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Abstract

Brain-computer interfaces (BCls) provide alternative means of communication and
control for individuals with severe motor or speech impairments. Multimodal BCls
have been introduced recently to enhance the performance of BCls utilizing single
modality. In this paper, we aim to advance the state of the art in multimodal BCls
combining Electroencephalography (EEG) and functional transcranial Doppler ultra-
sound (fTCD) by introducing advanced analysis approaches that enhance system
performance. Our EEG-fTCD BCls employ two distinct paradigms to infer user intent:
motor imagery (MI) and flickering mental rotation (MR)/word generation (WG) par-
adigms. In the MI paradigm, we introduce the use of Filter Bank Common Spatial
Pattern (FBCSP) for the first time in an EEG-fTCD BCI, while in the flickering MR/WG
paradigm, we extend FBCSP application to non-motor imagery tasks. Additionally, we
extract previously unexplored time-series features from the envelope of fTCD sig-
nals, leveraging richer information from cerebral blood flow dynamics. Furthermore,
we employ a Bayesian fusion framework that allows EEG and fTCD to contribute
unequally to decision-making. The multimodal EEG-fTCD system achieved high clas-
sification accuracies across tasks in both paradigms. In the MI paradigm, accuracies
of 94.53%, 94.9%, and 96.29% were achieved for left arm Ml vs. baseline, right arm
Ml vs. baseline, and right arm Ml vs. left arm MI, respectively — outperforming EEG-
only accuracy by 3.87%, 3.80%, and 5.81%, respectively. In the MR/WG paradigm,
the system achieved 95.27%, 85.93%, and 96.97% for MR vs. baseline, WG vs.
baseline, and MR vs. WG, respectively, showing accuracy improvements of 2.28%,
4.95%, and 1.56%, respectively compared to EEG-only results. Overall, the proposed
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analysis approach improved classification accuracy for 5 out of 6 binary classification
problems within the Ml and MR/WG paradigms, with gains ranging from 0.64% to 9%
compared to our previous EEG-fTCD studies. Additionally, our results demonstrate
that EEG-fTCD BCls with the proposed analysis techniques outperform multimodal
EEG-fNIRS BCls in both accuracy and speed, improving classification performance
by 2.7% to 24.7% and reducing trial durations by 2—-38 seconds. These findings high-
light the potential of the proposed approach to advance assistive technologies and
improve patient quality of life.

1. Introduction

Brain computer interface (BCl) is a technology aiming at providing a direct commu-
nication channel between the central nervous system and external devices [1,2].
Therefore, BCls can assist individuals suffering from disorders that limit their ability
of interaction with the surrounding environment such as stroke, amyotrophic lateral
sclerosis, cerebral palsy or spinal cord injury by providing alternative means of com-
munication [3]. Other BCI applications include controlling robots [4], prosthetic limbs
[5], rehabilitation [6], virtual reality [7] and neurogaming [8].

Both invasive and non-invasive neuroimaging modalities have been used to
develop BCls. Non-invasive BCls are safer, offering high accessibility, cost effective-
ness, and scalability [9,10]. Different noninvasive neuroimaging modalities captur-
ing the electrical and metabolic activity of the brain have been used in BCI design
including electroencephalography (EEG) [11,12], functional near-infrared spectros-
copy (fNIRS) [13], functional magnetic resonance imaging (fMRI) [14] and magneto-
encephalography (MEG) [15]. Among these modalities, EEG is the most commonly
used modality due to its portability, cost-effectiveness and high temporal resolution
[16]. However, it has a low signal to noise ratio and low spatial resolution. In addition,
it is prone to non-stationarities resulting from external electrical interference and inter-
nal brain background activity [17]. These drawbacks limit the performance of EEG-
based BCls outside laboratory-controlled environments and lead to misidentification
of user intent and false-command generation [18].

To improve the performance of EEG-based BCls, various approaches have
been proposed, including enhancements in feature extraction techniques and the
development of hybrid BCI designs. Recent work focused on improving classifica-
tion accuracy and enhancing robustness by integrating different evoked potentials
[19,20,21]. Other studies introduced signal detection approaches for steady-state
visually evoked potentials (SSVEPSs) to improve reliability in real-world applications
[22,23]. Traditional feature extraction approaches, such as Common Spatial Patterns
(CSP), have been widely used to separate EEG motor imagery tasks [24]. Filter
bank CSP (FBCSP) was introduced to enhance feature extraction across multiple
frequency bands [25]. To improve robustness of CSP, L1-Norm-based feature selec-
tion and Dempster-Shafer theory-based optimization were proposed [26]. Different
classifiers such as Support Vector Machines (SVM), Linear Discriminant Analysis
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(LDA), and Multi-Layer Perceptron (MLP) were explored to infer user intent [27,28,29]. Recently, deep learning methods
were introduced to extract multi-scale spatial, temporal, and frequency-domain features, such as Frequency Deformable
Convolutional Networks (FDCN-C) [30], Multi-Scale Convolutional Neural Networks (MS-CNN) [31], Adaptive Transfer
Learning-based CNN (MSFFCNN) [32], Multiscale Spatial-Temporal Feature Fusion Neural Network (MSTFNet) [33] and
Multi-Scale Deep Convolutional Neural Networks (MOCNN) [34]. While these models have demonstrated strong classi-
fication performance, their significant computational requirements and extended training times remain significant chal-
lenges, limiting their practicality for real-time BCI deployment

Multimodal BCIs employing EEG in addition to other modalities measuring different brain activities such as fNIRS
and fMRI were proposed to overcome the limitations of single-modality EEG-based BCls [35]. However, EEG-fMRI BCls
cannot be implemented in practice due to their non-portability, high cost, and the need for a highly controlled environment
for efficient performance [36,37]. fNIRS is the most commonly used second modality in multimodal BCI systems due to
its portability and immunity against electrical noise, however, it suffers from low temporal resolution [38—40]. Additionally,
infrared signals can be blocked by the user’s hair [41,42]. These limitations hinder the applicability of EEG-fNIRS multi-
modal BCls in real-time applications.

Functional transcranial Doppler ultrasound (fTCD) has been suggested as a fast and cost-effective alternative for
fNIRS in BCI design, offering faster response times and simpler setup complexity [43]. fTCD assesses the cerebral blood
flow velocity (CBFV) using two ultrasound transducers placed above the zygomatic arch on both left-side and right-side
transtemporal windows [44]. Recently, we proposed a multimodal BCl combining EEG and fTCD modalities as a faster
and more efficient alternative to EEG-fNIRS BCls [45—49]. This BCI employed two different paradigms to induce simul-
taneous changes in EEG and fTCD through presenting visual stimuli that instruct participants to perform motor imagery
tasks (MI paradigm) [46,47] as well as flickering mental rotation (MR) and word generation (WG) tasks (flickering MR/WG
paradigm) [45,48].

For fTCD, most studies employed wavelet decomposition, which effectively captures temporal and frequency-domain
features but is computationally intensive and less applicable for real-time systems. Our study instead uses time-series
features from the fTCD envelope, preserving critical information while significantly reducing computational demands. This
approach improved classification accuracy by 9% in mental rotation tasks compared to state-of-the-art EEG-fTCD sys-
tems. Significant fTCD features were selected using the Wilcoxon rank-sum test, and classification was performed using a
linear kernel SVM.

In this paper, we aim at improving the performance of Ml and MR/WG EEG-fTCD BCls through applying analysis
approaches that have not been previously used to analyze multimodal EEG-fTCD data. Specifically, we apply Filter Bank
Common Spatial Pattern (FBCSP) for the first time in an MI-based EEG-fTCD BCI and expand its use to non-motor imag-
ery tasks in the flickering MR/WG EEG-fTCD BCI. Furthermore, we extract novel time-series features from the envelope
of fTCD signals. Moreover, we investigate the contribution of each modality in user intent inference within each paradigm.
Three binary classification problems were investigated for each paradigm, including left MI versus baseline, right Ml ver-
sus baseline, and left Ml versus right Ml for the MI paradigm as well as MR versus baseline, WG versus baseline, and WG
versus MR for the flickering MR/WG paradigm.Rather than concatenating feature vectors from EEG and fTCD, we imple-
mented a probabilistic Bayesian fusion approach, which assumes that EEG and fTCD provide independent but unequally
weighted evidence.

2. Materials and methods

2.1. Data acquisition and preprocessing

EEG data were collected using a g.tec system with 16 electrodes placed according to the 10—20 system at positions
Fp1, Fp2, F3, F4, Fz, Fc1, Fc2, Cz, P1, P2, C1, C2, Cp3, Cp4, P5, and P6, with the reference electrode placed at the
left mastoid. The acquired signals were sampled at 256 samples/sec. fTCD data were collected at a sampling rate of
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44 1kHz using a SONARA TCD system with two 2 MHz transducers placed at the left and right sides of the transtemporal
window, located above the zygomatic arch. A total of 21 healthy participants (age range: 23—-32 years) participated in the
study, completing a single 25-minute session. The flickering MR/WG paradigm dataset includes data from 11 right-handed
participants (3 females), and the Ml paradigm dataset includes data from 10 right-handed participants (6 females). Written
informed consent was obtained from all participants, and the study was approved by the University of Pittsburgh’s Institu-
tional Review Board (IRB) under IRB number PRO16080475. Data collection occurred between April 17 and September
22, 2017.

The EEG data were bandpass filtered during acquisition using the g.tec amplifier’s filters, with corner frequen-
cies at 2 and 62 Hz and a notch filter applied between 58 and 62 Hz to remove power line noise. This filtering step
ensured that the EEG data were within the desired frequency range, removing unwanted artifacts before analysis.
For the fTCD data, downsampling was performed to reduce computational demands. Specifically, the data were
downsampled by a factor of 5 using a low-pass filter with a corner frequency of 4.4 kHz, resulting in a final sampling
rate of 8.82kHz.

2.2. Experimental design

The multimodal BCI system employs two visual presentation paradigms to induce simultaneous changes in EEG and
fTCD recorded signals. The first paradigm uses motor imagery (MI) tasks while the second one uses flickering mental
rotation (MR) and word generation (WG) tasks. Fig 1A shows the MI paradigm visual presentation [47] with three icons
presented on the screen including left and right horizontal arrows representing left arm Ml and right arm MI tasks respec-
tively, and a fixation cross representing resting state. When the left arm Ml task is selected by the vertical red arrow,
participants imagine moving their left arm. Similarly, right arm movement is imagined if the right arm Ml task is selected.
During the experiment, the vertical arrow points randomly to one of the three icons for 10s (trial duration) and participants
perform the task specified by the vertical arrow. In our system, the rest task — where the user focuses on the fixation
cross — is randomly selected by the vertical arrow and treated as a separate task, rather than enforcing a rest period
after each trial. This design simulates a scenario where the user chooses not to issue any commands. A total of 150 trials
were presented to each participant. Fig 1B shows the flickering MR/WG paradigm visual presentation [45] with three
icons presented on the screen. The left icon is a random letter representing the WG task. When selected by the vertical
red arrow, participants think of words that begin with the letter displayed on the screen. The right icon shows identical 3D
shapes rotated with different angles representing the MR task. When selected by the vertical arrow, participants mentally
rotate the shapes to decide if they are identical or mirrored. Finally, the icon in the middle is a fixation cross representing
resting state. MR and WG tasks can be distinguished through fTCD due to the differences in blood perfusion they yield on
the two sides of the brain [43]. Because these tasks do not induce differences in EEG signal, MR/WG tasks were modi-
fied to induce differences in EEG signal by being textured with a flickering checkerboard pattern as shown in Fig 1B. This
flickering pattern induces a steady-state visually evoked potential (SSVEPs) in EEG. The MR task was modified to flicker
at 7 Hz while the WG task was modified to flicker at 17 Hz. Similar to the Ml paradigm, the vertical arrow points randomly
to one of the three icons for 10s (trial duration) with a total of 150 trials presented to each participant. Fig 1C shows the
multimodal system setup during one of the data collection sessions while Fig 1D shows a schematic illustrating EEG
electrodes and fTCD transducers placement. A flowchart of the sequence of events during each data collection session is
shown in Fig 2.

2.3. EEG feature extraction

The Common Spatial Pattern (CSP) algorithm is widely employed in Ml EEG-based BCls for feature extraction [24,50].
CSP identifies spatial filters that linearly transform EEG signals from two classes into a new space, where the variance of
one class is maximized while the variance of the other is minimized. This enhances the separability of EEG observations
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Fig 1. Stimulus presentation for the motor imagery paradigm (A) and the flickering MR/WG paradigm (B), along with (C) the multimodal sys-
tem setup captured during a data collection session [45] and (D) a schematic illustrating EEG electrodes and fTCD transducers placement.

https://doi.org/10.1371/journal.pone.0311075.g001

associated with distinct tasks. However, CSP performance is highly dependent on subject-specific parameters, such as
the selected frequency range, which must be manually specified for each individual [51]. Incorrect or suboptimal frequency
selection significantly degrades the performance of the algorithm [52].

To address these limitations, Filter Bank Common Spatial Pattern (FBCSP) was proposed [25]. FBCSP improves upon
CSP by automatically dividing the EEG signal into multiple frequency bands and applying CSP to each band separately.
This eliminates the need for manual frequency selection and ensures that relevant frequency components (e.g., motor
rhythms or steady-state visual evoked potentials) are captured more effectively [51,53]. In this study, FBCSP was applied
to EEG data of both paradigms. While FBCSP is well-known as a feature extractor for M| EEG data, in this work, we
extend FBCSP applications and show that it can be a successful feature extraction method when applied to SSVEP MR/
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Fig 2. Flowchart illustrating the temporal sequence of events in each data collection session.
https://doi.org/10.1371/journal.pone.0311075.9002
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WG and MI EEG data. FBCSP first splits the EEG signals from both paradigms into multiple frequency bands using band-
pass filters. In this study, the EEG signals from both paradigms were bandpass filtered in the 2—60 Hz frequency range
to ensure the SSVEP related changes in the MR/WG paradigm as well the event-related synchronization and desynchro-
nization rhythms in the Ml paradigms are fully represented in the EEG signal [54,55]. The 2—60 Hz frequency range was
divided into 9 non-overlapping bands, each having a bandwidth of 6.5 Hz. Within each frequency band, CSP computes
spatial filters that maximize the variance differences between the two classes (e.g., task vs. rest). These filters effectively
highlight features in the EEG signal that are most relevant for distinguishing between the classes of interest. Within each
frequency band, CSP finds optimal spatial filters through solving the equations below [56,57]:

For a given trial, EEG signal can be represented by a matrix EN*T where N is the number of channels and T is the num-
ber of samples per channel. Covariance C of each trial is calculated as:

B EET
~ trace (EET) (1)
The class-specific average covariance matrices are:
1 M
Boe (4} = 1 2y O @

Where M is the number of trials in class c. CSP computes spatial filters W by solving the optimization problem that
maximizes the variance difference between two classes:

max, WS W

max,W's W
st WI(Z, + 2)W=1 (3)

where X is the average trial covariance matrix for class ¢ < {+, -} and WX W is the variance in direction W.
Simultaneous diagonalization of ¥;matrices can find the optimal spatial filters matrix W from Equation (3).

WSy W= A
-
WS W=

such that N4y + A = / (4)
where A is the eigenvalue diagonal matrix. Solution of (4) is equivalent to solution the generalized eigenvalue problem

in (5)
D) Wj = A B)W (5)

(+)
Where w; is the J generalized eigenvector and A = % represents the class separability for the spatial filter.
J

AT = wTsow
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Where )\j@ are the diagonal elements of A,. Aj(“ + A;_) — 1given that A\(+) T A = I Therefore, a higher value of
>\j(+) corresponds to a lower value of )\;'), leading to increased variance in the positive class after filtering using the spa-
tial filter w;, while simultaneously reducing variance in the negative class after filtering using the same spatial filter w;.

Since the optimal number of eigenvectors that maximizes the separation the two classes of interest depends on various
factors, including the mental tasks being distinguished and the number and placement of EEG electrodes, we tested the
classification performance for the binary classification problems of both paradigms at all possible numbers of eigenvectors. In
particular, we spatially filtered EEG data using 1, 2, 3, ...., and 8 eigenvectors from both ends of W. Therefore, performance
of both EEG only and multimodal combination was evaluated using 2N¢(2, 4, 6, ...., and 16) eigenvectors for each frequency
band. CSP features included the log variance of each spatially filtered signal. This yielded 2N;EEG features per band. Fea-
tures calculated for EEG bands were concatenated to form the EEG features vector which contained 9x2 N¢features per trial.

2.4. fTCD Feature Extraction

Studies performing fTCD signals analysis commonly extract features from the raw fTCD data [43,58]. In this study, we
extracted features from the fTCD envelope signal, which is derived from the raw fTCD signal captured by the transducers.
fTCD envelope signal represents maximal blood flow velocity, while raw fTCD signal represents the echoes recorded by
the transducers due to many scatterers moving with different velocities [37]. To convert the amplitudes of the raw fTCD
signal to velocities, the Doppler effect equation below was used.

2 f; v coscos 6

fo=f—fi= . @

Where f; is the transmitted frequency, f; is the received frequency, f,is the doppler shift due to the velocity of the scatter-
ers, c is the speed of sound in tissue (1560cm/s), v is the velocity of the scatterer, and 6 is the angle between the ultra-
sound wave and the flow direction. From this equation, it can be noted that scatterers moving with the highest speed cause
the maximal frequency shift. To calculate the envelope signal from raw fTCD data, short-time Fourier transform (STFT) is
used to obtain the spectrogram of the raw signal and the maximal frequency which corresponds to the highest blood flow
velocity. fy is plugged into the doppler equation to obtain the corresponding velocity. Fig 3 details the process of calculating
the envelope for a sample raw fTCD signal of one trial acquired from the left middle cerebral artery of a single subject.

Time series feature extraction library (TSFEL) was employed to extract features from fTCD envelope signals. Given the
lack of established fTCD feature sets in literature, we employed an exploratory approach to extract a comprehensive set of
statistical, spectral, and temporal features using TSFEL. This allowed us to capture diverse signal characteristics without
restricting the analysis to predefined feature sets. The library has been used to extract statistical features for wavelet coeffi-
cients, as these features have been proved to be successful in fTCD-only BCls [43]. Moreover, we used the library to calcu-
late various sets of features, specifically, statistical features that capture signal distribution and variability (including histogram
statistics, variance, and empirical cumulative distribution metrics), spectral features that characterize frequency components
through both Fourier and wavelet analysis, and temporal features that quantify signal evolution over time using metrics like
autocorrelation and peak characteristics. A complete list of features computed by the algorithm is summarized in Fig 4.

2.5. Feature selection and classification

The Wilcoxon rank-sum test [59] was used to select significant features from fTCD feature vectors of both the MI and
MR/WG paradigms at p-value of 0.05. SVM classifier with linear kernel [49] was used to evaluate the performance of
single-modal BCls, i.e., EEG only and fTCD only of both paradigms using a 10-fold cross validation scheme. fTCD only
performance was evaluated using features selected at p-value of 0.05 while EEG only performance was evaluated using
2Nf (2, 4, 6, ...., and 16) CSP features per frequency band. fTCD only accuracies as well as best EEG only accuracies
were reported in the results section below.
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Fig 3. fTCD envelope calculation: (A) raw fTCD signal of a sample trial, (B) spectrogram of raw fTCD signal, and (C) the calculated envelope signal.

https://doi.org/10.1371/journal.pone.0311075.9003

To assess the multimodal BCI performance, SVM was used to project EEG features of each trial into 1-D scalar score
(evidence). Similarly, another SVM was used to project fTCD features of each trial into 1-D scalar score (evidence). The
fTCD scores were evaluated using fTCD features selected at a p-value of 0.05 while the EEG scores were evaluated
using 2Nf (2, 4, 6, ...., and 16)CSP features per frequency band. Bayesian fusion was used to infer user intent based on
EEG and fTCD scores (evidences). Best multimodal accuracies were reported in the results section below.

2.6. Bayesian Probabilistic Fusion

To generate a joint decision of a test trial based on information from both modalities, we performed a probabilistic Bayes-
ian fusion of EEG and fTCD evidences obtained from the training trials under the assumption that these evidences come
from independent distributions, and may have equal or unequal weight in user intent inference [47].
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2.6.1. Weighted Independent Probabilistic Fusion. The 1-D SVM scores generated from each modality, also called
evidences, are split into training and testing sets using 10-fold cross validation. The goal is to infer the user intent X of
a test trial given a set of paired evidences Y = {yl, Va2, .. ~}/N_1o} obtained from the training data where N is the number
of trials, and each element of this set y, = {en, f,,} represents the EEG (e;and fTCD (f,)evidences of one trial. The user
intent Xy of a test trial y, = {ek, fk} is determined through joint state estimation using EEG and fTCD evidences as follows:

Xi = argmaxx, (P(XdY = k) (8)

where p(Xx|Y) is the state posterior distribution conditioned on Y. Using Bayes rule, (8) can be formulated as:

~

Xy = argmaxx, (p(Y = y«lXk)p (X)) (9)

where p(Y]Xk) is the state conditional distribution of Y and p (Xk) is the prior distribution of Xj. Since the trials are ran-
domized, the prior distribution is assumed to be uniform. Consequently, (9) can be written as:

Xk = argmaxx, (p(Y = yulXk )) (10)

The distribution p(Y]Xj )) can be computed Using EEG and fTCD evidences of the training trials.
Assuming that the EEG and fTCD evidences conditioned on Xj are independent, (10) can be written as follows:

~

Xy = argmaxy, (p(e = ex|Xx)p(f = filXk)) (11)
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The distributions p(e|Xx) and p(fiXx) represent the EEG and fTCD evidences distributions conditioned on Xy, and are
computed in each fold from the N-10 training scores using kernel density estimation with a gaussian kernel and Scott’s
rule of thumb as the bandwidth selector. The probabilities p(e = ex|Xx) and p(f = fx|Xx) for each test trial are computed
from the distributions and plugged in equation (11), and the decision Xi that maximizes the likelihood is selected. Equa-
tion 15 was modified to allow for the possibility that EEG and fTCD evidences does not have equal contribution in decision
making, yielding:

Xy = argmaxx, (p(e = exlXi)“p(f = filXi) ™) (12)

where « is a weighting factor determined via a grid search from 0 to 1 with a step of 0.01.

3. Results

In this section, we evaluate the performance of the Ml and MR/WG EEG-fTCD systems when employing the proposed
analysis pipeline which includes FBCSP for EEG feature extraction and time series features for fTCD envelope feature
extraction with weighted Bayesian fusion for multimodal decision making. The following experimental results provide accu-
racy comparisons of the Ml and MR/WG multimodal BCls against the highest performance achieved using EEG-only and
fTCD-only BCls. Python 3.8 was used to run the experiments on an MSI Cyborg 15 A13VF laptop with a 13th Gen Intel
Core i7-13620H CPU (2.4 GHz) and 16 GB RAM.

3.1. Motor imagery paradigm

Table 1 shows maximum accuracy achieved for each subject in right Ml versus baseline, left Ml versus baseline, and right
Ml versus left M| selection problems respectively using weighted probabilistic fusion and the corresponding accuracies
using EEG only and fTCD only. In order to assess the significance of the multimodal model, one-sided paired Wilcoxon
signed rank test was used to statistically compare the accuracies of the multimodal system with the accuracies obtained
using EEG only. Table 1 demonstrates that the average accuracies for right Ml versus baseline selection problem are
90.73% % 6.04 for EEG only, 51.98% + 8.13 for fTCD only, and 94.53% + 2.86 for the weighted probabilistic fusion.
Accuracies obtained using the weighted probabilistic fusion model are statistically significant compared to those obtained
using EEG only with a p-value of 0.042 (Table 2). Left Ml versus baseline performance measures in Table 1 show average
accuracies of 91.03% £ 5.52 and 52.58% + 7.79 for EEG only and fTCD only respectively while the weighted probabilis-
tic fusion achieved 94.9% = 2.86. The weighted probabilistic fusion model resulted in a statistically significant increase

in accuracy with a p -value of 0.0098 compared to EEG only as shown in Table 2. The third task, right Ml versus left MI,

Table 1. Maximum accuracy achieved for each subject using weighted fusion and the corresponding accuracies obtained using EEG only and
fTCD only for Ml paradigm.

Sub_ID 1 2 3 4 5 6 7 8 9 10 Mean £STD
Baseline vs Left EEG 96.91 95.88 80.41 94.85 97.94 91.75 83.51 88.66 91.75 88.66 91.03 £ 5.52
fTCD 69.71 49.48 42.27 58.76 57.73 57.73 48.45 45.36 47.42 49.48 52.58 +7.79
Fusion 97.92 96.88 95.83 94.79 96.88 95.83 88.54 95.83 95.83 90.62 94.9 £+ 2.81
Baseline vs Right EEG 98.96 90.62 91.67 81.25 95.83 97.92 83.33 89.58 94.79 83.33 90.73 + 6.04
fTCD 48.96 46.88 48.96 66.67 46.88 60.42 51.04 48.96 38.54 62.5 51.98 +8.13
Fusion 97.89 94.74 91.58 92.63 96.84 96.84 89.47 97.89 95.79 91.58 94.53 + 2.86
Right vs Left EEG 99.05 77.14 83.81 96.19 94.29 92.38 83.81 85.71 98.1 94.29 90.48 + 6.98
fTCD 51.43 69.52 49.52 48.57 60.95 53.33 47.62 41.9 48.57 42.86 51.43 +7.89
Fusion 99.05 85.71 89.52 98.1 100 99.05 94.29 97.14 100 100 96.29 £ 4.72

https://doi.org/10.1371/journal.pone.0311075.t001
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Table 2. P-values showing accuracy significance of weighted probabilistic fusion compared to EEG only for the MI paradigm.

Comparison Baseline vs Right Mi Baseline vs Left Mi Right vs Left Mi
Fusion/EEG 0.0420 0.0098 0.0020

https://doi.org/10.1371/journal.pone.0311075.t002
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Fig 5. Optimal alpha values: (A) the values of alpha yielding the highest accuracy for each subject in Baseline Vs Left, Baseline Vs Right, and
Left Vs Right tasks, and (B) average values of alpha yielding the highest accuracy for each task (Baseline Vs Left, Baseline Vs Right, and Left
Vs Right).

https://doi.org/10.1371/journal.pone.0311075.9005

shows an average accuracy of 96.29% * 4.72 for the weighted probabilistic fusion which outperforms the accuracies of
90.48% + 6.98 and 51.43% + 7.89 obtained using EEG only and fTCD only respectively. In comparison with EEG only,
the weighted probabilistic fusion model shows significance with a p-value of 0.002 as shown in Table 2. When compared
to feature vector concatenation, weighted probabilistic fusion demonstrated superior performance (see Supplementary S1
and S3 Tables). Additionally, the same analyses were conducted using an LDA classifier instead of SVM; however, SVM
achieved higher accuracy (see Supplementary S1-S4 Tables).

The optimal alpha values that give the highest accuracy for each subject are reported in Fig 5A and the average of
these values per task is reported in Fig 5B. These alpha values represent the contribution of each of the two modalities in
decision making in the three classification problems. More specifically, alpha is the weighting factor for EEG modality and
(1-alpha) is the fTCD weighting factor, so higher alpha values reflect higher EEG contribution in discriminating the tasks
at the given problem. To test whether the contribution of EEG and fTCD modalities in decision making is task-dependent,
one-sided Wilcoxon rank-sum test with a p-value of 0.05 was applied to the optimal alpha values of each subject within
each task to check if their distribution have a median lower or higher than 0.5 where 0.5 represents equal EEG and fTCD
contributions. No significance was observed for the three classification problems.

3.2. Flickering MR/WG Paradigm

The maximum accuracy achieved per subject using weighted probabilistic fusion and the corresponding EEG only accu-
racy and fTCD only accuracy are reported in Table 3 for MR versus baseline, WG versus baseline, and MR versus WG
problems. Table 4 shows the calculated p-values using one-sided Wilcoxon signed rank test to compare the significance
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Table 3. Maximum accuracy achieved for each subject using weighted fusion and the corresponding accuracies obtained using EEG only and
fTCD only for flickering MR/WG paradigm.

Sub ID |1 2 3 4 5 6 7 8 9 10 11 Meant STD
Baseline vs MR EEG 92.71 96.88 |88.54 |8854 9167 [89.58 |91.67 97.92 |98.96 |95.83 |90.62 |92.99+3.62
fTCD 41.67 |44.79 |55.21 59.38 |63.54 |39.58 [48.96 |44.79 |59.38 |41.67 |51.04 |50.0+7.93

Fusion 93.75 96.88 |89.58 |91.67 [96.88 |95.83 96.88 |96.88 |98.96 |95.83 |94.79 |95.27+258
Baseline vs WG | EEG 89.69 8557 |83.51 76.29 |73.2 83.51 8144 |91.75 |94.85 [59.79 |71.13 |80.98+9.77
fTCD 58.76 | 55.67 |63.92 |50.52 |71.13 |50.52 4227 |39.18 |57.73 4227 433 52.3+ 9.69

Fusion 91.58 9263 |8947 7263 |8526 |86.32 |87.37 |93.68 |9579 |67.37 |83.16 |85.93+8.42
MR vs WG EEG 96.19 | 99.05 |91.43 87.62 |97.14 |99.05 87.62 |98.1 100 96.19 | 97.14 | 95.41£4.27
fTCD 49.52 |49.52 | 45.71 49.52 |44.76 5714 |66.67 |44.76 |56.19 |41.9 53.33 | 50.82+ 6.82
Fusion 97.14 [99.05 981 86.67 |97.14 100 95.24 | 98.1 99.05 |98.1 98.1 96.97+ 3.48

https://doi.org/10.1371/journal.pone.0311075.t003

Table 4. P-values showing accuracy significance of weighted fusion compared to EEG only for flickering MR/WG paradigm.

Comparisons Baseline vs MR Baseline vs WG MR vs WG
Fusion/EEG 0.0156 0.0049 0.0469

https://doi.org/10.1371/journal.pone.0311075.t004

of the weighted probabilistic fusion with EEG only in terms of accuracy. MR versus baseline problem achieved average
accuracies of 95.27% + 2.58 for the weighted probabilistic fusion model which is higher than 92.99% + 3.62 for EEG only
and 50% = 7.93 for fTCD only (Table 3). Table 4 shows a p-value of 0.0156 describing the statistical significance of the
increase in accuracy of the weighted probabilistic fusion in comparison with EEG only. Table 3 also shows the perfor-
mance measures for WG versus baseline problem. In particular, weighted probabilistic fusion achieved average accuracy
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Fig 6. Optimal alpha values: (A) the values of alpha yielding the highest accuracy for each subject in Baseline Vs MR, Baseline Vs WG, and
MR Vs WG tasks, and (B) average values of alpha yielding the highest accuracy for each task (Baseline Vs MR, Baseline Vs WG, and MR Vs
WG).

https://doi.org/10.1371/journal.pone.0311075.9006
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of 85.93% + 8.42 compared to 80.98% + 9.77 for EEG only and 52.3% % 9.69 for fTCD only. Table 4 proves the signif-
icance of the weighted probabilistic fusion in terms of accuracy compared to EEG only with a p-value of 0.0049. As for
MR versus WG problem, we obtained the highest average accuracy compared to MR/WG versus baseline problems as
seen in Table 3. In particular, average accuracy of 96.97% + 3.48 for the weighted probabilistic fusion was obtained which
outperformed the average accuracy of 95.41% + 4.27 and 50.82% % 6.82 obtained using EEG only and fTCD only respec-
tively. Table 4 shows a p-value of 0.0469 for the weighted fusion which indicates that it is statistically significant compared
to EEG only. The weighted probabilistic fusion demonstrated superior performance when compared to feature vector
concatenation (see Supplementary S5 and S7 Tables). Additionally, the same analyses were conducted using LDA instead
of SVM; however, SVM yielded higher accuracy (see Supplementary S5-S8 Tables).

The optimal alpha values for each subject are reported in Fig 6A and the average of these values per task is reported
in Fig 6B. Statical significance testing similar to the one performed in section 3.1 was applied to the alpha values of each
task. Baseline versus MR and baseline versus WG tasks showed no significance while the alpha values of MR versus WG
task was significantly lower than 0.5 with a p-value of 0.03.

4. Discussion

To enhance the performance of Ml and MR/WG paradigms, we employed FBCSP to analyze EEG data of both paradigms
and extracted time series features from the envelope of fTCD signals of both paradigms. Probabilistic Bayesian fusion
was used to infer user intent based on EEG and fTCD input. Probabilistic fusion obtained statistically significant higher
accuracies than EEG only by 3.87%, 3.80%, and 5.81% on average for baseline versus left MI, baseline versus right MI,
and right Ml versus left Ml respectively (Table 1). Interestingly, FBCSP which is known as a successful feature extraction
method for MI-based BCls, yielded high accuracy when used to analyze EEG data of the MR/WG SSVEP paradigm. In
fact, performance measures obtained with FBCSP outperform the feature extraction methods we used in previous stud-
ies for MR/WG paradigm [45,48]. Average accuracies of 95.27%, 85.93%, and 96.97% were obtained for MR versus
baseline, WG versus baseline, and MR versus WG respectively using Bayesian fusion with average increases of 2.28%,
4.95%, and 1.56% compared to EEG only (Table 2). It can be noted that the average accuracy for the WG versus base-
line problem is much lower than the average accuracies of MR versus baseline and WG versus baseline. The reason
for such accuracy drop is unknown based on the available data, but requires further investigations. Although fTCD only
performance accuracy was low for both paradigms, it was able to improve the multimodal performance when combined
with EEG. Moreover, using the envelope fTCD signal instead of the raw signal has significantly sped up computations,
especially in feature extraction, as the envelope signal has much lower dimensionality. This increase in computational effi-
ciency made it possible to calculate several sets of features that were impossible to be calculated on the raw fTCD signal
due to their computational complexity. By employing TSFEL as a comprehensive feature extraction approach, we were
able to explore different characteristics of the envelope signal rather than limiting the analysis to a specific feature set. For
example, while previous work [43] focused solely on statistical features derived from wavelet coefficients, we broadened
our analysis by including statistical, spectral, and temporal features. In real-time BCI applications, testing time is critical,
as it directly impacts system responsiveness and usability. The training time for the Ml and MR/WG paradigms was found
to be 200 seconds per subject, while the testing time for a single trial was 0.026 seconds. The low testing time of our
approach makes it well-suited for real-time BCI applications, ensuring rapid feedback and an improved user experience.
The contribution of each modality to user intent inference was investigated per task, revealing that EEG had significantly
lower contribution than fTCD in the WG versus MR task. No other tasks showed a clear advantage for either modality.
This discrepancy between the MR/WG and MI paradigms may stem from the fact that the Ml paradigm imposes the same
cognitive demands for both EEG and fTCD, whereas the MR/WG paradigm involves distinct cognitive requirements for each
modality. Specifically, in the MI paradigm, both EEG and fTCD capture changes driven by motor imagery. In contrast, in the
MR/WG paradigm, EEG changes are primarily driven by the flickering of the MR/WG stimuli, whereas fTCD changes are
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driven by the mental imagery/analytical processes required for performing the task. These differences in cognitive demands
and task complexity between EEG and fTCD in the MR/WG paradigm may lead participants to perform better in aspects of
the task that align more closely with the strengths of one modality over the other. While EEG showed a significantly lower
contribution than fTCD in the MR versus WG task, no significant difference between EEG and fTCD contributions was
observed in the MR/WG versus baseline tasks. We believe this discrepancy arises because the baseline cross was posi-
tioned very close to the flickering MR and WG stimuli, causing the flickering to capture participants’ attention even when
focusing on the baseline cross, thereby hindering EEG’s ability to distinguish between the MR/WG and baseline.

The observed differences in EEG and fTCD contributions across tasks may reflect the distinct sensitivities of these
modalities in detecting task-related neural or hemodynamic changes. Across subjects, these variations may be attributed
to several factors. Individual differences in task performance may arise, as some participants may find the demands of
one modality more intuitive or easier to engage with than the other. Additionally, the effects of fatigue can vary across indi-
viduals. For instance, one participant may experience early fatigue due to exposure to the flickering stimuli in the MR/WG
paradigm, impairing their ability to engage in the mental imagery and analytical processes required for fTCD. In contrast,
another participant may experience fatigue later in the task, leading to different effects on modality-specific contributions.
Further variability may be introduced by differences in task execution strategies, mental states, and baseline neural/hemo-
dynamic activity before task initiation. To fully understand these variations in modality-specific contributions, both across-
and within-subject variability in EEG and fTCD contributions should be further investigated, with larger sample sizes being
necessary to uncover the underlying mechanisms driving these contributions and their impact on task performance.

Table 5 shows a comparison between EEG-fTCD performance obtained using the proposed analysis approach and
the performance we obtained in previous studies [47,48]. For task versus baseline problems in both paradigms, similar or
higher accuracies were obtained with the current analysis pipeline compared to those we obtained previously. In particu-
lar, average accuracies of 95.27% and 85.93% were obtained for MR versus baseline and WG versus baseline problems
respectively with the proposed analysis approach compared to 86.27% and 85.29% obtained previously. In addition, accu-
racies of 94.53% and 94.9% were achieved for left MI versus baseline and right MI versus baseline respectively compared
to 93.71% and 93.85% obtained in previous studies. However, the accuracy of the proposed approach dropped by 1.2%
and 3.7% for MR versus WG and left Ml versus right MI respectively compared to our previous results. Despite the drop in
task versus task accuracy, we believe the current analysis approach is more successful than the approaches we intro-
duced earlier especially for MR/WG paradigm as it led to a significant 9% increase in performance accuracy for the MR
versus baseline problem.

Table 5. Comparison between the EEG-fTCD BCI performance with proposed analysis approach and the approaches introduced previously.

Method Modality Activity Accuracy Task-Baseline/rest length (s)
[47] Khalaf et al., 2019 (Left/baseline) EEG+TCD Motor Imagery 93.71% 10 — NA
[47] Khalaf et al.,2019 (Right/baseline) EEG+fTCD Motor Imagery 93.85% 10— NA
[47] Khalaf et al.,2019 (Left/Right) EEG+fTCD Motor Imagery 100.00% 10 — NA
[48] Khalaf et al.,2019 (MR/baseline) EEG+fTCD Flickering MR/WG 86.27% 10 — NA
[48] Khalaf et al.,2019 (WG/baseline) EEG+fTCD Flickering MR/WG 85.29% 10 —NA
[48] Khalaf et al.,2019 (MR/WG) EEG+fTCD Flickering MR/WG 98.18% 10 — NA
Proposed Method (Left/baseline) EEG+TCD Motor Imagery 94.53% 10 —NA
Proposed Method (Right/baseline) EEG+fTCD Motor Imagery 94.9% 10 —NA
Proposed Method (Left/Right) EEG+TCD Motor Imagery 96.29% 10 —NA
Proposed Method (MR/baseline) EEG+fTCD Flickering MR/WG 95.27% 10— NA
Proposed Method (WG/baseline) EEG+fTCD Flickering MR/WG 85.93% 10 —NA
Proposed Method (MR/WG) EEG+fTCD Flickering MR/WG 96.97% 10 — NA

https://doi.org/10.1371/journal.pone.0311075.t005
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As shown in Table 6, our system outperforms all multimodal EEG-fNIRS BCls in terms of accuracy in all three binary
selection tasks in the MI paradigm and in two out of three binary selection tasks in the MR/WG paradigm. In addition, our
system has the shortest trial length compared to all the multimodal BCls in comparison expect for the BCI by Buccino et
al. [60], however, that BCI requires a rest period of 6 seconds in addition to 6 seconds trial length while our system does
not require any rest periods between trials. In fact, the rest task in our system (when the user focuses on the fixation
cross) is randomly selected by the vertical arrow in the visual paradigm and is considered a separate task resembling
the situation when the subject does not want to issue any commands while in the other BClIs in comparison, each trial
is followed by a rest period to stabilize the hemodynamic response before the next trial. Our study specifically aimed to

Table 6. Comparison between MI and flickering WG/MR EEG-fTCD multimodal BCls with the proposed analysis approach and the state-of-the-
art multimodal EEG-fNIRS in literature.

Study Modality | Activity EEG features Second modal- | Classification and Accuracy | Task-Baseline/

ity features fusion rest length (s)
[63] Fazli et al., EEG + Motor Imagery CSP HbO + HbR LDA with 83.20% 5-6/0
2012 fNIRS timeseries meta-classifier

features
[64] Blokland et EEG + Motor Imagery Power spectral features O2Hb + HHb SVM with Wavelet- 79.00% 15-0/30+3
al., 2014 fNIRS timeseries based multi-resolution

features fusion
[62] Yin et al., EEG + Motor Imagery Power spectral features, HbO + HbR Extreme learning 89.00% 10-0/21+1
2015 fNIRS instantaneous Phase, timeseries machines with Joint

Amplitude and Frequency | features, mutual information

[65] Koo et al. EEG + Motor Imagery CSP HbO timeseries | Linear SVM 88.00% 15-0/21+1
2015 fNIRS features
[60] Buccino et al., | EEG + Motor Execution | CSP HbO + HbR LDA with concatenation | 72.20% 6-6/0
2016 fNIRS timeseries

features
[60] Buccino et al., | EEG + Motor Execution | CSP HbO + HbR LDA with concatenation | 94.20% 6-6/0
2016 fNIRS timeseries

features
[66] Shin et al., EEG + Mental CSP HbO + HbR LDA with metaclassifier | 88.20% 10-0/16+1
2017 fNIRS Arithmetic timeseries

features
[40] Shin et al., EEG + Mental Imag- CSP HbO + HbR LDA with metaclassifier | 82.2 + 10-0/17+1
2018 fNIRS ery & Mental timeseries 10.2%

Arithmetic features

[61] Wang etal., |EEG + Motor Imagery Dynamic functional Dynamic LSTM with Fully Con- | 90.03% 15-0/15
2021 fNIRS connectivity functional nected Layers

connectivity
Proposed Method | EEG + Flickering MR/ FBCSP fTCD envelope | SVM with Bayesian 95.27% 10 -NA
(MR/baseline) fTCD WG features fusion
Proposed Method | EEG + Flickering MR/ FBCSP fTCD envelope | SVM with Bayesian 85.93% 10 -NA
(WG/baseline) fTCD WG features fusion
Proposed Method | EEG + Flickering MR/ FBCSP fTCD envelope | SVM with Bayesian 96.97% 10 - NA
(MR/WG) fTCD WG features fusion
Proposed Method | EEG + Motor Imagery FBCSP fTCD envelope | SVM with Bayesian 94.53% 10 — NA
(Left/baseline) fTCD features fusion
Proposed Method | EEG + Motor Imagery FBCSP fTCD envelope | SVM with Bayesian 94.9% 10 — NA
(Right/baseline) fTCD features fusion
Proposed Method | EEG + Motor Imagery FBCSP fTCD envelope | SVM with Bayesian 96.29% 10 — NA
(Left/Right) fTCD features fusion
https://doi.org/10.1371/journal.pone.0311075.t006
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investigate the feasibility of fTCD-based BCI without enforced rest periods to enhance speed and efficiency. Our previ-
ous study on fTCD-based BCls [43] has incorporated rest periods and demonstrated significantly higher accuracies and
information transfer rates compared to fNIRS-based BCls. Given these promising results, we aimed to evaluate whether
a continuous operation mode — without explicit rest periods — could maintain high accuracy while further improving the
system’s responsiveness. Future work may further explore the impact of explicitly reintroducing rest periods to assess
potential trade-offs between speed, accuracy, and user adaptability.

Additionally, the study that achieved the highest EEG-fNIRS accuracy of 94.2% used a motor execution task [60] while
our system does not require any muscular input, making it more suitable for individuals with severe motor disabilities. The
85.93% accuracy achieved in the WG versus baseline problem is lower than the accuracies obtained by several EEG-
fNRIS systems [60—64]. However, these systems are either much slower due to rest periods or require muscular input.
Notably, our results were achieved with a significantly simpler setup requiring only two ultrasound transducers for fTCD
compared to the multiple fNIRS optodes, making it both simpler to set up and more portable than fNIRS. Overall, our
findings indicate that EEG-fTCD BCls can serve as a viable alternative to EEG-fNIRS systems, offering higher accuracy,
faster response times, and suitability for motor-impaired users, making them a promising direction for future multimodal
BCI development.

Although both fNIRS and fTCD measure cerebral blood dynamics, they capture different physiological signals—fNIRS
monitors changes in oxygenated and deoxygenated hemoglobin, whereas fTCD measures cerebral blood flow velocity
in major cerebral arteries. These differences in measurement principles may impact the sensitivity of each modality to
different cognitive and motor tasks. Additionally, fTCD has been shown to be a faster alternative compared to fNIRS in
BCI design [43]. Differences in performance may also arise from the nature of the tasks used in each study. The EEG-
fNIRS studies in comparison primarily employed motor execution [cite refs], motor imagery, and mental arithmetic tasks.
Within the motor imagery paradigms, specific tasks included imagining finger/thumb tapping [64], hand clenching at
different speeds and forces [62], and hand grasping [65]. Beyond task-related differences, variations in feature extraction
and classification methods could also contribute to performance discrepancies. EEG-fNIRS studies have commonly used
CSP for EEG features, while basic time series features of blood oxygenation changes were employed for fNIRS anal-
ysis [40,60,63,65,66]. In contrast, our approach employs FBCSP for EEG feature extraction and a comprehensive set
of features for fTCD analysis. Additionally, our study incorporates a probabilistic Bayesian fusion framework that allows
unequal weighting of EEG and fTCD contributions during classification unlike the studies in comparison which rely mainly
on feature vector concatenation or meta-classifiers [40,60,63,66]. These differences in feature extraction, classification,
and information fusion techniques may significantly impact how well user intent can be inferred from the recorded signals,
ultimately influencing overall system performance.

Our study has several limitations that should be addressed in future work. One limitation is the low performance
accuracy of fTCD only. Additional fTCD envelope and raw fTCD signal features should be investigated to improve fTCD
accuracy and enhance multimodal performance. Moreover, our approach to fTCD feature extraction is exploratory due
to the absence of established fTCD feature sets in the literature. While we extracted a broad set of statistical, spectral,
and temporal features for fTCD signals, future work should investigate the relative importance of different feature sets
and identify the most relevant features for each paradigm to enhance classification performance and reduce compu-
tational complexity. As for EEG feature extraction, future studies should consider phase-based features, such as the
instantaneous phase difference sequence, which has shown potential in EEG-based motor imagery classification.
Another limitation is the lack of explanation of the accuracy drop in WG versus baseline problem compared to the other
selection problems in the MR/WG paradigm, which requires a larger sample size for further investigation. The Bayes-
ian fusion approach introduces an additional hyperparameter, as it requires optimizing the weight of each modality per
subject to achieve optimal decision-making. While this adds complexity, it also provides flexibility by allowing the fusion
process to adapt to individual differences in modality contributions. Additionally, the small dataset size limits our ability
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to assess the relative contributions of EEG and fTCD across different tasks and paradigms. A larger sample size would
allow for a more robust investigation of how each modality influences user intent inference. Furthermore, the current
framework does not evaluate the relative importance of extracted features (e.g., statistical, temporal, and spectral
features). Future studies should focus on identifying the most discriminative feature types to improve performance and
reduce computational demands. While our offline analysis demonstrates promising results, the system still requires
validation in an online setting, where the trained pipeline processes continuous EEG and fTCD data streams in real
time. Our analysis approach did not include cross-subject analysis, meaning that model performance was evaluated
on a subject-specific basis. However, reducing calibration time and improving model generalizability across subjects
is a crucial next step. Future work should explore invariant representation learning and transfer learning techniques to
identify shared neural activity patterns in the EEG-fTCD joint space. Leveraging these invariant features could enable
cross-subject decoding models, reducing the need for extensive per-user calibration while enhancing the system’s
adaptability across different users and recording sessions.

5. Conclusion

In this paper, we propose a machine learning approach to improve the performance of multimodal EEG-fTCD BCls.
Specifically, we employed FBCSP and time series features to analyze EEG signals and the envelope of fTCD signals,
respectively. To integrate information from EEG and fTCD, we applied a probabilistic fusion approach, which outper-
formed feature vector concatenation. Binary selection problems were investigated for both Ml and flickering MR/WG
paradigms. For the MR/WG paradigm, the multimodal system achieved average accuracies of 95.27% * 2.58, 85.98%
* 8.42, and 96.97% + 3.48 for baseline versus MR, baseline versus WG, and MR versus WG respectively. The Ml
paradigm achieved average accuracies of 94.53% + 2.81, 94.9% + 2.86, and 96.29% * 4.72 for baseline versus

left, baseline versus right, and left versus right, respectively. Compared to existing models applied to the same data-
set, our findings demonstrate that the proposed approach achieves better performance in most classification tasks.
Additionally, the multimodal EEG-fTCD BCI with the proposed analysis pipeline outperforms all EEG-fNRIS BCls

in comparison. The proposed EEG-fTCD system significantly advances multimodal BCls, offering portability, cost-
effectiveness, ease of setup, and superior performance compared to other multi-modal systems like EEG-fMRI, EEG-
MEG, and EEG-fNIRS. These advantages make it a promising and user-friendly solution for individuals with severe
motor or speech disabilities.
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