 49, no. 9, pp. 2424-2438, 2013.

P. Sauseng, B. Griesmayr, R. Freunberger, and W. Klimesch, "Control
mechanisms in working memory: a possible function of EEG theta
oscillations," Neuroscience & Biobehavioral Reviews, vol. 34, no. 7,
pp. 1015-1022, 2010.

C. Stam, "Brain dynamics in theta and alpha frequency bands and
working memory performance in humans," Neurosci. Lett., vol. 286,
no. 2, pp. 115-118, 2000.

S. Achard and E. Bullmore, "Efficiency and cost of economical brain
functional networks," PLoS Comput. Biol., vol. 3, no. 2, p. 17, 2007.
J. Li, R. Romero-Garcia, J. Suckling, and L. Feng, "Habitual tea
drinking modulates brain efficiency: evidence from brain connectivity
evaluation," Aging, vol. 11, no. 11, p. 3876, 2019.

D. S. Bassett, E. Bullmore, B. A. Verchinski, V. S. Mattay, D. R.
Weinberger, and A. Meyer-Lindenberg, "Hierarchical organization of
human cortical networks in health and schizophrenia," J. Neurosci.,
vol. 28, no. 37, pp. 9239-9248, 2008.

C. Grady, "The cognitive neuroscience of ageing," Nat. Rev. Neurosci.,
vol. 13, no. 7, pp. 491-505, 2012.

N. Raz, U. Lindenberger, K. M. Rodrigue, K. M. Kennedy, D. Head, A.
Williamson, C. Dahle, D. Gerstorf, and J. D. Acker, "Regional brain
changes in aging healthy adults: general trends, individual differences
and modifiers," Cereb. Cortex, vol. 15, no. 11, pp. 1676-1689, 2005.
L. Geerligs, N. M. Maurits, R. J. Renken, and M. M. Lorist, "Reduced
specificity of functional connectivity in the aging brain during task
performance,” Hum. Brain Mapp., vol. 35, no. 1, pp. 319-330, 2014.
F. Sambataro, V. P. Murty, J. H. Callicott, H.-Y. Tan, S. Das, D. R.
Weinberger, and V. S. Mattay, "Age-related alterations in default

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

mode network: impact on working memory performance,” Neurobiol.
Aging, vol. 31, no. 5, pp. 839-852, 2010.

J. R. Andrews-Hanna, A. Z. Snyder, J. L. Vincent, C. Lustig, D. Head,
M. E. Raichle, and R. L. Buckner, "Disruption of large-scale brain
systems in advanced aging," Neuron, vol. 56, no. 5, pp. 924-935, 2007.
N. A. Dennis and R. Cabeza, "Age-related dedifferentiation of
learning systems: an fMRI study of implicit and explicit learning,"
Neurobiol. Aging, vol. 32, no. 12, pp. 2318. e17-2318. €30, 2011.

J. Carp, J. Park, T. A. Polk, and D. C. Park, "Age differences in neural
distinctiveness revealed by multi-voxel pattern analysis," Neuroimage,
vol. 56, no. 2, pp. 736-743, 2011.

D. C. Park, T. A. Polk, R. Park, M. Minear, A. Savage, and M. R.
Smith, "Aging reduces neural specialization in ventral visual cortex,"
PNAS, vol. 101, no. 35, pp. 13091-13095, 2004.

M. Song, Y. Liu, Y. Zhou, K. Wang, C. Yu, and T. Jiang, "Default
network and intelligence difference,” IEEE T Auton Ment De., vol. 1,
no. 2, pp. 101-109, 2009.

U. Leon-Dominguez, J. F. Martm-Rodr guez, and J. Le&n-Carridn,
"Executive n-back tasks for the neuropsychological assessment of
working memory," Behav. Brain Res., vol. 292, pp. 167-173, 2015.

F. Roux, M. Wibral, H. M. Mohr, W. Singer, and P. J. Uhlhaas,
"Gamma-band activity in human prefrontal cortex codes for the
number of relevant items maintained in working memory," J.
Neurosci., vol. 32, no. 36, pp. 12411-12420, 2012.

A. Gevins, L. K. McEvoy, M. E. Smith, C. S. Chan, L. Sam-Vargas, C.
Baum, and A. B. llan, "Long-term and within-day variability of
working memory performance and EEG in individuals," Clin.
Neurophysiol., vol. 123, no. 7, pp. 1291-1299, 2012.

Z. Pei, T. Xu, A. Bezerianos, J. Li, Y. Sun, and H. Wang, "The Effect
of Longitudinal Training on Working Memory Capacities: An
Exploratory EEG Study,” in 2020 42nd Annual International
Conference of the IEEE Engineering in Medicine & Biology Society
(EMBC), 2020: IEEE, pp. 42-45.
S. Grover, W. Wen, V. Viswanathan, C. T. Gill, and R. M. G. Reinhart,
"Long-lasting, dissociable improvements in working memory and
long-term memory in older adults with repetitive neuromodulation,"
Nature Neuroscience, vol. 25, no. 9, pp. 1237-1246, 2022/09/01 2022,
doi: 10.1038/s41593-022-01132-3.

A.-H. Javadi, J. C. Glen, S. Halkiopoulos, M. Schulz, and H. J. Spiers,
"Oscillatory Reinstatement Enhances Declarative Memory," The
Journal of Neuroscience, vol. 37, no. 41, pp. 9939-9944, 2017, doi:
10.1523/jneurosci.0265-17.2017.

N. Axmacher, M. M. Henseler, O. Jensen, I. Weinreich, C. E. Elger,
and J. Fell, "Cross-frequency coupling supports multi-item working
memory in the human hippocampus,” Proceedings of the National
Academy of Sciences, vol. 107, no. 7, pp. 3228-3233, 2010, doi:
doi:10.1073/pnas.0911531107.

M. van Asselen, R. P. Kessels, S. F. Neggers, L. J. Kappelle, C. J.
Frijns, and A. Postma, "Brain areas involved in spatial working
memory," Neuropsychologia, vol. 44, no. 7, pp. 1185-1194, 2006.

M. E. Berryhill and I. R. Olson, "The right parietal lobe is critical for
visual working memory," Neuropsychologia, vol. 46, no. 7, pp.
1767-1774, 2008/06/01/ 2008, doi:
https://doi.org/10.1016/j.neuropsychologia.2008.01.009.

H. A. Crystal, D. S. Horoupian, R. Katzman, and S. Jotkowitz,
"Biopsy-proved Alzheimer disease presenting as a right parietal lobe
syndrome," Ann. Neurol., vol. 12, no. 2, pp. 186-188, 1982.

M. Lundgvist, P. Herman, M. R. Warden, S. L. Brincat, and E. K.
Miller, "Gamma and beta bursts during working memory readout
suggest roles in its volitional control," Nat. Commun., vol. 9, no. 1, pp.
1-12, 2018.

R. Schmidt, M. H. Ruiz, B. E. Kilavik, M. Lundgvist, P. A. Starr, and
A. R. Aron, "Beta oscillations in working memory, executive control
of movement and thought, and sensorimotor function," J. Neurosci.,
vol. 39, no. 42, pp. 8231-8238, 2019.

D. T. Cheng, A. M. Katzenelson, M. L. Faulkner, J. F. Disterhoft, J. M.
Power, and J. E. Desmond, "Contingency awareness, aging, and the
parietal lobe," Neurobiol. Aging, vol. 91, pp. 125-135, 2020.



https://doi.org/10.1016/j.brainres.2006.12.076
https://doi.org/10.1016/j.neulet.2005.09.025
https://doi.org/10.1016/j.neuropsychologia.2008.01.009



