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12.1 Introduction

As described in the previous chapters of this book, two main groups of noninva-
sive brain imaging technologies are commonly used to compose a BCI system.
The first and most popular is based on measurements of electrical or magnetic
resultants from neural and synaptic activity, and includes methods such as elec-
troencephalography (EEG) and magnetoencephalography (MEG). The high
temporal resolution of these methods is fundamental to measure fast neural ac-
tivities including event-related potentials (ERP), steady-state evoked potentials
(SSEP), event-related desynchronization (ERD) or synchronization (ERS), as
well as slow cortical potentials (SCP). For a complete overview related to these
responses, please refer to chapter 2.

The second group includes functional magnetic resonance imaging (fMRI),
functional near-infrared spectroscopy (fNIRS), and functional transcranial Dop-
pler (fT'CD). These methods measure relative changes in local blood oxygenation
due to the metabolic activity of brain cells. This local blood oxygenation lev-
el-dependent (BOLD) change is commonly explored in experiments using fMRI,
while fNIRS measures relative concentrations of oxyhemoglobin and deoxyhe-
moglobin (for a deeper discussion, please refer to chapters 4 and 5). Although
hemodynamic-based methods usually present lower temporal resolution, they
have higher spatial information that allows the selection of specific brain targets.

Hybrid BCI (hBCI) systems merge two or more monitoring methods (with at
least one type of neural signal) to achieve an optimal BCI design." More recently,
hybrid systems have also included the combination of neuroimaging with neuro-
modulation, such as transcranial magnetic stimulation (TMS) and transcranial
direct current stimulation (tDCS),? with emerging applications in sleep enhance-
ment and brain-to-brain interfacing.**

In this chapter, we discuss the rationale for using hybrid neurotechnology sys-
tems, introduce basic hybridization concepts, and conclude with a brief overview

of current hybrid BCI applications.

12.2 The Rationale for Hybrid Systems

As detailed by Nijholt et al. (2011), seven critical points should be addressed in
future setups to achieve an optimal BCI system.’ Hybrid BClIs are useful across
all points, as detailed below:

« Reliability: It is known that BCI accuracy varies with factors such as mental
and physical fatigue. In this context, an hBCI can be used to monitor the us-
er’s cognitive states and adjust internal parameters accordingly. For example,
monitoring peripheral information in parallel to the main BCI system would
provide instant information about stress and fatigue.
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« Proficiency: There is no BCI system based on a single modality that works
properly for all users. An hBCI can help with this limitation, and thus if one
modality does not recognize the desired command, the second modality could
allow the volitional control of the BCI setup. Moreover, with an hBCI, one mo-
dality could be used to remove artifacts from the other and improve accuracy.

« Bandwidth: Conventional BCIs present information transfer rates (ITR)
around 100 bits per second. An hBCI can be used to accelerate the I'TR by se-
lecting the first occurrence of two redundant neural responses or by correcting
unwanted selections and constantly measuring error potentials.

« Utility: Many single-modality BCI applications target only one task (for exam-
ple, wheelchair control). Using a sequential hBCI, the user could select between
different imaging modalities and increase the number of tasks, consequently
improving the final accuracy and utility. As an example, wheelchairs could also
include a robotic arm or communication device controlled by the hBCI.

« Convenience: Traditionally, BCI systems rely on lengthy preparation times
and laboratory setups. Despite requiring multiple modalities, hBCIs can be
more convenient. For example, given the complementarity of measures, a few
pairs of electrodes from different modalities may provide the same informa-
tion as multiple electrodes from a single method. In fact, recent technological
advances have allowed for the development of miniaturized hybrid EEG-
fNIRS sensors.

« Support: Real-world BCIs should require low to no configuration, prepara-
tion, or maintenance. With an hBCI approach, different portable and plug-
and-play devices working in parallel can be used as a backup system to reduce
the maintenance frequency.

o Training: Training conventional BCIs can be tedious, repetitive, and without
progress during the training sessions. Recent advances in subject-independent
protocols or artificially generated training sets have shown to be valuable op-
tions to reduce the training duration of hBClIs. Also, studies applying hybrid
approaches showed reduced training time compared to a single modality BCI.

12.3 Concepts of hybrid BC(CIs

An hBCI setup is characterized by the combination of different imaging modal-
ities of brain tasks, the type of synchronization between modalities or tasks, and
the level of fusion between the modalities or tasks. Given this number of options,
the multimodal system should be carefully designed,® or the hBCI may underper-
form when compared to a single modality setup.!
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12.3.1 Hybridization approaches

The most intuitive hBCI setup is to combine two or more streams of data-car-
rying neural activity. This approach is termed pure hBCI (Figure 12.1). It can be
achieved by integrating multiple neuroimaging modalities’ or merging multiple
cognitive tasks from the same imaging method, for example, two different pat-
terns from EEG.

{

Physiological hBCI Pure hBCI Mixed hBCI

Figure 12.1 Different types of hybrid BCI, according to the combination of data modalities.

The use of other physiological signals in addition to neural data was proven a
valuable addition to hBCI protocols.® Signals such as electromyography (EMG),
electrooculography (EOG), electrocardiography (ECG), galvanic skin response
(GSR), and blood pressure, among others, can provide valuable information
about the participant’s level of stress, attention, or affective responses.” The com-
bination of neural data with other biosignals is termed physiological hABCL." Last-
ly, non-physiological data can also be used to create an hBCI in a category named
mixed hBCL.*® This approach can include data from different equipment, such
as a keyboard or an eye tracker to provide extra information to the hBCI setup."

12.3.2 Synchronization

Given the possible combinations previously listed, an hBCI can also be categorized
according to the synchronization between the chosen components. The first group
includes approaches based on a sequential organization, in which two or more com-
ponents work in series. As illustrated in figure 12.2, a possible implementation of
this approach uses an initial element as a switch to activate or deactivate a second
component.” Another implementation would use the first component as a selector
to choose between two or more possible options, such as selecting different sets
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of movements in wheelchairs (e.g., moving straight or taking turns). The second
group is composed of protocols in which its components work in parallel, adding
complementary information about the desired effect. One example is the parallel
combination of EEG and EMG techniques that can be alternated to reduce the
influence of fatigue on control performance of either component.”

Sequential organization (switch) Simultaneous

OFF organization

[Component1 ] —— o [Comporent2] e

Sequential organization (selector)

™ Option n

Figure 12.2 Examples of different synchronization between components.

12.3.3 Fusion levels

Every BCI system follows four main steps: data acquisition, preprocessing of the
acquired information, decision making, and output presentation.” In an hBCI
protocol, information fusion can occur at any one of these steps (Figure 12.3.),
according to the components of the system.”

Component 1: — — —
Component 2: — — —

Data-level Feature-level Decision-level Semantic-level
fusion fusion fusion fusion

Figure 12.3 Example of fusion strategies in a sequential hBCI. Horizontal arrows represent
the common BCI steps, while vertical arrows show the steps in which the different types of
fusion occur.

Protocols merging unprocessed data are said to rely on data-level fusion. This
approach is commonly employed by systems with components providing similar
information or systems using one modality to improve the quality of a second
one. For example, a common data fusion approach uses EMG or EOG signals to
reduce noise in EEG data before feature extraction.”



170 Chapter 12

Systems merging features from different components are said to perform
feature-fusion level. This approach is popular for protocols combining data that
requires separate processing pathways. One example is the extraction of features
from EEG and fNIRS data separately, followed by combining these features as
inputs for a classifier. Although higher robustness can be achieved, this fusion
level usually presents higher dimensionality, which can harm performance when
only a few data points are available.

Designs with decision-level fusion apply independent data processing meth-
ods and decision-making algorithms for each component before combining these
labels. This structure is particularly useful for setups based on “voting algorithms,”
which combine the outputs from multiple classifiers as votes to reach a final deci-
sion. In a particular case of decision-level fusion, protocols combining modalities
that control different outputs, but work together toward the same high-level task,
are also said to use semantic-level fusion. This structure is typically used when
combining neural data with non-physiological inputs.

12.4 Applications

This section briefly presents three promising application areas of hBCI systems:
wheelchair control, speller and GUI control, and passive and affective BCIs. Ad-
ditionally, we discuss the up-and-coming area of research on hybrid neurostimu-
lation-neuroimaging systems.

12.4.1 Wheelchair control

A popular application of BClIs is the control of wheelchairs. The first hBCI used
for wheelchair control relied on detecting a P300 wave to select a destination in a
predefined list and EEG-based changes in brain power for fast-stop movements.”
Since EEGs can be portable and have high temporal resolution, they have been
the most popular modality for wheelchair control,” with many applications rely-
ing on pure hBCI implementations, including the combination of visual P300 or
motor imagery to control movement direction and steady-state-visually evoked

potentials (SSVEPs)to control acceleration. 20!

Several studies have aimed at improving robustness by designing mixed hBCI
systems based on the wheelchair’s positioning and navigation sensors. The sen-
sors’ inputs can be used to correct the trajectory while the subject controls the
chair (for example, using motor imagery to move left or right) or stop an ongoing

movement if the subject fails to do so.?>?2+2526%7

Physiological signals have also
been used to improve wheelchair control with, for example, using EMG-mea-
sured teeth-gritting for forward or backward movement control®® and eye blinks

to stop the wheelchair.
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12.4.2 Hybrid BCI Spellers and GUI control

BCI spellers allow spelling words and sentences based on brain activity and have
the potential to give locked-in patients a way to communicate again. Studies fo-
cusing on spelling devices usually present a significant number of inputs (at least
36 commands, corresponding to different available characters). The high number
of inputs thus requires modalities that can allow the precise selection of a target
character out of many. One of the most common approaches to this challenge
is the combination of SSVEP and P300 stimuli. Studies use this combination
to split sets of stimuli (e.g., identifying on which part of the screen the user
is focusing) or preselecting and expanding subgroups of characters, or even us-
ing both stimuli redundantly (waiting for both neural responses to identify a
selection).”*%>%2 Other strategies include comparing the selected character with
tracked eye movements;*,* or adapting the classifier decision based on the detec-
tion of an error-related potential (ErrP).%*%

More generally speaking, the problem of controlling a computer interface
(e.g., cursor, buttons, lists, etc.) is also an active area of BCI research. For in-
stance, hBCIs merging P300 and motor imagery tasks were applied to control
a cursor,”*® a web browser,”” and an email client system.* Other solutions use
a larger number of modalities, with SSVEP and ERD/ERS neural responses
combined with eye-tracking and environmental camera monitoring to control a

graphical user interface (GUI).*

12.4.3 Hybrid passive and affective BCIs

As opposed to using neural signatures to control a device (known as active BCI),
passive BCIs can be used to monitor implicit mental states of the user, such as
their affective state, so that their environment can be adapted accordingly. Many
affective states take their roots in deeper brain regions, making it challenging to
measure neurophysiological correlates of emotions with techniques such as EEG
and fNIRS.” Emotions, however, are known to modulate other physiological sig-
nals, such as heart rate or breathing patterns.” This realization has opened doors
for new passive hBCI applications.

Seminal work showed the usefulness of combining peripheral physiological
signals to classify emotions in a single user.** More recently, a series of work on
multimodal affective monitoring was sparked by the release of open-source data-
sets such as the DEAP dataset.® For instance, in Clerico et al., (2018),* new EEG
and GSR amplitude modulation features and phase-amplitude coupling features
were introduced. In Gupta et al., (2016)," the authors fused several features
extracted from EEG, fNIRS, physiological signals (themselves derived from
fNIRS) to predict the reported quality of experience of 21 subjects listening to
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synthetic speech. Emotions are often confounded by other factors, such as fatigue
or physical activity. Parent et al., (2019)*® addressed this by combining EEG and
physiological signals to monitor stress under physical activity.

12.4.4 Combining neuroimaging and neurostimulation

In a recording and stimulation hybrid system, also known as brain state-depen-
dent brain stimulation (BSDBS),* various roles can be played by both halves of
the system. The imaging part (e.g., EEG or {NIRS) helps reduce the inter- and
intra-subject variability inherent to applying neurostimulation: finding the right
location, timing, and stimulation parameters are simplified by monitoring brain
states in real-time. In turn, neurostimulation (e.g., TMS, tDCS) can evoke, inter-
fere with, or modulate neuronal activity, allowing manipulations to shed light on
brain function.” In some applications, it can also be a way to transmit information
directly to one’s brain.

A recent application that combines brain stimulation and neuroimaging is
called Brain-to-Brain Interfacing (BTBI) where direct communication from an
individual to another is made possible; to do so, a recording modality needs to
detect the brain activity of a “sender” (using a BCI), while a stimulation modality
is necessary for delivering the information to the brain of a “receiver.”

One of the first implementations of a BTBI was demonstrated in rats using
intracortical microelectrode arrays.” A system was presented that linked two rats
kept separate in two different locations — an “encoder” rat and a “decoder” rat
— tasked with pressing a lever as indicated by an LED. Using the encoder rat’s
somatosensory activity, information was sent to the decoder rat via electrical brain
stimulation to motivate it to press the lever at the same time as the encoder rat;
only then would both get rewards.

The first published account of BTBI involving humans was of an interface
between a human and a rat.”® In Yoo et al., (2013), a human used an SSVEP BCI
to control the tail of an anesthetized rat through transcranial focused ultrasound
(FUS), a non-invasive stimulation technique that induces brain activation electro-
mechanically (see di Biase et al., [2019]* for an introduction).

Human-to-human BTBI was only reported in 2014 independently by two
groups. In Grau et al., (2014),** a system combining a motor imagery BCI on a
first individual and robotized TMS stimulation of the visual cortex of a second
individual was presented. The “emitter” was then able to send bits (0 or 1) by
performing motor imagery, which was relayed by email and used to control a
TMS machine to induce phosphenes (a sensation of light in the visual field) in
the “receiver.” The BTBI was used to transmit the words “Hola” and “Ciao” from
India-based emitters to France-based receivers.
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In Rao et al., (2014),” motor imagery BCI and TMS stimulation were com-
bined. This time, instead of using visual stimulation, the system directly induced
a motor reaction in the receiver.” This communication channel was used in the
context of a video game, where a first individual (the emitter) could see the cur-
rent state of the game but not control it, whereas a second individual (the receiv-
er) could not see the game but could actually control it.

More recently, Jiang et al., (2019) reported the use of both stimulation and re-
cording modalities on a single individual in the context of a multi-person BTBI.*
Their approach combined two senders with SSVEP BClIs and one receiver with
TMS and an SSVEP BCI in a Tetris-like game scenario. The two senders, who
could see the game state, had to pick a move through their SSVEP BCI. Their
suggestions were then sent to the receiver through occipital TMS, who had to
decide, without seeing the game screen, how to rotate a game piece (done with an

SSVEP BCI) based on the sender’s suggestions.

12.5 Final considerations

In this chapter, we introduced the concepts of BCI hybridization and the rationale
for using hybrid systems. We then briefly reviewed multiple applications based
on hybrid systems in various areas, such as mobility, communication, and imag-
ing-stimulation integration. Although hybridization opens the door to improved
performance and new applications, the novelty of this field implies that research
is still needed before hybrid systems are fully translatable to real-world contexts.

Endnotes

1. Allison, Brendan Z., Clemens Brunner, Vera Kaiser, Gernot R. Miiller-Putz, Christa
Neuper, and Gert Pfurtschler. “Toward a hybrid brain-computer interface based on

imagined movement and visual attention.” Journal of neural engineering 7, no. 2 (2010):
026007.

2. Siebner, Hartwig R., Til O. Bergmann, Sven Bestmann, Marcello Massimini, Heidi
Johansen-Berg, Hitoshi Mochizuki, Daryl E. Bohning et al. “Consensus paper:
combining transcranial stimulation with neuroimaging.” Brain stimulation 2, no. 2
(2009): 58-80.

3. Marshall, Lisa, Halla Helgadéttir, Matthias Mélle, and Jan Born. “Boosting slow
oscillations during sleep potentiates memory.” Nature 444, no. 7119 (2006): 610-613.

4. Yoo, Seung-Schik, Hyungmin Kim, Emmanuel Filandrianos, Seyed Javid Taghados,
and Shinsuk Park. “Non-invasive brain-to-brain interface (BBI): establishing
functional links between two brains.” PloS one 8, no. 4 (2013): e60410.



174 Chapter 12

5. Nijholt, Anton, Brendan Z. Allison, and Rob JK Jacob. “Brain-computer interaction:
can multimodality help?.” In Proceedings of the 13th international conference on multimodal
interfaces, pp. 35-40. 2011.

6. Lorenz, Romy, Javier Pascual, Benjamin Blankertz, and Carmen Vidaurre. “Towards
a holistic assessment of the user experience with hybrid BCIs.” Journal of neural
engineering 11, no. 3 (2014): 035007.

7. Allison, Brendan Zachary, Robert Leeb, Clemens Brunner, G. R. Miller-Putz,
Gunther Bauernfeind, John W. Kelly, and Christa Neuper. “Toward smarter BCls:
extending BCIs through hybridization and intelligent control.” Journal of neural
engineering 9, no. 1 (2011): 013001.

8. Banville, H., and T. H. Falk. “Recent advances and open challenges in hybrid brain-
computer interfacing: a technological review of non-invasive human research.” Brain-
Computer Interfaces 3, no. 1 (2016): 9-46.

9. Liberati, Giulia, Stefano Federici, and Emanuele Pasqualotto. “Extracting
neurophysiological signals reflecting users’ emotional and affective responses to BCI
use: a systematic literature review.” NeuroRehabilitation 37, no. 3 (2015): 341-358

10. Allison, Brendan Zachary, Robert Leeb, Clemens Brunner, G. R. Miller-Putz,
Gunther Bauernfeind, John W. Kelly, and Christa Neuper. “Toward smarter BCls:
extending BCIs through hybridization and intelligent control.” Journal of neural
engineering 9, no. 1 (2011): 013001.

11. Choi, Inchul, Ilsun Rhiu, Yushin Lee, Myung Hwan Yun, and Chang S. Nam. “A
systematic review of hybrid brain-computer interfaces: Taxonomy and usability
perspectives.” PloS one 12, no. 4 (2017): e0176674.

12. Pfurtscheller, Gert, Teodoro Solis-Escalante, Rupert Ortner, Patricia Linortner, and
Gernot R. Muller-Putz. “Self-paced operation of an SSVEP-Based orthosis with
and without an imagery-based “brain switch:” a feasibility study towards a hybrid
BCL.” IEEE transactions on neural systems and rehabilitation engineering 18, no. 4 (2010):
409-414.

13. Leeb, Robert, Hesam Sagha, Ricardo Chavarriaga, and José del R Millan. “A hybrid
brain-computer interface based on the fusion of electroencephalographic and
electromyographic activities.” Journal of neural engineering 8, no. 2 (2011): 025011.

14. Chaudhary, Ujwal, Niels Birbaumer, and Ander Ramos-Murguialday.
“Erratum: Corrigendum: Brain—computer interfaces for communication and
rehabilitation.” Nature Reviews Neurology 13, no. 3 (2017): 191-191.

15. Gurkok, Hayrettin, and Anton Nijholt. “Brain—computer interfaces for multimodal
interaction: A survey and principles.” International Journal of Human-Computer
Interaction 28, no. 5 (2012): 292-307.



Hybrid Neurotechnology Systems 175

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Fernandez-Rodriguez, Alvaro, Francisco Velasco-Alvarez, and Ricardo Ron-Angevin.
“Review of real brain-controlled wheelchairs.” Journal of neural engineering 13, no. 6
(2016): 061001.

Rebsamen, Brice, Etienne Burdet, Q. Zeng, Haihong Zhang, M. Ang, C. L. Teo,
C. Guan, and C. Laugier. “Hybrid P300 and Mu-Beta brain computer interface to
operatea brain controlled wheelchair.” In Proceedings of the 2nd International Convention
on Rehabilitation Engineering & Assistive Technology, pp. 51-55. 2008.

Min, Byoung-Kyong, Matthew J. Marzelli, and Seung-Schik Yoo. “Neuroimaging-based
approaches in the brain—computer interface.” Trends in biotechnology 28, no. 11 (2010):
552-560.

Li, Yuanging, Jiahui Pan, Fei Wang, and Zhuliang Yu. “A hybrid BCI system combining
P300 and SSVEP and its application to wheelchair control.” IEEE Transactions on
Biomedical Engineering 60, no. 11 (2013): 3156-3166.

Long, Jinyi, Yuanging Li, Hongtao Wang, Tianyou Yu, and Jiahui Pan. “Control of
a simulated wheelchair based on a hybrid brain computer interface.” In 2012 Annual
International Conference of the IEEE Engineering in Medicine and Biology Society, pp.
6727-6730. IEEE, 2012.

Li, Jie, Hongfei Ji, Lei Cao, Di Zang, Rong Gu, Bin Xia, and Qiang Wu. “Evaluation
and application of a hybrid brain computer interface for real wheelchair parallel
control with multi-degree of freedom.” International journal of neural systems 24, no. 04
(2014): 1450014

Lin, C. T., Craig Euler, Po-Jen Wang, and Ara Mekhtarian. “Indoor and outdoor
mobility for an intelligent autonomous wheelchair.” In International Conference on
Computers for Handicapped Persons, pp. 172-179. Springer, Berlin, Heidelberg, 2012.

Lopes, Ana, Joao Rodrigues, Jorge Perdigao, Gabriel Pires, and Urbano Nunes. “A
new hybrid motion planner: Applied in a brain-actuated robotic wheelchair.” IEEE
Robotics € Automation Magazine 23, no. 4 (2016): 82-93.

Punsawad, Yunyong, and Yodchanan Wongsawat. “Hybrid SSVEP-motion visual
stimulus based BCI system for intelligent wheelchair.” In 2013 35th Annual International
Conference of the IEEE Engineering in Medicine and Biology Society (EMBC), pp. 7416-
7419. IEEE, 2013.

Iturrate, Ifiaki, Javier M. Antelis, Andrea Kubler, and Javier Minguez. “A noninvasive
brain-actuated wheelchair based on a P300 neurophysiological protocol and automated
navigation.” IEEE transactions on robotics 25, no. 3 (2009): 614-627.

Puanhvuan, Dilok, and Yodchanan Wongsawat. “Semi-automatic P300-based brain-
controlled wheelchair.” In 2012 ICME International Conference on Complex Medical
Engineering (CME), pp. 455-460. IEEE, 2012.



176 Chapter 12

27. Carlson, Tom, and Jose del R. Millan. “Brain-controlled wheelchairs: a robotic
architecture.” IEEE Robotics & Automation Magazine 20, no. 1 (2013): 65-73.

28. Li, Zhijun, Shuangshuang Lei, Chun-Yi Su, and Guanglin Li. “Hybrid brain/muscle-
actuated control of an intelligent wheelchair.” In 2013 IEEE International Conference on
Robotics and Biomimetics (ROBIO), pp. 19-25. IEEE, 2013.

29. Chang, Min Hye, Jeong Su Lee, Jeong Heo, and Kwang Suk Park. “Eliciting
dual-frequency SSVEP using a hybrid SSVEP-P300 BCIL.” journal of neuroscience
methods 258 (2016): 104-113.

30. Panicker, Rajesh C., Sadasivan Puthusserypady, and Ying Sun. “An asynchronous
P300 BCI with SSVEP-based control state detection.” IEEE Transactions on Biomedical
Engineering 58, no. 6 (2011): 1781-1788.

31. Xu, Minpeng, Hongzhi Qi, Baikun Wan, Tao Yin, Zhipeng Liu, and Dong Ming.
“A hybrid BCI speller paradigm combining P300 potential and the SSVEP blocking
feature.” Journal of neural engineering 10, no. 2 (2013): 026001.

32. Yin, Erwei, Zongtan Zhou, Jun Jiang, Fanglin Chen, Yadong Liu, and Dewen Hu. “A
speedy hybrid BCI spelling approach combining P300 and SSVEP.” IEEE Transactions
on Biomedical Engineering 61, no. 2 (2013): 473-483.

33. Yong, Xinyi, Mehrdad Fatourechi, Rabab K. Ward, and Gary E. Birch. “The design
of a point-and-click system by integrating a self-paced brain-computer interface with
an Eye-tracker.” IEEE Journal on Emerging and Selected Topics in Circuits and Systems 1,
no. 4 (2011): 590-602.

34, Zander, Thorsten O., Matti Gaertner, Christian Kothe, and Roman Vilimek.
“Combining eye gaze input with a brain—-computer interface for touchless human—
computer interaction.” Intl. Journal of Human—Computer Interaction 27, no. 1 (2010):
38-51.

35. Combaz, Adrien, Nikolay Chumerin, Nikolay V. Manyakov, Arne Robben, Johan
AK Suykens, and Marc M. Van Hulle. “Towards the detection of error-related
potentials and its integration in the context of a P300 speller brain—computer
interface.” Neurocomputing 80 (2012): 73-82.

36. Zeyl, Timothy, Erwei Yin, Michelle Keightley, and Tom Chau. “Adding real-time
Bayesian ranks to error-related potential scores improves error detection and auto-
correction in a P300 speller.” IEEE transactions on neural systems and rehabilitation
engineering 24, no. 1 (2015): 46-56.

37. Yu, Tianyou, Yuanging Li, Jinyi Long, and Zhenghui Gu. “Surfing the internet with a
BCI mouse.” Journal of neural engineering 9, no. 3 (2012): 036012.

38. Bai, Lijuan, Tianyou Yu, and Yuanqing Li. “A brain computer interface-based
explorer.” Journal of neuroscience methods 244 (2015): 2-7.



Hybrid Neurotechnology Systems 177

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

Long, Jinyi, Yuanqing Li, Tianyou Yu, and Zhenghui Gu. “Target selection with
hybrid feature for BCI-based 2-D cursor control.” IEEE Transactions on biomedical
engineering 59, no. 1 (2011): 132-140.

Yu, Tianyou, Yuanging L4, Jinyi Long, and Feng Li. “A hybrid brain-computer interface-
based mail client.” Computational and mathematical methods in medicine 2013 (2013).

Malechka, Tatsiana, Tobias Tetzel, Ulrich Krebs, Diana Feuser, and Axel Graeser.
“Sbci-headset—Wearable and modular device for hybrid brain-computer
interface.” Micromachines 6, no. 3 (2015): 291-311.

Lindquist, Kristen A., Tor D. Wager, Hedy Kober, Eliza Bliss-Moreau, and Lisa
Feldman Barrett. “The brain basis of emotion: a meta-analytic review.” The Behavioral
and brain sciences 35, no. 3 (2012): 121.

Shu, Lin, Jinyan Xie, Mingyue Yang, Ziyi Li, Zhengqi Li, Dan Liao, Xiangmin Xu, and
Xinyi Yang. “A review of emotion recognition using physiological signals.” Sensors 18,
no. 7 (2018): 2074.

Picard, Rosalind W., Elias Vyzas, and Jennifer Healey. “Toward machine emotional
intelligence: Analysis of affective physiological state.” IEEE transactions on pattern
analysis and machine intelligence 23, no. 10 (2001): 1175-1191.

Koelstra, Reinder Alexander Lambertus. “Affective and Implicit Tagging using Facial
Expressions and Electroencephalography.” PhD diss., Queen Mary University of
London, 2012.

Clerico, Andrea, Abhishek Tiwari, Rishabh Gupta, Srinivasan Jayaraman, and Tiago H.
Falk. “Electroencephalography amplitude modulation analysis for automated affective
tagging of music video clips.” Frontiers in Computational Neuroscience 11 (2018): 115.

Gupta, Rishabh, Hubert J. Banville, and Tiago H. Falk. “Multimodal physiological
quality-of-experience assessment of text-to-speech systems.” IEEE Journal of Selected
Topics in Signal Processing 11, no. 1 (2016): 22-36.

Parent, Mark, Abhishek Tiwari, Isabela Albuquerque, Jean-Francois Gagnon, Daniel
Lafond, Sébastien Tremblay, and Tiago H. Falk. “A Multimodal Approach to Improve
the Robustness of Physiological Stress Prediction During Physical Activity.” In 2019
IEEE International Conference on Systems, Man and Cybernetics (SMC), pp. 4131-4136.
IEEE, 2019.

Bergmann, Til O. “Brain state-dependent brain stimulation.” Frontiers in psychology 9
(2018): 2108.

Bergmann, Til Ole, Anke Karabanov, Gesa Hartwigsen, Axel Thielscher, and
Hartwig Roman Siebner. “Combining non-invasive transcranial brain stimulation
with neuroimaging and electrophysiology: current approaches and future
perspectives.” Neuroimage 140 (2016): 4-19.



178 Chapter 12

51. Pais-Vieira, Miguel, Mikhail Lebedev, Carolina Kunicki, Jing Wang, and Miguel
AL Nicolelis. “A brain-to-brain interface for real-time sharing of sensorimotor
information.” Scientific reports 3 (2013): 1319.

52. di Biase, Lazzaro, Emma Falato, and Vincenzo Di Lazzaro. “Transcranial focused
ultrasound (tFUS) and transcranial unfocused ultrasound (tUS) neuromodulation: from
theoretical principles to stimulation practices.” Frontiers in neurology 10 (2019): 549.

53. Rao, Rajesh PN, Andrea Stocco, Matthew Bryan, Devapratim Sarma, Tiffany M.
Youngquist, Joseph Wu, and Chantel S. Prat. “A direct brain-to-brain interface in
humans.” PloS one 9, no. 11 (2014): €111332.

54. Grau, Carles, Romuald Ginhoux, Alejandro Riera, Thanh Lam Nguyen, Hubert
Chauvat, Michel Berg, Julia L. Amengual, Alvaro Pascual-Leone, and Giulio
Ruffini. “Conscious brain-to-brain communication in humans using non-invasive
technologies.” PloS one 9, no. 8 (2014): €105225.

55. Jiang, Linxing, Andrea Stocco, Darby M. Losey, Justin A. Abernethy, Chantel S. Prat,
and Rajesh PN Rao. “BrainNet: a multi-person brain-to-brain interface for direct
collaboration between brains.” Scientific reports 9, no. 1 (2019): 1-11.



