
TUTDoR

Statistical evaluation of factors influencing
inter-session and inter-subject variability

in EEG-based brain computer interface.

Item Type Article

Authors Maswanganyi, Rito Clifford;Tu, Chunling;Owolawi, Pius
Adewale;Du, Shengzhi

DOI https://10.1109/ACCESS.2022.3205734

Publisher Institute of Electrical and Electronics Engineers (IEEE)

Rights Attribution-NonCommercial-ShareAlike 4.0 International

Download date 2026-05-09 17:29:49

Item License http://creativecommons.org/licenses/by-nc-sa/4.0/

Link to Item https://hdl.handle.net/20.500.14519/1255

http://dx.doi.org/https://10.1109/ACCESS.2022.3205734
http://creativecommons.org/licenses/by-nc-sa/4.0/
https://hdl.handle.net/20.500.14519/1255


Received 11 July 2022, accepted 31 August 2022, date of publication 12 September 2022, date of current version 19 September 2022.

Digital Object Identifier 10.1109/ACCESS.2022.3205734

Statistical Evaluation of Factors Influencing
Inter-Session and Inter-Subject Variability in
EEG-Based Brain Computer Interface
RITO CLIFFORD MASWANGANYI1, CHUNLING TU 1, (Member, IEEE),
PIUS ADEWALE OWOLAWI1, AND SHENGZHI DU2
1Department of Computer Systems Engineering, Tshwane University of Technology, Pretoria 0183, South Africa
2Department of Electrical Engineering, Tshwane University of Technology, Pretoria 0183, South Africa

Corresponding author: Chunling Tu (duc@tut.ac.za)

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

ABSTRACT A cognitive alteration in the form of diverse mental states has a significant impact on the
performance of electroencephalography (EEG) based brain computer interface (BCI). Such alterations
include a change in concentration levels commonly recognized as being indicated by the alpha rhythm,
drowsiness or mental fatigue which occurs during EEG signal acquisition. Change in mental state give
rise to a challenge of variability in EEG characteristics across sessions and subjects. Consequently, this
variability constitutes to low intention detection rate (IDR) that renders BCI performance unreliable. This
study investigates the impact of multiple factors that lead to the poor performance of the EEG-BCI. Five
factors 1) concentration level; 2) selection of independent components(IC); 3) inter-session variability;
4) inter-subject variability; and 5) classification methods on the IDR in EEG based BCI. The alpha rhythm,
as the indicator of concentration level, is validated, and the relationship between the alpha rhythm and the
IDR is studied among sessions. In addition, ICs are examined to determine their effects on the IDR across
sessions. The possibility of two sessions to contain similar EEG characteristics is also examined, where both
sessions are acquired from the same subject in different days. Moreover, the possibility of two different
subjects to containing similar EEG characteristics is examined. Furthermore, to conquer the challenge of
variability in EEG dynamics a feature transfer learning (TL) approach is proposed in this study. Furthermore,
three classification methods (TL, K-NN and NB) are examined and compared to determine whether multi-
source neural information can improve the classification accuracy of individual sessions or subjects. Three
EEG datasets acquired using different paradigms are used for experiments. The datasets include steady
state motion visual evoked potential (SSMVEP), motor imagery (MI) and BCI competition IV-a dataset.
Experimental results have shown that selection of independent components has an effect on the IDR. In this
case IC-2 and IC-11 achieved a lowest and highest accuracies of 51% and 100% for SSMVEP datasets, while
IC-9 and the double-component (IC-2 and IC-13) achieved a lowest and highest accuracies of 40% and 69%
for MI datasets respectively. The second experiment demonstrated that higher alpha rhythm, depicted by
a lower IDR corresponds to a lower concentration level. While a lower alpha rhythm depicted by a higher
IDR corresponds to a higher concentration level. Moreover, variability within sessions can significantly
deteriorate intention detection rate across sessions. As such a decline in accuracy from 82% to 61%, and
from 56% to 44% was observed across both SSMVEP and MI sessions during inter-session experiment
respectively. Integration of samples from different sessions but same subject resulted in a highest accuracy
of 65%, 59% and 40% for SSMVEP, MI and BCI competition dataset. Integration of samples from different
subjects resulted in a highest accuracy of 65%, 44% and 48% for SSMVEP, BCI competition andMI datasets.
When three classifiers are evaluated and compared to determine whether multi-source neural information can
improve the classification accuracy of individual sessions and subjects or domains, both K-NN and NB
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achieved highest accuracies of 59% and 52% respectively, while TL showed a significant increase with an accuracy36

of 98% achieved using SSMVEP sessions. In a similarly manner both K-NN and NB achieved highest accuracies of37

49% and 42% respectively using SSMVEP subjects, while TL showed a significant increase with an accuracy of 64%38

achieved. Furthermore, when 9 MI subjects acquired from BCI competition dataset were used, both K-NN and NB39

achieved highest accuracies of 68% and 65% respectively, while a significant increase in accuracy was observed40

when TL is used with accuracy of 99% achieved. In conclusion, the change of alpha rhythm magnitude among41

sessions significantly affect the IDR across sessions. While component selection across sessions has significant42

effects due to non-linear and non-stationary nature of EEG signals.Moreover, merging of ICs from different sessions,43

and inter-subject factor introduce challenges of overfitting resulting in low IDR. The classification methods are also44

found critical, because some advanced classification methods can improve the classification accuracy.45

INDEX TERMS Brain computer interface (BCI), alpha rhythm, motor imagery (MI), steady state motion visual46

evoked potential (SSMVEP), inter-session variability, inter-subject variability, transfer learning (TL).47

I. INTRODUCTION48

Brain-computer interface (BCI) is an interaction between49

the brain and external electronic devices using neural activ-50

ities of the brain. The electroencephalogram (EEG) signals51

are commonly converted into control commands to control52

external devices. BCI makes it possible for people suffering53

from severe motor disability to communicate with the sur-54

rounding environment without the use of muscles, whereby55

a direct communication link between the brain and external56

devices is established to facilitate the communication [1].57

In recent years several signal processing techniques and dif-58

ferent experimentation paradigms (such as MI, SSVEP and59

Hybrid) have been introduced to enhance the performance60

of BCI systems [2], [3]. As such different signal filters61

and decomposition techniques have been used to eliminate62

the impact of both physiological and non-physiological arti-63

facts on intention detection rate [4], [5], [6], while a wide64

variety of feature extraction and selection techniques have65

been utilized to determine relevant signal features [7], [8],66

[9], and enhance the performance of machine learning algo-67

rithms [10]. However, variabilities in EEG characteristics68

resulting from cognitive alterations still remains most sig-69

nificant challenge in BCI [11], [12], [13]. [14] illustrated70

through implementation of an MI based BCI system the71

impact and evidence of variabilities across different sessions,72

and also evaluated whether there is evidence of similarities73

between EEG dynamics of different subject [14]. In this74

case BCI competition IV-a dataset was utilized to imple-75

ment two experiments (inter-session and inter-subject). These76

experiments were implement under three condition namely77

case 1 (22 channels), case 2 (9 channels from both sen-78

sorimotor and parietal area), and case 3 (9 channels from79

sensorimotor area only) [14], [15]. A band-pass filter was80

firstly applied on the dataset, while three spatial filters (com-81

mon spatial pattern, regularized composite spatial covariance82

and Joint approximate diagonalization) were evaluated on83

filtered dataset. As such wavelet decomposition techniques84

was used to extract features (sub-band energy and entropy),85

while a Two-Layer Feed-Forward Neural Network was used86

to classify features. Consequently, a highest classification87

accuracy of 58% as achieved for inter-subject experiment88

using a pairwise performance associativity technique, while 89

there was a 31% decrease in classification accuracy across 90

sessions during inter-session experiment [14]. 91

Reference [16] evaluated the inter-subject variability of 92

BCI performance between paradigms and sessions, whereby 93

three experimentation paradigms (MI, ERP and SSVEP)were 94

considered to determine performance variations across ses- 95

sions. Consequently, a highest average classification accu- 96

racy of 72.2%, 96.6% and 95.5% for MI, ERP and SSVEP 97

was achieved respectively [16]. In this case for MI paradigm 98

EEG signals were filtered using a 5th order butterworth 99

band-pass filter (between 8-30 Hz), from which log-variance 100

features were extracted using common spatial pattern (CSP), 101

and classified using linear discrimination analysis (LDA) 102

classifier to predict two MI classes [17]. For ERP paradigm 103

EEG signals were filtered using a 5th order butterworth band- 104

pass filter (between 0.5-40 Hz) [18], from which spatio- 105

temporal features were extracted by calculating the mean 106

amplitudes in 10 discriminant time intervals, and classified 107

using linear discrimination analysis (LDA) classifier to pre- 108

dict a target character of a 36 symbol ERP speller [19]. 109

Moreover, CCA was used to detect four SSVEP stimuli in 110

the form of four frequencies (5.45 Hz, 6.67 Hz, 8.57 Hz 111

and 12 Hz) for SSVEP BCI system [20]. [21] investigated the 112

feasibility of adding samples from different days to training 113

set to improve the generalization of the emotions classifier, 114

whereby five sessions in five different days were recorded 115

for each subject. in this case training sample having the 116

same number came from day 1,2,3 or day 4. The intervals 117

between two consecutive sessions of a subject were randomly 118

selected from four intervals (one day apart, two days apart, 119

one week apart and two weeks apart) [21]. Consequently, 120

an average classification accuracy of 64.9%, 68.7%, 70.9% 121

and 73% for day 1, 2, 3 and day 4 was achieved respectively. 122

To achieve the objectives of the investigation EEG signals 123

were transformed to independent components, from which 124

power spectral density was estimated for six frequency bands 125

(theta, alpha, beta1, beta2, delta1 and delta2), then SVM was 126

used to classify three emotion states (neutral, positive and 127

negative) [21], [22], [23]. 128
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FIGURE 1. Proposed techniques for Multiclass EEG-based BCI framework.

In this study, we investigate five factors that constitute129

to low intention detection rate across sessions and sub-130

jects. The factors include concentration level, selection of131

ICs, inter-session variability, inter-subject variability and132

classification methods. Moreover, domain transfer learning133

approach is proposed to address the challenge of variability in134

EEG dynamics. As such transferability of neural information135

across multiple subjects/sessions is evaluated by comparing136

TL with two machine learning algorithms (NB and K-NN).137

Firstly, three filters (notch, band-pass and common aver-138

age reference (CAR)) were applied on three EEG datasets.139

Filtered EEG data was then transformed into independent140

components (ICA) using runICA algorithm. Statistical com-141

putation, Wavelet packet transform (WPT) and fast fourier142

transform (FFT) algorithm were used to extract features.143

In this case wavelet, band-power and statistical features were144

extracted from ICs. Relevant features were then selected145

from extracted feature sets using differential evolution feature146

selection (DEFS) algorithm. Furthermore, NB and K-NN147

classifier were used to predict four MI and SSMVEP classes148

respectively.149

The rest of the paper is organized as follows. Section II 150

gives a detailed description of methods used to achieve the 151

objectives of this study namely EEG signal acquisition, sig- 152

nal pre-processing, feature extraction, feature selection and 153

feature classification. Section III gives a detailed descrip- 154

tion of experimentation procedures. Section IV illustrates 155

results of IC selection, concentration level, inter-session vari- 156

ability, inter-subject variability and classification methods 157

experimentations. Section V discusses results for all five 158

experimentations. Finally, some conclusions are provided 159

in Section VI. 160

II. CLASSICAL BCI IMPLEMENTATION 161

In this paper, we address the challenge of variability in EEG 162

characteristics that constitute to low intention detection rate 163

in BCI. As popularly used, the raw EEG signals firstly go 164

through independent component analysis (ICA). Five fac- 165

tors including changes in concentration level, selection of 166

ICs, Feature classification, inter-session and inter-subject 167

variability are investigated. The first experiment investigates 168

the impact of concentration level on intention detection 169

VOLUME 10, 2022 96823
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FIGURE 2. Experimentation paradigm timing scheme (BCI Competition IV-a).

FIGURE 3. Experimentation paradigm timing scheme (Own dataset).

rate across sessions. To quantify the effect of concentra-170

tion level, the relationship between the alpha rhythm and171

success rate is evaluated. In the second experiment we172

investigate whether IC selection can have an impact on inten-173

tion detection rate across sessions. Then, the third experi-174

ment investigates whether there are similarities on features175

between ICs acquired from different sessions in different176

days. Consequently, samples from the first dataset ICs are177

used for training and validation, while the second dataset ICs178

are used for testing. Furthermore, the possibility of two sub-179

jects having similar EEG characteristics is investigated in the180

fourth experiment. In this case samples from one subject are181

used for training and validation, while samples from another182

subject are used for testing. Lastly, TL is compared with both183

K-NN and NB classifier mainly to determine whether neural184

information from multiple sources can be used to improve185

classification accuracy of individual sessions, subjects or186

domains.187

A hybrid EEG based BCI system is proposed to facilitate188

the investigation as illustrated in Figure 1. As such three189

EEG datasets (BCI competition IV-a, our own MI-SSMVEP190

datasets) are used to investigated the above mentioned fac-191

tors [2], [24]. In this case our own datasets were filtered192

using (50 Hz notch, 0.5-60Hz band-pass and CAR filter), 193

while BCI competition IV-a dataset was pre-filtered using 194

(50Hz notch and 0.5-100Hz band-pass) [25], [26].Moreover, 195

runICA algorithm in BCI2000 was then used to transform 196

EEG signals into 16 and 22 ICs respectively [27]. Three sets 197

of features (wavelet, band-power and statistical features) are 198

extracted from artifact free components, whereby statistical 199

computation, WPT and FFT algorithms were used [5]. DEFS 200

algorithm was then used to select relevant features with high 201

predictive capacity, while NB and K-NN classifier were used 202

to predict both SSMVEP and MI classes respectively [23]. 203

A. EEG SIGNAL ACQUISITION 204

1) BCI COMPETITION IV DATASET II-A 205

BCI competition IV is a publicly available database, consist- 206

ing of EEG dataset II-a acquired in a controlled environment 207

[28]. The dataset consists of four MI classes (left, right, 208

both feet and tongue) recorded from the brain using twenty- 209

two Ag/AgCl electrodes. EEG signals were recorded at a 210

sampling rate of 250 Hz [29]. In this case electrodes were 211

positioned on the scalp with a distance of 3.5cm apart using 212

a 10-20 position system. A fixed cross ‘+’ was displayed on 213
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the screen at t = 0s to signify a start of a trial, while subjects214

were seated facing a projecting computer screen. An external215

stimulus in a form of a beeping sound after two seconds216

(t = 2s) was also used at the beginning of a trial. A visual217

cue represented by an arrow pointing to four directions was218

then displayed for t = 1.25s on the screen, from t =219

3.25s until t = 6s subjects were required to perform motor220

imagery task as illustrated on the experimentation paradigm221

in Figure 2 [29].222

2) OUR OWN RECORDED EEG DATASETS223

Two of our own EEG datasets were recorded using a g.tec224

EEG recording system from five subjects, all participants had225

no BCI training prior to the experiment. In this case six-226

teen electrodes positioned on the scalp according to a 10-20227

positioning system were used [19]. Both MI and SSMVEP228

EEG signals were sampled at 250 Hz. The first datasets229

consisted of four EEG classes (left hand, right hand, both230

feet and tongue) corresponding to four imagined movements231

[30]. At the beginning of a trial subjects were seated facing232

a projecting computer screen, and requested to perform four233

MI tasks for 300 seconds each. At the beginning of every234

300 seconds an arrow corresponding to four MI tasks was235

displayed on the screen, the arrow was used to notify the236

subjects of which MI task to perform. A beeping sound was237

also utilized to notify the subjects to begin performing the MI238

task as illustrated in Figure 3(A).239

Furthermore, the same experiment setup used during240

acquisition of MI-task was used for SSMVEP classes. In this241

case, at the beginning of the experiment, visual stimulus in242

the form of four flashing colored balls were displayed on the243

screen. The flashing balls were tagged with four frequencies244

(29 Hz, 13.3 Hz, 17 Hz and 21 Hz) representing four EEG245

classes [31]. Moreover, the flashing balls were moving in246

four directions corresponding to four movements (left, right,247

up and down). In a trial, subjects were requested to focus248

their attention on the flashing ball. In this instance a beeping249

sound was utilized to notify the subject to begin performing250

SSMVEP tasks for 300 seconds as illustrated in Figure 3(B).251

Acquisition of both MI-SSMVEP EEG datasets lasted for252

twenty minutes equivalent to a signal length of 300000 sam-253

ples per epoch [32].254

B. EEG SIGNAL FILTERING255

1) EEG SIGNAL FILTERING256

BCI competition IV-a dataset was pre-filtered using a 0.5 Hz257

to 100 Hz band-pass filter to eliminate the impact of258

non-physiological artifact such as noise, while a 50 Hz Notch259

filter was utilized to eliminate the impact of line noise [29].260

|II (ω) |2 =
1

1+ ω2n (1)261

Our own EEG datasets were filtered using a 0.5 Hz to 60Hz262

band-pass filter. Equation (1) was used to compute a butter-263

worth band-pass filter, with angular frequency denoted by ω264

in radian per second, and the filter order denoted by n [33].265

Moreover, a notch filter at a cut-off frequency of 50 Hz was 266

also applied on both datasets [29], [34]. 267

VCAR
i = V ER

i −
1
n

n∑
j=1

V ER
j (2) 268

Furthermore, common average reference (CAR) was applied 269

to eradicate the impact of noise from electrodes, and improve 270

signal-to-noise ration of EEG signals. In this case CAR was 271

computed using (2), whereby the potential between ith EEG 272

channel and reference is denoted by V ER
i , while the number 273

of electrodes in a montage is denoted by n [35]. 274

2) EEG SIGNAL DECOMPOSITION 275

ICA algorithm was applied on all three EEG datasets 276

to eliminate the impact of physiological artifacts such as 277

electromyography (EMG), electrocardiogram (ECG) and 278

electrooculogram (EOG) [25], [36]. Transforming EEG sig- 279

nals into ICs in order to select artifact free components is 280

another way of addressing the challenge of interferences [36]. 281

In this case artifactual components are rejected, while arti- 282

fact free ICs are reconstructed into clean EEG signals [37]. 283

Multivariate EEG signals in this instance were transformed 284

into signals containing mutually independent components 285

known as ICs [38]. 286

x = As (t) =
m∑
i=1

aisi (3) 287

Equations (3) was used to compute ICs, whereby the number 288

of observations containing random noises is represented by 289

x = (x1, x2, . . . .xn)T , while s = (s1, s2, . . . .sn)T represents 290

the source signals. Moreover, the mixed matrix is denoted by 291

A while ai represents a vector of rows [25], [39]. 292

z = Vx = WAs (4) 293

Equation (4) represents the number of dimensional vector 294

of independent components denoted by z achieved through 295

a reversible matrix W , whereby V represents a whiten 296

matrix [39]. 297

C. FEATURE EXTRACTION 298

After signal decomposition, three sets of signal features 299

(namely band-power, statistical and wavelet features) are 300

extracted from ICs for each of the three datasets. As such, 301

an extension of discrete wavelet transform (DWT) in the form 302

of wavelet packet transform (WPT) [40], which is highly 303

significant for exhibiting more informative high and low 304

frequencies of a signal, was used to extract 255 wavelet 305

features [40]. 306

x (t) =
+∞∑

k=−∞

CN ,K θ
(
2−N t − k

)
307

+

N∑
j=1

+∞∑
k=−∞

dj,k2
−j
2 ϕ(2−jt − k) (5) 308
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In this case, WPT was computed using (5), in which309

a daubuchies of order 4 (db4) mother wavelet was uti-310

lized to transform ICs into seven decomposed levels or311

wavelet packet tree [41], [42]. The output from each decom-312

posed level represents approximation and detail coefficients.313

A wavelet function denoted by ϕ(t) was used to decompose314

EEG signals into detail coefficients, while a scaling function315

denoted by θ (t) was used to decompose signals into approx-316

imation coefficients. In this case N representing the number317

of samples acquired from the source signals. J represents the318

number of scales, while the subband index within the scale is319

represented by k . The coarse and detail level expansion coef-320

ficients is denoted by CN ,K And dj,k respectively. The dilated321

and translated versions of the scaling and wavelet function322

is denoted by (2−N t − k) and (2−jt − k) respectively [9],323

[43]. Subsequently, a sliding window approach was applied324

on a wavelet packet tree, whereby wavelet coefficients were325

separated into multiple windows fromwhich wavelet features326

are extracted. Each window size was set to 750, while each327

window was incremented by 750. As such a single wavelet328

feature was extracted in the first decomposition level, while329

the number of extracted features in each level doubled until330

the seventh level, mainly because of wavelet coefficients in331

each decomposition level. In this case the decomposition332

levels of a wavelet packet tree are responsible for the resulting333

255 feature size.334

Y (k) =
1
N

∫ N−1

i=0
y(t)e

−j2π
(
k
N

)
i

(6)335

Furthermore, seven EEG frequency bands (delta, theta, alpha,336

mu, central beta, beta and gemma) representing band-power337

features, were extracted from ICs using FFT [35], [44],338

[45]. Ten statistical features (namely mean, median, standard339

deviation, mean absolute deviation, skewness, kurtosis, spec-340

tral entropy and dominant frequency characteristics (maxi-341

mum frequency, maximum value, maximum ratio)) were also342

extracted using FFT [46]. As such, (6) was used to compute343

fast Fourier transform (FFT), with y(t) representing sampled344

values, while the size of a signal domain is denoted by N and345

i represents indices of a domain vector [35], [44], [45].346

D. FEATURE SELECTION347

Differential-evolution-based channel and feature-selection348

(DEFS) algorithm was used to eradicate the problem349

of dimensionality and redundant features. This technique350

detects more informative feature subsets, consisting of high351

predictive power [47]. DEFS algorithm uses differential-352

evolution (DE) optimization and repair mechanism to select353

the best feature subsets [47]. Subsequently (7) defines a scale354

factor F utilized to control iterations between selected feature355

population, c1 representing a constant lower than 1 [47].356

F =
c1rand

max(xj,r1,g, xj,r2,g)
(7)357

Equation (8) was utilized to enable population members358

to oscillate within bounds without crossing the optimal359

solutions, with NF representing the number of features [47]. 360

xj,i,g =
{
NF if xj,i,g > NF
1 if xj,i,g < 1

}
. (8) 361

Equation (9) representing a distribution factor FDj,g was 362

utilized to prevent selected features from being selected more 363

than once in the same feature vector, in which the total 364

number of features is denoted by NF. Suitably chosen pos- 365

itive constant is denoted by a1 that shows the significance 366

of features in PD. In this case PDj represents subsets with 367

a lower fitness as compared to the average fitness of the 368

entire population, while DNF represents the desired number 369

of features to be selected, andNDj representing subsets with a 370

higher fitness as compared to the average fitness of the entire 371

population [47]. 372

FDj,g = a1

(
PDj

PDj + NDj

)
373

+
NF− DNF

NF

(
1−

(PDj + NDj)
max(PDj + NDj)

)
(9) 374

Equation (10) was utilized to compare the previous itera- 375

tion to the current iteration to determine features that have 376

made substantial improvement, and grant higher weights to 377

improved features which are then utilized in the next iteration. 378

In this case FD represents distribution factor [47]. 379

T =
(
FDg+1 − FDg

)
FDg+1 + FDg (10) 380

Equation (11) was utilized to determine the number of times 381

a specific feature was utilized within each iteration based on 382

the updated distribution factor [47]. 383

T = T − 0.5rand (1,NF) (1− T ) (11) 384

Consequently, several relevant parameters were assigned for 385

the DEFS algorithm to select relevant feature subsets. The 386

desired number of features (DNF) was set to 80, and the 387

population size (PSIZE) was set to 150, while the number 388

of generations (GEN) was set to 1000 as the terminating 389

condition [47]. 390

E. FEATURE CLASSIFICATION 391

A transfer learning approach is proposed in this section 392

and compared with two supervised machine learning algo- 393

rithms namely K-NN and NB, mainly to investigate whether 394

multi-source neural information can improve the classifica- 395

tion accuracy of individual sessions or subjects. 396

1) K-NEAREST NEIGHBOR (K-NN) 397

A supervised machine-learning algorithm was used to clas- 398

sify both MI and SSMVEP classes acquired from each of the 399

three datasets respectively. K-nearest neighbor (K-NN) was 400

used to classify samples by locating k samples containing 401

similar independent variables in the training set [4], [43]. 402

DE (x, y) =

√√√√ n∑
i=1

(xi − yi)2 (12) 403
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To obtain different set of k nearest neighbors, K-NN calcu-404

late the distance across instances, in which the Euclidean405

distance is used to obtain the distance between instances.406

Equation (12) was used to compute Euclidean distance,407

whereby two vectors in the feature space are denoted by408

x and y, and their coordinates is denoted by xi and yi409

respectively [47], [48].410

2) NAÏVE BAYES (NB)411

A statistical technique based on the Bayes theorem know as412

naïve bayes (NB) was used to predict the probability of a413

class-generating-observed value for features, it assumes that414

an individual feature of a certain class is isolated from other415

features [7].416

c (E) = argmaxc∈C P(c)
n∏
i−1

P(ai|c) (13)417

Naïve Bayes (NB) is defined by equation (13), whereby E418

signify a vector <a1, a2, . . . , an>, ai representing attributes,419

class variables denoted by C , c representing the value of C420

and the class labels from which E belongs to represented421

by c (E) [7].422

3) TRANSFER LEARNING423

In this section, an inductive transfer learning approach is pro-424

posed to classify EEG signals acquired from various sources.425

TL in this case compensate for minimal labeled data by426

using data represented in different feature space to match427

the distribution between both source and target domains [49].428

Subsequently the proposed approach uses labeled data from429

multiple source domains and labeled data from a single target430

domain to train a model [50]. As such neural information431

from different multiple sources or source domains are utilized432

to enhance the learning performance of the target domain433

[51]. In this case data from a single session\subject is con-434

sidered as a target domain, while data from multiple EEG435

sources are considered as source domains.436

III. EXPERIMENTAL SETUP437

A. INTER-SESSION VARIABILITY438

In this study, five factors are investigated in session-to-session439

experiments. All own datasets were acquired in different440

days, consisting of a single session each. In this case, each441

MI or SSMVEP task was performed for 5 minutes each,442

equivalent to 100 three-second windows or 75000 samples.443

All sessions were 20 minutes long which is equivalent to444

400 three-second windows or 300000 samples [52], [53].445

The IDR of each session was obtained by summing the446

IDRs across 400 three-second windows. In this case each447

accurately predicted 3 second window was considered as a 1,448

while each misclassified 3 second was considered as a 0,449

then the results for 400 three-second windows were summed450

up to give an overall classification accuracy. Moreover, the451

alpha rhythm across each session was obtained by averaging452

100 alpha rhythm peaks [21].453

B. CONCENTRATION LEVEL 454

In this experiment, the alpha rhythm denoted by a frequency 455

band (8Hz – 13Hz) is used as an indicator of concentration 456

level. In this case FFT algorithm is used to extract the alpha 457

rhythm within a frequency between 8Hz and 13Hz from each 458

three second window of EEG datasets. As such intention 459

detection rate (IDR) and the alpha rhythm for each three sec- 460

ond window is compared, mainly to evaluate the relationship 461

between the alpha rhythm and IDR. In a case where the alpha 462

rhythm is high and the corresponding IDR is low then the 463

concentration level is low. 464

C. ICA COMPONENTS MERGE 465

IC selection experiment was extended to investigate whether 466

ICs acquired in different sessions from the same subject 467

possess similar EEG characteristics. As such samples from IC 468

in the first session (Se1(IC-9)) were used for training and val- 469

idation, while samples from the same IC in the second session 470

(Se2(IC-9)) were used for testing during feature classification 471

[14], [15]. In this case, the same procedure was applied 472

for the remaining two conditions (IC-10(Se1-Se2) and 473

IC-11(Se1-Se2)). 474

To be noted that ICA does not have a ordering/sorting 475

mechanism, therefore the order of an ICA component does 476

not have a physical meaning. In this paper, we used the 477

specific ICA components to discuss their impacts on the 478

EEG-BCI performance, and mainly intended to demonstrate 479

that different ICA component selection could lead to different 480

performance, therefore, show that ICA component selection 481

is one factor to be considered. 482

D. INTER-SUBJECT VARIABILITY 483

The fourth experiment investigates whether two different 484

subjects possess similar EEG characteristics. Consequently, 485

samples from one IC acquired from one subject (S1(IC-9)) 486

were used for training and validation, while samples from the 487

same IC acquired from another subject (S2(IC-9)) were used 488

for testing during feature classification [14], [15]. The same 489

procedure was repeated for the remaining two conditions 490

(IC-10(S1-S2) and IC-11(S1-S2)). 491

E. FEATURE CLASSIFICATION 492

In this experiment transfer learning is compared with 493

K-NN and NB, mainly to investigate whether knowledge 494

transfer from multi-source domains can enhance perfor- 495

mance of classification algorithms. As such transfer learning 496

approach uses knowledge from source domains to improve 497

learning performance of the target domain [54]. In this 498

case when transfer learning approach is applied on each 499

dataset, one domain (subject\session) is considered as a tar- 500

get domain, while the remaining domains (subjects\sessions) 501

are treated as source domains.Moreover, whenK-NN andNB 502

classifiers are applied on each dataset respectively, samples 503

from multiple sources (subjects\sessions) are utilized to train 504
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the classifiers, while samples from a single subject\session505

are used to test the classifiers respectively.506

IV. EXPERIMETAL RESULTS507

A. FACTORS TO BE ANALYSED508

1) FACTOR 1: SELECTION OF ICA COMPONENT509

In this section we investigate whether IC selection can sig-510

nificantly affect the performance of both MI and SSMVEP511

based BCI. Firstly, 16 EEG channels were transformed by512

ICA to get 16 ICs, which is a linear mixture of multiple513

EEG channels [38]. As such, the IDRs across sessions of all514

16 ICs were evaluated and compared. In this case Se1(IC11)515

achieved the highest IDR of 100% in SSMVEP Se1, while516

in Se2, the same IC (IC11) achieved an IDR of 83% only,517

as illustrated in TABLE 1. Interpreted to a 17% drop in accu-518

racy was observed across Se1 and Se2. Moreover, Se2(IC7)519

achieved the highest of 92% in the second SSMVEP session,520

while Se1(IC7) achieved an accuracy of 78%, a 14% drop in521

accuracy was observed across both sessions. A 35% increase522

in accuracy across Se1(IC15) and Se2(IC15) was observed,523

which is the highest variation across both sessions, 53% and524

88% in the two SSMVEP sessions respectively. Second to525

this, Se1(IC2) achieved the lowest accuracy of 51%, but 80%526

in Se2, meaning a 29% variation in IDR. Both positive and527

negative variations were observed in TABLE 1.528

For MI sessions, Se2(IC2) and Se2(IC13) achieved the 529

highest accuracy of 69%, while Se1(IC2) and Se1(IC13) 530

achieved an accuracy of 57% and 48% only, as illustrated 531

in TABLE 1. In this instance a 12% variation in IDR 532

occurred across Se1(IC2) and Se2(IC2), while a 21% differ- 533

ence was observed across Se1(IC13) and Se2(IC13). More- 534

over, Se1(IC9) achieved the lowest accuracy of 40%, while 535

Se2(IC9) achieved an accuracy of 62% in MI session 2, 536

meaning a 22% variation. 537

From TABLE 1, one finds that individual ICs for 538

SSMVEP sessions yielded significant variation in IDR, 539

from component-to-component and from session-to-session. 540

In this case, a significant decline in accuracy between ses- 541

sions was observed across components (IC2, IC5, IC8, IC10, 542

and IC15). Moreover, ICs in both MI sessions in most cases 543

achieved a high success rate, however it varies from IC-to-IC. 544

Some significant variations across sessions were observed (in 545

this case across IC4, IC9, and IC13). Based on these results 546

we can conclude that selection of ICs does significantly affect 547

the performance of both MI and SSMVEP based BCI. 548

2) FACTOR 2: CONCENTRATION LEVEL 549

The alpha rhythm denoted by a frequency band (8Hz - 12Hz) 550

is responsible for basic functions (such as concentration) or 551

neural processes of the brain [55]. Subsequently, the alpha 552

TABLE 1. IDRs for individual components.
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FIGURE 4. Relationship between alpha rhythm and success rate (SSMVEP).

rhythm magnitude is used as an indicator of change in con-553

centration level [45]. SSVEP signals are mainly dependent on554

frequency tags flickering at different frequencies [56].555

In this section, we investigate whether change in con-556

centration level across sessions can affect the performance557

of SSMVEP based BCI. To facilitate the investigation our558

own SSMVEP dataset is used in this experiment. The alpha559

rhythm and IDRs obtained from 100 three-second windows560

or 75000 samples in a single session were summed and561

averaged respectively. Concentration level is hard to mea-562

sure. Fortunately, it can be represented by the strength of563

alpha rhythm. It was commonly accepted that the higher564

alpha rhythm indicates a low concentration level, while a565

weaker alpha rhythm means a higher concentration level.566

So in this experiment, we study the relationship between the567

alpha rhythm magnitude and the IDR, instead of using the568

concentration level directly.569

As shown in Figure 4, the negative correlation between570

the IDR using K-NN and alpha rhythm magnitude is clear.571

The highest alpha rhythm at a magnitude of 17.98 uV2 was572

obtained in the first session (Se1) and associated to 80% IDR,573

when the alpha rhythm magnitude decreased to 13.47 uV2
574

in the second session (Se2) the IDR increased to 83%,575

as illustrated in Figure 4(A). In the third session (Se3) an576

alpha rhythm magnitude of 13.77 uV2 is linked to 85%577

IDR. A 14.33 uV2 alpha rhythm is observed in the fourth578

session (Se4) and associated to 81% IDR.579

The same process was repeated using NB classifier as illus-580

trated in Figure 4(B). In this case an alpha rhythm magnitude581

of 17.98 uV2 associated to 82% IDR in the first session (Se1),582

while an alpha rhythmmagnitude decreased to 13.47 uV2 and583

IDR increased to 84% in the second session (Se2) comparing584

to Se1. In the third session (Se3) an alpha rhythm magni-585

tude of 13.77 uV2 is linked to 88% IDR. A 14.33 uV2 alpha586

rhythm magnitude is observed with a 78% IDR in the fourth587

session (Se4).588

From these experiments, one finds that higher alpha 589

rhythms (representing a lower concentration levels) were 590

generated in Se1 and Se4, and resulted in lower IDRs. How- 591

ever, lower alpha rhythmmagnitudes corresponding to higher 592

concentration level were observed in Se2 and Se3, which 593

resulted in higher IDRs. This means the existence of negative 594

correlation between the concentration level and IDR for both 595

SSMVEP and MI based BCIs. Therefore, the concentration 596

level is a significant factor to the IDR. 597

These experiments also reveal that the SSMVEP is not 598

mainly relevant to the frequency of flashing as commonly 599

recognized, but also affected by concentration levels of the 600

users. 601

Motor imagery (MI) task is a mental process in which a 602

subject performs imagined limb movements, as such MI task 603

modulation is highly dependent on concentration [39]. This 604

section investigates if the concentration levels across sessions 605

affect the IDR of MI based BCIs. Our own recorded MI 606

dataset was used to facilitate the investigation. As such the 607

highest alpha rhythm magnitude of 232.39 uV2 associated 608

to 49% IDR was observed in the third session (Se3) using 609

K-NN classifier, while the lowest alpha rhythm magnitude 610

of 202.824 uV2 is linked to 62% IDR in the second session 611

(Se2), as illustrated in Figure 5(A). Moreover, slightly similar 612

alpha rhythm magnitudes of 222.04 uV2 and 222.47 uV2
613

were observed in the first (Se1) and the fourth (Se4) ses- 614

sions, where similar IDRs were achieved. Both the lowest 615

alpha rhythm magnitude and the highest IDR were captured 616

in Se2. 617

Moreover, NB classifier was further employed to evaluate 618

the relationship between the alpha rhythm magnitudes and 619

IDRs in MI sessions as illustrated in Figure 5(B). Conse- 620

quently, the alpha rhythm magnitude of 232.39 uV2 associ- 621

ated to 48% IDR was observed in the third session (Se3), 622

while the lowest alpha rhythm magnitude of 202.824 uV2 is 623

linked to 60% IDR in the second session (Se2). Moreover, 624
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FIGURE 5. Relationship between alpha rhythm and success rate (MI).

FIGURE 6. Relationship between alpha rhythm and success rate (BCI Competition IV-a (MI)).

slightly similar alpha rhythm magnitudes of 222.04 uV2
625

and 222.47 uV2 were observed in the first (Se1) and the626

fourth (Se4) sessions, and resulted in IDRs of 53% and 64%627

respectively.628

These experiments show the negative correlation between629

the alpha rhythm magnitudes and IDRs, therefore, one can630

conclude that the concentration levels affect the IDR of MI631

tasks.632

The effect of changes in concentration levels on the IDRs633

of MI based BCI is further investigated using BCI com-634

petition IV-a datasets. The relationship between the alpha635

rhythmmagnitudes and the IDRs across sessions is evaluated,636

as shown in Figure 6. The highest alpha rhythm magnitude of637

27.99 uV2 is associated to 90% IDR in the first session (Se1),638

while after alpha rhythm magnitude decreased to 23.86 uV2
639

in Se2 the IDR increased to 92% when K-NN is employed640

as illustrated in Figure 6(A). Furthermore, when the alpha641

rhythm further decreased to 22.46 uV2 in Se3, then the IDR642

increased to 95%. When NB classifier is employed an alpha 643

rhythm magnitude of 27.99 uV2 is associated to 88% IDR in 644

the first session (Se1), while after alpha rhythm magnitude 645

decreased to 23.86 uV2 in Se2 the IDR increased to 94% in 646

the as illustrated in Figure 6(B). Furthermore, if the alpha 647

rhythm further decreased to 22.46 uV2 in Se3, then the IDR 648

increased to 98%. 649

From these experiments, one finds that a lower alpha 650

rhythm magnitude corresponds to a higher concentration 651

level denoted by a higher IDR. This further validates the 652

negative correlation between concentration levels and IDRs 653

for the MI tasks. 654

3) FACTOR 3: INTER-SESSION VARIABILITY 655

Diverse mental states as a result of both known and 656

unknown factors give rise to significant challenges in BCI, 657

namely session-to-session variability suspiciously constitut- 658

ing to variations of IDR. Following this hypothesis, the 659
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FIGURE 7. Session-to-session variability results (SSMVEP).

impact of session-session variability on SSMVEP based BCI660

performance is investigated in this section.661

Two datasets (SSMVEP dataset-1 and SSMVEP dataset-2)662

recorded for the same subject but in different days are used663

to facilitate the investigation, in which the IDRs across inter-664

sessions and intra-sessions are evaluated. SSMVEP dataset-1665

is used to extract the features, train and test two classifiers666

(K-NN and NB). Similarly, SSMVEP dataset-2 is used to667

extract the features, train and test two classifiers (K-NN668

and NB). In this case an average IDR of 82% and 83% is669

achieved in the first dataset, while an average IDR of 61% and670

71% in the second dataset for both K-NN and NB classifier671

respectively. However, the IDR variation across sessions due672

to multiple factors resulted in a 21% drop in IDR across both673

datasets whenK-NN classifier is employed, while a 12% drop674

in IDR across both datasets was observed when NB classifier675

is employed. The variation of IDRs among sessions of both676

datasets can significantly affect the average success rate.677

In this case Se1 and Se4 achieved a lowest accuracy of 80%678

and 78%, while Se3 achieved a highest accuracy of 85% and679

88% across all four sessions in SSMVEP dataset-1 for both680

K-NN and NB classifiers respectively, i.e., a highest decline681

in accuracy of 5% was observed for K-NN between Se1 and682

Se3, while 8% decline in accuracy was observed between683

Se3 and Se4 for NB classifier as illustrated in Figure 7(A).684

Furthermore, Se1 achieved a highest accuracy of 69% and685

73%, while Se2 and Se3 achieved a lowest accuracy of 54%686

and 68% across all four sessions in SSMVEP dataset-2 for687

both K-NN and NB classifiers respectively. Consequently,688

a highest decline in accuracy of 15% was observed between689

Se1 and Se2 for K-NN classifiers, while 4% decline across690

Se2 and Se3 was observed for NB classifiers as illustrated691

in Figure 7(B). The first dataset in this instance yielded sig-692

nificant results as compared to the second dataset. Moreover,693

a higher decline in accuracy was observed when K-NN clas- 694

sifier is employed as compared to NB classifier. However, 695

IDRs vary across sessions and same subject datasets acquired 696

in different days. Based on these results we can conclude that 697

session-to-session variability does affect the performance of 698

SSMVEP based BCI [10], [14], [16]. 699

This section further investigates the effect of session-to- 700

session variability on BCI performance with a focus on 701

MI task. Two MI datasets (MI dataset-1 and MI dataset-2) 702

recorded for the same subject but in different days are used 703

to facilitate the investigation, in which the IDRs across inter- 704

sessions and intra-sessions are evaluated.MI dataset-1 is used 705

to extract the features, train and test the classifier. Similarly, 706

MI dataset-2 is used to extract the features, train and test the 707

classifier. Subsequently, an average IDR of 56% is achieved 708

in the first dataset, while an average IDR of 44%, and 52% in 709

the second dataset for both K-NN and NB classifier respec- 710

tively. However, the IDR variation across sessions due to 711

multiple factors resulted in a 12%, and 4% drop in IDR across 712

both datasets using K-NN and NB classifier respectively. 713

In this case Se3 achieved a lowest accuracy of 49% and 48%, 714

while Se2 and Se4 achieved a highest accuracy of 62% and 715

64% across all four sessions in MI dataset-1 using K-NN and 716

NB classifier respectively, i.e., a highest decline in accuracy 717

of 13%, and 12% was observed between Se2 and Se3 when 718

both K-NN and NB classifier respectively as illustrated in 719

Figure 8(A). Furthermore, Se2 achieved a highest accuracy 720

of 47% and 54%, while Se4 achieved a lowest accuracy of 721

37% and 48% across all four sessions inMI dataset-2 for both 722

KNN and NB classifier respectively. Consequently, a highest 723

decline in accuracy of 9% and 5% was observed between 724

Se3 and Se4 for both K-NN and NB classifier respectively 725

as illustrated in Figure 8(B). Moreover, sessions in the first 726

dataset yielded higher IDRs as compared to sessions in the 727
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FIGURE 8. Session-to-session variability results (MI).

TABLE 2. Results for inter-session variability.

second dataset. However, IDRs across sessions fluctuate in728

turn affect the overall success rate. As such we can conclude729

that session-to-session variability does affect the performance730

in the form of success rate of MI based BCI [16], [21].731

EEG signals are non-linear and non-stationary, as such the732

magnitude of EEG signals change over time due to exter-733

nal and internal interferences. In this section, ICs selection734

experiment is extended, mainly to explore the feasibility of735

the same ICs acquired in two different sessions from the736

same subject to contain similar EEG characteristics. Themost737

significant ICs (IC9∼ IC11) are used to investigate the inter-738

session variability. Samples from IC9 in the first session were739

used for training and validation, while samples from IC9740

in the second session were used for testing. This procedure741

is denoted by CSe representing cross-sessions, while WSe742

represents within-session experiment. The same procedure743

(Se1-Se2) was repeated for IC10 and IC11 for all datasets.744

Furthermore, samples from IC-9 in a single session were745

used for training, validation and testing. The same procedure746

(Se1-Se1) was repeated for IC10 and IC11, for both SSMVEP747

and MI sessions. Consequently, (Se1-Se2) was compared748

with (Se1-Se1) to further validate the impact of inter-session749

variability.750

In this case K-NN algorithm was used to classify both 751

(Se1-Se1) and (Se1-Se2) samples as illustrated in TABLE 2. 752

As such IC10(Se1–Se1) achieved a highest accuracy of 753

100%, while IC10(Se1–Se2) achieved lowest accuracies of 754

45% for SSMVEP dataset. A highest decline in accuracy 755

of 55% was observed when samples from IC10(Se1) are 756

integrated with samples from IC10(Se2). Moreover, a highest 757

decline in accuracy of 14% for MI dataset was observed, 758

when samples from IC11(Se1) are integrated with samples 759

from IC11(Se2). In this case IC11(Se1–Se2) achieved a low- 760

est accuracy of 46%, while IC11(Se1–Se1) an accuracy of 761

60%. A highest decline in accuracy of 51% was observed 762

for BCI competition dataset, when samples from IC9(Se1) 763

were merged with samples from IC9(Se2). In this instance 764

IC9(Se1–Se2) achieved a lowest accuracy of 35%, while 765

IC9(Se1–Se1) an accuracy of 86%. 766

Moreover, the same experiment was repeated using NB 767

algorithm to classify both (Se1-Se1) and (Se1-Se2) samples 768

as illustrated in TABLE 2. As such IC9(Se1–Se1) achieved 769

a highest accuracy of 78%, while IC9(Se1–Se2) achieved 770

lowest accuracies of 39% for SSMVEP dataset. A highest 771

decline in accuracy of 39% was observed when samples 772

from IC9(Se1) are integrated with samples from IC9(Se2). 773
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TABLE 3. Results for inter-subject variability.

Moreover, a highest decline in accuracy of 16% forMI dataset774

was observed, when samples from IC9(Se1) are integrated775

with samples from IC9(Se2). In this case IC9(Se1–Se2)776

achieved an accuracy of 50%, while IC9(Se1–Se1) a highest777

accuracy of 66%. A highest decline in accuracy of 11% was778

observed for BCI competition dataset, when samples from779

IC10(Se1) were merged with samples from IC10(Se2). In this780

instance IC10(Se1–Se2) achieved a lowest accuracy of 32%,781

while IC10(Se1–Se1) an accuracy of 43%.782

Based on these results, it is worth noting that non-linearity783

and non-stationarity of EEG signals affects neural dynamics784

of subjects, resulting in significant variability across sessions785

of a single subject. In this case using samples from a sin-786

gle session for training, validation and testing the classifier787

yielded significant results. However, there was a significant788

drop in IDRs when samples from different sessions were789

merged. Moreover, samples from different component pair790

vary from session-to-session, as such BCI performance in the791

form of IDRs will in turn be affected.792

4) FACTOR 4: INTER-SUBJECT VARIABILITY793

Non-stationary characteristics of EEG signals constitute to794

existence of variability between subjects, and in turn affects795

IDR, when common features and classifiers are used across796

users, i.e. inter-subject scenario. This section investigates797

whether two different subjects can possess some similar EEG798

characteristics. Two of our own recorded MI and SSMVEP799

datasets are used to facilitate the investigation.800

Samples from one subject are used for feature extraction,801

classifier training and validation, while samples from the802

other subject are used for testing. In this case, samples from803

IC9 acquired from the first subject, denoted as IC9(S1),804

are used for feature extraction, and classifier training and805

validation, because this IC performs well for this subject.806

Samples from IC9 acquired from the second subject, denoted807

as IC9(S2), are used for testing the classifier, while using the808

samemethod and parameters to extract features from IC9(S2)809

as IC9(S1) used. This procedure is denoted by CS repre-810

senting cross-subjects, while WS represents within-subject811

experiment. The resulting IDRs are denoted as IC9(S1-S2)812

to present using IC9 of the first subject to classify the IC9 of813

the second subject. IC10 and IC11 are also considered due to814

the same reason. Therefore, the same procedure is repeated815

on IC10 and IC11, for both SSMVEP and MI dataset. In this 816

case K-NN algorithm was used to classify both (S1-S1) and 817

(S1-S2) samples. 818

TABLE 3 shows the results, from where one finds that 819

IC11(S1-S2) achieved the highest IDR of 65% in the inter- 820

subject experiments for SSMVEP dataset, while IC9(S1-S2) 821

and IC10(S1-S2) achieved only 30% and 38% respectively. 822

Moreover, IC10(S1-S2) achieved the highest accuracy of 823

48%, while IC9(S1-S2) and IC11(S1-S2) achieved 35% and 824

41% respectively for MI dataset. 825

Similarities in EEG characteristics in different subjects 826

is further explored using BCI competition IV-a dataset for 827

inter-subject experiments, where IC9, IC10, and IC11 are 828

used as example to study the effects of inter-subject EEG 829

characteristics on IDRs. TABLE 3 also shows the results, 830

where IC9(S1-S2) achieved the highest accuracy of 44%, 831

while IC10(S1-S2) and IC11(S1-S2) achieved 28% and 34% 832

respectively. 833

Furthermore, the same experiment was repeated using 834

NB algorithm to classify both (S1-S1) and (S1-S2) sam- 835

ples. As such TABLE 3 shows the results, from where one 836

finds that IC11(S1-S2) achieved the highest IDR of 74% 837

in the inter-subject experiments for SSMVEP dataset, while 838

IC9(S1-S2) and IC10(S1-S2) achieved only 45% and 48% 839

respectively. 840

Moreover, IC9(S1-S2) achieved the highest accuracy of 841

46%, while IC10(S1-S2) and IC11(S1-S2) achieved 41% 842

and 45% respectively for MI dataset. Moreover, TABLE 3 843

also shows inter-subject results using BCI competition IV-a 844

dataset, where IC9(S1-S2) achieved the highest accuracy of 845

36%, while IC10(S1-S2) and IC11(S1-S2) achieved 31% and 846

34% respectively. 847

Based on these results, it is worth noting that SSMVEP 848

based BCI yielded higher inter-subject IDR, when IC11 849

(S1-S2) is used. However, there was a 29% decline in IDR 850

when compared to IC11(S1-S1), in this case (S1-S1) repre- 851

sents training, validation and testing samples from a single 852

subject. A 21% decline in IDR was observed when IC11(S1- 853

S2) is compared with IC11(S1-S1), whereby IC11(S1-S1) 854

achieved an accuracy of 69% for MI based BCI. Moreover, 855

a 46% decline in IDR was observed when IC9(S1-S2) is 856

compared with IC9(S1-S1), whereby IC9(S1-S1) achieved an 857

accuracy of 90% for BCI competition IV-a dataset. Using 858
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FIGURE 9. Classification results using nine SSMVEP sessions.

samples from a single subject for training, validation and859

testing the classifier yielded higher IDR results. However,860

a significant decline in IDRs were captured for all inter-861

subject experiments. If properly select ICs, the SSMVEP862

sessions can be more robust to the inter-subject variability,863

comparing to the MI sessions.864

Conclusively, the inter-subject variability can significantly865

drop the IDR when features and classifiers are used across866

subjects. But there also exist some common characteristics867

among subjects, such as the IC12 in SSMVEP dataset demon-868

strate some clues of these common characteristics.869

5) FACTOR 5: FEATURE CLASSIFICATION870

In this section three classifiers (TL, K-NN, NB) are evaluated871

and compared, mainly to determine whether multi-source872

neural information can be used to improve CA of individual873

sessions, subjects or domains. As such when TL is imple-874

mented Se1 is treated as a target domain, while the remaining875

sessions (Se2∼Se9) are treated as source domains. However,876

when both K-NN and NB are implemented samples from877

(Se2∼Se9) are used to train the classifiers, while samples878

from Se1 are used to predict. In this case nine SSMVEP879

sessions acquired in different days are used to facilitate the880

investigation. Subsequently a highest accuracy of 98% was881

obtained for TL when Se6 is the target domain, while the rest882

of the sessions are source domains (Se1∼Se5 and Se7∼Se9)883

as illustrated in Figure 9. However, accuracies of 27% and884

46% were observed for both K-NN and NB respectively,885

when samples from 8 sessions are used to train the classifiers886

and samples from a single session are used to test the clas-887

sifier. In a similar manner TL achieved highest accuracies of888

95% and 89% when Se4 and Se8 are target domains respec- 889

tively. Moreover, accuracies of 37% and 52% were observed 890

for NB, while 44% and 55% were observed for K-NN across 891

Se4 and Se8. An accuracy of 88% was obtained for TL 892

across Se2 and 69% across Se5 as target domains. However, 893

a decline in accuracy was observed whereby K-NN achieved 894

accuracies of 40% and 55%, while NB achieved accuracies 895

of 26% and 49% across both Se2 and Se5 respectively. Fur- 896

thermore, accuracies of 48% and 50% were obtained for TL 897

when Se1 and Se9 are target domains, accuracies of 52% and 898

43%were observed for NB, while K-NN achieved accuracies 899

of 57% and 46% respectively. Moreover, a lowest accuracy of 900

24%was obtained when Se3 is a target domain, while the rest 901

of the sessions are source domains (Se1∼Se2 and Se4∼Se9). 902

In this case noise, low concentration level or mental fatigue 903

can affect transferability across domains, in turn constitute 904

to low IDR when Se1, Se3 and Se9 are considered as target 905

domain. 906

Based on this results it is worth noting that transfer learning 907

approach can significantly improve classification accuracy, 908

as compared to using samples from multiple sessions to 909

train, while samples from a single session are used to test 910

the classifier. In this case a significant decline in accuracy 911

was observed for both K-NN and NB when samples from 912

8 different sessions are used to train and 1 session to test 913

the classifier. However, a significant increase in accuracy was 914

observed when knowledge from multiple source domains are 915

used to enhance learning performance of the target domain as 916

depicted in Figure 9. 917

Five SSMVEP subjects are further evaluated and compared 918

using three classification methods (TL, K-NN, NB), mainly 919
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FIGURE 10. Classification results using five SSMVEP subjects.

TABLE 4. Average classification accuracy on three datasets.

to determine whether multi-source neural information can920

be used to improve CA of individual sessions, subjects or921

domains. Subsequently when TL is implemented S1 is treated922

as a target domain, while the remaining subjects (S2∼S5)923

are treated as source domains. However, when both K-NN924

and NB are implemented samples from (S2∼S5) are used925

to train the classifiers, while samples from S1 are used to926

predict. In this case neural information from four subjects are927

considered as the source domains, while a single subject is928

treated as the target domain. Subsequently a highest accuracy929

of 64% was obtained when S5 is the target domain, while930

the rest of the subjects are source domains (S1∼S4) as illus-931

trated in Figure 10. However, accuracies of 42% and 49%932

were observed for both K-NN and NB respectively, when933

samples from 4 subjects are used to train the classifiers and934

samples from a single subject are used to test the classifier.935

In a similar manner TL achieved an accuracy of 53% when936

both S3 and S4 are target domains respectively. Moreover,937

accuracies of 25% and 37% were observed for NB, while938

45% and 40% were observed for K-NN across S3 and S4939

respectively.940

A lowest accuracy of 50% was achieved when S1 is the 941

target domain and the other subjects (S2∼S5) are source 942

domains. Subsequently, a decline in accuracy was observed 943

when samples from S1 are used to test and samples from 944

(S2∼S5) are used to train the classifier. As such both K-NN 945

and NB achieved an accuracy of 40% and 37% respectively. 946

In this case evaluating commonalities across different 947

subjects using samples from multiple subjects to train the 948

classifier, and samples from another single subject to test 949

the classifier resulted in a significant decline in accuracy 950

as depicted in Figure 10. However, an increase in IDR was 951

observed when TL is employed to transfer knowledge in the 952

source domains to a target domain, while IDR deteriorated 953

for both K-NN and NB when samples from five subjects are 954

used to train, and samples from a single subject to test the 955

classifiers. Moreover, based on this results it is also worth 956

noting that all 5 subjects were BCI illiterates and had no 957

prior BCI training before the experiment, as such a factor 958

such as a feeling of tiredness was observed during SSMVEP 959

signal acquisition, which may in turn affect the quality of 960

EEG signal and resulting in low prediction rate. 961
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FIGURE 11. Classification results using nine MI subjects.

To further investigate whether neural information from var-962

ious sources can improve IDR of individual sessions/subjects963

or domains, three classifiers (TL, K-NN, NB) are evaluated964

and compared in this section. BCI competition IV-a dataset965

(consisting of nine subjects performing MI tasks) is used to966

facilitate the investigation. As such S1 is treated as a target967

domain, while the remaining sessions (S2∼S9) are treated968

as source domains when TL is implemented. However, when969

both K-NN and NB are implemented samples from (S2∼S9)970

are used to train the classifiers, while samples from S1 are971

used to predict. Subsequently a highest accuracy of 99% was972

obtained for TL when S3 is the target domain, while the rest973

of the subjects are source domains (S1∼S2 and S4∼S9) as974

illustrated in Figure 11. However, accuracies of 68% and 38%975

were observed for both K-NN and NB respectively, when976

samples from 8 subjects are used to train the classifiers and977

samples from a single subject are used to test the classifier.978

In a similar manner TL achieved highest accuracies of 91%979

and 94% when S1 and S8 are target domains respectively.980

Moreover, accuracies of 41% and 65% were observed for981

NB, while 93% and 48% were observed for K-NN across982

S1 and S8. An accuracy of 70% was obtained for TL across983

S7 and 74% across S5 as target domains. However, a decline984

in accuracy was observed whereby NB achieved accuracies985

of 35% and 32%, while K-NN achieved accuracies of 54%986

and 55% across both S7 and S5 respectively. Furthermore,987

accuracies of 74% and 85% were obtained for TL when S4988

and S9 are target domains, similarly accuracies of 52% and989

39%were observed for NB, while K-NN achieved accuracies990

of 56% and 48% respectively. A further decline in accuracy991

was observed across S6, whereby NB achieved an accuracy992

of 42% and K-NN an accuracy of 51%, while an increase 993

in accuracy was observed when S6 is the target domain, 994

in this case TL achieved an accuracy of 69%. Moreover, 995

a lowest accuracy of 52% was obtained when S2 is a target 996

domain, while the rest of the sessions are source domains 997

(S1 and S3∼S9). 998

From these results it is worth noting that learning tasks in 999

unrelated domains during BCI training turns to show intense 1000

individual variations across subjects. However, a significant 1001

increase in accuracy or learning performance was observed 1002

across domains, when TL is employed to transfer features in 1003

the source domains to the target domains. In this case TL 1004

approach shows significant increase in classification accu- 1005

racy as compared to both K-NN and NB when samples from 1006

8 subjects are used to train, while samples from a different 1007

single subject are used to test the classifier. Moreover, sig- 1008

nificant variations in CA across all 9 target domains were 1009

observed, and based on these results it is also worth noting 1010

that variability in neural dynamics across different subjects 1011

can result in negative transfer, which in turn deteriorate CA 1012

across target domains. 1013

The performance of all three classifiers is further evalu- 1014

ated to determine whether features from different sources 1015

can enhance prediction rate of individual sessions/subjects. 1016

TABLE 4 shows the average CA results, where TL firstly 1017

achieved a highest average accuracy of 72% as compared 1018

to both K-NN and NB, with highest average CAs of 50.4% 1019

and 41.2% respectively when 9 sessions are used for cross- 1020

session classification. Furthermore, when 5 subjects are con- 1021

sidered for cross-subject classification, a highest average CA 1022

of 56.8% was observed when TL is employed, while lowest 1023
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average CA of 43% and 35.4% were achieved when both1024

K-NN and NB are employed respectively as illustrated in1025

TABLE 4. Moreover, TL also achieved a highest average1026

accuracy of 76.6% as compared to both K-NN and NB, with1027

average CAs of 58% and 42.4% respectively when 9 subjects1028

are considered for cross-subject classification. In this case TL1029

outperformed both K-NN and NB classifier, and based on this1030

results it is worth noting that features from various sources1031

can significantly enhance performance when TL is employed,1032

while a significant decrease is observed when both NB and1033

K-NN are employed.1034

V. DISCUSSION1035

BCI performance in the form of IDR from EEG signals is a1036

significant component of EEG based BCIs. Although reduc-1037

ing signal-to-noise ratio of EEG signals through filtering1038

and decomposition has proven to be important, other factors1039

also demonstrate significant effects on the IDR. We picked1040

few potential factors and studied their impacts on the IDR.1041

The selection of ICs affects the performance of BCIs due1042

to sessional diversity, as shown in the results in TABLE 1,1043

where IDRs vary significantly among individual ICs, with1044

the highest 100% IDR contrasting with the lowest 51% for1045

SSMVEP, and 69% against 47% for MI tasks, for the same1046

subject in the same session.1047

The alpha rhythm wave is recognized responsible for1048

neural processes such as concentration, in this case the1049

alpha rhythm magnitude validated the effects of changes in1050

concentration level on IDR. The changes in alpha rhythm1051

magnitudes were strongly associated to the changes of1052

IDR, in an inverse proportional manner. A 13% increase1053

in alpha rhythm magnitude was observed across Se2 and1054

Se3 which resulted in a 13% decrease in accuracy for own1055

MI dataset. As demonstrated in Figures 4, 5 and 6 in this1056

paper, the results further validate that change in concen-1057

tration level can be represented by an alpha rhythm wave.1058

SSMVEP sessions seem more robust to the concentration1059

changes, though the inverse proportional relationship exists1060

as well.1061

Some known factors such as cognitive alteration, physio-1062

logical and non-physiological factors can be tuned to mini-1063

mize variability across sessions. However, the inter-session1064

variability still significantly drops the IDRs across both intra1065

and inter-sessions. A 21% and 15% decreases of IDR were1066

observed across SSMVEP and MI sessions respectively.1067

Merging neural information from sessions acquired in dif-1068

ferent days resulted in a significant drop in intention detection1069

rate. Though significant drops were observed, meaningful1070

IDRs of 65% and 59% were achieved for SSMVEP and1071

MI sessions when samples from Se1(IC5) were incorporated1072

with samples from Se2(IC5), which means there are some1073

common characteristics exist in different sessions, which can1074

be used for inter-session tasks. In this case IC selection is still1075

a crucial factor for inter-sessions IDRs.1076

A significant decline in IDR was observed when EEG 1077

signals acquired from different subjects were merged. The 1078

highest accuracy of 65% was observed for SSMVEP when 1079

samples from IC12 of the first subject (S1) were incorporated 1080

with samples from IC12 from the second subject (S2) for 1081

SSMVEP tasks. A maximum accuracy of 48% was observed 1082

for MI-tasks, when samples from IC11 of the first subject 1083

(S1) were incorporated with samples from IC11 of the second 1084

subject (S2). This is interpreted to significant inverse effects 1085

of inter-subject variability on IDRs, meanwhile, the existence 1086

of common inter-subject characteristics is also supported by 1087

the experimental results, although such characteristics might 1088

be weak. 1089

Using neural information frommultiple sources to enhance 1090

learning performance of the target domain resulted in a sig- 1091

nificant increase in CA, while a decline in CA was observed 1092

when samples from multiple sources are used to train the 1093

classifiers, and samples from a single source to predict. Trans- 1094

fer learning in this instance has yielded a significantly high 1095

accuracy as compared to both K-NN and NB classifiers using 1096

SSMVEP sessions, whereby a highest accuracy of 98% was 1097

achieved when Se6 is the target domain, and the remain- 1098

ing sessions (Se1∼Se5 and Se7∼Se8) are source domains 1099

as depicted in Figure 9. In this case both K-NN and NB 1100

achieved accuracies of 59% and 52% which is significantly 1101

low as compared to TL. In a similar manner TL yielded a 1102

highest accuracy of 64% as compared to both K-NN and 1103

NB using SSMVEP subjects, when S5 is the target domain 1104

and (S1∼S4) are source domains. K-NN yielded a highest 1105

accuracy of 49% when samples from (S1∼S4) are used to 1106

train and S5 to predict, while NB achieved a highest accuracy 1107

of 37% when samples from (S2∼S5) are used to train and 1108

S1 to predict as demonstrated in Figure 10. Furthermore, 1109

TL achieved a highest accuracy of 99% as compared to both 1110

K-NN and NB using BCI competition IV-a dataset, when 1111

S3 is the target domain and (S1∼S2 and S4∼S9) are source 1112

domains. K-NN obtained a highest accuracy of 68% when 1113

samples from (S1∼S2 and S4∼S9) are used to train and S3 to 1114

predict, while NB achieved a highest accuracy of 65% when 1115

samples from (S1∼S7 and S9) are used to train and S8 to 1116

predict as depicted in Figure 11. 1117

VI. CONCLUSION 1118

This study investigated the impact of five factors contributing 1119

to low IDR of EEG based BCIs, including the selection of 1120

ICs, changes in concentration level, inter-session and inter- 1121

subject variability, feature classification. Three datasets (BCI 1122

competition IV-a and our own recorded SSMVEP and MI 1123

datasets) were used to facilitate the investigation. After ICA, 1124

16 independent components were obtained and used in all 1125

experiments. Significant varying IDRs were captured, corre- 1126

sponding to concentration levels indicated by the following 1127

factors: (i) alpha rhythm magnitude, (ii) variability within 1128

components, (iii) variability within sessions, (iv) variability 1129

within subjects, and (v) classification methods. 1130
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Experimental results supported the significance of the con-1131

cerned factors on IDR of BCIs. Moreover, domain transfer1132

learning approachwas introduced, mainly to address the chal-1133

lenge of inter-session and inter-subject variability. In this case1134

domain transfer learning resulted in a significant increase in1135

accuracy across domains, while a significant decline in IDRs1136

was observed when samples from multiple subjects/sessions1137

are utilized to train the classifier and a single subject/session1138

to test the classifiers (NB and K-NN) in a classical BCI.1139

Besides of the concerned factors, there are still more1140

potential factors which might affect the IDR under vari-1141

ous scenarios, such as the feature manipulation in spaces,1142

domains, manifolds, etc. These factors will be considered in1143

the future study.1144
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