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Abstract. Working memory (WM) plays a crucial role in human brain functions. The application of brain con-
nectivity analysis helps to understand the brain network properties in WM. Combination of functional and effec-
tive connectivity can provide new insights for exploring network attributes. Nevertheless, few studies have
combined these two modes in WM. Near-infrared spectroscopy was used to investigate the connectivity proper-
ties in the prefrontal cortex (PFC) during n-back (0-back and 2-back) tasks by combining functional and effective
connectivity analysis. Our results demonstrated that the PFC network showed small-world properties in both WM
tasks. The characteristic path length was significantly longer in the 2-back task than in the 0-back task, while
there was no obvious difference in the clustering coefficient between two tasks. Regarding the effective con-
nectivity, the Granger causality (GC) was higher for right PFC—left PFC than for left PFC—right PFC in the
2-back task. Compared with the 0-back task, GC of right PFC—left PFC was higher in the 2-back task. Our
findings show that, along with memory load increase, long range connections in PFC are enhanced and
this enhancement might be associated with the stronger information flow from right PFC to left PFC. © The
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1 Introduction and WM network in the difficult 3-back task, which could pre-
dict behavior.

Small-worldness analysis is another commonly used method
for the study of brain connectivity during WM. Small-worldness
analysis, based on complex network analysis which is an exten-
sion of graph theory, is an important tool for analyzing brain
functional connectivity. Using this method, several issues,
such as network connectivity and efficiency, can be considered
in an integrated manner. Clustering coefficient (C) and charac-
teristic path length (L) are commonly used network metrics that
represent small-worldness. C is defined as the number of con-
nections that exist between the nearest neighbors of a node as a
proportion of the maximum number of possible connections. It
reflects the clustering ability of nodes in the network. L is the
average distance between two points in the network, which
reflects the global connectivity characteristic of the network.
Compared with random network, the absolute characteristic
path length is almost the same and the absolute clustering
coefficient is higher in small-world network, that is A=
Lrealjprand oy 1y = el /Cc™d > 1. Tt has been implicated
that the brain functional network has small-world properties
in WM and these small-world properties could be affected by
various factors such as memory load, diseases, and age.lo'12

In addition to functional connectivity, effective connectivity
is also an important analysis method for studying brain connec-
tivity. Effective connectivity is a directed connectivity that can
*Address all correspondence to Xiangning Li, E-mail: lixiangning@mail.hust be used to investigate the influence of one neuronal system
.edu.cn on another one, either at a synaptic or population level.!®

Working memory (WM) has been defined as a short-time
memory system that is responsible for temporarily maintaining
and manipulating information. During WM, the frequent
renewal and rapid extraction of information occurs. WM
plays a key role for complex cognitive functions of the human
brain.'= n-Back is a commonly used task for the study of WM.
Using the n-back task, several brain regions have been identified
as robustly activated brain areas for WM, including dorsolateral
and ventrolateral prefrontal cortex (PFC), frontal pole, parietal
cortex, dorsal cingulate/medial premotor cortex, etc.t

Using the n-back task, many previous studies emphasized
investigating the activation of related brain regions during differ-
ent types of WM tasks (e.g., verbal, spatial, or object) and the
relationship between the activation and memory load.*® Since
the brain generally carries out brain functions in the form of a
network,” brain connectivity is considered as an important
tool for understanding the human brain function. Brain connec-
tivity provides unique information complementing the brain
activation.® At present, there’s increasing research on the inves-
tigation of brain connectivity in WM and the influence of
memory load on brain connectivity.>’ For instance, Sala-Llonch
et al.? found a strong correlation between default mode network
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Moreover, effective connectivity has been used for the assess-
ment of brain connectivity in n-back tasks in emerging lines of
studies. Using the n-back task combined with dynamic causal
modeling, Dima et al. demonstrated that the effective connectiv-
ity between brain regions involved in WM was affected by
memory load. In moderate (2-back) and high difficult (3-
back) tasks, the information flowed from posterior parietal
lobe to anterior frontal lobe, and evident right-hemisphere domi-
nance was detected. However, the right-hemisphere dominance
was not evident in the less difficult (1-back) task.'* Using imme-
diate and delayed memory tasks, Ma et al. found an enhanced
connection from left posterior parietal cortex to left inferior
frontal gyrus with increased memory load.” Besides, the effec-
tive connectivity between brain regions involved in WM could
also be affected by other factors, such as diseases.”

These studies collectively emphasized the importance of
brain connectivity analyses in studying WM. Functional con-
nectivity is an observable phenomenon that can be quantified
by statistical dependencies, such as correlations. However,
effective connectivity corresponds to the parameter of a model
that tries to explain observed dependencies.'® The combined
application of these two methods may provide new insights
for exploring the brain connectivity in WM. Nevertheless,
until recently, few studies analyzed the small-world property
and effective connectivity in brain network simultaneously dur-
ing n-back tasks.

In this study, the connectivity properties in the PFC which is
an important brain region involved in WM was investigated with
near-infrared spectroscopy (NIRS). NIRS is a developing and
promising noninvasive optical functional neuroimaging method
and can measure the concentration changes of oxyhemoglobin
(A[HbO,]) and deoxyhemoglobin (A[Hb]) to reflect relative
regional brain activity. NIRS can provide high temporal resolu-
tion and reasonable spatial resolution. Along with the develop-
ment of methods for processing NIRS data,''® NIRS has been
wildly used in cognitive neuroscience due to its flexibility and
high ecological validity.'>* In recent years, with the develop-
ment of multichannel NIRS systems, accumulative evidence
indicates that NIRS is also an efficient tool for assessment of
brain connectivity.?!"

So far, previous NIRS studies investigated WM with n-back
tasks mainly with brain activation analysis,>*”*® but much less
abundantly with brain connectivity analysis.?” The PFC connec-
tivity properties in WM have not been fully explored. In this
study, NIRS was used to analyze the small-world property
and directional connectivity in PFC simultaneously during
n-back tasks to explore the characteristics of brain connectivity
in PFC during WM.

2 Method
2.1 Subjects

A total of 15 paid subjects were recruited in this study. Among
these subjects, seven were female. They ranged from 20- to 26-
years old, with a mean age of 22.9 years. All participants were
right handed and had normal or corrected-to-normal vision. All
were healthy and had no physiological or psychological disor-
ders. The experimental procedures were explained in detail to
each participant before test. Prior to the test, participants under-
went a preliminary experiment to ensure that they were familiar
with the experimental procedures. Each participant signed an
informed consent before the experiment. This experiment was
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approved by the Human Subjects Institutional Review Board
at Huazhong University of Science and Technology. The
NIRS data of two male subjects were excluded for analysis
because of relatively large noise.

2.2 Materials and Procedures

The n-back (0-back and 2-back) task with block design was
used. In each task block, participants were given 30 letters.
Each letter was presented for 500 ms. After a 2.5-s interval
(a blank screen), the next letter was presented. During the
0-back task, participants were asked to press the key when
the letter “a” or “A” presented. During the 2-back task, partic-
ipants were asked to press the key when a currently displayed
letter matched the two preceding letter (regardless of case). In
each task block, 10 targets were set. There were six task
blocks in the experiment with 2-back and 0-back tasks alterna-
tively presented. The task sequence was shown in Fig. 1.
Participants were allowed to rest for 60 s before and after
each task block.

2.3 NIRS Recording

The NIRS data were acquired by the continuous-wave func-
tional NIRS system developed by Britton Chance Center for
Biomedical Photonics independently.’® The system uses two
wavelengths (785 and 850 nm) to determine the concentration
changes of HbO, and Hb based on the modified Beer-Lambert
law. The NIRS probe contains four light sources and 20 light
detectors, forming 24 detective channels (Fig. 2). The distance
between the light source and the detector is 3 cm. The sampling
frequency is 100 Hz. The NIRS probe was placed according to
the position of two EEG electrodes, F3 and F4. Specifically, the
NIRS channel 4 (Ch 4) was over the F4 electrode, and Ch 16
was over the F3 electrode. The line through the two light sources
in the same lateral hemisphere was parallel to the midline (i.e.,
the arc from the nasion to the inion).

2.4 NIRS Data Processing

To eliminate high-frequency noise generated by equipment, the
raw light intensity data were initially low-pass filtered at 3 Hz
(least-squares FIR filter with zero-phase distortion; order: 50).

(b)

Fig. 1 Experimental design of the n-back task. (a) The stimuli
sequence. Arrows indicate the targets in 0-back (upper left) and
2-back (upper right) tasks. (b) The task sequence. R, 1-min rest period
before and after each task block; 2, 90-s 2-back task block; 0, 90-s
0-back task block.
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Fig. 2 Schematic of NIRS measurement channel locations on
the head. The red circle indicates the NIRS light source and the
blue rectangle indicates the detector. The number (1 to 24)
denotes the NIRS detective channel (midpoint of the source-detec-
tor pair).

After that, the frequency was declined to 10 Hz. After transform-
ing the light intensity into optical density changes (AOD),
AOD was band-pass filtered (0.01 to 0.2 Hz) to eliminate the
low-frequency shift and physiological noise, and then converted
into hemodynamic parameters (A[HbO,] and A[Hb]) using the
differential pathlength factor (DPF) method. The DPF values at
785 and 850 nm were set as 6.0 and 5.2, respectively.’'** The
NIRS data processing is shown in Fig. 3. Since the amplitude
and the signal-to-noise ratio is higher in A[HbO,] than A[Hb],*
we here only analyzed brain activation and connectivity based
on HbO, response. The mean values of HbO, for the baseline
(the last 20-s rest before each task) and the task (the entire 90-s
task block) were computed for each channel, task condition, and
subject. The hemodynamic response for each task was indicated
by the difference in the mean values of the HbO, signal between
the task and the baseline. Then, for each subject, the hemo-
dynamic parameters were block averaged for each task condi-
tion separately. 7 tests were used for statistical analysis of
hemodynamic response.

2.5 Small-World Properties

In order to analyze the small-world properties, the correlation
coefficients between all pairwise combinations of NIRS chan-
nels were calculated, yielding a 24 % 24 matrix. In order to
improve the normal distribution pattern, a Fisher’s r-to-z trans-
formation was performed on correlation coefficients matrix.
Threshold value T was set and the Z value matrix is converted
into binary network. When T was set as 0.6, the first 40% abso-
lute values of Z were defined as 1, and the others were defined as
0. 1 represents connectivity between two channels, that is, there
is an edge between two channels. Such threshold setting method
ensures the same number of edges in different networks when
comparing two tasks. Using Matlab Brain Connectivity Toolbox
(BCT),** C and L were calculated when T value was between
0.3 and 0.9 (step size = 0.01). We first clarified whether or not
small-world property existed in the brain network of PFC in
WM tasks. After that, the 2-back task was compared with the
0-back task.

2.6 Effective Connectivity

Effective connectivity was examined using the Granger causal-
ity (GC) method. GC is based on the general concept that a
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Fig. 3 lllustration of NIRS data processing. (a) The raw optical inten-
sity during the entire experiment detected from 850 nm (red) and
785 nm (blue) measurement at one typical channel for one subject.
Thereinto, the raw optical data from the first task block beginning to
10 s after the first task block end are shown in (b). Data in (b) were
low-pass filtered at (c) 3 Hz, downsampled to 10 Hz, and (d) con-
verted to change in AOD. (e) AOD was band-pass filtered (0.01
to 0.2 Hz) and (f) converted to hemodynamic parameters. The
blue line in (f) shows the first task block end. (b1), (c1), and (d1)
give the enlarged view for data of 785 nm in (b), (c), and (d) during
a period of 15 s.

variable X1 Granger causes X2 if predictions of the value of
X2 based on the past values of X1 are better than predictions
of X2 based only on its own past values. In the analysis of
brain connectivity, GC values of structure 1—structure 2 higher
than structure 2—structure 1 indicate a stronger functional
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influence from structure 1 on structure 2. GC method has been
shown to be suitable for studying directional connectivity on the
cerebral blood oxygen responses.’>**

Effective connectivity analysis was conducted by referring to
previous published NIRS studies.??** Briefly, the GC values of
homologous channel pairs (e.g., Ch 1 and Ch 13) in left and
right PFC were calculated by using GC Matlab toolbox."
The calculation processes for GC included data preprocessing,
data stationary check, model validity, and consistency verifica-
tion. GC calculation is based on the multivariate autoregressive
modeling (AR) of the signal. The order of AR defined the maxi-
mum number of lagged observations included in the model and
was chosen based on the Bayesian information criterion. For an
AR order of 10, the corresponding timelag was 1 s. Different
timelags (1, 2, 3, 4, and 5 s) were used to confirm that the results
were robust. For each subject, 12 left PFC—right PFC GC val-
ues were generated, and averaged to evaluate the overall influ-
ence of left PFC on right PFC at each timelag, and vice versa.
The repeated-measures ANOVA was carried out for GC values
with task (0-back, 2-back) X laterality (left PFC—right PFC,
right PEC—left PFC) as within-subject factors.

3 Results

3.1 Behavioral Results

Compared to that in the 0-back task, the response time was
extended, and the accuracy was reduced in the 2-back
task (p < 0.05).

3.2 Brain Activation Results

Figure 4 shows the grand average time courses of HbO,
responses to 0-back and 2-back tasks at all channels. An evident
activation of HbO, in PFC was observed during the 2-back task.
Except for Ch 5/6/17/18/19, significant positive activation was
detected in all other channels in the 2-back task (p < 0.05, FDR
correction). In contrast, in the O-back task, the concentration of
HbO, was increased during the initial phase of task and gradu-
ally decreased after activation (Fig. 4). For the O-back task, there
was significant positive activation in Ch 21 (p <0.05), and
marginally significant positive activation in Ch 10/22
(p <0.1). Compared with that in the 0-back task, A[HbO,]
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was significantly larger in all channels in the 2-back task
(p <0.05, FDR correction).

In the 2-back task, the mean activation of the left PFC chan-
nels was slightly stronger than right PFC homologous channels
except for Ch 19 and Ch 23, while significant enhancement of
activation was only detected in Ch 17 when compared to Ch 5
(p < 0.05). In the 0-back task, significant enhancement of acti-
vation was only detected in Ch 21 when compared to Ch 9
(p <0.05). These results indicate that there is no obvious later-
ality effect for the PFC activation undergoing WM task.

3.3 Small-World Properties Results

Figure 5 shows the variation tendency of C and L values with
various threshold 7' (0.3 to 0.9). When the threshold value is
small, the corresponding binary network is mostly connected
with edges between most channel pairs. With the increase of
threshold value, C value is gradually decreased with the loss
of edges. Besides, the increase of threshold value results in
increase in the average path length due to the loss of edges.
Therefore, L value increases with threshold value.

Average y (y = C*/C™d) and 1 (4 = L™ /L™9) values
under various thresholds are listed in Table 1. It should be
noted that, when 7 value was between 0.8 and 0.9, the 1
value was lower than 1, which was not provided in Table 1.
Table 1 reveals that when T value is between 0.5 and 0.8, y >
1 and A=~ 1 in both 2-back and 0-back tasks, in which case the
PFC network shows small-world properties.

There was no significant difference in C values between two
tasks as determined by ¢ tests. However, the L value in the 2-
back task was larger than that in the 0-back task (Fig. 5).

3.4 Effective Connectivity Results

Figure 6 shows the GC values derived from all participants
undergoing 2-back and 0-back tasks with the timelag of 4 s.
Repeated-measures ANOVA was carried out for GC values
under each timelag. The ANOVA revealed a significant task
effect [F(1,12) = 5.533, p = 0.037], and a marginally signifi-
cant laterality effect [F(1,12) = 3.5, p = 0.086] when timelag
was 4 s. T test further showed that the GC value of right
PFC—left PFC was higher than that of left PFC—right PFC
in the 2-back task (p = 0.05). Moreover, the GC value of
right PFC—left PFC was higher in the 2-back task than that
in the 0-back task (p = 0.016).

When timelag was 3 s, a marginally significant task effect
was detected [F(1,12) = 4.089, p = 0.066]. Further T tests
yielded similar results as that in timelag of 4 s. The GC
value of right PFC—left PFC was higher than that of left
PFC—right PFC in the 2-back task (p = 0.05). Moreover,
the GC value of right PFC—left PFC was higher in the 2-
back task than that in the 0-back task (p = 0.027).

4 Discussion

In this study, we investigated the small-world properties and
effective connectivity in the PFC during n-back tasks. Our
results demonstrated that the measured PFC area was

Table 1 Average y and 4 values under various threshold values.

Task 0.31t0 0.4 0.41 t0 0.5 0.51 to 0.6 0.61 t0 0.7 0.71 to 0.8
2-back y=1.09 y=1.16 y=142 y =168 y=214
A=1.00 A=1.03 A=1.16 A=1.23 A=1.22
0-back y=1.06 y=1.10 y =127 y =148 y=179
A=1.01 A=1.02 A=1.09 A=112 2=1.08
(a)
x 0.4
8
2 0.3
N
o| 0.2
© 01
0 .
Subjects
(b)
< o4l Bl Left — Right [l Right — Left
3o03f
o
ol 0.2
O 01}
0

Subjects

Fig. 6 The average GC values derived from all participants undergoing (a) 2-back and (b) 0-back tasks.
Timelag = 4 s. Red, left PFC—right PFC; blue, right PFC—left PFC.
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significantly activated during the 2-back task. The PFC network
showed small-world properties in WM tasks. The characteristic
path length was significantly increased in the 2-back task than in
the O-back task, while there was no obvious difference in clus-
tering coefficient between two different tasks. Regarding the
effective connectivity in the 2-back task, the GC value was
higher for right PFC—left PFC than for left PFC—right PFC.
In addition, compared with that in the O-back task, the GC
value of right PFC—left PFC was higher in the 2-back task.

There was strong hemodynamic activation in the 2-back task.
While, most channels show HbO, concentration increase after
the beginning of the 0-back task. As the 0-back task went on, the
HbO, concentration decreased due to the low cognitive load.
These activation results are consistent with previous n-back
studies with NIRS*? and demonstrate WM-related frontal
activation.

PFC is an essential brain region participating in various cog-
nitive functions including WM. Its small-world properties have
been confirmed during resting state and several cognitive
functions.”*7® In line with these findings, we here reported
that the PFC network showed the small-world properties during
n-back tasks. The small-world properties are attributed by the
locally clustered connections and loosen long range
connections.? Compared with the 0-back task, the 2-back task
had larger memory load. With increased memory load, there
was no significant change in C value, indicating that the locally
clustered connections in PFC was not altered. Nevertheless, the
L value was increased with memory load, suggesting the
enhanced long range connections and complexity in PFC.
These findings were consistent with previous reports. For in-
stance, functional magnetic resonance imaging (fMRI) was uti-
lized for studying the global small-world properties by Ginestet
and Simmons. Their results revealed that, within certain network
cost range, the global efficiency which was inversely related to L
value, was higher in the 0-back task than in the 2-back task.'” He
et al. used fMRI for studying the Sternberg item recognition per-
formance. They found that the average L value was elevated
with increased memory load as the average L value in the
three-item memory task was higher than that in the one-item
memory task.'! These data imply that increased memory load
not only results in the enhanced activation of the left and
right PFC, but also increased endogenous long range connection
and network complexity, which ensures the efficient information
delivery and mission completion.

Effective connectivity analysis showed that there was no sig-
nificant difference in the GC values between right PEC—left
PFC and left PFC—right PFC in the O-back task. However,
the GC value of right PFC—left PFC was significantly higher
than that of left PFC—right PFC in the 2-back task. These data
indicate a stronger information flow from right PFC to left PFC
with increased WM load, in spite of a slight stronger activation
in left PFC than in right PFC in the 2-back task. The results of
effective connectivity analysis imply the existence of right-
hemisphere dominance as the influences of right PFC over
left PFC appears to be stronger than left PFC over right
PFC. These findings were consistent with Dima’s study.
Dima et al. showed that right-hemisphere dominance existed
in WM network with increased memory load. The effective con-
nectivity from right parietal lobe toward right dorsolateral PFC
(DLPFC) accounts for the dominant position. Moreover, the
effective connectivity from right DLPFC toward left DLPFC
is also stronger than that from left DLPFC toward right
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DLPFC.!* The effective connectivity results further emphasize
the informative value of brain connectivity being not identical to
brain activation.

Functional connectivity is an observable phenomenon that
can be quantified by statistical dependencies, such as correla-
tions. However, effective connectivity corresponds to a model
parameter that tries to explain observed dependencies.'® In
this study, the combined analysis of the functional and effective
connectivity reveals that the enhanced long range connections in
PFC with increasing memory load might be partially associated
with the stronger right-to-left information flow in PFC under-
going WM tasks. Previous NIRS studies investigated WM
mainly with brain activation analysis,>*”-*® but much less abun-
dantly with brain connectivity analysis.?’ This study improves
our understanding about connectivity properties in the PFC dur-
ing WM and is an useful application of NIRS in WM with n-
back tasks.

PFC is an important brain region involved in WM. The
abnormal activation or network attributes in PFC has been impli-
cated in various disorders, such as Schizophrenia.39 In this study,
the network attributes of PFC during WM were investigated.
Our study has a positive guiding significance in understanding
the function of PFC in WM or in formulating interventions for
patients. However, our current study also has some limitations.
Here, only 0-back and 2-back tasks were used. The small-world
attributes and effective connectivity results in PFC should be
confirmed in more memory load tasks (e.g., 1-back and 3-
back tasks). In addition, connectivity differences between
task conditions were the focus of this study. And the evaluation
of differences would reduce the influence of task-unrelated sig-
nal components.*® The influence of superficial signal would be
reduced during evaluation of differences between 0-back and 2-
back tasks, and the differences are caused by neuronal
activity.?*° Based on this, the superficial signal in NIRS
data was not particularly processed. In further studies, we
will try to use adaptive filtering by adding reference channels
with a short source-detector distance to reduce the superficial
signal.*!

In this study, we investigated the brain connectivity proper-
ties in PFC undergoing WM tasks with NIRS. Our findings
reveal that small-world properties exist in the PFC network
undergoing WM tasks. The long range connections in PFC
enhance with increasing memory load, which is possibly asso-
ciated with stronger right-to-left PFC information flow. Our
study demonstrates that combined analysis of functional and
effective connectivity provides unique information for better
understanding the brain network attributes of cognitive function.
This study helps to promote the application of NIRS in cognitive
and clinical neuroscience.

Disclosures

We declare that there are no conflicts of interest related to
this paper.

Acknowledgments

We would like to thank all subjects for their participation.
This study was supported by the Scientific Research
Foundation for Advanced Scholars of Foshan University (No.
Gg07136), the National Natural Science Foundation of China
(Nos. 81570202 and 81570376), Foshan Science and
Technology Innovation Project (Nos. 2015AG10010 and

May 2019 « Vol. 24(5)



Sun et al.: Connectivity properties in the prefrontal cortex during working memory.. .

2017AB002001), Project of DEGP (Nos. 2015KTSCX154 and
2017KTSCX189), and the Director Fund of WNLO.

References
1. A. Baddeley, “Working memory,” Curr. Biol. 20(4), R136-R140
(2010).
2. R. Sala-Llonch et al., “Brain connectivity during resting state and sub-

11.

12.

13.

14.

16.

17.

18.

19.

20.

21.

Journal of Biomedical Optics

sequent working memory task predicts behavioural performance,”
Cortex 48(9), 1187-1196 (2012).

. A. Baddeley, “Working memory,” Science 255(5044), 556-559 (1992).
. A. M. Owen et al., “N-back working memory paradigm: a meta-analysis

of normative functional neuroimaging studies,” Hum. Brain Mapp.
25(1), 46-59 (2005).

. T. Li et al., “Gender-specific hemodynamics in prefrontal cortex during

a verbal working memory task by near-infrared spectroscopy,” Behav.
Brain Res. 209(1), 148-153 (2010).

. D. E. Nee et al., “A meta-analysis of executive components of working

memory,” Cereb. Cortex 23(2), 264-282 (2013).

. H. J. Park and K. Friston, “Structural and functional brain networks:

from connections to cognition,” Science 342(6158), 1238411 (2013).

. O. Sporns et al., “Organization, development and function of complex

brain networks,” Trends Cognit. Sci. 8(9), 418-425 (2004).

. L. Ma et al., “Working memory load modulation of parieto-frontal con-

nections: evidence from dynamic causal modeling,” Hum. Brain Mapp.
33(8), 1850-1867 (2012).

. F. Matthaus et al., “Effects of age on the structure of functional connec-

tivity networks during episodic and working memory demand,” Brain
Connect. 2(3), 113-124 (2012).

H. He et al., “Altered small-world brain networks in schizophrenia
patients during working memory performance,” PLoS One 7(6),
e38195 (2012).

C. E. Ginestet and A. Simmons, “Statistical parametric network analysis
of functional connectivity dynamics during a working memory task,”
Neuroimage 55(2), 688-704 (2011).

A. K. Seth, “A MATLAB toolbox for Granger causal connectivity
analysis,” J. Neurosci. Methods 186(2), 262-273 (2010).

D. Dima et al., “Dynamic causal modeling of load-dependent modula-
tion of effective connectivity within the verbal working memory net-
work,” Hum. Brain Mapp. 35(7), 3025-3035 (2014).

. L. Deserno et al., “Reduced prefrontal-parietal effective connectivity

and working memory deficits in schizophrenia,” J. Neurosci. 32(1),
12-20 (2012).

K. J. Friston, “Functional and effective connectivity: a review,” Brain
Connect. 1(1), 13-36 (2011).

S. Brigadoi et al., “Motion artifacts in functional near-infrared spectros-
copy: a comparison of motion correction techniques applied to real cog-
nitive data,” Neuroimage 85(1), 181-191 (2014).

J. Sun et al., “Extracting heartrate from optical signal of functional near-
infrared spectroscopy based on mathematical morphology,” J. Innov.
Opt. Health Sci. 11(3), 1850010 (2017).

M. J. Herrmann et al., “Relevance of dorsolateral and frontotemporal
cortex on the phonemic verbal fluency: a fNIRS-study,” Neuroscience
367, 169-177 (2017).

J. Sun et al., “Correlation between hemodynamic and electrophysiologi-
cal signals dissociates neural correlates of conflict detection and reso-
lution in a Stroop task: a simultaneous near-infrared spectroscopy and
event-related potential study,” J. Biomed. Opt. 18(9), 096014 (2013).
T. Fekete et al., “Small-world network properties in prefrontal cortex
correlate with predictors of psychopathology risk in young children:
a NIRS study,” Neuroimage 85(Pt. 1), 345-353 (2014).

22.

23.

24.

25.

26.

217.

28.

29.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

C. Gao et al., “Gender differences in brain networks during verbal
Sternberg tasks: a simultaneous near-infrared spectroscopy and
electro-encephalography study,” J. Biophotonics 11(3), €201700120
(2018).

L. Zhang et al, “Studying hemispheric lateralization during a
Stroop task through near-infrared spectroscopy-based connectivity,”
J. Biomed. Opt. 19(5), 057012 (2014).

A. V. Medvedev, “Does the resting state connectivity have hemispheric
asymmetry? A near-infrared spectroscopy study,” Neuroimage 85(2),
400-407 (2014).

L. Zhang et al., “Detecting bilateral functional connectivity in the
prefrontal cortex during a Stroop task by near-infrared spectroscopy,”
J. Innov. Opt. Health Sci. 6(4), 1350031 (2013).

A. V. Medvedev et al., “Functional connectivity in the prefrontal cortex
measured by near-infrared spectroscopy during ultrarapid object recog-
nition,” J. Biomed. Opt. 16(1), 016008 (2011).

C. Gao et al., “PFC activity pattern during verbal WM task in healthy
male and female subjects: a NIRS study,” Adv. Exp. Med. Biol. 923,
187-193 (2016).

M. K. Yeung et al., “Frontal underactivation during working memory
processing in adults with acute partial sleep deprivation: a near-infrared
spectroscopy study,” Front. Psychol. 9, 742 (2018).

L. Dommer et al., “Between-brain coherence during joint n-back task
performance: a two-person functional near-infrared spectroscopy
study,” Behav. Brain Res. 234(2), 212-222 (2012).

. Z.Zhang et al., “A fast neuronal signal-sensitive continuous-wave near-

infrared imaging system,” Rev. Sci. Instrum. 83(9), 094301 (2012).
A. Duncan et al., “Measurement of cranial optical path length as a func-
tion of age using phase resolved near infrared spectroscopy,” Pediatr.
Res. 39(5), 889-894 (1996).

B. Sun et al., “Detection of optical neuronal signals in the visual cortex
using continuous wave near-infrared spectroscopy,” Neuroimage 87,
190-198 (2014).

G. Strangman et al., “A quantitative comparison of simultaneous BOLD
fMRI and NIRS recordings during functional brain activation,”
Neuroimage 17(2), 719-731 (2002).

M. Rubinov and O. Sporns, “Complex network measures of brain con-
nectivity: uses and interpretations,” Neuroimage 52(3), 1059-1069
(2010).

J. Shin et al., “Simultaneous acquisition of EEG and NIRS during cog-
nitive tasks for an open access dataset,” Sci. Data 5, 180003 (2018).
M. K. Yeung et al., “Reduced frontal activations at high working
memory load in mild cognitive impairment: near-infrared spectros-
copy,” Dementia Geriatr. Cognit. Disord. 42(5-6), 278-296 (2016).
J. Zhang et al., “Corrigendum: mapping the small-world properties of
brain networks in deception with functional near-infrared spectroscopy,”
Sci. Rep. 6, 26730 (2016).

J. Zhao et al., “Linking resting-state networks in the prefrontal cortex to
executive function: a functional near infrared spectroscopy study,”
Front. Neurosci. 10, 452 (2016).

T. A. Lett et al., “Treating working memory deficits in schizophrenia: a
review of the neurobiology,” Biol. Psychiatry 75(5), 361-370 (2014).
A. Roebroeck et al., “Mapping directed influence over the brain using
Granger causality and fMRI,” Neuroimage 25(1), 230-242 (2005).

L. Gagnon et al., “Further improvement in reducing superficial contami-
nation in NIRS using double short separation measurements,”
Neuroimage 85(1), 127-135 (2014).

Biographies of the authors are not available.

051410-7

May 2019 « Vol. 24(5)


https://doi.org/10.1016/j.cub.2009.12.014
https://doi.org/10.1016/j.cortex.2011.07.006
https://doi.org/10.1126/science.1736359
https://doi.org/10.1002/hbm.20131
https://doi.org/10.1016/j.bbr.2010.01.033
https://doi.org/10.1016/j.bbr.2010.01.033
https://doi.org/10.1093/cercor/bhs007
https://doi.org/10.1126/science.1238411
https://doi.org/10.1016/j.tics.2004.07.008
https://doi.org/10.1002/hbm.21329
https://doi.org/10.1089/brain.2012.0077
https://doi.org/10.1089/brain.2012.0077
https://doi.org/10.1371/journal.pone.0038195
https://doi.org/10.1016/j.neuroimage.2010.11.030
https://doi.org/10.1016/j.jneumeth.2009.11.020
https://doi.org/10.1002/hbm.22382
https://doi.org/10.1523/JNEUROSCI.3405-11.2012
https://doi.org/10.1089/brain.2011.0008
https://doi.org/10.1089/brain.2011.0008
https://doi.org/10.1016/j.neuroimage.2013.04.082
https://doi.org/10.1142/S1793545818500104
https://doi.org/10.1142/S1793545818500104
https://doi.org/10.1016/j.neuroscience.2017.10.028
https://doi.org/10.1117/1.JBO.18.9.096014
https://doi.org/10.1016/j.neuroimage.2013.07.022
https://doi.org/10.1002/jbio.201700120
https://doi.org/10.1117/1.JBO.19.5.057012
https://doi.org/10.1016/j.neuroimage.2013.05.092
https://doi.org/10.1142/S1793545813500314
https://doi.org/10.1117/1.3533266
https://doi.org/10.1007/978-3-319-38810-6_25
https://doi.org/10.3389/fpsyg.2018.00742
https://doi.org/10.1016/j.bbr.2012.06.024
https://doi.org/10.1063/1.4752021
https://doi.org/10.1203/00006450-199605000-00025
https://doi.org/10.1203/00006450-199605000-00025
https://doi.org/10.1016/j.neuroimage.2013.11.003
https://doi.org/10.1006/nimg.2002.1227
https://doi.org/10.1016/j.neuroimage.2009.10.003
https://doi.org/10.1038/sdata.2018.3
https://doi.org/10.1159/000450993
https://doi.org/10.1038/srep26730
https://doi.org/10.3389/fnins.2016.00452
https://doi.org/10.1016/j.biopsych.2013.07.026
https://doi.org/10.1016/j.neuroimage.2004.11.017
https://doi.org/10.1016/j.neuroimage.2013.01.073

