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Abstract In the present study, we introduce an EEG-

based, real-time, cortical functional connectivity imaging

system capable of monitoring and tracing dynamic changes

in cortical functional connectivity between different

regions of interest (ROIs) on the brain cortical surface. The

proposed system is based on an EEG-based dynamic neu-

roimaging system, which is capable of monitoring spatio-

temporal changes of cortical rhythmic activity at a specific

frequency band by conducting real-time cortical source

imaging. To verify the implemented system, we performed

three test experiments in which we monitored temporal

changes in cortical functional connectivity patterns in

various frequency bands during structural face processing,

finger movements, and working memory task. We also

traced the changes in the number of connections between

all possible pairs of ROIs whose correlations exceeded a

predetermined threshold. The quantitative analysis results

were consistent with those of previous off-line studies,

thereby demonstrating the possibility of imaging cortical

functional connectivity in real-time. We expect our system

to be applicable to various potential applications, including

real-time diagnosis of psychiatric diseases and EEG

neurofeedback.

Keywords Electroencephalography (EEG) � Functional

connectivity � Real-time neuroimaging � Diagnosis of
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1 Introduction

Traditional functional neuroimaging studies have focused

on either functional mapping of brain areas or investigation

of task-dependent changes in brain activities; however,

such studies can only provide a limited amount of infor-

mation with respect to underlying neuronal processes.

Recently, an increasing number of neuroscientists have

become interested in describing the communications

between different brain areas, since such information might

be helpful for better understanding the functional networks

of cortical regions [7, 13, 15, 23, 29, 40, 45]. Generally,

functional interactions among different cortical areas,

typically referred to as functional connectivity, can be

measured using linear or nonlinear analysis of time series

extracted from various brain imaging techniques such as

functional magnetic resonance imaging (fMRI) [15], near

infrared spectroscopy (NIRS) [23], electroencephalography

(EEG), and magnetoencephalography (MEG) [7, 13, 29,

40, 45].

EEG and MEG are believed to be more suited for

studying interactions among brain areas at the level of

cognitive processes due to their superior temporal resolu-

tions as compared to hemodynamics-based imaging
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modalities such as fMRI and NIRS [7, 30]. Indeed, func-

tional connectivity analyses based on scalp EEG and MEG

have been applied extensively to a variety of practical

applications including functional characterization of neu-

ropsychiatric diseases [32, 41, 44], noninvasive diagnosis

of psychiatric diseases by quantifying global synchroniza-

tion [28, 43, 46], and investigation of functional networks

associated with various cognitive processes [10, 27]. Fur-

ther, freely available MATLAB toolboxes for the func-

tional connectivity analysis are widely available [8, 47].

At present, despite recent advances in technology, esti-

mation of functional connectivity from sensor level

recordings has been met with severe criticism from many

neuroscientists, as these recordings can be corrupted by the

effect of volume conduction (or field spread). Indeed,

simulation studies have shown that field spread can lead to

misinterpretation of connectivity estimates between some

pairs of sensors [49] because scalp potentials recorded from

scalp EEG are not usually directly attributed to the

underlying cortical regions. However, recent developments

in source imaging techniques have made possible the

ability to estimate temporal changes in underlying cortical

sources; functional connectivity can now be estimated at

the cortical source level [1, 18]. Therefore, the functional

connectivity estimation at the cortical source level has been

gradually replacing sensor-level analyses.

To the best of our knowledge, however, real-time imag-

ing of cortical functional connectivity at the cortical source

level has not been introduced, despite the rapid develop-

ments in computational neuroimaging. Implementation of

such a real-time imaging of cortical functional connectivity

may be a promising tool for practical applications. For

example, such a system could be used as an auxiliary diag-

nosis tool to provide a prompt measure reflecting a subject’s

brain responses to certain stimuli, thereby helping patients

with neuropsychiatric diseases such as dementia and schizo-

phrenia as well as their relatives to accept diagnostic results

[54], since people are apt to put more confidence in high-tech

medical diagnostic devices than they are in traditional paper-

based diagnosis methods such as the mini-mental state

examination (MMSE) and positive and negative symptom

scale (PANSS). Moreover, the real-time cortical functional

connectivity imaging system can be used for EEG neuro-

feedback applications, as many researchers have been

interested in monitoring dynamics of functional connectiv-

ity during neurofeedback treatment [4–6, 21]. Potential

applications of real-time imaging of cortical functional

connectivity will be discussed more in Sect. 4.

The aim of the present study was to realize a real-time

cortical functional connectivity imaging system capable of

monitoring and tracing temporal changes in source-level

connectivity between different regions of interest (ROIs)

on the cortical surface. To implement this system, scalp

EEG signals were converted into frequency domain data-

sets in real-time and mapped onto cortical source space by

applying frequency domain inverse estimation. Then, the

cortical signals were spatially grouped for each ROI and

analyzed in order to find the correlations among the ROIs.

To demonstrate the feasibility of the implemented system,

we performed three test experiments in which we moni-

tored the changes in cortical functional connectivity pat-

terns while the participants were performing different

tasks.

2 Methods

2.1 Methods for real-time connectivity imaging

The proposed cortical functional connectivity imaging

system is based on the EEG-based real-time cortical

rhythmic activity monitoring system [22], hereafter refer-

red to as a real-time dynamic neuroimaging system. The

real-time dynamic neuroimaging system could visualize

spatiotemporal changes in cortical rhythmic activity of a

specific frequency band on a subject’s cortical surface,

rather than the subject’s scalp surface, with a high temporal

resolution. Recently, the real-time imaging system was

successfully applied to a neurofeedback-based motor

imagery training system that can help individuals to more

easily become accustomed to motor imagery tasks [20]. In

this section, we will first introduce the brief concepts of the

real-time dynamic neuroimaging system and then describe

the technical details of the real-time cortical functional

connectivity imaging system.

The EEG-based real-time dynamic neuroimaging sys-

tem [22] consisted of pre-processing and real-time pro-

cessing parts. In the pre-processing part, a linear inverse

operator was constructed in which the subject’s anatomical

information was reflected. Once the linear inverse operator

had been constructed and saved to a data-storage unit,

spatiotemporal changes in cortical rhythmic activities

could be monitored in real-time by means of a unified

processing scheme consisting of three independent pro-

grams, namely, a fast Fourier transform (FFT) program, a

frequency domain minimum norm estimation (FD-MNE)

solver, and a 3D visualization program, which were exe-

cuted sequentially at each time slice.

The proposed cortical functional connectivity imaging

system shares the same platform with the real-time

dynamic neuroimaging system except for the 3D visuali-

zation program. Instead of calculating the absolute current

source power at cortical vertices with respect to the fre-

quency band of interest, the proposed system calculates

instantaneous source power changes for each frequency of

interest. The detailed processes are described below.
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To reconstruct the cortically distributed brain sources,

we used a linear estimation approach. The expression for

the inverse operator W was defined as

W ¼ RAT ARAT þ k2C
� ��1

; ð1Þ

where A is a lead field matrix, which represents impulse

response of each source vector component at every

measurement site, R is a source covariance matrix rep-

resenting inter-source relationship, which is hardly esti-

mated without using intracranial recordings, and C is a

noise covariance matrix [33]. If we assume that both

R and C are scalar multiples of identity matrix, this

approach becomes identical to minimum norm estimation

[34]. In this study, the source covariance matrix R was

assumed to be an identity matrix, which means that we

ignored relationships between neighboring sources. In this

study, background environmental noise acquired before

attaching electrodes on the subject’s scalp was used to

calculate C [33]. k2 is a regularization parameter and was

determined systematically based on the signal-to-noise

ratio [33]. Once a specific frequency band was deter-

mined, the FFT program calculated real and imaginary

components at all discrete frequencies within the prede-

termined frequency band. Instead of using wavelet

transform [33], we used FFT to obtain constant time–

frequency resolution. Then, the FD-MNE solver was

executed, which loads the Fourier transformed signals

B(fi)Re and B(fi)Im, i = 1, 2, …, n, where Re and Im

represent the real and imaginary parts of the Fourier

transformed signals, respectively, as well as the pre-saved

inverse operator W. The real part qj(fi)Re and imaginary

part qj(fi)Im of the current source vector at the jth cortical

vertex with respect to the frequency of interest fi can then

be evaluated by multiplying the corresponding rows

(3j - 2, 3j - 1, and 3jth rows) in W with the Fourier

transformed signals B(fi)Re and B(fi)Im. We used the FD-

MNE method instead of time-domain MNE method to

estimate the current source vectors because under the

current computing environment maximally 20–30 source

images could be calculated per every second due to the

computational time required for the inverse process [22].

Then, the instantaneous source power changes for a fre-

quency fi at the jth cortical vertex can be readily esti-

mated by inverse Fourier transforming each directional

component (x, y, z-directional components) of qj(fi)Re and

qj(fi)Im into time-domain series (qx,j(t), qy,j(t), qz,j(t)) and

calculating the power of the source vector Qj(tk) as

Qj(tk) = qx,j(tk)
2 ? qy,j(tk)

2 ? qz,j(tk)
2 at densely discret-

ized time samples (the subscript k represents kth time

sample). After evaluating the instantaneous source powers

at every cortical vertex, the source powers are averaged

over all cortical vertices included in each ROI (see

Fig. 1b in advance), yielding the instantaneous source

power changes of each ROI, RQl(tk), where the subscript

l represents the lth ROI. For an ith frequency of interest,

fi, the functional connectivity between the mth and nth

ROIs was evaluated by simply calculating the correlation

coefficient (CC) between the two signal power time series

extracted from the two ROIs, CCm,n(fi). Finally, the CC

values evaluated for all possible pairs of ROIs were

averaged over the frequency band of interest. ROI pairs in

which the connectivity exceeded a predetermined thresh-

old CC value were visualized as a straight line connecting

the two ROIs (see Fig. 2 in advance).

2.2 EEG recording environments

Scalp EEG readings were recorded at 32 electrode loca-

tions (Cz, C3, T7, C4, T8, Fz, F3, F7, F4, F8, AFz, AF7,

AF8, FP1, FP2, FC5, FC1, FC2, FC6, Pz, P7, P3, P4, P8,

CP5, CP1, CP2, CP6, O1, O2, PO3, and PO4) using a

32-channel EEG acquisition system (WEEG-32, Laxtha

Inc., Daejoen, Korea) in a dimly lit, soundproof room. The

electrodes were attached to the subject’s scalp according to

the extended 10–20 system without using an electrode cap.

The ground electrode was placed behind the left ear with

the reference electrode on the opposite side. The EEG

signal was sampled at 512 Hz, and the low- and high-pass

filters were set at 64 and 0.5 Hz cutoffs (12 dB/octave),

respectively, in all experiments. To implement the ‘real-

time’ imaging system, we did not apply any time-con-

suming signal preprocessing methods for noise/artifact

removal to the input EEG signals.

2.3 Implementation of a real-time cortical connectivity

imaging system

In the present study, a standard brain atlas [9] provided by

the Montreal Neurological Institute (MNI) and a standard

configuration of EEG electrodes were utilized, since indi-

vidual magnetic resonance imaging (MRI) data for the

subjects were not available. A first-order node-based

boundary element method (BEM) was applied to construct

a leadfield matrix. In the present study, three-layer tessel-

lated boundary surfaces, consisting of inner and outer skull

boundaries and scalp surface, were generated using

CURRY6 for windows (Compumedics, Inc., El Paso, TX)

from the standard structural MRI data. The conductivity

values of brain, skull, and scalp were assumed to be 0.22,

0.014, and 1.79 S/m, respectively [16, 42]. Coordinate

transformation and electrode positioning were performed

using in-house software, ‘BioEST’ (http://bem.yonsei.ac.kr).

For the extraction and tessellation of the cortical surface

models, we applied BrainSuite developed in the University
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of Southern California, CA, USA [50]. To reduce the

number of possible cortical source locations, we first

smoothed the cortical surface [11] and generated a down-

sampled epi-cortical surface with approximately 1,000

cortical vertices. Figure 1a shows the processes for gen-

erating the cortical source space, on which the equivalent

dipole sources were placed, from standard brain MRI data.

Since we used the smoothed cortical surface model as the

source space, source orientation constraints were not

imposed. Figure 1b shows the 12 ROIs, of which the

locations and sizes were determined according to the fol-

lowing two criteria: (1) whole brain regions have to be

taken into account in order to be applicable to a variety of

experimental paradigms; and (2) the number of ROIs

should not be too many for the real-time processing.

Considering the above conditions, we selected six ROIs on

each hemisphere: two ROIs in the frontal lobe, two ROIs in

the temporal lobe, one ROI in the parietal lobe, and one

ROI in the occipital lobe. The main reason why we used

approximated and downsampled cortical surface as well as

assumed relatively small number of ROIs was that using

realistic cortical surface model and many ROIs would

increase the computational cost, thereby making the ‘real-

time’ processing difficult. Since the computer system is

being developed very rapidly, we believe that more real-

istic real-time connectivity imaging system would be

available in the near future.

Figure 2 shows a snapshot of our test experiments. Dual

LCD monitors were connected to a high-performance

personal computer system (Intel Core2-6300 1.86 GHz

environment) and were separated with a partition not to

disturb the participants’ attention. Visual stimuli were

presented through an LCD monitor placed in front of the

participant. Cortical functional connectivity patterns as

well as the on-going EEG signals were visualized on the

other LCD monitor. During the real-time imaging, EEG

Fig. 1 a Process of generating

cortical source space: a high-

resolution cortical surface was

smoothed and down-sampled

for the real-time source

imaging. b Locations of 12

regions of interest (ROIs):

colors represent the ROI

number (see the color bar on the

right side). (Color figure online)

Fig. 2 A snapshot of a test

experiment (left), and a

screenshot of the real-time

cortical functional connectivity

monitoring software (right):
dual LCD monitors were

connected to a single computer

system and were separated with

a partition. The monitoring

software can visualize both the

on-going EEG signals and the

current connectivity patterns
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signals were transferred to the operating computer in real-

time, and the values were stored in a two-dimensional array

variable. At a specific time slice, time domain signals in

256 data samples before the time slice were transformed

into frequency domain signals using FFT. After execution

of the FD-MNE solver and connectivity calculation mod-

ule, ROI pairs whose connectivity exceeded a predeter-

mined threshold value were visualized as a straight blue

line connecting the two ROIs that were depicted as small

red dots in the connectivity pattern monitoring software

(see Fig. 2). The real-time cortical connectivity monitoring

software was designed to store every instantaneous con-

nectivity pattern as well as the stimulus onset times into the

storage unit. We updated the cortical connectivity maps at

250 ms intervals (four image frames/second).

3 Results

To verify the feasibility of the implemented system, we

monitored the temporal changes in cortical functional

connectivity patterns while participants were performing

different tasks. We performed three test experiments: (Exp.

1) monitoring gamma band cortical connectivity changes

associated with structural face processing; (Exp. 2) moni-

toring alpha and beta band connectivity changes during

finger movement; and (Exp. 3) monitoring theta band

connectivity changes during working memory task.

Six healthy volunteers (six males, all right handed, mean

age 25.5 years; range 21–29 years) took part in the first

experiment (Exp. 1) and three healthy volunteers (three

males, all right handed, mean age 26 years, range 24–28

years) participated in the second and third experiments

(Exp. 2 and Exp. 3). None of the participants had a pre-

vious history of neurological, psychiatric, or other severe

diseases that may otherwise have influenced the experi-

mental results. We gave a fully detailed summary of the

experimental procedures and protocols to each of the par-

ticipants before the experiment. The study protocol was

approved by the Institutional Review Board of Yonsei

University, Korea.

3.1 Gamma-band cortical connectivity monitoring

(Exp. 1)

In our first test experiment, we attempted to track temporal

changes in cortical functional connectivity patterns during

structural face recognition. One hundred full facial images

of most famous Koreans (50 males and 50 females) were

randomly presented to the participants through a 1700 LCD

monitor. Original color pictures were converted to gray-

scale images with identical sizes and resolutions. The facial

images were randomly shuffled and were presented to the

participants for 1 s. Every image appeared only once

throughout the whole experiment. The reason why we

converted the color images into gray-scale images was that

the face images used for the present study had various

background colors and different chroma characteristics,

which might influence some ERP components such as P1,

N1, and selection negativity, according to the previous

relevant studies [12, 17, 19]. Therefore, many EEG

experiments associated with face recognition have used

gray-scale face images [2, 31, 55].

The inter-stimulus interval (ISI) was set as 5 s, during

which only a gray (RGB: 132, 132, 132) background was

presented (see the Supplementary movie file). Recordings

were conducted in a single session consisting of 50 trials.

Thus, the entire experiment lasted for approximately

5 min. During the recordings, the participants were sat in a

comfortable armchair. In order to keep the participants

attention, they were asked to count the number of unfa-

miliar faces, but were not required to provide any physical

response. After the experiment, we found that the number

of unfamiliar faces was less than five for all of the par-

ticipants. According to a previous literature [31] that used

similar experimental paradigm, the cortical connectivity

changes were mainly associated with face structural pro-

cessing. We also confirmed from some preliminary

experiments that counting the number of unfamiliar faces

did not influence the main experimental outcomes. We set

the frequency band of interest as 30–40 Hz to observe the

time-varying gamma-band synchronization. We did not

apply any signal processing algorithms [26, 38] for

removing artifacts potentially originated from micro-sac-

cades since those algorithms generally required significant

computational cost and thus did not seem to be adequate

for the real-time signal processing.

Figure 3a shows some screenshots taken before and

after the visual stimulus onset for one participant (subject

JK), captured during the online experiment (see the Sup-

plementary movie file). Figure 3b shows an example of the

variation in the number of connections counted at each

time slice (every 250 ms), where red arrows represent the

visual stimulus onsets. It can be seen from the figures and

the Supplementary movie file that the number of connec-

tions suddenly increased after the visual stimulus onset.

The average numbers of connectivity connections observed

during a 2-s period before and after presenting the facial

images were counted and the ratios between the two values

are presented in Table 1. It can be seen from the table that

the number of connectivity connections after presenting the

images were greater than that before presenting the images

for any tested threshold CC values. We also applied a

one-tail paired t test between the average numbers of

connectivity connections counted before and after the

stimulus onset, and found statistically significant increment
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(P \ 0.05) in the number of connections for all cases

considered in Table 1. In our experiments, we applied four

different threshold CC values to all six subjects and found

that the slight changes in the threshold value did not affect

the main trend of the results—increment in the number of

connections after the stimulus onset. Indeed, as presented

in the Table 1, the use of higher threshold values seemed to

result in more distinct connectivity changes. However,

when we used higher threshold values exceeding 0.99, we

could hardly observe the dynamic changes in connectivity

patterns visually since the real-time connectivity imaging

system did not show any connections at many time slices as

found in the previous offline analysis studies [31, 53].

Therefore, we set the threshold CC value to 0.96 when we

executed the online monitoring system to generate the

results in Fig. 3. Since one of the main aims of the present

system was to visually monitor the dynamic changes in the

connectivity patterns, we allowed the potential users of our

system to adjust the threshold CC values freely. According

to our experience, in the online monitoring, the threshold

CC value could be readily adjusted without performing any

offline analyses by gradually changing the threshold value

and continuously monitoring the changes in the connec-

tivity patterns during a subject’s resting state.

The results of our first test experiments are similar to the

reports in [31] and [53], which showed the peaked gamma

band activity synchronization around 200–400 ms after

face images were presented. Moreover, according to the

previous studies, the gamma band synchronization between

different brain areas during the processing of facial struc-

ture is significantly reduced in schizophrenia patients [31,

53]. Based on the previous studies, we are planning to

apply the present system to real-time diagnoses of

schizophrenia, after conducting clinical examinations.

3.2 Alpha/beta-band cortical connectivity monitoring

(Exp. 2)

In our second test experiment, we tracked the temporal

changes in cortical functional connectivity patterns during

finger movements. Since it has been widely known that

finger movements can elicit connectivity increase in alpha/

beta frequency bands [35], we set the frequency band of

interest as 8–30 Hz. The three participants were sat in a

comfortable armchair and were asked to touch the tip of the

left thumb with the tip of the left index finger. Right after a

pure tone beep sound was generated from the computer

speaker, they were instructed to detach the two fingers for

approximately 0.5 s and then touch the fingers again (see

4th figure of Fig. 4). The ISI was set as 5 s, during which

only a cross fixation (?) was presented at the center of the

computer monitor in front of the participants. The partici-

pants were also asked to stare the fixation mark during the

entire experiments. Recordings were conducted in a single

session consisting of 50 trials.

Figure 4 shows some screenshots taken before and after

the stimulus onset (3rd figure of Fig. 4) for one participant

(subject JI), captured during the online experiment. In the

second and third experiments, we fixed the threshold CC

value to 0.96, based on the experience attained from the

first experiment. Then, the average numbers of connectiv-

ity connections observed during a 1.5-s period before and

after the stimulus onset were also counted and the ratios

between the two values were evaluated. The ratios for

subjects JI, JJ, and JH were 2.14 ± 0.67, 2.87 ± 0.81, and

1.96 ± 0.39, respectively. It could be seen from the figure

and the resultant ratio values that the number of connec-

tivity connections was increased after finger movements,

demonstrating that the alpha/beta band cortical connectiv-

ity changes elicited by finger movement could be moni-

tored using the implemented system.

3.3 Theta-band cortical connectivity monitoring

(Exp. 3)

In our third test experiment, we tracked the temporal

changes in cortical functional connectivity patterns during

working memory task. Our paradigm was devised based on

the Sarnthein et al.’s [48] work, where the authors reported

significant enhancement in theta band (4–7 Hz) connec-

tivity between prefrontal and posterior areas. During 5-s

perception period, the participants were presented with

6-digit randomly generated characters consisting of capital

English letters and numbers (e.g., SD9FG4) through a 1700

LCD monitor located in front of each participant. During

the next 5 s, the participants were instructed to memorize

the given characters while staring the cross fixation (?)

located at the center of the computer screen. Then, the

participants were asked to verbally recall the characters that

they memorized. The experimenter checked whether the

answer was correct and then manually started the next trial.

Before the new combinations of characters were presented,

blank screen was presented to the participants for 5 s.

Recordings were conducted in a single session consisting of

50 trials. The correct ratios evaluated for subjects JI, JJ, and

JH were 88, 90, and 90%, respectively, which were similar

to the results reported in the previous study [48].

Figure 5 shows some screenshots taken during the online

experiment of one participant (subject JJ), captured at every

1.5 ms. As mentioned in the previous section, we fixed the

threshold CC value to 0.96. It could be observed from Fig. 5

that the long-range connectivity between prefrontal area and

posterior areas was notably increased during the 5-s reten-

tion period, coinciding well with the results of the previous

offline study [48]. The average numbers of connectivity

connections observed during the 5-s resting period and the
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Fig. 3 Variations in the number

of connections in the first

experiment (Exp. 1)

investigating the dynamics of

gamma-band cortical

connectivity: a Screenshots

regularly sampled from the

supplementary movie file

(4 frames per second). Numbers
in each picture represent the

sequence of the pictures. Visual

stimulus appeared in third
picture and disappeared after

sixth picture; b variation in the

number of connections with

respect to time: arrows
represent stimulus onsets. The

threshold was set to 0.96. These

examples are parts of one

participant’s data (subject JK)

Table 1 The ratios of the average numbers of connectivity connections observed during a 2 s period after presenting the facial images to those

observed during a 2 s period before presenting the images

Thresholds YC HJ JK MK JL IL

0.96 1.44 (0.49) 1.43 (0.77) 1.31 (0.61) 1.31 (0.36) 1.19 (0.35) 1.25 (0.46)

0.97 1.41 (0.49) 1.47 (0.87) 1.43 (0.97) 1.29 (0.38) 1.21 (0.37) 1.36 (0.68)

0.98 1.51 (0.63) 1.66 (0.91) 1.51 (1.12) 1.42 (0.43) 1.22 (0.47) 1.29 (0.87)

0.99 1.55 (0.65) 2.09 (1.72) 3.06 (2.86) 1.75 (1.33) 1.35 (0.77) 1.40 (1.19)

YC, HJ, JK, MK, JL, and IL represent initials of the participants. Values in parentheses are standard deviations
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5-s retention period were counted and the ratios between the

two values were evaluated. The ratios for subjects JI, JJ,

and JH were 3.01 ± 1.13, 2.57 ± 0.65, and 3.43 ± 0.97,

respectively, demonstrating that the theta band cortical

connectivity changes associated with working memory

could be monitored using the implemented system.

4 Discussion

In the present study, we introduced an EEG-based, real-

time, cortical functional connectivity imaging system,

which can monitor the dynamic changes in cortical func-

tional connectivity between different ROIs on the cortical

Fig. 4 Variations in the number

of connections in the second

experiment (Exp. 2)

investigating the dynamics of

alpha/beta-band cortical

connectivity: Screenshots

regularly sampled from a movie

file (2 frames per second).

Numbers in each picture

represent the sequence of the

pictures. The subject moved his

left fingers in fourth picture

Fig. 5 Variations in the number

of connections in the third

experiment (Exp. 3)

investigating the dynamics of

theta-band cortical connectivity:

Screenshots regularly sampled

from a movie file (1.5-s

interval). Numbers in each

picture represent the sequence

of the pictures. A 6-digit word

was presented in third picture
and the retention interval started

in sixth picture
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surface. To testify the implemented pilot system, we per-

formed three test experiments in which we could monitor

the real-time changes in cortical connectivity patterns in

gamma, alpha/beta, and theta frequency bands.

Since we adopted a source-level connectivity analysis,

our real-time imaging system is not subject to the

hypothesis that EEG synchrony computed from scalp EEGs

may contain spurious synchronizations resulting from

volume conduction [39, 49]. Although in the present study

we simply traced the real-time changes in the overall

connectivity patterns, our system can be readily modified

for investigating the changes in the connectivity strength

between specific cortical ROIs as well as for characterizing

the specific spatial patterns in the connectivity maps, e.g.,

hemispheric lateralization of the connectivity pattern; in

either case, the source-level connectivity analysis is more

appropriate than the sensor-level connectivity analysis. In

our third test experiment (Exp. 3), which monitored

dynamic cortical connectivity changes during working

memory task, increment of connectivity between prefrontal

and posterior cortical areas was observed, demonstrating

the possibility of using our system for investigating

dynamic spatial patterns in functional connectivity. In

addition, the resultant connectivity patterns obtained from

the source-level connectivity analysis can be less depen-

dent upon the changes in the electrode than those from the

sensor-level analysis because the source-level analysis

projects the sensor-level recordings to the cortical source-

level signals by solving an inverse problem.

Nevertheless, some issues associated with the source-

level connectivity analysis should be investigated further in

future studies. In the present study, we selected a simple

power-to-power correlation for the calculation of func-

tional connectivity between two ROIs because it was not

possible to extract source time series at cortical vertices

when minimum norm estimation was applied without

source orientation constraints. Please note that without

using the orientation constraint only the temporal dynamics

of source powers can be obtained because each directional

component of a cortical source vector has independent

temporal dynamics. To apply the source orientation con-

straints, we need accurate individual anatomical data

including structural MRI data, which unfortunately were

not available in our experiments. Therefore, it will be

necessary to develop new indices that can better measure

the cortico-cortical functional connectivity, when the cor-

tical orientation constraints are not imposed. Since the use

of high-quality individual MRI data would make it possible

to apply various functional connectivity measures such as

phase coherence and phase locking value as well as would

enhance the reliability of the source imaging results, we

will try to use individual MRI data for real-time cortical

connectivity imaging in our future studies. In addition,

proper identification of ROIs on the cortical surface should

be studied as a general issue in the source-level connec-

tivity analyses [49]. In the present study, we also deter-

mined the locations and sizes of ROIs without applying a

well-established criterion, which should be studied further.

In the present study, we performed the cortical source

imaging with only 32-channel EEG signals because we did

not have a higher density EEG recording system. Since the

use of more EEG electrodes would enhance the source

imaging accuracy, we will apply the implemented software

to other EEG systems with more recording channels.

Functional connectivity patterns associated with various

cognitive or sensory tasks have been extensively investi-

gated to characterize various psychiatric diseases such as

schizophrenia [51, 53], Alzheimer’s disease [52], and

alexithymia [37]. Most offline analysis results have shown

increased or decreased functional connectivity for specific

frequency bands, thereby demonstrating the possibility of

using connectivity information for noninvasive diagnoses

of psychiatric diseases. We believe that our system also has

the potential to be applied to the diagnosis of psychiatric

diseases and further clinical investigations will be con-

ducted in our future studies in cooperation with psychia-

trists. Moreover, since it is known that functional

connectivity is modulated at different sleep stages [36], it

may be possible to use our system as a supplementary tool

to monitor subjects’ sleep stages in sleep studies or to

watch if subjects fall asleep while performing a cognitive

task. Another potential application that we are considering

is an EEG-based brain–computer interface (BCI). Many

recent studies on BCI have reported that the complemen-

tary use of conventional power density-based features and

functional connectivity-based features could enhance the

overall classification accuracies of BCI systems [3, 14, 56].

Since cortical source imaging is becoming a promising tool

for the enhancement of the performance of EEG-based BCI

systems [24, 25], a promising topic will be to combine the

real-time dynamic neuroimaging system with the real-time

cortical functional connectivity imaging system for

extracting new BCI features.

In the present study, we implemented an EEG-based

real-time cortical functional connectivity imaging system,

but the same concept can also be applied to MEG without

major modifications. In MEG, source-level analysis is

relatively more important than in EEG because the MEG

sensors are not attached directly on the subject’s scalp

surface. For example, if a subject’s head is tilted in a

helmet-type MEG system, so that one hemisphere is closer

to the sensors than the other is, one could observe stronger

activity at sensors closer to the subject’s head even when

the strengths are equal at the cortical level. Therefore, the

real-time cortical functional connectivity imaging system

can also be a useful tool in MEG studies. We are currently
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developing new paradigms to diagnose various psychiatric

diseases and also trying to generalize the operating soft-

ware so as to release it worldwide to potential users.
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