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During cognitive, perceptual and sensory tasks, connectivity profile changes across different regions of the brain.
Variations of such connectivity patterns between different cognitive tasks can be evaluated using pairwise
synchronization measures applied to electrophysiological signals, such as electroencephalography (EEG).
However, connectivity-based task recognition approaches achieving viable recognition performance have been
lacking from the literature. By using several synchronization measures, we identify time lags between channel
pairs during different cognitive tasks.

We employed mutual information, cross correntropy, cross correlation, phase locking value, cosine similarity
and nonlinear interdependence measures. In the training phase, for each type of cognitive task, we identify the
time lags that maximize the average synchronization between channel pairs. These lags are used to calculate
pairwise synchronization values with which we construct the train and test feature vectors for recognition of the

Cross correntropy

cognitive task carried out using Fisher’s linear discriminant (FLD) analysis.

We tested our framework in a motor imagery activity recognition scenario on PhysioNet Motor Movement/
Imagery and BCI Competition-III IVa datasets. For PhysioNet dataset, average performance results ranging be-
tween % 51 and % 61 across 20 subjects. For BCI Competition-III dataset, we achieve an average recognition
performance of % 76 which is above the minimum reliable communication rate (% 70).

We achieved an average accuracy over the minimum reliable communication rate on the BCI Competition-III
dataset. Performance levels were lower on the PhysioNet dataset. These results indicate that a viable task
recognition system is achievable using pairwise synchronization measures evaluated at the proper task specific

lags.

1. Introduction

Understanding and characterization of dynamically changing fea-
tures of the brain under various types of sensory, perceptual, cognitive
events as well as neural impairments have been the subject of intense
research for many years [1-3]. As the main outcome of this research, a
BCI system aims to establish an external communication pathway be-
tween the brain and the real world that helps to retrieve, among other
things, the movement ability of subjects who suffer from motor dis-
abilities [4]. As depicted in many review articles, neurological disorders
can impose difficulties on individuals in interacting with their sur-
roundings [5]. In line with technological advances, these systems have
become crucial in many areas, especially in rehabilitation technologies
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[6]. For instance, speller type BCI systems can reactivate the commu-
nication ability of people who suffer from speech difficulties by
substituting the real pathway with a computerized one [7,8]. Some of
the other well-known applications can be listed as wheelchair control
that retrieves the movement ability for paralyzed individuals [9],
computer control [10], internet surfing [11], deceit identification [12],
and implicit intent recognition [13].

In addition to BCI studies, various clinical fields also require moni-
toring and analysis of gradual changes of the brain functioning. As an
example, a sleep stage classification method was proposed for accurate
diagnosis and treatment of sleep related disorders [14]. In Ref. [15], the
depth of anesthesia (DOA) was evaluated by calculating the complexity
of electrophysiological activity. Different methods for identification of
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epileptic brain activity were proposed in Refs. [16-18]. Dutta et al.
proposed a method for recognizing different kinds of cognitive tasks
[19]. Besserve et al. proposed a cognitive task performance prediction
algorithm to predict mental fatigue [20]. As a general strategy, in these
studies, in the training phase, an algorithm extracts salient features from
the electrophysiological brain activity and a classification algorithm is
trained to provide the highest performance in recognizing the desired
activity using these features. In the recognition phase, the classifier
decides upon the ongoing brain activity by analyzing and classifying the
upcoming features.

In the literature, a great deal of cognitive task recognition ap-
proaches uses EEG to analyze the activity of the brain pertinent to
cognitive/motor intentions of the participants [21]. The main reasons
for choosing EEG for this purpose are its ease of use and harmlessness to
the participants. The vast majority of EEG-based motor imagery activity
recognition studies use sensorimotor oscillations (SMR) [9] to decode
user intentions, offering reliable control of various real-world applica-
tions such as robotic arm control [22] and quadcopter control [23].
Commanding a helicopter in a 3D environment was achieved via an SMR
based BCI approach [24].

A number of SMR based features (typically found in the 8-30 Hz
band) have been proposed in the literature such as the power increase/
decrease (i.e. event-related desynchronization (ERD) and event-related
synchronization (ERS) features) [25], auto-regressive (AR) model co-
efficients [26,27], time-frequency based features [28-30], Common
Spatial Patterns (CSP) [31] and its variants [32,33]. In addition, topo-
graphic voltage distribution [34] and time domain parameters with
various derivative orders have been used with some success as features
for motor imagery activity recognition [35].

During cognitive, perceptual, and sensory tasks, statistical coupling
emerges across different regions of brain, termed as “connectivity” [36].
Brain connectivity phenomenon has been depicted as vital for under-
standing the modular organization of the brain [37,38]. Two distinct
statistical connectivity types are observed in the brain: functional con-
nectivity refers to the temporal linear/nonlinear correlation, and effec-
tive connectivity highlights causal interactions between the
electrophysiological signals obtained from different brain regions [39].
Particular cognitive states as well as particular neurological disorders
give rise to aberration of functional connectivity between electrophys-
iological signals [40-44].

Synchronization measures have proven to be useful in elucidating
the connectivity strength between subsystems to a certain extent.
Numerous synchronization measures have been proposed in the litera-
ture to assess brain connectivity such as mutual information [45,46],
transfer entropy [42,44,47,48], partial mutual information [49], cor-
rentropy [50], mean square contingency [51], generalized measure of
association (GMA) [52], cosine-based similarity [41], phase locking
value [53], and phase lag index [54], and synchronization likelihood
[55]. Such a variety in brain synchronization measures can be attributed
to a wide-ranging effort to distinguish brain states during different
motor or cognitive tasks based on synchronization profiles. Even with a
handful of brain regions, pairwise synchrony counts grow quadratically,
providing a combinatorial explosion of synchronization profiles based
on the presence or absence of synchrony in each pairwise evaluation. In
case each brain state associates with a distinct synchronization profile,
the number of brain states that can potentially be distinguished from
each other is staggering. In spite of this potential, there are relatively few
studies that evaluate the performance of different synchronization
measures in a cognitive task/state recognition scenario [56-61].
Currently, a limited number of studies exist in the literature that use
brain connectivity as a basis for motor imagery activity recognition [62].
Daly et al. obtained phase locking values from the EEG signals by means
of an empirical mode decomposition approach to recognize different
motor imagery activities [63]. Gonuguntla et al. proposed to classify
EEG signals recorded under different stimuli types by constructing
task-specific functional interactions in the form of phase locking values
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of channel pairs [64]. In another study, EEG-based connectivity features
were also used as a biomarker for person identification [65]. A
cross-correlogram technique was proposed for the recognition of the
right hand/foot motor imagery activities [66]. The majority of the
synchronization-based cognitive task characterization studies ignore the
time lag information between electrophysiological signals. In Ref. [67],
using cross-correlation, Hermanto et al. try to recognize motor imagery
brain activity by finding the time lags between electrophysiological
signal pairs across periods. In here, the main assumption is that the brain
generates similar motor imagery related oscillatory activity within same
time interval.

In this study, we adopt a new perspective for cognitive task recog-
nition that explores different synchronization measures to capture the
task-specific inter-channel time lag between remote brain areas. This
approach is based on the premise that during cognitive tasks, selective
interactions between distant brain regions arise at a time lag profile that
is specific to and characteristic of the task at hand [68-72]. In the
literature, there are some studies that exploit the time lag of maximum
information transfer in detecting functional impairment in the analysis
of brain activity via information theoretic methods [43,73]. In addition,
time lag between EEG channels has been used to identify the epileptic
foci [74,75]. Van Bergen estimated and analyzed the time lag between
EEG signals by utilizing the mutual information [76]. Boeijinga and
Lopez da Silva estimated the time lag between EEG channels to identify
the propagation direction of beta activity in the cat brain [77]. Adhikari
et al. evaluated a study on mice and discovered consistent time lag by
applying cross-correlation to envelope of instantaneous amplitudes of
local field potentials recorded from medial prefrontal cortex and ventral
hippocampus during awake state [78]. All these studies suggest that
there is a systematic organization in time lag profiles between distinct
areas of the brain during particular cognitive states. If that is the case,
brain synchrony between different regions that arise in accordance with
cognitive or motor tasks may go undetected by an approach that does
not consider the inherent time lag. Indeed, it is highly possible that the
conspicuous lack of synchrony-based task recognition studies is due to
the inability of establishing the synchrony using methods that disregard
this time lag. In order to address this issue, we carried out a comparative
evaluation of well-known synchronization measures to assess activity
specific time lag organization between EEG channels in a motor imagery
activity recognition scenario. This approach can also be easily adapted
to analyze other types of cognitive tasks/states. With further adapta-
tions, it can be used on continuously flowing EEG data as required in
online BCI applications.

The remainder of this paper is organized as follows: In the Materials
and Methods Section, the properties of the EEG datasets used in this
study are described, accompanied by an operational flow diagram of the
proposed method. Next, the definitions and formulations of coherence
measures are provided. In Results, the classification and the novel cross
validation schemes are summarized, and performance results obtained
via the proposed method are presented. In Discussion, we elaborate on
the merits and drawbacks of the approach and the obtained results in
comparison with a benchmark method. The final section concludes the
study.

2. Materials and Methods

In this section, we first describe the datasets used in this study. Next,
the operational pipeline of the proposed method is given, along with the
calculation of the activity specific time lag and construction of training
and test feature vectors generated from both training and test datasets.
Finally, the definitions and formulations of the applied synchronization
measures are presented.

2.1. Dataset

In this study, comparative performance evaluations were carried out
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on two different motor imagery datasets, BCI Competition-III IVa and
PhysioNet Motor Movement/Imagery Dataset. The former dataset
comprises EEG recordings of 5 subjects as they perform 140 right hand
and 140 right foot imagery activity in a randomized order [79]. This
dataset was collected using 118 electrodes according to extended in-
ternational 10/20 system at a sampling frequency of 1000 Hz [80].
During each trial, subjects performed the imagery activities approxi-
mately for 3.5s. We used the 100 Hz down-sampled version of this
dataset.

The latter dataset comprises EEG signals of 109 subjects recorded
under real and imaginary motor tasks [81]. EEG signals were collected
via a BCI2000 system with 160 Hz sampling frequency [82]. The
recording system was international 10/10 system with 64 electrodes.
For each subject, the experiment was composed of 14 separate sessions,
beginning with two eyes open/eyes closed sessions. The progression of
the remaining 12 sessions is given in Table 1.

Each task period lasted 4.1s, followed by a rest period with a
duration of 4.2 s. The graphical demonstration of the task/rest periods is
given in Fig. 1. Each session contains a total of 30 mixed blocks of task
and rest periods.

In this study, we evaluate the performance of the proposed activity
recognition framework using the EEG recordings of right fist versus left
fist motor imagery task sessions of the first 20 subjects in the dataset.

As a preprocessing step, for both datasets, we re-referenced the sig-
nals to the common average to reduce the effect of volume conduction
[44,83,84]. Then, to avoid the phase distortion, we filtered the signals
with a finite-impulse response band-pass filter with a passband of
8-30 Hz (see Fig. 2). Using the task initiation indices given in these
datasets, we extracted the task periods of the EEG signals with the cor-
responding task label indicating the type of motor imagery activity.

2.2. Proposed Method for Motor Imagery Recognition

The flow diagram of the proposed method is given in Fig. 3. Details of
both training and test phases are given below.

2.2.1. Training Phase

In the Synchronization Calculation block, for the task periods of each
type of imagery activity, we calculated the synchronization values be-
tween EEG signals between each channel pair for different time lags =
running from —125 ms to 125 ms [74]. Then, in the 7, block, for each

type of imagery activity (say ImgActl and ImgAct2), the time lag r;; I"‘gAm

and TImgAth

that maximize the average synchronization value between
channels iand j is determined as the activity-specific time lag. For each

type of imagery activity, we calculate the inter-channel activity-specific

ImgActl 2

time lags 7;; meAtl and r'"gAC for each channel pair (i, j) using

T’m/gAm — argmax (N D( S{]:m’n7 S/?;rzin; ‘r)) 16}
i ImgActl k€l mgacn

and

mgAct2 Train  Train,

T{,j = argmaX< D(s[_k s ,‘L’)) (2)

I ImgAct2 1=

where k is the index of the period, Iimgacrn and Ipmgaco represent the

Table 1
Content of remaining 12 sessions with real/imagery task.

Task Name Real Motor Activity Imaginary Motor Activity
Sessions Sessions
Right/Left Fist 3,7,11 4,8,12
Both Fist/Both 5,9,13 6, 10, 14
Feet
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indices of the respective imagery task periods in the training set, and
Nimgacn and Njmeacr2 denote the corresponding number of periods.
Furthermore, s7{*" is the EEG signal from the i channel of the k™ im

agery activity period. Note also that argmaxq(p) returns value p* over
»

which the function q(-) is maximized. Finally, D(s;,s2;7) denotes the
synchronization measure of choice that measures the relation between
EEG channels s; and s, evaluated at a time lag 7. Then, in the Classifier
Training for FLD block, for the subsequent recognition of each imagery
activity period k in the training dataset, the feature vector ¢ that con-
tains synchronization values between EEG signals were constructed at

ImgActl ImgAct2

time delays 7; and 7;; as

Train Train, _ImgActl
D(Sl.k ySok T2

Train  Train, _ImgAct]
D<31A 2836 1713 )

Train  (Train JmgAct]
D<YM 2605k TM-2M

Train Tram ImgA(rl
D(*SM Lk Smk s Tm— IM)
ék - vy T T]mgArIZ (3)

rain  Train,

D 15" $2x )

Train Tmm I/ngA(/Z
D (Slk 836 3113

Train Train,  ImgAct2
D(SM 200 5mk > TM=2.m

Train Train,  ImgAct2
D<VM Lo Smk S T-1m

by collecting inter-channel synchronization values calculated at
activity-specific time lags from both activities into a column vector. In
the expression above, M represents the number of channels (M = 118 for
BCI Competition-III dataset, M = 64 for PhysioNet dataset) providing
feature vectors of size M(M — 1) x 1. By using the training feature vec-
tors, we calculated the projection vector and bias parameters of the
Fisher’s linear discriminant classifier given as [85],

f(&) = sign(w'¢ +wo) 4

where sign(p) returns —1 when p is less than or equal to zero and +1
when p is greater than zero, w is the linear projection vector that max-
imizes the criterion function expressed as

w! Spw

wl'S,.w

J(w) = )
where S and S,, are between- and within-class scatter matrices. The
projection vector is obtained as

w= (24 +271)71(H+1 —py) (©)

where X,; and X_; are covariance matrices calculated on both type of
feature vectors, and x, and y_, are the respective mean feature vectors.
The bias term wy is found so that it maximizes the classification rate on
the training set.

2.2.2. Test Phase
In the Synchronization Calculation block, for each task period of in-
terest characterized by EEG signals s1, Sz, ..., sy, we constructed a
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session end

l

Rest Task #1 Rest

oo Task #15

t=0 t=42 t=283

time (sec.)

Fig. 1. Illustration of timing diagram of a session with rest and task periods (PhysioNet Dataset).

feature vector ¢ using the inter-channel synchronization values calcu-

ImgAct1 ImgAth

lated at the same activity-specific time lags 7;; and 7 and

organized into a matching column vector as

ImgActl
D(sl,sz, T\, )

D(‘h 855 T?r;g/\m)

D(SM 2, SuS TlmgAz‘Il)

ImgActl
B D(sy—1, 53 Ty 51%) -
¢= ImgArtZ) )

D(vl,vz,rlz

D(S],A’;, Tirr;éA(tZ)

ImgAct2
D (S, 5015 Thy 231 )

ImgAct2
D(SM 1ySmM; Ty~ IM)

In the Classification Using FLD block, the imagery activity period in
question was then decided upon by carrying out a Fisher’s linear
discriminant analysis using the formula given in Eq. (4), assigning test
feature vectors to either first or second type of imagery activity (i.e.
ImgActl or ImgAct2).

2.3. Synchronization Measures

The lagged synchronization between EEG channels was calculated
using 6 different methods; centered cross-correntropy [86] and mutual
information [87], phase locking value [88], cross correlation, nonlinear
interdependency [89] and cosine-based similarity [41]. The details of
each of these methods are given below. It is important to note that, by
using different time lags 7 ranging from —125 ms to 125 ms, we calcu-
lated the synchronization value between the signals that falls into the
time window illustrated with dashed lines in Fig. 4. In the rest of this
section, we represent the discretized and delayed signal y;_ as y;. Here,

7 denotes the time lag, an integer multiple of 1 /f in milliseconds, and f;
S

denotes the sampling frequency in Hertz. In Fig. 5, we illustrated the
evolution of average synchronization between C3-C4 channels during
left fist imagery activity on EEG signals of three sessions of Subject-1 in
PhysioNet dataset for varying time lags according to the synchronization
measures listed above.

2.3.1. Time-Delayed Cross-Correntropy

In a general sense, correntropy is a measure of similarity that uses
both the probability and the time domain structure and evaluates how
similar the two signals are simultaneously in these two aspects [90]. The
formulation of the cross-correntropy measure between signals X and Y is
given in terms of their samples (x;,y;) fori,j =1,2,..,N as

1 N
Deorenrops (X, Y37) = 1> (i ¥7) (®)

i=1

where N is the number of data samples and (-,
function [91] defined as

lz1 — z2]) (C)]

-) is the Laplacian kernel

K(z1,22) = exp(—

where exp(-) denotes the exponential function.

2.3.2. Time-Delayed Mutual Information

Mutual information is a well-known measure of how much uncer-
tainty is shared between two processes. The time-delayed mutual in-
formation between signals is formulated as

254\ Original EEG

Fz M’V‘WW"“\MW
=25 ,LV
25 ,‘JV

C2. M ANAAAMAN A Attt p st e o
225 u\
25 ,L'V

C3
=25 p\
25\

Ch WA SN bt gty PN b P
=25 ,LV
25,4\

Pz WW/\I"”WW\/’W
25 4\ | L | . ) v 3

0 0.5 1 1.5 2 2.5 3 3.5
Time (sec.)

254\ Filtered EEG

Fz WAAANMASNAANYANA ANV VSN
=25 ,LV
25 ,‘JV

CzZ MAVNWMNANAMANAMNMANYVWA VWNAANAAAMAMNANAWRAA
=25\
25 #\/

C3
=25\
25\

CA A AA NN AAMAPA AN AN AAAANSNAS AP
254\
25\

PZ A~ SAANAAAMAMAAIAANANAN A WA AAAMA]
25 L ! | i ) )

0 0.5 1 15 2 25 3 35
Time (sec.)

Fig. 2. Illustration of the original EEG signals and the filtered EEG signals of a
subject during right hand motor imagery activity (BCI Competition-III dataset).



B.O. Olcay and B. Karagal Computers in Biology and Medicine 114 (2019) 103441

fImaAct1 Imgact2

Synchronization Classifier Training
Calculation for FLD

Train Phase

ImgActl _ImgAct2
Ti,j Tij

Synchronization
Calculation

Classification Using FLD # Decision

Test Phase

Imagery Activity Periods with Unknown Label (Test)

D Imagery Activity (ImgActl) Periods with Known Label (Train)

Imagery Activity (ImgAct2) Periods with Known Label (Train)

Fig. 3. Flow diagram of the proposed method.

Al ”"n‘\““ Dyi(X,Y;7) = w(k) — (w(ne + 1) +w(n, + 1)) +w(N) an

I‘V FH \‘u )

u Wl‘\ | W“.w\““‘\‘(“\”‘

Hw
Vi

\ I time where y/(-) is the digamma function [92]. The parameters ny, n, denote
_____________ the number of points whose distances are less than ¢(i) /2 to points x;
and y? respectively, while &(i) /2 is the maximum of the Euclidean dis-

JHH\ "\ }\\‘/‘J“‘““’ ‘H\\I “ “

ch; Ll | | N 4\ i “\ \J AV ) ) I
7 b"-‘\ Wit 4 _/LL L tance between x; and y and their k™ neighbor, N is the number of
samples, and (-) represents the calculation of average over i.
_________________ 2.3.3. Phase Locking Value
ch; ‘ I i ‘w\‘\ "‘.“’ | “wu“u"»‘w\‘ "‘h I JW Basically, PLV calculates the stability of the phase difference be-

\u‘ W
li tween two oscillations [88] by averaging the instantaneous phases
across trials. The instantaneous phases are calculated by taking the
Hilbert transform of the signals. For a signal x(t), its Hilbert transform is

defined as
- 1 © x(£) .
t)=— PV di 12
v = ev [ M a2
chi w il ih Il T\ ‘r’u_ M W el T Tk o ‘_“‘W TI where PV indicates the Cauchy Principal Value. The instantaneous phase
i W1y ,\‘\uwuw il /\L"UMM\(‘M I . .
WM A I v of the signal x(t) can then be calculated using
————————————— ime
>0 x(t
——————————f——. ex(z):arctanC—Et;) (13
Ch] | { f nr‘vh‘ ‘(.\‘A‘)\‘ | M ““‘“IJ‘“‘, .
— — time In our analysis, we characterized the phase locking value between

. . . . . . channels i and j in a given frame usin
Fig. 4. Time windows from channels ch; and ch; used in the calculation of inter- J 8 8

channel synchrony for 7 < 0, 7=0 and 7 > 0. 1<
Dpiy(X,Y;7) :N‘;ew{}(@x, —Hy;)}) a4
e (x,)
Dy (X,Y;7) //ffxylo dx dy (10)
h or ng( ) fre () where N is the common signal length and 6, and 6); represent the

instantaneous phases of the corresponding signals [63,64,93]. The PLV
equals 1 if the phase difference is constant, and 0 when the phase dif-
ference shows a random distribution across trials.

where fx(x) and fy-(y) are the respective first-order marginal probability
densities, and fxy-(x,y) is the corresponding joint probability density.
However, obtaining the required probability densities above from a
limited number of samples is not straightforward. A common approach
is to partition the samples into several bins and calculate histograms.
Another strategy is to use kernel-based estimators. Yet, these methods
need large sample sets to provide accurate mutual information estima-
tion. As an alternative, Kraskov et al. proposed a method based on

neighborhood statistics of the data samples given b 1 N
8 & Y Dicornr(X, Y7) = T > 15)

2.3.4. Cross-Correlation

Cross-correlation is the measure of the linear dependence between
two variables X and Y. The sample estimate of the cross-correlation can
be calculated using
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Fig. 5. The time lag versus average synchronization value of all six methods included in this study for the C3-C4 pair of Subject-1 (left fist imagination-

PhysioNet Dataset).

The sign of the cross-correlation is an indicator of the direction of the
correlation. In this study, we take the absolute value of the resulting
correlation value to find the activity-specific time lags based on
magnitude only.

2.3.5. Nonlinear Interdependency

Consider the time series data of the signals X and Y collected into
phase  space vectors  x; = (X, Xi_g, ...,xi,(m,l)d)r and y; =
O Yi-d> - yj,(m,l)d)T where m and d represent the phase space
dimension and the time delay defined in phase space, respectively, and
x; and y; are the samples of the time series. Then, the average Euclidean
distance between n phase space vector of observation X and its first k

nearest neighbors is given as

(16)

| 2

1 k
RX) =13 [,
p=1

where r,;, represents the indices of the nearest neighbors of n phase
space vector of observation x; and ||-|| is the Euclidean norm. Likewise,
the Y* -conditioned average Euclidean square distance to its k nearest
neighbor of the vectors of observation X is

2
17)

o — X,

T 1 .
Ry =2 >
p=1

where Y7 is the delayed version of Y, and s;, , denotes the indices of the
nearest phase space vectors of Y’. Then, the nonlinear interdependence
measure between the time series X and Y [89] is defined as

1 & RX)

Dnon inear_in X, Y7 =% —oo 18
0T = 2 R e
By construction, RX(X|Y") > RX(X), so the result is between 0 and 1.

The parameter N denotes the sample size. In this study, we selected k as

10, dimension m of phase space vectors as 6, and delay for phase space

representation as 1 as initially suggested by Bandt and Pompe [94-96].

2.3.6. Cosine-based Similarity
This synchronization measure calculates and subtracts the angle
between two signal vectors from 7 [41], providing

(x,5) ) 19)

D osine(X,Y;7) = m — arccos <7
[l [yl

where (-,-) and ||-|| represent the inner product and the norm operators
respectively. The maximum synchronization between signals occurs
when the angle between them is zero.

3. Results

In order to determine the way in which recognition performance
varies in response to varying size of the training set, we chronologically
partitioned the dataset in two different ways as follows:

e In scenario-1, for PhysioNet dataset, imagery activity periods in
session-4 were used for training, imagery activity periods in session-
8 and session-12 were used for testing purposes. For BCI
Competition-III dataset, the first 94 imagery activity periods were
used for training, and the remaining 186 imagery activity periods
used for testing purposes. For each dataset, this corresponds to using
the first %33,3 of total imagery activity periods for training, and the
remaining %66,7 of total imagery activity periods for testing.

e In scenario-2, for PhysioNet dataset, imagery activity periods in
session-4 and session-8 were used for training while imagery activity
periods in session-12 were used for testing purposes. For BCI
Competition-III dataset, the first 186 imagery activity periods were
used for training, and the remaining 94 imagery activity periods used
for testing. For each dataset, this corresponds to using the first %66,7
of total imagery activity periods for training, and the remaining %
33,3 for testing.

Note also that this kind of partitioning of the data in training and test
sets is also more realistic compared to a typical n -fold cross validation
scheme with randomly selected training and test sets, since training
naturally precedes testing in real applications. In addition, it is also
useful to evaluate how much improvement can be expected by
increasing the amount of training data.

Prior to classifier construction, to reduce the dimensionality, we
have applied feature selection according to each feature’s Fisher ratio
[97], defined as

|

(20)
Or1j+ 01

E

where yq;, p_1; and 0,1, 6-1; represent the mean and standard devi-
ation of the feature indexed by j on both classes, withj =1,..., M(M —
1). In each chronological cross validation scenario, we selected the
features that had higher Fisher ratio values than the mean plus two times
the standard deviation of all Fisher ratios across all features. For each
scenario, the average classification performance results over 20 subjects
from the PhysioNet dataset and the average performance over all 5
subjects of BCI Competition-III dataset are given in Table 3 and Table 4.

For comparison purposes, we also evaluated the recognition perfor-
mance using a priori selected channel pairs that were identified to be
meaningful for right hand versus left hand imagery activity
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discrimination in previous EEG connectivity-based studies. Krusienski
et al. has proposed to use 9 channels (producing 36 channel pairs) to
elucidate the merits and drawbacks of the phase locking value (PLV)
method for imagery activity recognition [61]. The performance of
additional electrode subsets were also compared for PLV-based activity
recognition [98]. Daly et al. argued for the importance of using all
spatial and spectral information in the connectivity-based BCI frame-
work which amounts to using all channel pairs [63]. Wang et al. also
proposed using a large number of electrode pairs to couple up the
motor-activity related brain regions for activity recognition [99]. Rathee
et al. proposed three channel pairs arguably offering the greatest
contribution for right hand/left hand imagery activity recognition
[100]. Hamedi et al. identified additional channel pairs for right- and
left-hand imagery activity recognition [101]. These a priori channel
pairs are listed in Table 2. Note, however, these channels/channel pairs
were identified for right fist versus left fist recognition; thus we applied
them for performance evaluation on PhysioNet dataset only and not on
BCI Competition dataset as it contains right hand versus right foot im-
agery activity periods. A similar analysis using a priori selected channels
for right hand/right foot recognition was not possible as a comparable
list of channels that discriminate between right hand and right foot
activities is lacking from the literature. In Ref. [102], authors identified
EEG channel networks for BCI Competition-III I[Va dataset claimed to be
highly discriminative for right foot/right hand motor imagery activity.
However, these channel networks are highly subject and frequency
specific, and thus, not viable for performance comparison across
different subjects (see Ref. [102] and Table I therein). As a result, we did
not include these channels. The performance results obtained using
these a priori selected right hand versus left hand connectivity features
are also given in Tables 3 and 4 for scenario-1 and scenario-2
respectively.

Finally, we compared the performance of the cognitive task recog-
nition framework evaluating the various synchronization measure with
a well-known BCI strategy, CSP [31]. In the training phase, we filtered
the signals with 8-30 Hz FIR band-pass filter and obtained the CSP filter
(m = 3). We then applied the CSP filter on both training and test pe-
riods. We extracted the log-variance features from CSP-filtered activity
periods for recognition purpose. The classification was evaluated again
using a FLD analysis. We demonstrate the average performance results
in Table 5.

4. Discussion

The immediate observation on the results in Tables 3 and 4 is the
stark discrepancies between the recognition performances achieved on
the PhysioNet and BCI Competition-III IVa datasets. Based on the per-
formance evaluation criteria proposed by Miiller [103], this appears to
be a common trait of the PhysioNet dataset as observed in similar studies

Table 2
The a priori selected channel pairs given in previous studies for right fist/left fist
recognition.

Number of Number of Channels/Channel Pairs
Pairs Channels
Krusienski 36 9 [T7, F3, P3, C3, Cz, C4, P4, F4, T8]
et al.
Wei-CW 45 10 [C5, FC3, CP3, C3, C1, C2, C4, FC4,
et al. CP4, C6]
Wei-CB1 25 10 [C5, FC3, CP3, C3, C1] « [C2, C4,
et al. FC4, CP4, C6]
Wei-CB2 50 15 [AFz, Fz, FCz, F1, F2] « [C5, FC3,
et al. CP3, C3, C1], [AFz, Fz, FCz, F1, F2]
< [C2, C4, FC4, CP4, C6]
Wang et al. 3 3 [FCz, C3, C4]
Rathee et al. 3 5 [CP1 < C4], [C3 < FC1], [C4 < Cz]
Hamedi 5 6 [C3 & C4], [C1 & Cz], [C2 « Cz],

et al. [C1 & C2], [C2 « CPZ]
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that report results only on a limited, well-performing subset of the
subjects (Table 6) [104-108]. While this can be justified to a certain
extent by arguing that poor-performing subjects belonged to a presumed
BClI-illiterate category, it falls at odds with the original premise of in-
dependent experimental validation. Our results, however, have been
obtained from the first 20 subjects in PhysioNet dataset, without any
performance-related exclusion criteria in order to avoid such
controversies.

Average performances on BCI Competition-III dataset given in
Table 3 (in Scenario-1) reveals that mutual information method can
better capture the task specific time lags when the size of the training
dataset is small. However, with a larger training dataset, cosine-based
similarity captured the task specific time lags more accurately and
achieved the best average performance on both PhysioNet and BCI
Competition-III datasets (see Table 4). Performance of both mutual
information-based and cosine similarity-based methods for both sce-
narios for different BCI Competition-III subjects shown in Table 7 indi-
cate that for three well-performing subjects, the recognition accuracies
are in the %70-%90 interval, while the accuracies for the other two is
around %60-%65.

To see the ranking of the proposed method, by using original train
and test dataset sizes given in the competition website, we also
compared our recognition performances with performances given in the
BCI Competition-IIl winner tables (performance rankings are given in
the competition website). The mutual information-based and cosine-
based activity recognition method ranked the seventh place and elev-
enth places respectively.

Note that, further improvements may be expected on the recognition
performance with additional efforts such as elimination of the back-
ground activity or using tailored spatial filters [109]. The average per-
formance can also improve with the size of the training set (BCI
Competition-III dataset contains more imagery activity periods than
PhysioNet dataset). This suggests that using larger training sets or longer
training sequences may lead to better learning and a higher recognition
rate than reported here.

In this study, our main aim was to highlight the potential of the inter-
channel activity specific time lags in a cognitive task recognition
scheme. The feature vectors constructed using these activity-specific
time lags were expected to be an indicator of the dichotomy between
different cognitive tasks (right/left hand motor imagery for PhysioNet,
right hand/right foot for BCI Competition-III dataset). In that spirit, we
used FLD analysis as a benchmark classifier. However, for the highest
recognition performance, more sophisticated classification methods
such as support vector machine (SVM) [110], extreme learning machine
[111], kernel based extreme learning machine [112] or sparse Bayesian
learning machine classifiers [113] can certainly be evaluated.

Yet, an extended analysis involving linear and nonlinear SVM clas-
sifiers on both Scenario-1 and Scenario-2 that we have carried out re-
veals interesting results (please see Table 8 and Table 9 below). Linear
SVM outperformed the FLD analysis, especially on the BCI Competition-
III dataset, in all synchronization measures while performance dropped
using a radial basis function kernel. Note that, in this analysis, the kernel
width parameter ¢ for nonlinear SVM is calculated as

1 L-1 L N
o=\ > 2 l&-4ll @D

=1 j=it1

where L is the total number of training feature vectors &;, ||-|| represents
Euclidean norm. This suggests that a linear classification approach is
more reliable in this instance, potentially due to high number of features
against a low number of training samples. Furthermore, a clear superi-
ority of linear maximum margin classification on FLD analysis indicates
that the generalization ability of FLD analysis is hampered when training
samples are low in number, possibly due to the inability to calculate
class covariance matrices with sufficient accuracy.
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Table 3
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The average % performance results of subjects for different datasets for Scenario-1. The rows marked with an asterisk represents the a priori selected channel pairs

(Right/Left Hand) from the literature.

Mutual Cosine-Based PLV Nonlinear Cross Cross

Information Similarity Interdep. Correlation Correntropy
PhysioNet Motor Imagery Dataset Fisher ratio 58,33 +10,57 56,83 +10,17 54,67 +10,83 57 +11,44 55,67 + 8,02 56,16 + 15,07
(Right/Left Fist Imagery) *Krusienski,2012 53,83 +10,66 54,16 + 8,15 55,16 +11,96 53+7,1 51,67 +8,95 53,17 +£10,45
*Wei-CW, 2007 54 +13,35 54,67 £9,75 53,67 +£10,97 56,16 + 12,29 59,83 +11,96 56,67 + 9,85

*Wei-CB1, 2007 53,67 + 6,65 54,33 +£10,71 51,33 + 8,94 54+ 6,89 53,5+9,07 52,5+7,78

*Wei-CB2, 2007 58,5+9,14 52,33 +10,71 53,5+ 10 53,33+8,71 54,5+9,74 50,83 +9,48
*Wang, 2006 53,17 £ 6,7 55,33 + 8,67 54,83 +8,12 52,16 + 8,67 53,5+9,39 53,17 £11,67

*Rathee, 2017 55+10 53,17 £11,41 54,83 + 8,94 52+10,39 56,5+ 11,21 54,67 +9,32

*Hamedi, 2016 53,33 +9,97 50,5+ 6,76 52,83+9,13 51,83 +9,08 54 +6,89 53,16 + 9,64
BCI Competition III Fisher ratio 76,69 + 12,88 70,52 +9 68,08 + 8,7 72,55 +9,65 72,65 + 8,77 75,95+ 11,56

Table 4

The average % performance results of subjects for different datasets for Scenario-2. The rows marked with an asterisk represents the a priori selected channel pairs

(Right/Left Hand) from the literature.

Mutual Cosine-Based PLV Nonlinear Cross Cross
Information Similarity Interdep. Correlation Correntropy
PhysioNet Motor Imagery Dataset Fisher ratio 59,33 +15,12 61 +10,2 59,67 +15,06 60,67 +13,83 60,33 +15,37 59,33 +16,17
(Right/Left Fist Imagery) *Krusienski, 58,67 +£13,26 56 +13,22 57,67 +£17,34 57,33+15,2 57,33 +12,12 55,67 £11,9
2012
*Wei-CW, 2007 51 + 20,55 57 +£15,81 56,67 +16,11 55,67 +17,06 58,67 +12,34 51,67 + 21,61
*Wei-CB1, 55,33 +15 52+11,15 53,33 +£10,59 56,67 + 13,42 54,67 +13,08 48,33+12,4
2007
*Wei-CB2, 55+ 8,88 53,33 + 16,32 56 + 13,74 55,33 +16,9 53+10 58,33 +16,31
2007
*Wang, 2006 47,33 +15,43 56,33 +11,94 54,67 £12,9 54,67 +£12,72 54+ 8,62 56,33 +£15,51
*Rathee, 2017 54,33 +15,48 55,33 + 14,36 50 +10,92 53,33 + 14,66 56 + 12,86 55,33 +17,58
*Hamedi, 2016 51+11,9 54,3 +10,65 51,33 +£10,61 51,67 +13,48 53,67 +£10,91 52,67 £11
BCI Competition IIT Fisher ratio 75,76 £12,3 76 + 8,43 68,41 +£11,98 70,73 £ 8,79 68,83 +£9,72 72+13,07
Table 5 Table 7

Comparison of average performances (Our method versus CSP).

Method PhysioNet Dataset BCI Competition-III Dataset
Scenario-1 Scenario-2 Scenario-1 Scenario-2
CSP (m = % % % %
3) 53,83+ 4,87 55,65+ 9,97 82,33 +11,46 84,67 +£15,38
Our % % 61 +10,2 % 70,52+9 % 76 + 8,43
method 56,83 +10,17
(Cosine-
based)
Table 6

Performance demonstration styles of studies that use the PhysioNet dataset.

Author Proposed Method Performance Demonstration
Style
Park et al. Augmented Complex CSP Eliminates subjects with
[104] performance below the %64
Handiru et al. Optimized Bi-Objective Chan. Uses 35 best performing
[106] Selection Method subjects
Athif et al. Wavelet transform and CSP Eliminates subject with
[108] filtering based method performance below the %64
Kim et al. Complex CSP with Strong Eliminates subjects with
[105] Uncorrelating Transformation performance below the %64

In this study, we tested our framework with two datasets having
160 Hz. (PhysioNet) and 100 Hz. (BCI Competition-III) sampling fre-
quencies. Note that, the sampling frequency of the EEG signals consti-
tutes a fundamental limitation for the method that calculates and uses
the inter-channel time lags that emerge between EEG signals during
particular cognitive tasks. Actually, it is possible that the true inter-
channel time lags deviated from those calculated by the synchroniza-
tion measures evaluated here due to the low sampling frequency. It is

Individual performances of BCI Competition-III subject for Scenario-1 and
Scenario-2. The subjects al, aw and ay are the well-performing subject.

Subject Scenario-1 Scenario-2
Mutual Cosine-Based Mutual Cosine-Based

Information Similarity Information Similarity
aa % 64,36 % 67,55 % 70,52 % 73,68
al % 90,95 % 82,97 % 92,63 % 84,21
av % 62,23 % 60,1 % 64,21 % 64,21
aw % 79,78 % 65,95 % 66,31 % 73,68
ay % 86,17 % 76,06 % 84,21 % 84,21

clear that, increasing the sampling frequency may be expected to lead to
an increase in the accuracy of the activity-specific time lags that emerge
between channels are calculated, as it would provide more data points
for the calculation. However, it should also be noted that a higher
sampling frequency would cause dramatic increase in computation time.
In this study, even for a low sampling frequency, we showed that the
inter-channel time lags that maximizes the average synchronization
values for each EEG channel pairs (i.e. activity-specific time lags), have
potential in characterizing the cognitive activity during a task period.
Another limitation, the present framework disregards the subject-
specific frequency bands. In general sense, filter bank strategy over-
comes the subject-specific frequency band identification problem by
incorporating different band-pass filters and identifies most discrimi-
native frequency-specific features before the classification [33,114,
115]. For our framework, instead of using 8-30 Hz frequency band, a
filter bank structure can be included into the method before the deter-
mination of activity-specific time lags. This enables us to calculate and
use the frequency-resolved activity-specific time lags may also be ex-
pected to improve the recognition performance, albeit in expense of
computation time [116]. Still, once the salient subject-specific fre-
quency bands are determined, activity-specific time lags can easily be
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Table 8
The comparison of the classification methods for Scenario-1.
Cosine Cross Corr. Nonlinear Int. Correntropy Mutual Information PLV
FLD PhysioNet 56,83 +10,17 55,67 + 8,02 57 £11,44 56,16 + 15,07 58,33 +10,57 54,67 +£10,83
BCI Comp. 70,52+ 9 72,65+ 8,77 72,55+ 9,65 75,95 +11,56 76,69 +£12,88 68,08 +£8,7
Linear SVM PhysioNet 57,83 +10,38 58,17 £10,73 50,17 + 2,28 50,17 £9,93 58,5+10,78 60,5+ 10,99
BCI Comp. 74,46 + 9,52 72,97 +10,93 77,65 + 11,89 77,34+9,5 77,97 £10,35 70,31 £10,58
Nonlinear SVM (RBF Kernel) PhysioNet 58,83 +11 55,83+ 11,54 58,16 + 9,58 55,67 + 14,71 59,83 +9,33 58,83 + 10,21
BCI Comp. 71,7 + 8,07 72,12 + 8,33 76,38 +£12,36 77,02 + 8,42 75+ 10,52 69,78 + 8,22
Table 9
The comparison of the classification methods for Scenario-2.
Cosine Cross Corr. Nonlinear Int. Correntropy Mutual Information PLV
FLD PhysioNet 61 +10,2 60,33 +£15,37 60,67 +£13,83 59,33+16,17 59,33 +15,12 59,67 +£15,06
BCI Comp. 76 + 8,43 68,83 +£9,72 70,73 + 8,79 724+13,07 75,76 £12,3 68,41 +£11,98
Linear SVM PhysioNet 59,33 +£16,02 61,67 £14,8 51+10,43 62,33 +£16,51 59,33 +£14,96 59,67 +£15,36
BCI Comp. 79,57 £9,52 77,26 £9,75 81,05+8,93 80,21 +£10,35 81,89 +11,8 75,15+13,03
Nonlinear SVM (RBF Kernel) PhysioNet 58,67 +£12,53 58,66 + 14,28 62+13,36 65,33+17,91 59,67 +15,21 60 + 14,82
BCI Comp. 74,73 £5,47 74,1 + 4,85 78,1+7,85 80 £6,69 77,89 £10,26 70,94 £8,1

calculated and used for subsequent recognition purposes [117].

In the present study, we aimed to determine the most powerful
synchronization method among six different methods that captures the
most appropriate time lag (activity-specific time lag) between EEG
channels that the synchronization (evaluated at this lag) is characteristic
to the particular cognitive tasks. In the literature, many different syn-
chronization measures were proposed and subjected to performance
comparison using various types of synthetic and real datasets collected
under various experimental conditions [56,59,118,119]. However, the
main outcome of these studies indicates that there is no universal syn-
chronization measure that works better than all others. It appears a
general consensus that different measures calculate the synchronization
by taking different feature types of the input signals into consideration
[56,57]. During cognitive tasks, the brain presents dynamically chang-
ing electrophysiological characteristics and also, the functional con-
nectivity between distant regions are affected from these dynamical
changes. Each of the different synchronization methods used in this
study attempts to find the activity-specific time lags between electro-
physiological signals as captured by the method itself. Since each
method evaluates a different aspect of the signals, it is not surprising to
observe dissimilar time lags. In the absence of full knowledge of exact
time lags between the signals, it is impossible to tell which method is
more accurate in calculating the time lag of interest.

In addition to those evaluated in this study, further synchronization
estimation methods exist in the literature. Notably, the transfer entropy
has been frequently used in both sensor space and source space con-
nectivity studies [42,44,47,72,120,121]. However, due to the high
computational requirements during its calculation, transfer entropy
does not appear to be a viable method for brain activity recognition. As a
result, it was not included in this work. Even then, calculating the
mutual information, correntropy and nonlinear interdependency mea-
sures for 20 subjects in PhysioNet dataset and 5 subjects for BCI Com-
petition-III dataset took several days. However, for PhysioNet dataset,
the required computation time for cross-correlation and cosine-based
similarity are about 15,6 s and 13,7 s per subject, respectively. As for
BCI Competition-III dataset, for 5 subjects, the corresponding compu-
tations took 154,7 s and 202,2 s per subject. While these computation
times are not extensive, with the high speed and parallel computing
architectures, cosine similarity-based measure stands out as the more
practical synchronization evaluation method for a real time cognitive
status analysis.

The recognition performance results for the PhysioNet dataset, given
in both Tables 3 and 4, shows that we did not achieve the minimum
reliable communication rate (%70). These low performances may be due
to relatively small training sample size or low-quality of EEG recordings.

For the small sample size problem of FLD and/or SVM classifiers,
increasing the number of training samples may require long training
sequences which then very tiring and therefore challenging for the
participants. Pooling and using informative feature vectors from all
other subjects may also improve the classification performance of the
proposed framework. Y. Jiao et al. proposed sparse group representation
method (SGRM) to reduce the required training time without any per-
formance degradation for motor imagery brain computer interface ap-
proaches [122]. Briefly, this method identifies and uses informative
feature vectors (also features) from a dictionary matrix constructed
using both non-target subjects’ and target subject’s training feature
vectors. For our study, as proposed in Ref. [122], exploiting the infor-
mative features and feature vectors obtained from both target and
non-target subjects’ training task periods (for each subject, feature
vectors are constructed via inter-channel synchronization values eval-
uated at activity-specific time lags) may improve the recognition per-
formances especially obtained for PhysioNet dataset. Similar sparse
representation approach for frequency-resolved informative feature
identification was proposed and can be applied to our framework [123].
Another problem, since we don’t accurately know when the subject
begins and ends the imagination of the motor movement task, we used
whole task period EEG signals to calculate the activity-specific time lags.
For an accurate brain activity characterization, an extended approach
that jointly optimizes the time window and the frequency band can also
be adopted in our framework before the inter-channel activity-specific
time lag estimation [124].

For both PhysioNet and BCI Competition-III datasets, we listed the
electrode pairs that provide meaningful differences between two
cognitive tasks along with five most significant electrode pairs that
achieve maximum separability among different type of motor imagery
activities in Table 10. We observed that on the BCI Competition-III
dataset, all synchronization measures identified couplings between
similar group of electrode pairs. However, on the PhysioNet dataset, the
groups of electrode pairs identified to be in synchrony differed for the
different synchronization measures. While this makes the interpretation
of identified couplings challenging meaningful comparisons can still be
made as follows;

A first-look analysis on PhysioNet dataset (right fist versus left fist
imagination) reveals that cosine-based similarity captured mostly the
parietal-central electrode couplings, cross-correlation the parietal-
parietal electrode couplings, nonlinear interdependency central-
parietal electrode pairs, mutual information the frontal and parietal
electrode couplings, correntropy the frontal electrode couplings and
finally PLV the parietal-parietal electrode couplings.

As for the BCI Competition-III (right hand versus right foot
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Table 10
The 5 most frequent electrode pairs obtained for both PhysioNet and BCI Competition datasets.
Cosine-based Cross Correlation Nonlinear Int. Correntropy Mutual Information PLV
PhysioNet Dataset Fc3-P5 C6-AF3 C4-Po4 Fcz-Ft8 F5-F8 Tp8-Po7
Fc6-Ft7 Cp3-Fpl C6-Po4 F7-01 Tp8-Po3 P5-P8
C1-p7 Cp6-Po3 Cp5-02 Fcl-Ft8 P8-Po7 P1-P8
Cp5-P2 P5-P8 Cpl-Po4 Fcz-F8 Fc4-Tp8 Fc3-Ft7
Cpb6-Iz P3-P8 Ft8-Po4 Fez-Ft7 C5-F1 C4-P8
BCI Competition-III Dataset Fcl-C1 Fcl-C1 Fcl-C1 Fcl-C1 Fcl-C1 CFC1-CCP3
F3-CCP5 Fcl1-CCP3 CFC1-Cp3 CFC1-Cp3 Fcl-CCP3 Cz-CCP3
F1-CCP3 CFC1-CCP3 F7-CCP5 Cz-CP3 CFC1-CCP3 Fc1-CCP3
F1-CCP5 Cz-CCP3 F5-CCP5 F1-CCP5 Cz-CCP3 Fcz-CCP3
F1-Cp5 Cz-Cpl FFC7-CCP5 F1-CCP3 Cz-Cpl FFC1-CCP3

imagination), we observed that all synchronization measures consis-
tently captured the left fronto central-central, left central-centro parietal
and left fronto central-centro parietal connectivity. By taking both re-
sults into consideration, mutual information method can better unveil
motor imagery task related connectivity patterns than the other syn-
chronization methods. These electrode couplings result for each dataset
shows that, for both datasets, mutual information can better unveil
motor imagery task related connectivity patterns than the other syn-
chronization measures.

For the right/left fist motor imagery task, mutual information
captured the synchronization patterns that reflect the functional con-
nectivity of left premotor area-right premotor area, supplementary
motor area-left sensorimotor cortex, right premotor area-right sensori-
motor cortex and right-left parietal regions. In the literature, these brain
regions have already been identified to be strongly associated with hand
motor imagery tasks. While the right and left premotor areas are
responsible for the integration and processing of information collected
from other regions of the brain [125,126], sensorimotor cortex plays a
role in spatial control and motor planning [127]. In Ref. [128], authors
found that both sensorimotor cortices and premotor area are simulta-
neously activated with supplementary motor area during hand motor
imagery activity. In a later study, the same group identified connectivity
patterns between similar regions for right- and left-hand motor imagery
task [129].

Cognitive, sensory and motor functions require interconnectivity of
anatomically as well as functionally different regions of the brain [130].
Basically, these regions reciprocally process and exchange neural in-
formation for each specific brain activity [131]. So far, in the literature,
a great deal of brain activity recognition/characterization studies
analyzed and used power-based features of electrophysiological data
obtained from focal cortical activity of the brain with notable success
[31,32,123,124]. However, as also depicted in many other studies, a
complete assessment of brain function requires a detailed evaluation of
the interaction between electrophysiological data collected from distinct
regions of the brain [57,65,132]. Indeed, this perspective forms the
main premise of the current study.

Yet, for a more concrete comparison of CSP-based power features
and synchronization-based features, it may be helpful to recognize that,
CSP essentially calculates the power of the latent channels obtained as
weighted linear combinations of actual EEG signals. In case where
synchronization occurs through concurrent power increase or decrease
that is preserved through the prescribed linear weighting by the CSP, the
resulting power features can be expected to be useful for task recogni-
tion. However, there is no clear indication on how synchrony manifests
between different brain regions during tasks of interest. This, in fact, was
the main reason for evaluating a battery of potential synchronization
measures in a cognitive task recognition scenario in this manuscript.
Consequently, CSP-based power features may be insensitive to syn-
chronization modes that do not survive weighted linear average over a
large number of brain regions, that may also explain their apparent
weakness in the recognition problem considered here.

For right fist/left fist motor imagery recognition, performances

10

obtained from a priori selected channel pairs show that the channel pairs
proposed by Krusienski et al. [61] generally achieves better accuracy
than the other ones. From a biophysical point of view, these channel
pairs constitute inter- and intra-hemispheric connections and collect
brain activity from premotor, primary motor, sensorimotor and
central-parietal areas. In the literature, these brain areas are listed
among the critical brain for regions and constitute the functional
network related with the right/left hand/finger motor imagination tasks
[125]. In line with the previous studies that examine the intra- and
inter-hemispheric interactions, stated that these electrodes mainly
manifest the electrical activity of parietal, central and premotor regions
during right and left hand motor imagination [129,133]. A study
accomplished by L. A. Wheaton et al. further stated that the increase of
synchronization between premotor and parietal cortices are the signa-
ture of motor preparation task for praxis hand movements [134]. Since
right/left fist imagination is not a fully praxis movement, it is reasonable
to expect that these channel pairs demonstrate better recognition per-
formance than the other ones. Another study that evaluates the func-
tional networks during finger tapping imagination identified eight
connections that are mainly observed between premotor and motor
cortices [125]. Yet, the results in Tables 3 and 4 show that automatically
selected channel pairs outperform these a priori determined channel
pairs for imaginary motor activity recognition. Clearly, the issue of
which channel pairs are useful for which activity is to be elucidated
further. One possible avenue of research may be to evaluate which
channel pairs are often selected across the subjects of a large cohort. The
current study forms the initial stage of a funded project that addresses a
connectivity-based brain activity characterization. In the later stage of
this project, we are currently seeking to capture the synchronization
patterns that emerge in a short time window during the cognitive task in
different time lags as well as in different latency values. This, however,
entails a 3-parameter optimization with additional algorithmic and
computational challenges and is under preparation for a follow-up

paper.
5. Conclusions

In this study, we applied several synchronization measures in a novel
cognitive task recognition framework. We characterized the brain ac-
tivity by means of calculating the synchronization between channels at
task-specific time lags. To this end, we applied several synchronization
measures and calculated the characteristic time lags (task specific time
lags) associated with different cognitive tasks: mutual information,
correntropy, phase locking value, cross-correlation, nonlinear interde-
pendence and cosine-based similarity. In the training phase, the task-
specific time lags were obtained and used for constructing training
feature vectors. These lags maximized the average synchronization for
their respective channel pairs and cognitive task types in the training set.
In the test phase, we calculated the synchronization values at the same
task-specific time lags calculated in the training phase and constructed
the test feature vectors. Due to the high dimensionality of the feature
vectors, we carried out a feature selection using Fisher ratio along with a
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priori suggested channel pairs in the literature. For recognition, we used
a FLD classifier. The results in Tables 3 and 4 show that the recognition
rates were below the minimum reliable communication rate (i.e. %70)
for PhysioNet dataset [135]. However, for the BCI Competition-III
dataset, the average performance varied between %69-%76.

Performance evaluation was carried out using a realistic cross vali-
dation scheme that uses a chronological partitioning of the data into
training and testing sets. In classification results on the PhysioNet Motor
Movement/Imagery Dataset, connectivity-based framework evaluated
here outperformed a CSP-based benchmark scheme. Using BCI Compe-
tition-III dataset, it achieved a slightly lower performance than the CSP
method. These results indicate that task-specific inter-regional lagged
synchronization between potentially remote brain regions were used
effectively to discriminate between different motor imagery tasks and is
important to estimate the directions of information flow during cogni-
tive tasks.

For future studies, the brain connectivity methodology adopted in
this work can be useful in a real-time asynchronous cognitive task
identification framework. Since the synchronous type methods calculate
relevant features in a pre-determined time window, the asynchronous
version needs to monitor the changes in brain activity in flowing EEG
data to capture the status change as quickly as possible. In addition,
synchronization profiles among different channel pairs offer the poten-
tial to discriminate between a great number of sensory, cognitive or
motor tasks, as the number of pair sets increase geometrically with the
number of EEG channels. Consequently, with further improvements, a
brain connectivity-based approach can lead to a reliable, robust analysis
method for online BCI applications.
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