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Abstract

Many augmentative and alternative communication (AAC) devices have been
developed to aid individuals who have some form of severe neuromuscular disorder to
communicate with the outside world, such as Amyotrophic Lateral Sclerosis (ALS). Eye-
trackers are used as a primary communication device for people with ALS until they lose
the ability to use their eyes. As an alternative to eye-trackers, the P300 speller brain-
computer interface (BCI) is a non-invasive mode of communication that utilizes
electroencephalography(EEG) data.

The P300 speller relies on eliciting and detecting event related potentials (ERPs)
that occur in the EEG data when a rare or unexpected visual or auditory stimulus is
presented to the user; however, only visual stimuli are used in this work. The P300 speller
displays characters or symbols in a grid on a computer screen and presents (i.e. flashes) a
subset of the characters simultaneously; these presentations are known as the stimuli. The
presentation of the target (i.e.,, desired) character should elicit an ERP. After many
repetitions of presentations, the speller attempts to estimate the desired character using
the EEG data. This thesis is composed of two primary methods to improve the P300
speller: A novel data-driven adaptive stimulus selection paradigm based on maximizing
the expected discrimination gain (EDG) metric; and fusion of an eye-gaze data stream to

develop a hybrid P300 and eye-gaze speller.
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Many pseudo-random stimulus presentation paradigms (i.e., patterns) have been
developed to improve the accuracy and decrease the time required to communicate via
the P300 speller. Few data-driven, adaptive, stimulus presentation paradigms have been
developed, however, they are computationally expensive, thus have limited flexibility in
the groups of characters that can be presented simultaneously. In this thesis, a novel data-
driven, adaptive, stimulus selection approach based on maximizing the expected
discrimination gain (EDG) is introduced. Various restrictions are set on the characters that
can be presented based on system and physiological constraints. Simulations show that
even with various restrictions on the proposed adaptive paradigm, the adaptive paradigm
yields a higher accuracy and a decrease in time required to spell compared to the most
commonly used row/column random paradigm. Online results show that the proposed
paradigm decreases the time required to spell, however, there is a slight decrease in
speller accuracy.

In addition to setting restrictions based on physiological effects, this thesis
presents work done on explicitly modeling refractory effects, probabilistically, on a
subject-specific basis. Refractory effects occur when the time between target stimulus
presentations is not sufficiently long, resulting in decreased SNRs of the ERP. By modeling
the refectory effects, the adaptive stimulus selection paradigm can automatically choose

characters to present that minimize refractory effects, without having to explicitly set ad-



hoc restrictions. Offline simulations showed that modeling refractory effects explicitly has
the potential to further increase the accuracy, and decrease the time required to spell.
Beyond improving the independent P300 speller, there has been recent interest in
developing a hybrid (or “fused”) BCI system. In this thesis, a probabilistic hybrid P300
and eye-tracker is developed and its effectiveness is explored. The hybrid speller collects
both eye-tracking and EEG data in parallel, and the user spells the characters in the same
way that they would spell them using the traditional P300 speller. Both online and offline
experiments are performed to analyze the hybrid speller. Online results showed that for
the fifteen non-disabled participants, the hybrid speller improved accuracy and reduced
the time required to spell a character. Offline simulations showed that the system is more

robust to eye-gaze abnormalities than a stand-alone eye-gaze system.

vi



Table of Contents

ADSETACE . iv
List Of TabIeS......cccoiiiiiiiiiciicccc s xi
LiSt Of FIGUI@S ....vviiiiiiciiicet et xii
ACKNOWIEAZEMENLS ......cvviiiiiii e xvi
1 INtrOdUCHON. ...t 1
2 BacKGroUnd ..o s 8
2.1  Eye-tracking for Communication.........c.ccceceviviiiiiiiiniiiiiiiniiiiiccccceccnes 9
2.1. 1 Eye Gaze Data........ccceiciiiiiiiiiii s 10

2.2 P300 SPIIET ..ot 11
2.2.1  P300 Speller INterface............ccocreueueiiiiirieieiccee e 14
2.2.2  EEG Signal acquisition and processing...........ccoccceevviveeinineininiiicciniieeennns 15
2.2.3 Feature Extraction and Classification............c.cccoceueueieiiieininciccccccccce 17
224 Target Character EStimation..........ccoceeiiiiiiiiiininiiiiicicicccccceens 18
2241  Static StOPPING .vovevevereicicicicctccc s 18

2242  Dynamic StOPPING.....cccoeeurmriiiiiiiiieieiee et s 19

225 Stimulus Presentation Paradigms..........cccocoeveirieieieiiiiiiicccccccccccce 23
2251  Adaptive Stimulus Selection............ccccccuviviiiiininiiiiiniiiiicce 25

2.3 Physiological Phenomena............cccooiiiniiiiiininiiiiniiccicceeee s 26
2.3.1  Refractory Effects ... 26
23.1.1  Signal Detectability........cccccooiiiiiiniiiiiiceee 27

vii



2.3.2  Adjacency Distraction........cccocooiiiiiniiininininiiie s 30

2.3.3  FatigUe ...oovovieiiii 30
2.4 Performance ASSESSMENt...........cccocuviiiiuiiniiiiiiiiniiiii s 31
241 Online Evaluation ... 32
242 Offline Evaluation ... 32
2.5 SUMMATY oottt a et eneas 35
Adaptive Stimulus Selection for the P300 Speller...........cccccoeiiviviiivininiiniiiiiiines 36
3.1 Kastella Sampling Framework..........ccccccoiiiiininiiiiininiiiiiiiiicccccces 37
3.2 Expected Discrimination Gain Optimization Function............c.cccoceevevinnnnnnee. 39
3.2.1 Greedy Expected Discrimination Gain Combinatorial Optimization ........... 46
3.3 Numerical Simulations for Adaptive Stimulus Presentation Paradigm............ 46
3.3.1 Numerical Simulation with Ideal Conditions...........cccccceevviniiiiiiiiiiiiins 48
3.3.2 Numerical Simulations with Realistic Conditions ...........c.cccccccvvviicinniiinnnns 51
3.3.2.1  Observation Delay Constraints............cccoeeieiviriiiinniicininiiciicecnen, 51
3.3.2.2  Character Presentation Limit.........cccccovviiiiiniiniiiiiiicccccccce 54
3.3.2.3  Refractory Effects CONStraints ........cccccovveicrniniiininiiccccnccceecees 58
3.3.24  Combined Constraints..........ccocevviviiiiiiininiiiiiiiciiccce 60
3.3.3  Stochastic TTT Constraints...........cccccvuvieiiiniiiiiiininiiiiicces 64
3.4 Online Data ColleCtion..........ccoeuruiiiiiiiiiiiiiiciccccc e 69
341  MethodOlOZY ... 70
3.4.1.1 Training task for Greedy EDG Adaptive Paradigm...........cccceevurueurnnnnne. 71
3.4.2  Online ReSUlts........coeuiiiiiiiiiiiiiiic s 71



3D DDISCUSSION cuuttveveeereeeeeeeeeeeeeeeeeeeeeeeeeeeeesaeeeesesesesesssesssssssssssssssssssnsssssssssssssssssssssssssnnsnsnsnnns 74

Exploiting Target-to-target Interval Information to Mitigate Refractory Effects........ 77
41 Incorporating TTI-information in the Bayesian Algorithm...........ccccccccoerninii. 78
4.1.1 Character Probability Updates...........ccccoeruiiiiiiiiiiiiiiiiiicccccce, 78
4.1.2 Expected Discrimination Gain.........ccccoeeveveicceieininiicceeeccce s 80
4.2 Performance Evaluation with Simulations ............cccccceeiiiiiiiiiiiiiis 85
421 Row-column Paradigm........ccccccciviiiiniiiiiiiiiiiicicceeaes 85
4211 Methods ..o 86
4212 ReSUS ..o 87
422 Greedy Adaptive Paradigm..........cccoeiiiiiiiiii 91
4221  Methods ..o 91
4222 ReSUILS ..ot 92

4.3 DISCUSSION ....uiuiiiitieiietetctttet ettt 96
Probabilistic P300 and Eye-tracker Hybrid System.........cccccccoeeviviiiininiininiiinicne. 99
5.1 Probabilistic Eye Gaze Spelling ...........ccccovuiuiiviniiiiininiiiiniiccininicccieccieenes 99
5.1.1 Eye Gaze Training Character Parameters.............cccooeureecciccccnccne 101
5.1.2 Eye Gaze Posterior Update..........ccocoovviniiiiiiiniiiiiiiicicicccccccces 105
52  Eye Gaze and EEG FUSION ........cccouoiiiiiiiciccccc e 106
52.1 Eye Gaze and EEG Fusion Algorithm ..........cccceceeiniiiinniiiniiiicccne 107
52.2  Experimental Methods ........cccocoeiiiiiiniiiiiiiiicccces 109
5221  Data Collection........cccceuiuiuiuiiiiiiiiii s 109
5.2.3 Experiment 1: Online Test of the System............cccooeeiiiii 110

ix



52.3.1  Experiment 1 Results.........ccccocoiiviniiiininiiininiiiiiiiccces 111

524 Experiment 2: Offline Test of the System...........ccccovveiriiii 115
52.4.1  Experiment 2 Results.........cccocooiiviniiininiiiiniiiiiiniiccees 117

525 Experiment 1 & 2 DiSCUSSION........ccooveiiiiiiiiiiiiiiicc 120

53  Future WOrk ... 121

6 CONCIUSION ...ttt 124
Appendix A — Expected Discrimination Gain and Mutual Information ...............cc......... 128
REfETENCES ... 130
BIOGTaPhy ..c.ooviiiiiiiiic e 141



List of Tables
Table 4.1 — TTI to TTI-bin assigNmMeNts...........ccccevvrrriririeieieieiccccccc e 87

Table 4.2 — Average accuracy, EST, and bit-rate for MC simulations comparing the Naive
Bayesian update, TTI Bayesian update, and binned TTI Bayesian update. ....................... 90

Table 4.3 — Average bit-rates from the MC simulations comparing adaptive stimulus

PTESENEAtIONS. ...ttt 94

xi



List of Figures

Figure 2.1 — This figure provides an example of eye-gaze data collected on a 6 x 6
character grid from a study participant with ALS while they were attempting to spell
Various Characters. ... s 11

Figure 2.2 — Averaged EEG response measured from a subject when a target (red)
background (blue) stimulus event 0CCUrS. .........ccccccvviiiiiiiniiiinini 12

Figure 2.3 — P300 Speller Flow Chart. .......ccccoouviiiiiiiiiniiieiiciccccccccc e 14

Figure 2.4 - A 9 x 8 (9 rows and 8 columns) P300 speller grid with a subset of characters
illuminated in the tOP TOW. ... 15

Figure 2.5 — Locations on the scalp where EEG electrodes were placed. The blue
electrodes denote the electrodes used in this work (Fz, Cz, P3, Pz, P4, P07, P08, and Oz).

Figure 2.6 — An example of the target and non-target conditional classifier score PDFs.22

Figure 2.7 — An example of posterior probability updates as a function of flash index,
using collected EEG data. .........couoveveieiiieiiiiccc s 22

Figure 2.8 — All possible flash groups (i.e., the codebook) for a row-column (RC)
stimulus presentation paradigm given a 9 x 8 character P300 speller. ............ccccceevnennnncns 24

Figure 2.9 — Detectability index of the SWLDA classifier scores, z, as a function of TTI
between target and non-target flashes averaged across subjects in the Throckmorton et
al. [72] static sStopping eXPeriment..........ccccceviviruiuiiiniiiiininiiiciiccce e 28

Figure 2.10 - The distribution of average TTI occurrences in the Throckmorton et al. [66]
static stopping testing data. ...........ooeueveveieieiciccc 29

Figure 2.11 — The projected accuracy, projected presentations, and projected bit-rate as a
function of the number of MC simulation iterations. ..........c.ccccceeeviriiiciniiinnicinieccene 34

Figure 3.1 - Three examples of pre-computed expected discrimination gain curves, AKLt
as @ fUNCHON Of PLE.......cocooiiiiiiiiiiic s 45

xii



Figure 3.2 — Example of stimulus presentations for a single iteration of the numerical
simulations for the greedy EDG adaptive paradigm (top) and the RC random paradigm
(DOLEOTI). 1.ttt ettt ettt ettt b e s b e st et et et et et e st besbessenbenee 49

Figure 3.3 — Simulation results to compare performance of RC, CB, and greedy EDG
adaptive paradigm as a function of d’ in ideal conditions...........ccccccoeuvivivciiicirinicininicines 50

Figure 3.4 — Diagram showing an example of the time between a stimulus presentation
and an EEG observation for the stimulus presentation.............cccccoceeivviiiniiicnnicnnn, 52

Figure 3.5 - Simulation results that provide a comparison between RC, CB, and various
greedy EDG adaptive paradigms with character presentation limits...........c.ccccceeuruennnnee. 56

Figure 3.6 - Simulation results that provide a comparison between RC, CB, and various
greedy EDG adaptive paradigms with various observation delays (ODs). ....................... 58

Figure 3.7 - Simulation results of comparison between RC, CB, and various greedy EDG
adaptive paradigms with various TTImin restrictions.............cccceeicivviiiiiniiiicnincinnnns 60

Figure 3.8 - Simulation results of comparison between RC, CB, and greedy EDG
adaptive paradigms with independent restrictions and combined restrictions................. 62

Figure 3.9 — Distribution of TTI for greedy EDG adaptive paradigm with
COMB(9,6, TTIMIT) CONSITAINES. ..c.veuvemeinieiieiieierieetentesteeetetete ettt ettt sae s saeeens 64

Figure 3.10 — Distribution used for stochastic TTI constraints for TTImin in this work,
10 0TS &4 57 Sl N N B =] 9 5 oY o o ) o VORI 65

Figure 3.11 - Examples of stimulus presentations for the ideal greedy EDG adaptive
paradigm (top), greedy EDG adaptive paradigm with COMB(9,6,3) constraints (middle)
and greedy EDG adaptive paradigm with COMB(9,6,PBP) constraints (top). .................. 67

Figure 3.12 - Simulation results of comparison between RC, CB, and greedy EDG
combined restrictions with fixed and stochastic TTImin ~ PBP.................eeeeeeen... 68

Figure 3.13 - Distribution of TTI for greedy EDG adaptive paradigm with a
COMB(9,6, TTITITL) T@SITICHION. ..evtiiiiiieieieettetest ettt ettt sttt ettt st sae b 69

Figure 3.14 — Results from the online data collection to compare CB and greedy EDG
adaptive paradigms. .........ccoviiiiiiiiiiiii e 73

xiii



Figure 4.1 — Example of target and non-target classifier score PDFs without TTI
information in red and blue curves, respectively...........cccccoviiiiniiiiinniini 80

Figure 4.2 — Example of conditional classifier score PDFs for non-target and TTI 1, 2, and
3 presentations and their corresponding TTI-EDG volumes.........ccccceeveiriieneiininccnnnnnn 84

Figure 4.3 — conditional classifier score PDFs using (a) non-binned and (b) binned TTI
groupings for a single participant in [72]. ... 87

Figure 4.4 - The average accuracy (a), EST (b), and bit-rate (c) obtained for each
participant by running the MC simulation. ...........ccccccviiiiniiiniiiicicc, 89

Figure 4.5 - Average (a) accuracy, (b) EST, and (c) bit-rate for naive EDG — naive update,
naive EDG — TTI update, and TTI EDG - TTI update algorithms with no TTImin
constraints, TTImin = 3, and TTImin ~ PBP constraints. .........ccccceeeeevveeeceeeccveecerenennee. 93

Figure 4.6 — (Left) presents the trained conditional classifier score PDFs for non-target
and target binned TT1 1, 2, and 3 presentations for a single participant. (Right) is the
corresponding TTI-EDG volume for the conditional classifier score PDFs........................ 96

Figure 4.7 -TTI distributions for the naive EDG — TTI update (left) and TTT EDG - TTI
update (right) algorithms with no TTImin restrictions for the participant whose trained
conditional classifier score PDFs are shown in Figure 4.6. ...........ccccooovrinininincnnnninicnne, 96

Figure 5.1 — Flow chart for choosing the target character using the probabilistic speller.

Figure 5.2 — Illustration of the grid used for the spelling experiments, along with an
example of the training gazes, YT measured for a single participant plotted on a speller
0= OO 104

Figure 5.3 - Trained character position means, um, for all characters for a single
participant, are plotted in this figure as red asterisks...........c.cocoovrriiiiiii 105

Figure 5.4 — A plot of the spelling accuracy, average number of stimulus presentations,
and bit-rate for the 4 different online testing tasks performed by the participants. ....... 112

Figure 5.5 - This figure plots the difference between the EEG-alone results and the three
fusion algorithm results that are shown in Figure 5.4 ..., 114

xiv



Figure 5.6 - A plot of the bit-rate of the EEG alone algorithm and the fusion algorithm
under three eye-gaze variance conditions (estimated, medium, and high variance) as a
function of the horizontal gaze bias and additional gaze noise, onoise2, averaged over
all fifteen PartiCipants. ..o 118

Figure 5.7 - A plot of the bit-rate of the fusion algorithm and the eye-gaze only algorithm
with all variance conditions as a function of the horizontal gaze bias and additional gaze
noise, onoise2, averaged over all fifteen participants. .........c.cccccceviiiiniiinniiinnine 119

XV



Acknowledgements

Lately I've been joking about how I accidentally stumbled onto a Ph.D. Though
this statement isn’t completely accurate, it's not far from it. If it weren't for my brilliant
advisor, mentors, peers, and my loving family and friends, I would not have made it this
far.

Thank you to all of the teachers at Neshaminy High School and professors at Pitt
that motivated me to pursue a bachelors and then a Ph.D. in electrical engineering.
Specifically, I would like to thank Hank Oppenheimer, David Bender, Mahmoud EI
Nokali, Steven Jacobs, Luis Chapparo, and Ervin Sejdic.

Thank you to all of the people that participated in my data collections; your
participation allowed me to verify whether or not my simulations would actually translate
to a usable, online system. Thank you to the organizations that funded my research
throughout graduate school: the Duke University ECE department; U.S. Army RDECOM
CERDEC Night Vision and Electronic Sensors Directorate; Duke Wisenet NSF; the NIH;
and discretionary funding from Leslie Collins” applied machine learning lab (AMLL).
Without the financial support none of my work would have been possible.

Leslie Collins, thank you for inviting me to join the best lab at Duke. Since I've
been here, the AMLL has consistently been filled with students, post-docs, and research
scientists that are extremely bright, hard-working, and sociable. You have created a lab

atmosphere that encourages everyone to work hard, yet still have fun — both in and

xvi



outside of the lab. You have always promoted a strong work-life balance, which has
ensured that I (and others in the lab) stayed at least somewhat sane. Thank you for
legitimately caring about my well-being — the bi-weekly emails I received from you as my
defense was approaching, urging me that everything would be alright, significantly
reduced my stress levels and encouraged me to keep pushing towards graduation. I can’t
thank you enough for everything you've done for me.

Thank you to all the mentors I've had over the years: Peter Torrione, for
significantly improving my MATLAB programming skills. Kenny Morton, for instilling
in me the Bayesian mindset and for sharing with me the misery that is Pitt sports. Mary
Knox, for your guidance over the short time we worked together. Sandy Throckmorton,
for teaching me that every good presentation has a flow-chart. Boyla Mainsah, for
brainstorming with me almost daily, which allowed me to make research progress at a
significantly faster pace than I would have otherwise. I'm also deeply appreciative for the
time you spent on editing my latest conference papers, this thesis, and my doctoral
defense presentation.

Thank you to all of the current and former graduate students in the AMLL for
keeping me sane, as well as motivating me to be the best researcher I can be. Nick Czarnek,
I'm really glad that we were lab mates at both Pitt and Duke; having somebody to study
with and learn new concepts with made the transition between undergrad and grad

school palatable. Joe Camilo, the last few months you've been telling me, "hurry up and

xvii



graduate already." I'm not sure I would have ever graduated without this incredible
advice. Kedar Prabhudesai, your constant happiness is contagious and managed to
brighten my mood after every one of our interactions. Jillian Clements, I'm glad that we
were able to become close friends throughout my time here; I enjoyed every one of our
conversations about boring adult finance stuff like ETFs and 401k’s. Jordan Malof, Daniel
Reichman, and Patrick Wang, I greatly appreciate all of the brainstorming sessions I've
had with each of you over the years. Lidea Shahidi, Bohao Huang, and Kevin Chu, thank
you all so much for your insightful feedback during various lab meetings and exam
practices. Rayn Sakaguchi and Ken Colwell, you were both major contributors in making
the AMLL the most fun lab at Duke. Ken, those googly eyes that you put on objects
throughout the lab are still making me laugh at least once a week. Achut Manandhar, Sara
Duran, and Jill Desmond, thank you for welcoming me into the lab with open arms. I truly
felt like I was part of the lab family after my first day here.

I was also fortunate enough to also be surrounded by many great people at Duke
outside of the AMLL. Thank you to all of of the people in the Duke ECE department who
encouraged me to be less of a recluse: Guy Lipworth, Alex Mrozack, David Carlson, Laura
Carlson, John Marcus, Kyle Ulrich, Devin Ulrich, Jon Soli, Lorelei Soli, Michael Boyarsky,
Greg Spell, Christian Nadell, Stacey Kuo, Andrew Traverso, Andrew Boyce, Ugonna
Ohiri, Korine Ohiri, Michael Martinez, Michaela Kane, Tim Sleasman, and Trisha

Dupnock. Thank you to the people who helped me put together the best intramural

xviii



ultimate Frisbee team Duke had ever seen: Chris Jackman, Jake Coleman, Kevin Liang,
Kristen Collar, Dean Culver, Danton Noriega-Goodwin, Michael Reinsvold, and Bradley
Feiger. Lastly, thank you to all the members and coaches of the Duke club ultimate Frisbee
team from 2012-2014 for giving me the opportunity to enjoy playing the sport I love most.

I've been blessed with a kind, loving, and supportive family. Thank you to my
parents, Inna and Gena for pushing me to work hard, yet giving me the freedom to choose
my own path in life. Thank you to my younger brother Michael for always keeping me in
the loop about what slang words are still cool to use. Thank you to my grandparents
Valya, Vasya, Ira, and Shuryik, for showering me with love every time I come visit, albeit
infrequently. Now that I'm done with school and moving closer to home, I promise to
visit and call more often.

I'm not even sure words can describe how thankful I am for my girlfriend of 4
years, Rebecca Delk. She probably deserves this Ph. D. more than I do. She’s had to put
up with my constant, grad-school induced, whining and neediness for pretty much the
entirety of our relationship. During extra stressful periods of grad school (such as exams
and conference deadlines) she would drop everything to drive 1.5 hours to be with me;
often she would even surprise me with assortments of gifts and snacks. I've enjoyed just
about every moment we’ve spent together, and I'm excited for many more. Now hurry

up and finish your school year so you can finally come live with me in Maryland!

Xix



1 Introduction

Various augmentative and alternative communication (AAC) devices have been
developed in order to aid individuals who have some form of severe neuromuscular
disorder to communicate with the outside world. One disease that results in the need for
AAC systems is Amyotrophic Lateral Sclerosis (ALS), also known as Lou Gehrig’s disease.
ALS s a progressive neurodegenerative disease characterized by loss of voluntary muscle
control. Over time, people diagnosed with ALS lose their ability to move and
communicate through speech or gestures [1]. In some cases, as the disease progresses, eye
movement becomes the only voluntary muscle control that an individual with ALS can
perform [2]. There are more than 12,000 definite diagnoses of ALS in the US, and
approximately 5000 individuals are diagnosed each year [3]. The target population for the
AAC devices discussed in this work are those with ALS [4].

Studies have shown that eye-trackers can be used as one mode of communication
for people with ALS who retain much of their oculomotor control (e.g., [2], [5]-[9]),
allowing them to spell words by gazing at characters on a screen, and having the direction
of the gaze automatically detected. Most modern eye-trackers emit infrared (IR) light and
the direction of eye gaze is determined based on the reflection of the IR light off of the
pupil and cornea ([10], [11]). Eye gaze is used for detecting the spatial position that is
being looked at on the screen, and object selection on the screen is typically achieved by

maintaining gaze for a specified dwell time, typically 500-1000ms for novice spellers [12].



An eye-tracker typically requires a very short calibration period (1-5 minutes) (e.g., [13])
and is easy to set up. Although eye-tracking is commonly used as a mode of
communication for people with ALS, there are several limitations with gaze-control
systems. People with ALS are known to have oculomotor impairment ([9], [14]-[17]), such
as saccadic intrusions during fixation (e.g., [18]), horizontal and vertical gaze limitations
(e.g.,[19]), slower saccades (e.g.,[20]), and nystagmus (e.g.,[19]), a condition that causes a
person to make repetitive, uncontrolled eye movements. These abnormalities will
sometimes render the user unable to efficiently use an eye-tracker as their primary method
of communication ([8], [21], [22]). Eye-trackers can also become inaccurate due to
excessive sunlight (e.g., [2]) or with the use of corrective lenses [2].

As an alternative to eye-trackers, the P300 speller brain-computer interface (BCI)
[23] is a non-invasive mode of communication that utilizes electroencephalography(EEG)
data, and this system has also been shown to allow people with ALS to communicate [22],
[24]-[26]. P300 spellers rely on eliciting and detecting event-related potentials (ERPs) that
occur in EEG data when an uncommon stimulus is presented to the user [27]. P300 spellers
are named after an ERP that occurs approximately 300 ms after an uncommon event
occurs, although other ERP responses in the EEG data can also be used for classification
(e.g. [28], [29]). In a typical visual P300 speller, characters or symbols are displayed on a
computer screen and groups of characters are sequentially illuminated (i.e., flashed or

presented) on the screen. While the flashing is occurring, the subject attends to the



character or symbol in the grid that they intend to spell. The flash of the “desired” or
“target” character is the uncommon event that should elicit an ERP. Typically, the EEG
data collected after each flash has a low signal to noise ratio (SNR), so many repetitions of
flashes are performed until there is enough information that has been gathered to
determine which character is being spelled.

The P300 speller can be used as a communication device when the eye-tracker is
unusable, as the ERP response remains mostly stable over the progression of ALS [21],
[22], [30]-[32]. The primary drawback associated with the P300 speller is that the time it
takes to spell a character can be lengthy (~5-20 seconds per character), particularly in
comparison to spelling times associated with an eye-tracker (~1 second per character). The
P300 speller also requires a significantly longer set up time and calibration or training
phase compared to an eye-tracking communication device.

Work has been done towards improving the accuracy and decreasing the time
required to communicate using the P300 speller. Some of the improvements involve
cosmetic changes to the interface. In [33], [34], the speller presents characters using various
colors so that the user is less distracted by nearby character presentations. In [35], [36],
faces were presented instead of characters to increase the amplitude of the ERP response.
Traditionally, the subsets of characters presented to the user are either rows and columns
of characters arranged in a grid layout, and these subsets are randomly selected to be

presented to the user. Instead of randomly created flash groups, other methods have



exploited error-correcting codes from coding theory to optimize the composition and
presentation order of flash groups, as is considered in [37], [38]. These approaches,
however, do not rely on previously observed EEG data that was collected in the sequence
of spelling in order to optimize the stimulus selection.

Some work has been done on the development of an adaptive, data-driven,
stimulus presentation paradigm for the P300 speller [39], [40]. A data-driven approach
selects stimuli based on previously observed stimulus responses; this allows the speller to
select stimuli that can provide more information about the target character than a random
stimulus selection. In Park et al. [39], a partially observed Markov decision process
(POMDP) was used to adaptively decide which row or column to flash. The row and
column decisions were made independently and the intersection of the selected row and
column was then selected as the target character estimate. The POMPD approach,
however, becomes intractable for a real-time system when considering a search space
considerably larger than row and column flash groups. Ma et al. [40] implemented a
hierarchy of variable-sized flash groups based on a language model. The hierarchical
approach, however, is easily susceptible to error propagation, especially when
considering the amount of incorrect selections in users with low accuracy levels [40].

The first aim of this work was to develop an adaptive stimulus selection
framework that aims to maximize the amount of information gained after every stimulus

presentation. The basis of the framework is the expected discrimination gain (EDG). The



EDG is a metric introduced by Kastella [41] as a sensor sampling strategy. The proposed
approach explicitly models the expected information gain for the upcoming stimulus
presentation, as opposed to the POMDP which tries to maximize a reward function over
a measurement horizon. Since the proposed approach is myopic, it is significantly less
computationally complex than the PODMP approach, and therefore allows the flexibility
to dynamically create flash groups using a greedy search.

One of the primary concerns that should be considered when developing a
stimulus selection paradigm for a speller-based BCI are physiological effects that can
render the automatic discrimination between target and non-target stimulus
presentations difficult. Refractory effects, for example, occur when a target character is
presented in rapid succession; this can reduce the amplitude and increase the latency of
the ERP response [42], [43]. When refractory effects occur, target stimulus presentations
can be incorrectly classified as non-target presentations. Conversely, non-target
presentations can be classified as target presentations if an adjacent character presentation
distracts the user [25], [44]; this is known as an adjacency distraction. The adaptive
stimulus presentation paradigm developed in this work enforces constraints on the
stimulus presentation groups to attempt to reduce the effects of these physiological
effects.

In addition to setting constraints based on physiological effects, work was done

on explicitly modeling refractory effects, probabilistically, on a subject-specific basis. By



modeling the refectory effects, the adaptive stimulus selection paradigm can
automatically choose characters to present that minimize refractory effects, without
having to explicitly set ad-hoc constraints. By modelling the refractory effects on a subject-
specific basis, the adaptive stimulus selection paradigm can increase the time between
character presentations if subjects are more prone to refractory effects, and vice versa.

Another physiological phenomenon that can provide information about what the
user of a P300 speller is trying to spell is eye-movement. There has been interest in
combining EEG data and eye-gaze data with the goal of developing a hybrid (or fused)
BCI (hBCI) communication system (e.g. [45], [46]). A system that can successfully combine
eye gaze and EEG has the potential to increase robustness to oculomotor impairment
through the additional information provided by EEG while taking advantage of the
increased communication speed provided by eye gaze. Hybridizations have taken several
forms in the literature, with the majority using the EEG and eye-gaze inputs for separate
control purposes (e.g. [46]-[53]).

Dong et al. [54] demonstrated the potential for improving BCI performance
through parallel fusion of eye gaze and EEG by incorporating eye gaze into a motor
imagery BCI for cursor control. Gaze was classified in only two directions (left, right).
Choi et al. [55] developed a hybrid P300 and eye-gaze speller by limiting the characters
that can be selected to a 3 x 3 grid centered at the eye-gaze location. In Dong et al. and

Choi et al., the eye-gaze was used to limit the characters that could be selected. In these



studies, hard-thresholds on eye-gaze position are used to prune the set of selectable
characters. These thresholds are fixed and do not adapt to the user’s oculomotor ability.

The second aim of this work is to develop an algorithm that uses eye-gaze and
EEG data in parallel to estimate the probability of a character being the target character
after each collected data point. The probabilistic algorithm will allow the system to adapt
to each individual use; for example, if it is known that eye-gaze data is typically
inaccurate, more EEG and eye-gaze data will be collected before making a character
selection. The full two-dimensional spatial position will be used, thereby increasing the
potential information that can be used by the BCI system to improve performance.

This document is organized as follows: In Chapter 2, the background information
for this work is introduced. In Chapter 3, the proposed adaptive stimulus presentation
paradigm based on the EDG metric is introduced. In Chapter 4, the adaptive stimulus
presentation paradigm is improved by incorporating a model for refractory effects in the
EDG computation. In Chapter 5, an algorithm is introduced for a hybrid P300 and eye-
gaze speller. Chapter 6 will briefly describe the primary contributions of this work as well

as suggest avenues for future work.



2 Background

One of the most common AAC devices for individuals with ALS is the eye-tracker
(e.g., [2], [5]-[9]). However, if the person with ALS is unable to use an eye-tracker due to
oculomotor abnormalities, a BCI can be used. The P300 speller BCI has been one of the
most widely researched AAC’s for individuals with ALS who do not have consistent eye
gaze (e.g., [21], [22]). The P300 speller relies on the presence of an event related potential
(ERP) that exists in the measured EEG signal after an unexpected auditory or visual
stimulus event (oddball). The presence of the ERP can be used to select characters on a
virtual keyboard [23].

There are two main contributions in this work: developing a probabilistic hybrid eye-
gaze and P300 speller, and developing a data-driven, adaptive, stimulus presentation
paradigm for the P300 speller. In section 2.1, communication via eye-tracking is described.
The eye-gaze data used in this work will also be introduced and examples of the eye-gaze
data that can be collected with our system is shown. In section 2.2, the P300 speller is
introduced and methods that have been used to improve the P300 speller are discussed.
Next, the physiological phenomena that can affect the accuracy and spelling speed of the
P300 speller are discussed in section 2.3. Finally, the metrics used in this work to measure

the performance of both independent and hybrid spellers are discussed in section 2.4.



2.1 Eye-tracking for Communication

Most modern eye-trackers emit infrared (IR) light and learn the direction of eye-
gaze based on the reflection of the IR light from the pupil and cornea ([10], [11]). An eye-
tracker typically requires a very short calibration period (~1 minute) (e.g., [13]), is easy to
set up, and is relatively inexpensive compared to an EEG-based system. The eye-tracker
can be used to communicate via “eye-typing” (e.g., [56]-[62]). To eye-type, a virtual
keyboard is presented to the user, and the user selects characters by focusing on a
character that they intend to spell. During spelling, when the detected eye-gaze is closest
to a particular character for a predetermined amount of time, known as the dwell time,
the system selects that character, and spelling proceeds. Dwell times are typically set to
500-1000 ms for novice spellers [12].

Unfortunately, dwell based eye-gaze spelling systems fail to perform well if the
user has significant oculomotor impairment. Individuals with ALS are known to have
oculomotor impairments ([9], [14]-[17]) such as saccadic intrusions during fixation (e.g.,
[18]), horizontal and vertical gaze limitations (e.g.,[19]), slower saccades (e.g.,[20]), and
nystagmus (e.g.,[19]). Saccadic intrusions and nystagmus can increase the variance of the
measured eye-gaze data significantly, rendering the user of the system unable to dwell on
the target character throughout the dwell period. Gaze limitations can result in the user
being unable to gaze at the character that they are intending to spell for the required dwell

time.



2.1.1 Eye Gaze Data

The Tobii Technology X2-30 eye-tracker [55] was used to collect eye-gaze data in
this work. The X2-30 is a binocular, infrared eye-tracker that samples at a frequency of 30
Hz. The eye tracker estimates the user’s gaze, or point of focus, on the monitor in both the
vertical and horizontal axis. Prior to collecting eye gaze data in a spelling task, the system
is calibrated for each subject with the Tobii eyeX software. The calibration procedure asks
the user to follow a marker with their eyes as it moves around the screen for
approximately 30 seconds, and then uses that data to learn a physiological 3D eye model
[63]. The initial calibration performed using Tobii’s calibration software normalizes the
gazes such that all gazes on the monitor are € [0,1] on both the horizontal and vertical
axes, regardless of the size of the monitor. The eye-gaze estimates are not restricted to the
length of the monitor, therefore gaze estimates may exist outside of [0,1] on either the
horizontal or vertical axis. The monitor used in this work has a resolution of 1920 x 1080
(width x height) pixels, and is 22.9” along the diagonal.

A single observation of eye-gaze data is denoted as Y, € R'*?, and t observations
are denoted as ¥, € R"™*?, where the two dimensions are the horizontal and vertical eye-
gaze. Figure 2.1 provides an example of eye-gaze data that was collected from a study

participant with ALS while they were attempting to eye-type on a virtual keyboard.
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Figure 2.1 — This figure provides an example of eye-gaze data collected on a 6 x 6
character grid from a study participant with ALS while they were attempting to spell
various characters. The color/character combination corresponds to the character that
the participant was instructed to focus on. There are 168 eye-gaze data points for each
character being spelled, and during this data collection there were 12 characters being
spelled. Some characters are spelled more than once, and thus there are only 9 unique
characters spelled.

2.2 P300 Speller

When a person is unable to use an eye-tracker due to oculomotor impairment, a
BCI such as the P300 speller can be used as an alternative communication device [22]-[26].
The P300 speller leverages ERPs that are elicited when an infrequent auditory or visual

stimulus is presented to the user [27]. This infrequent stimulus presentation is known as
11



the oddball or target stimulus response. The ERP response can be seen in the EEG data as
a positive peak that occurs approximately 300ms after the auditory or visual stimulus is
presented; this positive peak is termed the P300. Figure 2.2 shows averaged EEG
responses that were measured when a target and background (non-target) stimulus event

occurs.
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Figure 2.2 — Averaged EEG response measured from a subject when a target (red)
background (blue) stimulus event occurs.

In a visual P300 speller, characters or symbols are displayed on a computer screen
and groups of characters are sequentially illuminated (i.e., flashed or presented) on the
screen. While the presentations are occurring, the user attends to the character or symbol

in the grid that they intend to spell. The presentation or flash of the “desired” or “target”
12



will typically elicit an ERP. The P300 speller signal processing algorithm attempts to
estimate the character that the user is intending to spell by determining the character
presentations that elicited the ERP responses.

A flow chart describing the components of the visual P300 speller system is
provided in Figure 2.3. The user is presented with a grid of characters and/or symbols on
a computer screen. The user then chooses a single character on the P300 speller grid and
focuses on that character (i.e., the target character). The grid illuminates, or flashes, a
subset of the total characters on the grid (section 2.2.1); the subset of the characters being
presented is termed a flash group. The flash group presentations on the screen are
synchronized with the EEG signal acquisition. EEG data is collected (section 2.2.2),
beginning at the onset of the illumination of a flash group, for some preset amount of time.
The collected window of EEG data is then pre-processed and features are extracted
(section 2.2.3). The features are automatically analyzed with a trained, user-specific,
algorithm, or classifier, to generate a classifier score. This classifier score is then used to
update a character scoring function in order to estimate the character that the user is

intending to spell (section 2.2.4).
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Figure 2.3 — P300 Speller Flow Chart. The user of the P300 speller (upper right) focuses
on the character that they are intending to spell. The grid illuminates a subset of the
characters on the grid. After each subset illumination, a window of EEG data is
collected and preprocessed. A classifier score, obtained from the features extracted
from the window of EEG data, is used to update the scoring function. After the scoring
function meets some threshold, or the maximum number of presentations (i.e.,
illuminations) is exceeded, the character that maximizes the scoring function is
selected.

2.2.1 P300 Speller Interface

A P300 speller grid displays all the symbols or characters that are available for the
user to spell. At each flash index, t, a flash group (i.e., subset of characters) is illuminated.
LetFy € {0,11**M = [§,1,$, 4, ..., $ m] denote a binary vector that represents a flash group
at time index t. #;,, € {0,1} indicates whether character m at t is presented, where a ‘1’

14



indicates a character that is presented and a ‘0" denotes a character that is not presented.
M is the total number of characters in the grid, and m is an indexing value for the
characters. F; € {0,1}*M = [F,,F,,..,F;] is the matrix of all flash groups after t
presentations. An example of a P300 speller grid is shown in Figure 2.4. In the Figure, the

characters in the top row are being presented, or flashed, to the user.

Figure 2.4 - A 9 x 8 (9 rows and 8 columns) P300 speller grid with a subset of characters
illuminated in the top row. The grid displays all of the characters (characters, numbers,
punctuation, commands, etc.) available for the user to spell. In this figure, the top row
of characters are being presented to the user by being illuminated.

2.2.2 EEG Signal acquisition and processing

Electrical signals are collected externally on the scalp using EEG. In this work, EEG
data was collected using 32-channel caps from Electro-Cap International Inc. connected

to 16-channel GugerTec g. USBAMP Biosignal amplifier. An electrode map of the EEG cap
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is shown in Figure 2.5. Data from the Fz, Cz, P3, Pz, P4, P07, P08, and Oz electrodes are
collected [64], [65] as this set of electrodes was shown to generally yield high performance
in the P300 speller [65]. The reference and ground are set to the right and left mastoid
electrodes, respectively. The raw EEG data were collected at 256 Hz. Raw EEG data
collected from the scalp is then pre-processed (i.e., filtered) to remove artifacts and
amplify the EEG signal [1]. After the signal is pre-processed, features to be used for

classification are extracted (see section 2.2.3).

Figure 2.5 — Locations on the scalp where EEG electrodes were placed. The blue
electrodes denote the electrodes used in this work (Fz, Cz, P3, Pz, P4, P07, P08, and Oz).
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2.2.3 Feature Extraction and Classification

The feature extraction process from Krusienski et al. [65] is used in this work. A
single feature observation at flash index, t, will be denoted X, € R1*D where D is the
dimensionality of an EEG feature observation. An 800ms time window is extracted from
eight channels. The pre-processed EEG data is then decimated, by averaging, yielding 15
EEG data samples across 8 channels, or 120 total samples when vectorized; the 120
vectorized samples constitute a single feature observation.

Prior to the to the testing phase, a classifier is trained using labeled observations
of features generated during a calibration, or training, phase of the experiment. A label,
£, € {0,1}, is assigned at each flash index, where 0 corresponds to an observation where
the target character is not presented, and 1 corresponds to an observation where the target
character is presented. The entire training dataset consists of all observations of features,
X7 = [X;, X, ..., X7], and the binary labels, L7 = {l,l;, ..., 1} collected during a training
phase that consists of T presentations. Training the classifier requires learning a function
that transforms a feature observation, X;, into a classifier score, z; € R?, such that the
separation of classifier scores between target and non-target observations is maximized.
A vector of classifier scores is denoted as Z; € R = [zq, 2y, ..., Z¢].

Krusienski et al. [65] shows that linear and non-linear classifiers yield similar
classification accuracy for the EEG data features that were used; therefore, a linear

classifier will be used for this work . In training a linear classifier, a classifier weight vector,
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Were € R1* P islearned such that z, = X,Wgg; T, where T denotes a matrix transpose. The
stepwise-linear discriminant analysis (SWLDA) classifier is commonly used for
processing EEG data (e.g., [11], [12], [13]), and will therefore be used to learn Wgg; in this
work. After Wgg is learned with the training data, classifier scores, z, can be estimated

for testing data (i.e., data whose label is unknown).

2.2.4 Target Character Estimation

During the testing phase, the goal of the P300 speller is to select the character that
the user is attempting to spell. Determining if a presentation is a target or non-target
presentation is difficult due to the low SNR of EEG data [67]. Therefore, character selection
is typically made after many stimulus presentations [68], [69]. The total process of spelling
for each character is termed a trial. The number of stimulus presentations for a given trial
can either be fixed or determined dynamically, termed static and dynamic stopping
respectively. Static stopping was used in the original P300 speller implementation [23]
and is still used in some recent P300 literature (e.g., [25], [33], [34]). Dynamic stopping
methods, however, have been shown to decrease the amount of time required to spell
with the P300 speller compared to static stopping methods [70] and have been more

commonly used in recent literature (e.g., [71]-[76]).

2.24.1 Static Stopping

The typical method to select characters via static stopping is the cumulative

moving average (CMA) [23]. In the CMA character selection algorithm, a cumulative score
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is computed after a fixed number of stimuli have been presented to the user during a trial;
the cumulative score for each character is the average of all classifier scores, in a trial, for
all observations in which that character was presented. The cumulative score is defined

as the following:

_ Y ZeFem (2.1)
ll)m,T - T
t=1Ftm

where ¥, r is the cumulative score for character index m, after completing T presentations
in a trial. The speller then selects the character that yields the maximum cumulative score;

this is formally written as ¢, = argmaxy,, r.
m

The static stopping configuration, however, can result in low character estimation
accuracy if there are too few stimulus presentations or a slow communication rate if there
are too many stimulus presentations, as discussed in [72], [77]-[80]. To alleviate the
dependency on choosing the optimal number of stimulus presentations, a dynamic

stopping configuration can be used instead of a static stopping configuration.

2.2.4.2 Dynamic Stopping

Previous work has shown that using dynamic stopping, can increase the user
communication rates [70]. Throckmorton et al. [72] developed a Bayesian probabilistic

dynamic stopping algorithm, where the data collection can be terminated if any of the
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characters” probability of being the target character reaches a predefined threshold. The

character probabilities in Throckmorton et al. are updated as follows:

p(Z¢lem = ¢, Fp(em = ClZ—q, Frq) (2.2)

p(cm = c.|Z,, Fp) =
" vt %:1 p(z¢leym = co, Fp(cm = il Ze_1, Froq)

p(z¢|Hy), From =1 (2.3)

Zi|lCm = €, Fp) =
P(zlem 2 {P(ZdHo);?t,m =0

where z; is the classifier score at the current flash index t; c;, is a character indexed by m;
c. is the target character for a trial; p(c,, = c.|Z;, F;) is the posterior probability for c,,;
p(zilcym = ¢, F) is the classifier score likelihood (i.e., conditional classifier score
probability density) at presentation t; and p(c,, = c.|Z;_4, F_1) is the prior character
probability, equivalent to the posterior probability after the previous presentation, t — 1,
conditioned on all previous classifier scores, Z;_;, and previous flash groups ¥,_;. The
conditional classifier score density for c,,, = c, is p(z¢|H;) if ¢, is presented or p(z|Hy)
otherwise. After every presentation, t, the posterior probability is updated for ¢, for all

m using the Bayesian update equation (2.2). When p(c,, = c.|Z;, F;) reaches some
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threshold for any m, data collection is terminated and the character c,, is selected as the
estimated target character, ¢;.

The conditional data probability density functions (PDFs), p(z|H;) and p(z|H,),
can be estimated by first transforming all EEG training data features X to classifier scores,
Zr using the trained weights Wgg. learned from Xy and Lr. Next, Z; are grouped by
target and non-target presentations and the conditional probability densities for target
and non-target classifier scores be estimated independently. In Throckmorton et al. [72],
the kernel density estimator (KDE) is used to estimate the conditional probability densities
p(z|Hy) and p(z|H,). Figure 2.6 shows an example of the target and non-target classifier
PDFs that were estimated for a subject, with the KDE, using the collected training data.
Figure 2.7 shows the evolution of the posterior probability for a trial using the Bayesian
update equation (2.2). After the posterior probability of a target character exceeds the
threshold (set to 0.9 in the example), data collection is terminated and the character
exceeding the threshold is selected.

Throughout the remainder of this work, the dynamic stopping configuration as
proposed by Throckmorton et al. [72] will be used for character selection and determining
when to terminate the data collection. For simplicity, any reference to Bayesian algorithm

in this work will refer to the Throckmorton et al. Bayesian character selection algorithm.
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Figure 2.7 — An example of posterior probability updates as a function of flash index,
using collected EEG data. The Bayesian algorithm was used to update the posterior
probability for all the characters. The dashed-black line indicates the probability
threshold that terminates the epoch. Each solid line shows the posterior probability for
a character.
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2.2.5 Stimulus Presentation Paradigms

An important aspect of the P300 speller is the stimulus presentation (i.e., flashing)
paradigm (i.e., pattern). P300 spellers that present one character at each flash index are
referred to as rapid serial visual presentation (RSVP) paradigms [81]. The RSVP speller,
however, will usually require many character presentations before selecting the estimated
target character. To increase the character presentation rate, most P300 speller systems
flash multiple characters simultaneously on a speller grid.

The most common presentation paradigm used for P300 spellers is the row column
(RC) paradigm [23], where the flash groups consist of only row and column flashes. Figure
2.8 shows all of the possible flash groups in sequence for a RC stimulus presentation
paradigm given a 9 x 8 grid. The set of all possible flash groups in a presentation paradigm
is sometimes referred to as a codebook in the literature (e.g., [82], [83]). Though the RC
paradigm requires fewer presentations than the RSVP paradigm, it can be negatively
affected by physiological phenomena such as refractory effects and adjacency distraction
errors (see section 2.3). Refractory effects occur when the time between target
presentations is insufficient, and adjacency distractions occur when characters adjacent to
the target character are presented.

The checkerboard (CB) paradigm [25] was created as a way to alleviate the

physiological phenomena that negatively impact the accuracy of the RC paradigm. The
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CB paradigm creates two virtual matrices from a checkerboard overlay on a grid. Only

characters in the same virtual matrix can be presented within the same flash group.

Character

2 4 6 8 10 12 14 16
Flash Group

Figure 2.8 — All possible flash groups (i.e., the codebook) for a row-column (RC)
stimulus presentation paradigm given a 9 x 8 character P300 speller. A yellow entry
denotes that a presentation for the character shown on the y-axis occurs during the flash
group on the x-axis. For example, if flash group 1 is presented, the characters A, B, C,
D, E, F, G, and H are presented, constituting a presentation/flash of a row of characters.

24



2.2.5.1 Adaptive Stimulus Selection

A significant amount of work has been done towards designing stimulus
presentation paradigms that aim to improve the accuracy and decrease the time it takes
to spell a character using the P300 speller (e.g., [37], [38], [84]-[86]). Most of these
improvements, however, do not rely on previously observed EEG data that was measured
during the spelling sequence to optimize the stimulus selection (i.e., they are not data
driven). These non-adaptive paradigms can present a subset of characters such that little
to no new information is actually gained. For example, if all of the characters in the first
row have a target character probability of ~ 0 or a low cumulative score, presenting that
first row of characters again provides essentially no new information to the speller.

Mainsah et al, [37], developed a codebook generation paradigm that derives a
codebook that maximizes the predicted accuracy of the P300 speller as a function of the
user’s EEG data discriminability; this paradigm was termed the performance-based
paradigm (PBP). The data collected in the training phase (i.e., training data) is first used
to determine the EEG data discriminability, and subsequently the PBP codebook is
generated. However, during the testing phase of the experiment, random flash groups are
selected from the codebook generated after the training phase. Though the PBP paradigm
adapts to the user’s ability to use the P300 speller, it is not adaptively choosing stimuli to
present to the subject. In this work, adaptive paradigms refer only to paradigms where

stimuli are adaptively selected during the testing phase.
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Some work has been done on the development of an adaptive, data-driven,
stimulus presentation paradigm for the P300 speller. In Park et al. [39], a partially
observed Markov decision process (POMDP) was used in conjunction with a RC
paradigm to adaptively decide which row or column to flash. The row and column
decisions were made independently, and the intersection of the selected row and column
was then selected as the target character estimate. Ma et al. [40] implemented a hierarchy
of variable-sized flash groups based on a language model. Both adaptive flashing methods
showed improvement over a RC speller, showing the potential of an adaptive flashing

paradigm.

2.3 Physiological Phenomena

In the previous subsection, stimulus presentation paradigms were introduced and
methods used to improve stimulus presentation paradigms were discussed. In this
section, physiological phenomena that can affect the accuracy and spelling speed of the
P300 speller will be discussed. It is vital to consider these physiological phenomena when

designing a stimulus presentation paradigm as will be done in Chapter 4.

2.3.1 Refractory Effects

Refractory effects occur when the time between target stimulus presentations is
not sufficiently long, resulting in decreased SNRs of the ERP [43], [87]. Consequently,
refractory effects make it more difficult to distinguish between nontarget and target

responses, negatively impacting the character selection abilities of the classifier. The
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degree of refractory effects can be quantified by amount of time between two consecutive
target character presentations, also refer to as the target-to-target interval (TTI). In this
study, the TTI is defined based on the number of stimulus presentations between two
consecutive target character presentations. For example, if “T” and ‘N’ are denoted as
target and non-target stimulus presentations, respectively, a flash pattern denoted TNNT
represents a TTI of 3. Previous work has shown that the amplitude and latency of a P300

response can be affected by the TTI [42], [43], [82], [88], [89].

2.3.1.1 Signal Detectability

To analytically assess how distinguishable a P300 signal is from a non-P300 signal,
the detectability index [90] can be used. The Detectability index [90] is a metric that
measures the separation between the target and non-target distributions of two Gaussian
distributions. The higher the detectability index, the easier it is to distinguish between
target and non-target observations. Formally, the detectability index is defined by

equation (2.4).

d = Hs = HUn (2.4)
%(a& + o)

where p; and p,, are the means for the target and non-target distributions respectively,

and o? and g} are the variances for the target and non-target distributions, respectively.
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To compare the detectability of a P300 signal at different TTIs, training and testing
data from Throckmorton et al. [72] were analyzed. For each subject, the classifier scores,
z, were grouped by TTI, and the detectability at each TTI was calculated. Figure 2.9 shows
the detectability index of the classifier scores, z, as a function of TTI between target and
non-target flashes averaged across subjects using data recorded in the Throckmorton et

al. [72] static stopping data.
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Figure 2.9 — Detectability index of the SWLDA classifier scores, z, as a function of TTI
between target and non-target flashes averaged across subjects in the Throckmorton et
al. [72] static stopping experiment. The red line corresponds to the testing data and the
blue line corresponds to the training data. The solid lines represent the mean
detectability index as a function of TTI and the bounds represent + 1 standard
deviation. As the TTI increases, the detectability increases as well. However, as the TTI
reaches approximately 10, the detectability begins to plateau.
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Figure 2.10 - The distribution of average TTI occurrences in the Throckmorton et al. [66]
static stopping testing data.

The high variance across participants in higher TTIs occurs because there are many more
low-TTI target flashes than high TTI target flashes in the RC paradigm. This can be seen
in Figure 2.10, which shows the distribution of average TTI occurrences in the
Throckmorton et al. [72] data. As Figure 2.9 shows, the longer TTI target flashes typically
lead to a more discriminable P300 response than lower TTI target flashes. These results
are consistent with prior studies (e.g., [43], [82], [87]).

Refractory effects can be alleviated by using a presentation paradigm that
inherently or explicitly restricts characters from being presented with a low TTL The CB
paradigm, for example, has a minimum TTI of 7 for a 6 x 6 character grid. Other paradigms

that have been studied (e.g., [37], [39]) explicitly set a minimum TTI restriction of 3.
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2.3.2 Adjacency Distraction

Typically, the most commonly confused characters are adjacent to the target
character [25], [44]. This type of error is referred to as an adjacency distraction error. In
the RC paradigm, the most common errors occur in the same column or row as the target
character, with a higher likelihood of errors for characters directly adjacent to the target
character. Adjacency distraction errors are difficult to remove when using a speller grid
because removing adjacent character presentations requires the knowledge of the target
character. One way to mitigate the effects of these errors is to ensure that adjacent
characters cannot be presented in the same flash group. The CB paradigm, for example,
can only present characters in one of the two checkerboards, therefore adjacent characters
are never presented. This paradigm yielded an error map such that the most common

errors were no longer adjacent to the target character [25].

2.3.3 Fatigue

Several researchers have shown that the amplitude and latency of the P300 response
can be affected by the user’s fatigue level [91]. In [91], participants were instructed to use
an auditory P300 speller while under medium and high mental work-loads. It was shown
that under high work-loads, the users became more fatigued and performed the auditory
P300 task worse than under medium-workloads. While it is difficult to prevent fatigue, it
is possible to monitor the level of fatigue by monitoring alpha band power. Several studies

have shown that the alpha band (7.5-12.5 Hz) power decreases as the level of mental
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workload or fatigue increases [92]-[94]. In [95], the alpha band power was used as a
threshold to determine whether or not to select a character spelled by the P300 speller.

Using the alpha-band power threshold improved the accuracy of the speller.

2.4 Performance Assessment

In the P300 literature, accuracy, expected stopping time (EST), and bit-rate are the
most commonly used metrics to determine the performance of the speller (e.g., [66], [72],
[82], [96]). Accuracy, A, is the ratio of characters spelled correctly to the total number of
characters spelled. While the accuracy is an important metric to determine how well the
speller works, it should be presented along-side with the time required to spell. For
example, the user may prefer a speller that is 85% accurate, and requires 5 seconds to spell
a character to a speller that is 90% accurate and requires one minute to spell a character.
Therefore, the average number of presentations, or EST, is another important metric when
evaluating the BCI performance. The trade-off between accuracy and expected stopping
time can be assessed with the bit-rate metric. Bit-rate (BR) is used in information theory
to determine the amount of information that is being transmitted over a channel [97]. In

the context of the P300 speller, the bit-rate, BR, is defined as the following;:

1-A
BR = log(M) + A log(A) + (1 — A) log (ﬁ)

(2.5)
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where M is the number of possible selections on the P300 speller grid. A higher bit-rate
indicates that more information is being transferred. Given that the amount of characters
on a speller grid is constant, BR increases when A increases, or EST decreases. Inversely,
BR decreases when A decreases, or EST increases.

These metrics can be evaluated online or offline. The online evaluation uses the
spelled character during the online phase to measure the metrics. The offline evaluation

uses EEG data collected during the online phase in offline simulations.

2.4.1 Online Evaluation

Online evaluation of accuracy, average number of presentations, and bit-rate are
measured by the output of the P300 speller. The online evaluation is able to take into
account physiological factors (e.g., refractory effects, fatigue, and distractions) that offline
evaluation may ignore. Online evaluations are typically considered the “gold-standard’
when evaluating a communication device [82]. Online metrics, however, typically have a
low number of spelled characters, and therefore have high variances and granularity in

their performance estimates.

2.4.2 Offline Evaluation

Offline simulations can be used a way to increase the precision of the performance
metrics by using the collected EEG data or synthetic data drawn from the online data

collection. Offline estimates compute the projected accuracy, projected bit-rate, and
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projected EST. These projected metrics attempt to estimate the respective online metrics if
infinitely many characters were spelled during the online data collection.

One method that can be used to estimate the projected metrics is the Monte Carlo
(MC) simulation, a random sampling method used to estimate the expected value of a
distribution [98]. The MC simulation can be performed by using the collected EEG data
or an estimated distribution of the classifier scores of the collected EEG data [37]. In this
work, all offline simulations are performed using the MC approach. All of the MC
simulations in this work are performed using the Throckmorton et al. dynamic stopping
framework [72]. The following steps are taken to complete a single iteration of MC
simulation in this work:
1. Initialization:

a. Uniformly randomly select the target character, c.,.

b. Initialize target character probabilities, p(cy,)

c. Initialize flash groups (i.e., F1, F5, ...,)

d. Sett=1
2. Do while stopping criteria has not been met

a. Draw z;, the EEG classifier scores at t. Draw an H; example from the testing

dataif #,,, = 1, or draw an H, example from the testing data otherwise
b. Update target character probabilities

c. Update flash groups if using adaptive stimulus selection paradigm
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d. Sett=t+1

3. Estimate target character

Figure 2.11 below shows the projected accuracy, average number of presentations,
and bit-rate as function of the number of MC simulation iterations. As can be seen in the
figure, the projected accuracy plateaus at ~50 iterations and the projected number of

presentations and bit-rate plateau even earlier.
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Figure 2.11 — The projected accuracy, projected presentations, and projected bit-rate as
a function of the number of MC simulation iterations.
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While the MC simulations increase the precision of the performance estimates,
current simulation models ignore physiological effects during real-time BCI, such as
refractory effects, fatigue, and user behavior modification due to feedback. Therefore,
when assessing the performance of a P300 speller configuration, it is beneficial to perform

both online and offline evaluations of the data.

2.5 Summary

The background material required for the remainder of this work is discussed in
this chapter. First, the way in which an eye-tracker is used for communication is
discussed; furthermore, the eye-gaze hardware and data format used in this work,
particularly in chapter 5, is described. Next, the P300 speller was introduced and various
advances that were made to improve the accuracy and spelling speed of the P300 speller
were discussed. Physiological phenomena that can affect the accuracy and spelling speed
of the P300 speller were also described. Finally, the evaluation metrics that are to assess

the performance of the communication devices in this work were introduced.
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3 Adaptive Stimulus Selection for the P300 Speller

As discussed in Chapter 2, various stimulus presentation paradigms (e.g., RC, CB)
have been developed for the P300 speller. However, most of these paradigms are not data
driven [23], [25], [37], [81] in that they do not rely on previously observed EEG data to
optimize stimulus presentation, and as such are not data adaptive. Some previous work
has been done on the development of a data-driven adaptive paradigm [39], [40]. The
POMDP approach proposed in [39] is intractable for a real-time system when considering
a search space considerably larger than row and column flash groups and the hierarchical
approach [40] is easily susceptible to error propagation.

Of the data-driven approaches described above, the data-driven adaptive stimulus
presentation proposed in this work is most closely related to the POMDP approach as it
does not use a hierarchy structure. Instead of maximizing a reward function over a time
horizon, the proposed approach attempts to maximize the information gained, using the
EDG metric, for every stimulus presentation, or flash. This myopic approach to stimulus
presentation allows for dynamically created flash groups that are not restricted to a
dictionary of flash groups such as rows and columns.

In this chapter, the Kastella sampling framework based on the EDG is introduced
and then modified to adapt it to the P300 speller framework. Physiological phenomena
that might negatively affect the accuracy or speed of the proposed EDG adaptive

paradigm are discussed and constraints on the proposed stimulus presentation

36



framework are introduced to mitigate these effects. Numerical simulations using
synthetic data are carried out in order to measure the efficacy of the proposed paradigm.
Finally, the EDG adaptive stimulus presentation paradigm is tested in an online data

study to evaluate its performance in a real-time P300 speller.

3.1 Kastella Sampling Framework

The Kullback-Leibler (KL) divergence was used by Kastella as the measure of
discrimination between two distributions [99]. The KL divergence is a non-symmetric
similarity measure between two probability distributions; the higher the KL divergence,
the more discriminable the distributions are. The continuous and discrete forms of the KL
divergence between distributions p and q (denoted as vectors p and q if discrete),

parametrized by x, are shown in equations (3.1) and (3.2), respectively.

_ p(x) (3.1)

Dy, (pllg) = fp(X) log <g(x)> dx
_ Px 3.2
D, llg) = E Py IOg(gx) (3.2)

where S is the set of all values that x can take in the discrete case. KL divergence is non-

negative and is only equal to 0 when distributions p and q are equivalent.
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Kastella presents the problem of optimizing a sensor data sampling strategy that
maximizes the correct identification (‘target’ or ‘non-target’), where targets are spaced
within a grid of cells where data can be sampled. Translating this idea to the P300 speller,
the “target’ is the character that the user is intending to spell that is located within the grid
of character cells. The overall goal of Kastella’s work is to maximize the expected
discrimination gain, ADy;, that is achieved by a collected sample. The discrimination gain

is defined as:

ADg(c) = E[DKL(#?C,Hl”#?c,oNC] - DKL(#?c,t”ﬂﬂc,o) (3.3)

where p. .41 is the probability that cell ¢ is a “target’ at time index t + 1, given that c is
sampled. Intuitively, the discrimination gain is the information that is expected to be
gained after cell c is sampled at t + 1 relative to the information that we have at the current

flash t. The expectation in (3.3) can be expanded to:

o]

E[DKL(Wc,tH”#’c,ONC] = f [DKL(#’c,tH”ﬂ’c,o)lzz,tﬂ = Z]P(Zz,tﬂ =3|z.¢) dz

— 00

(3.4)

where z; ;. ,is the observation of cell c at t + 1; z; ;4 is unknown, therefore it is integrated
out over all possible observations, z, to obtain the expected discrimination between

probabilities obtained at time index t + 1 and the initial probabilities. The term p(z; ;41 =
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z|z.,.) is the data probability of the classifier score given all previously observed
observations of cell c.

After calculating the expected discrimination gain for all cells ¢, a decision is made
to sample the cell with the maximum expected discrimination gain. Kastella showed that
using this method of adaptive sampling yielded a higher accuracy, given the same

number of collected samples, than randomly choosing cells to sample.

3.2 Expected Discrimination Gain Optimization Function

The proposed data-driven adaptive stimulus presentation paradigm couples the
Kastella stimulus selection paradigm [41] and the Bayesian dynamic stopping algorithm
[72].  As discussed in section 2.2.4.2, the Bayesian dynamic stopping algorithm can
increase the spelling speed and accuracy of the P300 speller by estimating the target
probability of a character after every stimulus presentation.

To simplify the notation, the Bayesian update equation can be rewritten as follows:

_ Lem(Z)Pe-1m _ Lem(Z)Pe1m (3.5)
em p(z¢lzr-1) Yol lec(Z)pe-1,c

_(t0(ze), Fem =0 (3.6)
tom() = {1 fom = 1
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It is important to note that (3.5) and (3.6) are identical to (2.2) and (2.3), but with simplified
notation. p;,, and p;_; ,, are the prior and posterior probabilities for character c,,. p¢m
and p;_, ;, are synonymous to p(c,, = c.|Z;, F¢) and p(cy, = c.|Zi—4, Fi_1), respectively.
£0(z;) and £1(z;) are the target and non-target classifier score likelihoods, equivalent to
p(z¢|Ho) and p(z|H,).

With the simplified notation for the Bayesian update equation, the ADy; from

equation (3.3) can be rewritten as follows:

ADk(Fiv1) = Ez, 12Dk (Pes 1 IPo)IF 1] — D (PellPo) (3.7)

where ADy; is the EDG at t given a flash subset F/,;. P/, is the hypothetical posterior
distribution at t + 1 over all possible future observations, conditioned on the current set
of observations z;,|Z;. The exact value of P¢,, is unknown, hence the expectation is over
Zt+1|Z¢. Py is the character probability vector prior to data collection (i.e., the prior).

The following optimization goal is then used to select a flash group to present at

t+1:

.‘Ftﬁl = argr}laxADKL(T§+1),VTE‘+1 SN (3.8)

t+1
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where the goal is to choose a subset of characters to present, ¢, 1, from a search space of

flash groups, @, such that ADy;, is maximized. The resulting flash group presented at ¢t + 1

is By

The work presented in Kolba [100] shows that if the sensor samples are

conditionally independent, ADy; (F;y1) can be rewritten as the expected KL divergence

between the current and hypothetical posterior probabilities. Though this assumption is

not entirely accurate due to various physiological effects, it is the assumption made in the

Bayesian update equation (3.5). Consequently, ADy; (F/,1) can be rewritten as follows:

ADg (Fiyq) = Ez;‘+1|Zt [Dkr (Pl IPIF 4]

w M
ADg (Fivq) = f Z Z’Z+1,m log

m=1

)p(Z;+1|Zt)dZ;+1

Replacing p¢ 1, in (3.10) with the update equation (3.5) yields the following;:

M

® Pemleerm(Zis1) Pemlir1m(Zis1)

ADp; (Ffrq) = Z . : 1 ’ . d dz}

kL (Fre1) f_w ] Gt Z) 08( P(Zini |20 Pl #odz
m=

[oe) M *
=f Z Dot (22,.) log <€t+1,m(zt+1)> dz’
.y tmtt+1m\4t+1 p(zg-‘-llzt) t+1
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The binary choice in the character likelihood assignments in (3.6) during the Bayesian
update process (3.5) allows evaluation of the integral in (3.12) to be simplified to (3.13).
More specifically, the discrete summation can be split into two summations; the group of
presented characters and non-presented characters. By doing this separation, €141,
becomes £1 if the m is presented (i.e., #¢4, = 1) or £0 otherwise. This yields the following

for ADKL:

£1(241) ) ) (3.13)
t+1

ADy, (F} )=j Z 21z} )lo< . .
KL\ t+1 Ptm t+1) 108 p(Zi11Z0)

— 00
VMl m=1

® . 20(z{4+1) i

+.[ z : Pemt0(z¢11) log (%) dzgiq
-0, L p(z{11Z¢)

m:f¢y1=0

21(zi0) \ 3.14
$>dzt+1 (3.14)

=P1f £1(z; )lo( -
’ —o t+17708 p(z{+11Z¢)

® £0(z{41)
+ PO f £0(z;. 1) 1o <*— dz;
‘ —o t+1)708 p(z{41lZ¢) e

where P1; and PO, are equivalent to:

P1, = z Ptc (3.15)

Ve iy, c=1
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PO, = Z Ptc (3.16)

Ve fi1,c=0

M (3.17)
P0t+ P1t= zﬁt'(::l

c=1

The conditional data probability can be expressed as p(z;111Z;) = Yo, 4. c(Z0) Pec-
Similar to the decomposition in (3.13), the conditional data probability in (3.14) can be
decomposed by grouping characters that are and grouping characters that are not

presented at t + 1 as shown in (3.18).

M (3.18)
PGinlZ) = ) becGopee = ). pecllGi)+ D pucb0(zin)
c=1 Ve, =1 Ve, =0
This can be further simplified to the following:
p(Zt41lZe) = P1:£1(z{41) + P0£0(z{1q) (3.19)

Using (3.19) as the conditional data probability, (3.14) can be rewritten as a function of
z¢,£0, €1, P1; as shown in (3.20). All PO, can be replaced with 1-P1, by exploiting the sum

of probabilities as shown in (3.17).
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ADgp, (Fii1) (3.20)

o . £1(z{ 1) .
=Pl f_w“(zf“) log <P1tf1<zzﬂ) T - PLE Gy )

+(@-Pl) f_ Z ¢0(z11) log (mtel (Z;’H)Tizlzfllt){’o(zgﬂ)) 2t
It is important to note that when evaluating the integral in (3.20) to determine ADy;, z;,,
is being marginalized out over £0 and ¢1. Consequently, if £0 and £1 are only dependent
on the next observation z;,,, AKL,; depends only on P1,. This simplification is particularly
useful because the integral in (3.20) does not need to be directly computed to determine
AKL, for a proposed subset of characters presented, F/,,. Instead, a ADg; curve as a
function of P1,; can be precomputed immediately following the training phase. Examples

of the ADy;, curve over three £0 and 1 distributions are shown in Figure 3.1.
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Figure 3.1 - Three examples of pre-computed expected discrimination gain curves, AKL,
as a function of P1,. P1ypr is the P1, that yields the maximum AKL, for a given

function. £1 and £0 are distributed by a normal distribution V' (i, 6%) where p and o
are shown in the legend.

Given a proposed F{,;, P1, is computed per (3.15), and then ADy; is indexed from the
pre-computed curve.

As an aside, it is interesting to note that if the conditional independence
assumption between sensor samples is made, the EDG metric is equivalent to the
conditional mutual information (MI) [99] between c, and z{,, given Z;: I(c., z{+1|Z;). The

proof for this equivalence is shown in appendix A. This equivalency was also noted in

[101].
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3.2.1 Greedy Expected Discrimination Gain Combinatorial
Optimization

Given a search space of flash groups, , the EDG can be used to determine the next
flash group presentation, F, ,. For a fixed set of flash groups, such as row and column or
checkerboard flash groups, F¥, can be determined by selecting the flash group whose
P1, maximizes ADg;. However, stimulus selection from a small search space is unlikely
to give the most optimal flash group. The flexibility to dynamically create flash groups is
desirable in order to better achieve the objective to maximize ADy;. Given the
exponentially large space of 2 possibilities, however, an exhaustive search is impractical.

To expand the search space, Q, a greedy approach for stimulus selection is adopted
in this work. Given the current character probabilities, P;, the character that maximizes
ADy, is iteratively chosen to be added to the flash group until no remaining character
increases ADg;. This method of stimulus selection is termed the greedy EDG adaptive
paradigm; the greedy combinatorial optimization will be used to maximize the EDG for

the remainder of this work.

3.3 Numerical Simulations for Adaptive Stimulus Presentation
Paradigm

Following the framework described in section 2.4.2, numerical MC simulations of
the P300 speller character selection process are performed to compare the proposed
greedy EDG adaptive stimulus paradigm to the RC and CB paradigms. Initial simulations

are performed to analyze the ideal or upper bound performance of the greedy EDG
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adaptive stimulus presentation paradigm (section 3.3.1). Next, restrictions are placed on
the greedy EDG adaptive paradigm to account for physiological and system constraints;
simulations are performed for the greedy EDG adaptive stimulus presentation paradigm
with the various restrictions (section 3.3.2).

For the greedy EDG adaptive paradigm with ideal conditions (section 3.3.1), the
EDG optimization function shown in equation (3.8) is used. The ADg; curve as a function
of P1,, generated by equation (3.20) is first used to compute the EDG. Next, the greedy
combinatorial optimization described in section 3.2.1 is used to choose the subset of
characters to present, Ttﬂl.

Based on the flash groups defined by a stimulus paradigm condition, for non-
target and target flash groups, the classifier scores are drawn from normal distributions

for £0 and £0 respectively, defined accordingly:

1 ~ N (uq,02) (3.21)

20 ~ N (o, 0%)

where 1y and p, are the mean parameters for £0 and £1, respectively, and o is the common
standard deviation. For the simulations, a2 is set to 1, and p is set to 0. y; is determined
based on d’ as defined in equation (2.4); given that o?=1anduy:=0,u, =d.

The Bayesian dynamic stopping update equation (3.5) is used to compute the

target character probabilities. The target character probabilities are initialized to be
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uniformly distributed. #0 and ¢1 are defined by (3.21) where parameters 0% = 1,y =
0,and p; = d'. The stopping threshold, Py, is set to 0.9, and the maximum flashes prior to
selecting a character, t,,,,, is set to 120 flashes for all paradigms. A 72-character grid size
is used for all numerical simulations. Selection accuracy and the average number of
flashes prior to character selection, denoted as the expected stopping time (EST), are

estimated as a function of d’, with performance results averaged over 1500 iterations.

3.3.1 Numerical Simulation with Ideal Conditions

Assuming no physiological or speller constraints, a simulation using synthetic
data is performed to compare the performance of three stimulus presentation paradigms:
RC random, CB random, and the proposed greedy EDG adaptive paradigm. The RC and
CB random paradigms select flash groups from RC and CB codebooks using a uniformly
random draw. A comparison between flash groups using the ideal greedy EDG adaptive
paradigm and RC random paradigms is shown in Figure 3.2. The adaptive paradigm
presents large subsets of characters initially, and then will prune the presented characters
until the target character is determined. The RC paradigm, however, will randomly

present characters regardless of the target character probabilities.
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Character Index {m)

10 20 30 40 50 60 70

Character Index (m)

Flash Index (t)

Figure 3.2 - Example of stimulus presentations for a single iteration of the numerical
simulations for the greedy EDG adaptive paradigm (top) and the RC random paradigm
(bottom). Yellow indicates that a character, m, at a flash index, t, is presented. No
stimuli are presented after ¢ = 25 when using the EDG adaptive paradigm as the
character is already selected in the simulation.
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Figure 3.3 — Simulation results to compare performance of RC, CB, and greedy EDG
adaptive paradigm as a function of d’ in ideal conditions. (a) shows the accuracy as a
function of d’, and (b) shows the EST as a function of d'. Across all d’, the ideal greedy
EDG adaptive paradigm has higher accuracy and lower EST than both the RC and CB

paradigms.

The accuracy and EST of the simulation results as a function of d’ are shown in
Figure 3.3. Figure 3.3 (a) and (b) shows the accuracy and EST, respectively, of the RC, CB,
and ideal greedy EDG adaptive paradigms as a function of d'. Across all d’, the greedy

EDG adaptive paradigm has a significantly higher accuracy and lower EST than both RC
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and CB paradigms. For example, at a d’ = 0.5, the ideal greedy EDG adaptive has an
accuracy ~45% higher than both RC and CB paradigms; ata d’ = 1, the ideal greedy EDG
requires 75 fewer flashes than both CB and RC paradigms. This suggests that the adaptive
paradigm based on the EDG metric can in theory yield a higher accuracy and lower EST

than the random RC and CB paradigms.

3.3.2 Numerical Simulations with Realistic Conditions

The results for the ideal greedy EDG adaptive paradigm shown in section 3.3.1 are
promising, however, they ignore various physiological constraints (see section 2.3) as well
as online system constraints. In this section, simulation results are shown for three
different independent restrictions; observation delay (OD) 3.3.2.1, maximum characters
presented in a flash group 3.3.2.2, and minimum TTI 3.3.2.3. Furthermore, results are
shown for a simulation that jointly considers the OD, character presentation, and TTI

restrictions in section 3.3.2.4.

3.3.21 Observation Delay Constraints

In ideal simulations, it was assumed that the classifier observation, z;, was
available prior to determining F% ,. However, this is typically not the case during online
BCI implementation. Following each stimulus presentation, a time window of EEG data
is analyzed to yield a classifier score. Consequently, there is an observation delay between
the presentation of F;,, and its associated classifier score, z;, as illustrated in Figure 3.4.

The window for which the EEG data is being collected over includes multiple stimulus
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presentations. For example, in Figure 3.4 it can be observed that F;, 1, Fri2, ... , Frye Will
have already been presented prior to observing z,. OD is defined as the observation delay,
and 6 is the number of additional stimulus presentations prior to being able to compute

Zt.

:Fc :Ft+1 :Pt+2 ‘?t+3 “Ft+4 3’t+5 :'Fr+6 ?H?
Flashed
Not Flashed
I— EEG data window for index t _I
== Flash Indicator
we Classifier Score Indicator
Zy Ziyq
0 200 400 600 800 1000

Time (ms)

Figure 3.4 — Diagram showing an example of the time between a stimulus presentation
and an EEG observation for the stimulus presentation. In this example,
Fii1, Fiyor -, Fepe will have already been presented prior to observing observation z;
because z; requires EEG data over a window longer than the inter-stimulus interval.

Incorporating the observation delay modifies the optimization function for

choosing a stimulus presentation to the following:

7:1?+1+6 = arg max ADy;(F¢y116), VFii145 € Q (3.22)

t+1+8
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This new optimization function requires calculating ADg; (F;4145)- Equation (3.9) can be

rewritten to calculate ADy; (F/,145) instead of ADg; (Ff 1) as shown below:
ADKL(:]:t_:k+1+6) = Ezg‘+1,z;‘+5,...,z;‘+1+5|zt [DKL(SDt*+1+5”Pt)|T;+1] (3-23)
Equation (3.23) can then be expanded to:

ADgy(Fiyavs) (3.24)

tm

(o) o o M p* 6
_ * t+1+6,m * * * * * *
= f f f § Prr1+6m 108 (7) P(Zivar Zivzs oor Zer145120) 204102815 o A2y 145

The multi-variate integral in (3.24) used to compute ADg;(F/,,,5) is computationally
expensive as it requires § + 1 integrals with infinite bounds. Therefore, a simplification is

applied such that:

ADgy,(Fiy148) = Ez sz [DKL(?:+1+5”m)|T;+1+6] (3.25)

where P, 5 is an estimate of Py, 5. P, s is the expectation of P/, 5 as shown in the equation

below:
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Pirs = Ez;+1,zg+2,...,z;+5|zt[::Dt*+6] =P (326)

With this simplification, the pre-computed ADg,, curve described in section 3.1 can be used
to compute ADy; (F{114s), and the optimization function, (3.25), can be used to choose
Fii145 With a greedy search.

The same simulation is performed as with the greedy EDG adaptive paradigm in
section 3.3.1, however, (3.25) is used to update flash group F/,,,s instead of updating
F¢+1. Simulations are performed with OD set to 3, 5, and 7. The accuracy and EST of the
simulation, with various OD restrictions, as a function of d’ are shown in Figure 3.6.

The results in Figure 3.6 show that OD has little to no effect on the accuracy of the
speller using the adaptive paradigm; at OD = 3, 5, and 7, the accuracy is approximately
equal to that of the ideal adaptive paradigm. As OD increases, the EST of the speller

increases across all but low d’ (< 0.5).

3.3.2.2 Character Presentation Limit

Presenting too many characters simultaneously can lead to more adjacency
distractions, and to an increase in cognitive load. None of these physiological effects are
desirable as they can all lead to a decrease in speller accuracy. However, a decrease in the
number of characters presented, much like any other restriction on Q, can decrease the

EDG in F | as the search space shrinks.
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The goal of the simulation is to analyze the effect of various character presentation
restrictions on the performance of the greedy EDG adaptive paradigm. A simulation is
performed such that there is a limit set on the number of characters that can be presented

during a single flash. Formally, the restriction on Q results in £, as shown below:

(3.27)
VT;+1 € 'Qou Z 1f = Amax

o -_
VMf g m=1

where ap,,x is the maximum number of characters that can be in a candidate flash group,
Fitrq . Qq is flash group search space with the character presentation limit.

The same simulation is performed as in section 3.3.1, except the flash group search
space is limited to , as shown in (3.27). Simulations are performed with a4 setto1, 5,
9, and 13. During stimulus selection, the greedy search is terminated after a,,x has been
reached. The accuracy and EST over a range of d' with a flash group search space of @,
(with varying anay) is shown in Figure 3.5; the accuracy and EST of the RC and CB

paradigms are also shown.
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Figure 3.5 - Simulation results that provide a comparison between RC, CB, and various
greedy EDG adaptive paradigms with character presentation limits. (a) shows the
accuracy and (b) shows the EST of a stimulus presentation paradigm as a function of
d'. When a,,,,,, the maximum number of characters presented concurrently, is set to 1
(i.e., only 1 character can be presented at a time), RC and CB yield a higher accuracy
across all d'. Greedy EDG adaptive with a,,,, = 1 requires fewer presentations up to
ad’' = 1.3.Whend’ > 1.3, both RC and CB paradigms require fewer presentations than
the greedy EDG adaptive paradigm with a,,,, = 1. As a,,,, increases, the accuracy
increases and EST decreases.
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The results provided in Figure 3.5 show that only presenting a single character at
a flash index for a 72-character grid is insufficient as the accuracy of greedy EDG adaptive
paradigm with a4, = 1 is consistently lower than RC and CB paradigms at all d’. When
@max is increased to 5, the accuracy and EST are higher and lower, respectively, for the
greedy EDG adaptive paradigm than the both RC and CB paradigms. As a;,4, increases,
the performance of the adaptive paradigm improves, however, only a slight increase in
accuracy and a slight decrease in EST is shown between greedy EDG adaptive paradigms

with apay = 9 and @, = 13.
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Figure 3.6 - Simulation results that provide a comparison between RC, CB, and various
greedy EDG adaptive paradigms with various observation delays (ODs). (a) shows the
accuracy and (b) shows the EST of a stimulus presentation paradigm as a function of
d'. An increase of OD has little impact on the accuracy, however, it does increase the
EST of the speller slightly. At an OD of 3,5, and 7, the greedy EDG adaptive paradigm
has a higher accuracy and lower EST than the RC and CB random paradigms.

3.3.2.3 Refractory E

Refractory effects are important to consider when designing a stimulus

presentation paradig
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m (section 2.3.1). The discriminability of a target observation
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depends on the time interval between target stimulus presentations as shown in Figure
2.9. In this section, a minimum TTI is imposed in between a character’s presentation. The
optimization function for the flash group selection remains the same, however, the flash

group space is restricted to Qrr;, defined in (3.28).

VFir1 € Qrrp [Vm: [Bevim + Fem + o+ Feaa—rrimmm < 1]] (3.28)

where TTIl;, is the minimum TTI imposed in between a character’s presentation.
Equation (3.28) states that if any character, m, is presented between t and t + 1 — TT,,;p,,
that character cannot be elicited at t + 1. Note that setting TT1L,;, = 1 yields Q1 =Q (i.e.,
no TTI restrictions).

The same simulation is performed as with ideal conditions in section 3.3.1,
however, the flash group search space in the simulation is restricted to Qpr;. TTI iy is set
to 2, 3,4, and 5. The results presented in Figure 3.7 demonstrate that increasing the TT1,;,
decreases the accuracy and increases the EST of the speller using the greedy EDG adaptive
paradigm. With significant TTI,,;, restrictions such as TTI,,;, = 4 or 5, the greedy EDG
adaptive paradigm still yields a higher accuracy in the range of 0.5 < d’ < 1.5 and lower

EST across 0.5 < d' < 2.5.
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Figure 3.7 - Simulation results of comparison between RC, CB, and various greedy EDG
adaptive paradigms with various TTI,,;, restrictions. (a) shows the accuracy and (b)
shows the EST of a stimulus presentation paradigm as a function of d'. As TTI,,;,
increases, the accuracy decreases and the EST increases across all d'.

In the prior sections, various individual restrictions such as TTI, OD, and character
presentation limits are discussed, and simulations for those individual restrictions are

performed. In this section, a simulation is performed for the greedy EDG adaptive
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paradigm that jointly enforces TTI, OD, and character presentation limit restrictions and
compares its performance to the CB and RC paradigms. The search space for the combined
adaptive paradigm is the intersection of the search space with TTI and character limit
constraints: Q; = Q, N Qrr;, where Q. is the new combined constraint search space. The
EDG is estimated as described in section 3.3.2.1 and flash group F;,,,s after each flash
index t to account for OD. The notation to describe the restrictions in the greedy EDG
adaptive paradigm will be COMB (a5, OD, TT Lyiz).

The simulation described in section 3.3 is performed, however, combined
restrictions are used. The TT1,,;, is set to 3 as a TTI of 1 or 2 yield low detectibly as shown
in Figure 2.9. The OD was set to 6, as that is the approximate OD expected in online
simulations. Finally, the character limit, a,,,, is set to 9 as that is the maximum number
of characters presented in the RC paradigm. The results of the simulation comparing the
performance of the adaptive paradigm with the combined restrictions and independent

restrictions are shown in Figure 3.8.
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Figure 3.8 - Simulation results of comparison between RC, CB, and greedy EDG
adaptive paradigms with independent restrictions and combined restrictions. (a) shows
the accuracy and (b) shows the EST of a stimulus presentation paradigm as a function
of d'. As TTI,,;, increases, the accuracy decreases and the EST increases across all d'.

Though the greedy EDG adaptive COMB(9, 6, 3) paradigm yields slightly worse
performance than can be achieved with the independent constraints, the COMB(9, 6, 3)

paradigm has significantly higher accuracy and lower EST than the RC and CB random
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paradigms across most d’; specifically, the accuracy d'<1.5 is higher and the EST is lower
at0.5<d' <25.

The results of the greedy EDG adaptive paradigm with the combined constraints
are promising, however, this approach leads to a speller that presents the target character
at a fixed TTL;, repetitively. Figure 3.9 shows the distribution of the TTI of a target
presentation for d' = 0.5, 1.0, and 1.5 for TTIy;y =1 and 3 with a COMB(9,6,TT;»)
constraint. Regardless of d’, most of the target presentations (=80%) occur with a TTT of
TTILypin- As shown in Figure 3.11, this leads to highly correlated flash groups, which will
decrease the amount of information gained after each presentation. Furthermore, most
P300 speller paradigms are randomized or pseudo-randomized [23], [25], [37], [38], [85],
[86], [102] as there is a concern that the user will recognize a pattern in a non-randomized

paradigm, and thus P300 will no longer be elicited when a target is presented.
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Figure 3.9 - Distribution of TTI for greedy EDG adaptive paradigm with
COMB(9,6,TTI,,;,) constraints. In the top row TTI,,;, =1, and in the bottom row TTI,,;,
= 3. The columns correspond to a d’ of 0.5, 1.0, and 1.5 from left to right. Regardless of
d’, most of the target presentations occur at TTI ;,.

3.3.3 Stochastic TTI Constraints

A stochastic TTIy;, is proposed to decrease the correlation of the flash groups as
well as to decrease the amount of repetitive TTI presentations. Instead of setting a fixed
TTlpin, the TTI,y,;;, is ddrawn from a discrete distribution. At each flash index, t, a TTIy;,
is independently drawn, from a discrete distribution, for all presented characters. This

occurs at all flash indices, and for all characters. Due to the independent draw, characters
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presented at the same t can have different TT1,,;,; furthermore, the same characters at
different t can have a different TT1,,;,.

The distribution used in this work for the stochastic TTI constraint is the TTI
distribution from the performance based paradigm (PBP) [37]. The PBP paradigm is used
as it has shown an improvement in accuracy and EST compared to the random RC and

CB paradigms. The PBP TTI distribution is shown in Figure 3.10 below.

Probability
(=) = =
[ ] IS

=

=

TTI
m
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Figure 3.10 — Distribution used for stochastic TTI constraints for TTI,,;, in this work,
the PBP TTI distribution.

A numerical simulation is performed as a function of d' to compare RC and CB
random, ideal greedy EDG adaptive, greedy EDG adaptive COMB(9, 6, 3), and greedy
EDG adaptive COMB(9, 6, PBP). Figure 3.13 shows the TTI distributions obtained at d’ =
0.5, 1.0, and 1.5 for TTL,;, ~ PBP. As with a fixed TTI,;;,, the stochastic TTI,,;, yields a
TTI distribution similar to the respective TT1,,;, distribution. This result shows that TTI

distribution of the greedy EDG adaptive paradigm can be approximately set with the
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TTIyy distribution. This may be helpful if the user has a preference to how often they
want the target character to be presented as well as what kind of uncertainty they prefer
in the TTL.

Examples of stimulus presentations for the ideal greedy EDG adaptive paradigm,
greedy EDG adaptive paradigm with COMB(9,6,3) restrictions and greedy EDG adaptive
paradigm with COMB(9,6,PBP) restrictions are shown in Figure 3.11. The ideal adaptive
paradigm presents some characters repetitively with a TTI of 1. The greedy EDG adaptive
paradigm with COMB(9,6,3) restrictions does not present characters at a TTI of 1 or 2,
however, there is a high correlation between flash groups. Furthermore, many characters
are repetitively presented at a TTI of 3, which may eliminate the ERP as the target
presentation will no longer be a surprise to the user. The greedy adaptive paradigm with
COMB(9,6,PBP) restrictions does not present characters at a TTI of 1 or 2, and thus

decreases the correlation between the flash groups that are presented.
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Figure 3.11 - Examples of stimulus presentations for the ideal greedy EDG adaptive
paradigm (top), greedy EDG adaptive paradigm with COMB(9,6,3) constraints (middle)
and greedy EDG adaptive paradigm with COMB(9,6,PBP) constraints (top). Yellow
indicates that a character m is presented at flash index t.
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Figure 3.12 - Simulation results of comparison between RC, CB, and greedy EDG
combined restrictions with fixed and stochastic TT1,,;, ~ PBP. (a) shows the accuracy
and (b) shows the EST of a stimulus presentation paradigm as a function of d'. Ata d’
of 0.1 to 0.3, there is a slight increase in accuracy when using a stochastic TT1,,;,. Ata
d' >1, there is a decrease in EST when using a stochastic TTI,,;,, ~ PBP.

Figure 3.12 shows the accuracy and EST of the simulations as a function of d'. The
adaptive paradigm that used the stochastic TT1,,;, had a lower EST than the fixed TTI,;,
ata d’' > 1. Otherwise, the adaptive paradigm with the fixed TTI,,;, = 3 constraint yields

similar accuracy and EST to the adaptive paradigms with the stochastic TT ;.
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Figure 3.13 - Distribution of TTI for greedy EDG adaptive paradigm with a
COMB(9,6,TTI,,;;,) restriction. The columns correspond to a d’ of 0.5, 1.0, and 1.5 from
left to right. Regardless of d’, the distribution of TTI is similar to the PBP TTI,,;,
distribution.

The PBP TTI distribution was used for TT1,,;, in this work to show that a stochastic
TTI constraint can be beneficial in simulations, as well as likely to be beneficial in practice.
It is important to note, however, that the work in this section does not suggest that the
PBP TTI distribution is the optimal distributions for TTI,,;, for the greedy EDG adaptive

paradigm.

3.4 Online Data Collection

The simulations presented above demonstrated an improvement in accuracy and
EST when using the greedy EDG adaptive paradigm, with realistic restrictions, compared
the RC and CB paradigms. Though the adaptive paradigm shows improvement results in
performance improvements in simulation, it remains unclear if it will continue to

outperform a random paradigm in an online setting. In this section, an online data
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collection is performed to compare both the greedy EDG adaptive paradigm and the CB

paradigm.

3.4.1 Methodology

For the online experiment, eight able-bodied participants were recruited from
Duke University. All data was collected in a sound-proof booth at Duke University. The
participants gave informed consent, and the study was approved by the Duke University
Institutional Review Board (IRB). Two paradigms were compared: the CB random and
greedy EDG adaptive paradigm with a4, =9, and TTl;;, ~ PBP restrictions. The
maximum number of presentations in a single trial was set to 144, and the stopping
threshold, Pipresn = 0.9.

One session of data collection was completed for each participant, and each session
consisted of a training task (see section 3.4.1.1) followed by a testing task for one
paradigm, and then a training task followed by a testing task for the second paradigm.
The order of the paradigms used were randomized to avoid biases that may arise because
of the temporal non-stationarity typically found in EEG data [103]. Three, six-letter, words
were spelled during a training task and five, six-letter words were spelled during a testing
task. The words being spelled by the participants were randomly chosen from a subset of

English words from the English Lexicon Project [104].
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3.4.1.1 Training task for Greedy EDG Adaptive Paradigm

As with any supervised learning algorithm, it is crucial that the training data is
drawn from a similar underlying distribution as the testing data. To ensure that the EEG
data between training and testing tasks are similar, the stimulus presentations between
the training and testing tasks must also be similar.

During the training task for a random paradigm, flash groups are randomly
selected and presented to the user as they would be during the testing task. The training
task for an adaptive paradigm, however, is less straightforward. The greedy EDG
adaptive paradigm chooses stimuli to present based on the target character probabilities
obtained by using a trained classifier and conditional classifier score PDFs. During the
training task, however, the classifier and conditional classifier score PDFs are not yet
learned.

Therefore, in this work, synthetic classifier scores were drawn using predefined
target and non-target conditional classifier score PDFs. The greedy EDG adaptive
paradigm was then used to select stimuli to present based on the drawn classifier scores
and estimated likelihood. The conditional classifier score PDFS used during the training

task were: £0 ~ V'(0,1) and 1 ~ N'(1,1), yielding ad’ = 1.

3.4.2 Online Results

The results from the online data collection are shown in Figure 3.14. Figure 3.14

(a) shows the accuracy, (b) shows the average number of presentations, and (c) shows the
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bit-rate for eight subjects sorted by accuracy of the CB paradigm. The CB paradigm yields
a higher accuracy for six of the eights subjects and a higher average accuracy across all
subjects. The average number of presentations is lower using the greedy EDG adaptive
paradigms versus the CB paradigm for seven of eight subjects. The bit-rate using the
greedy EDG adaptive paradigm is higher for six of the eight subjects than the CB
paradigm. Using the 2-sided Wilcoxon signed-rank test [105], only the decrease in the
average number of presentations is statistically significant.

With the greedy EDG adaptive paradigm, many of the subjects did not reach 90%
accuracy and had an EST far fewer than the maximum number of presentations (144). This
indicates that the target character update model does not fit the data collected during the
testing phase of the greedy EDG adaptive paradigm experiment. Anecdotally, many
subjects complained about a high number of character presentations that were adjacent to
the target character; this likely led to adjacency distractions that were not explicitly

modeled in the numerical or MC simulations.
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Figure 3.14 — Results from the online data collection to compare CB and greedy EDG
adaptive paradigms. (a) shows the accuracy, (b) shows the average number of
presentations, and (c) shows the bit-rate for eight subjects sorted by accuracy of the CB
paradigm. The mean of the respective performance metrics are shown in the last

column.
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3.5 Discussion

In this chapter, a framework for a greedy adaptive stimulus presentation paradigm
using EDG was introduced. In designing the greedy EDG adaptive paradigm,
physiological phenomena were considered by enforcing restrictions on TTI and character
presentations. System constraints were also considered by modeling OD in the numerical
simulations. The numerical simulations showed that even with restrictions set on the
greedy EDG adaptive paradigm, it has the potential to yield higher accuracy, and fewer
presentations than the random RC and CB paradigm. It was shown further that a
stochastic TT1,,;, constraint can minimize the correlation between flash groups, reducing
the number of presentations required for users with a d’ > 1. In this work only a single
distribution for stochastic TTI,,;, was considered; in future work, other distributions
should be considered to select an optimal distribution for a stochastic TT1,,;;,. The results
for the numerical simulations from this chapter were published in [106].

The online results showed the potential improvement in the EDG adaptive
paradigm as there were far fewer presentations required to spell a character than when
using the CB random paradigm. Furthermore, the average bit-rate for the EDG adaptive
paradigm was higher than that of the CB random paradigm. The online results, however,
also showed that the accuracy tends to decrease for the greedy EDG adaptive paradigm

compared to the CB random paradigm.
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One potential reason for the low accuracy when using the EDG adaptive paradigm
is that the training data was collected under a slightly different paradigm than the testing
data. The training data used synthetic data to choose the stimulus presentation, ignoring
potential physiological phenomena. This could cause the training and testing data to be
drawn from different underlying distributions. This difference can cause the trained
classifier score and conditional classifier score PDFs to be sub-optimal for determining the
true target character probabilities in the testing phase. It is possible that this issue can be
resolved by modifying the training procedure when using an adaptive paradigm to
include an intermediate training phase. For this proposed intermediate phase, the trained
classifier, conditional classifier score PDFs, and EDG curves learned from the initial
training phase can be used for stimulus selection using EEG data collected during the
intermediate training phase. The data collected during the intermediate training phase
can then be used to re-train a classifier, learn new conditional classifier score PDFs, and
learn a new EDG curves to be used during the testing phase.

Another potential reason for the low accuracy in the online greedy EDG adaptive
paradigm is the high number of character presentations adjacent to the target character,
as noted by several study participants. These adjacency errors can erroneously elicit a
P300, causing an incorrect character selection. In future work, adjacency distractions

models should be developed and incorporated in the target character probability update
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equation. If adjacency distractions can be modelled accurately in the Bayesian update, the

accuracy is more likely to reach the threshold if the presentation limit is not reached.
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4 Exploiting Target-to-target Interval Information to
Mitigate Refractory Effects

The negative impact of refractory effects on P300 speller performance has been
demonstrated in previous BCI literature [42], [43], [82], [88], [89], [107]. In the literature,
refractory effects are typically quantified by the time interval between target character
presentations or the target-to-target interval (TTI). Classification performance has been
shown to increase with increasing TTI [42], [43], [82], [88], [89], [107], as illustrated in
Figure 2.9. However, most P300 speller implementations do not incorporate the temporal
relationship between TTI and classifier scores as the classifier is typically trained by
aggregating the EEG responses of all target stimulus presentations into a single class label.

Work in [84], [107] showed that refractory effects can be mitigated by specifying
multiple target classes based on the state of the previous stimulus event presentation.
However, the approaches in [84], [107] only consider short-term refractory effects as the
TTI information provided is limited to the previous stimulus event, i.e. a TTI of 1.

To model longer-term refractory effects, it is proposed that a longer history of
previous stimulus events be considered during classification: this can be achieved by
incorporating information on TTI values greater than 1. It also hypothesized that TTI
information can also be exploited to enhance the data-driven stimulus selection, presented
in Chapter 3, by biasing the selection process towards flash groups that will minimize

target character presentations with TTIs.
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This chapter presents approaches to incorporate TTI information in the P300
speller to improve BCI performance with the Bayesian algorithm. Results from P300
speller simulations are presented using stimulus presentation paradigms that are
susceptible to refractory effects to demonstrate the utility of incorporating TTI

information to mitigate these effects.

4.1 Incorporating TTl-information in the Bayesian Algorithm

In the standard Bayesian algorithm proposed in Throckmorton et al. [72], no TTI
information is used when updating the target character probabilities (i.e., posterior
probability). In section 4.1.1, the Bayesian update equation from Throckmorton et al. is
modified such that instead of using a single target classifier score PDF, multiple target
classifier score PDFs, conditioned on the TTI of the character presentation, are used.

In the previous implementation of the adaptive paradigm proposed in Chapter 3,
a minimum TTI was imposed to limit refractory effects. However, imposing a TTl;, is
an ad-hoc restriction that does not explicitly model the refractory effects present in the
EEG data. The greedy EDG adaptive stimulus paradigm will be modified in section 4.1.2

to use the Bayesian update equation that incorporates TTI information.

4.1.1 Character Probability Updates

Assuming TTI-specific classes for target classifier scores, the Bayesian update

equation used to update the target character probability (3.5) is modified to the following:
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Lem(Zotem) = {t’O(Zt), Fem =0

where p;_; ,, and p, ,,, are the prior and posterior probabilities, respectively, for character
m at time index t; £; (zt,/it,m) is the data likelihood of character m at t; 4, ,, is the TTI of
character m assuming that m is the target character at t; £1(z, 4, y,) is the likelihood of a
classifier score, conditioned on 4, ,,, if m is presented at t; and £0(z;) is the likelihood of a
classifier score if m is not presented at t.

Modeling TTI-specific target classes minimizes the penalty during the probability
update process for target character presentations with low TTI values that are more likely
to generate low classifier scores. Figure 4.1 shows an example of target and non-target
conditional classifier score PDFs without TTI information, and also target classifier score
PDFs conditioned on TTI 1 and 2. In this example, the TTI = 1 target classifier score PDF
is more similar to the non-target classifier score PDF than the target classifier PDF. If, for
example, a target is presented with a TTI of 1, it would likely lower the target character’s

probability when using the naive (i.e., no TTI information) Bayesian update. Modeling the
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refractory effects, however, allows the Bayesian algorithm to weight stimulus

presentations differently based on every presented character’s TTL
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Figure 4.1 — Example of target and non-target classifier score PDFs without TTI
information in red and blue curves, respectively. The target classifier score PDFs
conditioned on TTI 1 and 2 are shown with dotted cyan and magenta curves. As TTI
decreases, the target conditional classifier score PDFs with TTI information shifts
closer to the non-target classifier score PDF.

4.1.2 Expected Discrimination Gain

Assuming character probability updates with TTI information according to (4.1), the

EDG can be rewritten to incorporate TTI information as shown below:

€t+1,m(zz+lr’it+1,m)> dz* (4.3)
t+1

. M
AT Dy, (F; )=j Z Levim(Zii1 i lo < ;
KL e+l —oom:lpt,m t+1’m( i t+1'm) 8 p(zt+1|Zt)
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where AT Dy (F{41) is the TTI-EDG (i.e., EDG with TTI information), given the flash group
F¢+1. Grouping characters in the flash group F/,; with the same TTI values, i.e. 4141 m

according to (4.2), the EDG can be simplified accordingly:

AT D1, (Fe+1)

(4.4)
® £ Ziq, 14 .
:f Z pt,m€t+1,m(zg+1:’it+1,m) 10g< Hl'm(( :let;LM)) dz;iiq
O VMl m=1 P(Zt+1le
” ) 20(Z¢+1) .
+f Z Ptmfo(2i+1) log — ) dzfy,
—o p(zt+1lZe)
VM L1m=0
* 21(z;,1,TTI) (4.5)
= [ Y PlamtiGi, T 0 = 22 az,
—oo oo, p(zt41lZe)
* £0(z¢41)
+f P0.£0(z{+1) 10 <*— dz;
I I VTCA)
where P1, rr; and PO, are defined accordingly:
Plyrr = Z Ptc (4.6)

Ve figc=1N gy, c=TTI

Using a similar process as in (3.18) to group characters, the conditional data probability,

p(z{111Z;), can be expressed as:

81



(4.7)
p(zi1lZe) = Z Z Wt,cfl(ZgHITTI) + z Jﬂt,ci’O(ZZ‘H)

VITI Ve $iyq =10 dgpq c=TTI Veifipr =0

(4.8)
= D Plorn 1@, TTD + PO£0(7;,)
VTTI

Using (4.5), (4.9), and exploiting the sum of probabilities (i.e. YXyrr; P1e 7 + POr = 1), the

ATDyp (Feyq) is:

ATDye, (Fivr) (4.9)
® €1(z{11, TTI

=f Z P1,77:01(z} 41, TTI) 10g< . (i, TT1) . )dz;;+1
—o0 Ty Yvrri Plerri€1(ziyy, TTD + (1 = Zvrri PLerr)20(z4,)

+.f 1- z Plyrr;
et VTTI

£0(z;
* £0(zf 1) log< - @is) . > dz{,,
Yvrrt Plerri1(zi, TTD + (1 = Xyrry Plerr)€0(24 1)

Assuming fixed conditional classifier score PDFs shown in (4.2), the classifier score z;, 4
can be marginalized out in (4.9) to yield a TTI-EDG function that depends only on P1, rr;
for all unique TTIs.

Assuming TTI values exist from 1 to 3 for simplicity, three cases of varying
discriminability between the TTI-specific and the non-target classifier score PDFs are
presented in Figure 4.2 to illustrate how stimulus selection is affected by incorporating

TTI information in the EDG. In Figure 4.2(a), the TTI-specific conditional classifier score
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PDFs are identical. From the EDG function shown in Figure 4.2(a), the TTI-EDG is
maximized when Y.;r; P1,7r; = 0.5. Note that in this scenario, the stimulus selection process
is similar to the case where there is only one target classifier score PDF (see Figure 2.6). In
Figure 4.2(b), the TTI-specific PDFs for the TTI 2 and 3 have higher discriminability from
the non-target classifier score PDF compared to the PDF for TTI 1. From the EDG function
shown in Figure 4.2(b), the TTI-EDG is maximized when ¥3;,_, P1.7r; = 0.5 and P14, = 0.
In this scenario, stimulus selection will favor characters with TTIs of 2 or 3. In Figure 4.2(c),
the TTI-specific PDFs are distinct from each other, with increasing discriminability from
the non-target pdf as TTI increases. From the EDG function in Figure 4.2(c), the TTI-EDG
is maximized when P1,3 =0.5 and P1,, = P1;; = 0. In this scenario, stimulus selection
will favor characters with a TTI of 3. The example shows that the effect of explicitly
modeling TTI-related effects in the EDG function inherently biases the selection process

towards characters with a higher discriminability.
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Figure 4.2 — Example of conditional classifier score PDFs for non-target and TTI 1, 2,
and 3 presentations and their corresponding TTI-EDG volumes. Each row shows the
conditional classifier score PDFs on the left, and TTI-EDG volumes for the
corresponding conditional classifier score PDFs on the right. In example (a), the target
conditional classifier score PDFs for all TTI-bins are equivalent. In example (b), the
TTI-specific pdfs for TTI 2 and 3 are the same. In example (c), all three TTI bins have
different conditional classifier score PDFs.
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4.2 Performance Evaluation with Simulations

Two types of simulations will be performed in this section. In section 4.2.1, MC
simulations will be used to evaluate the potential benefit of using TTI information to
update the target character probabilities (see 4.1.1) for the RC paradigm. In 4.2.2 MC
simulations will be used to evaluate the potential benefit of using the TTI-EDG metric (see

4.1.2) for a greedy, adaptive, stimulus presentation paradigm.

4.2.1 Row-column Paradigm

Refractory effects can occur quite often in the RC paradigm due to the greater
proportion of short TTIs, as shown in Figure 2.9. As a result, the RC paradigm is likely to
benefit from incorporating TTI-information during target character estimation. Marten et
al., [84] developed a graphical model for character estimation that incorporated refractory
effects. In simulation, Marten et al. showed no improvement between the graphical model
that incorporated refractory effects versus the model that did not incorporate the
refractory effects when using the RC paradigm. However, the graphical model framework
in Martens et al. only modeled short term memory refractory effects (i.e., TTI =1 vs. TTI
# 1), and did not consider long term memory refractory effects (i.e,, TTI =1vs. TTI =2 vs
TTI = 3 etc.). In this work, long term refractory effects are modeled in the Bayesian
algorithm.

Estimates of the TTI-specific conditional classifier score PDFs may be poor if a low

number of samples are used for estimation. The example TTI distribution in Figure 2.10
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shows that on average, most TTI values in the RCP have fewer than 20 samples.
Furthermore, pre-computing the TTI-EDG is intractable if there are many TTI groupings
because the number of precomputed TTI-EDG values grows exponentially with the
number of TTI groupings.

To improve the TTI-specific conditional classifier score PDF estimation and to
increase tractability of the TTI-EDG pre-computation, the data from TTI values with
similar conditional classifier score PDFs are binned together to generate a new set of
“virtual” TTI conditional classifier score PDFs. These virtual TTIs obtained by binning a
range of TTI values will be referred to as binned-TTI. Based on analyzing the similarity of
TTI-specific pdfs of participants in [72], the TTI groupings shown in Table 4.1 were
determined to provide the most suitable binned-TTIs. Figure 4.3 shows example
conditional classifier score PDFs using (a) non-binned and (b) binned TTI groupings for
a single participant in [72].
4.2.1.1 Methods

Using data the data from [72], collected using the RC paradigm, MC simulations
(see 2.4.2) are performed to compare the naive Bayesian algorithm (no TTI information),
the TTI Bayesian algorithm (no binning), and the binned Bayesian algorithm. The MC
simulations are slightly modified to account for TTI effects; the target classifier scores are

drawn such that the TTI of the presentation in the simulation matches the TTI of the
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presentation in the real dataset. The KDE is used to estimate the conditional classifier score

PDFs in the simulations.

(@) (b)
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Figure 4.3 — conditional classifier score PDFs using (a) non-binned and (b) binned TTI

groupings for a single participant in [72].

Table 4.1 — TTI to TTI-bin assignments

Binned-TTI | Range of TTI values in bin

1 1,2
2 3,4,56
3 =7

4.2.1.2 Results

Figure 4.3 below shows the average accuracy, EST, and bit-rate obtained for each

participant in the dataset by running MC simulations with the RC paradigm. ‘Naive
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Bayesian Update’ corresponds to the Bayesian algorithm whose update equation does not
use TTI information (see section 2.2.4.2); “TTI Bayesian update’ corresponds to the
Bayesian algorithm whose update equation groups TTIs without binning (see section
4.1.1); and ‘Binned TTI Bayesian update’ corresponds to the Bayesian algorithm whose
update equation groups TTIs by binning using the bins shown in Table 4.1. Table 4.2
shows the average accuracy, EST, and bit-rate of the simulations with astrisks denoting

statistical significance using the two-sided Wilcoxin signed-rank test.
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Figure 4.4 - The average accuracy (a), EST (b), and bit-rate (c) obtained for each
participant by running the MC simulation. The results are sorted by the naive Bayesian
Update accuracy.
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Table 4.2 — Average accuracy, EST, and bit-rate for MC simulations comparing the
Naive Bayesian update, TTI Bayesian update, and binned TTI Bayesian update. Bold
font represents the highest accuracy, lowest number of stimulus presentations, or
highest bit-rate of the methods compared. Conversely, the italics-underlined font
represents the lowest accuracy, highest number of stimulus presentations, or lowest
bit-rate of the methods compared. The asterisks indicate pairwise statistical
significance with the Naive Bayesian Update using the two-sided Wilcoxin signed-rank
test.

Bayesian Update Type Accuracy | EST | Bit-rate
Naive Bayesian Update 0.731 61.131 | 25.090
TTI Bayesian Update 0.726 58.675" | 25.990
Binned TTI Bayesian Update 0.755" 58.743" | 27.177"

The simulations show that using the TTI Bayesian update or the Binned TTI
Bayesian update significantly decreases the EST and significantly increases the bit-rate
compared to the Naive Bayesian update; this is especially evident in subjects with high
accuracy (>80%). The binned TTI Bayesian update has a significantly higher accuracy than
both the TTI Bayesian update and the Naive Bayesian update. The low accuracy subjects
(sorted subjects 1-10) experience the highest accuracy increase from the Binned TTI
Bayesian update compared to the TTI or Naive Bayesian updates.

These simulations show that using TTI information in the Bayesian algorithm can
improve the accuracy, decrease the EST, and increase the bit-rate of a P300 speller using
the RC paradigm. To increase the accuracy of the Naive Bayesian update, TTI binning is
necessary. For the remainder of the work, TTI binning will be used when using TTI

information in the Bayesian update.
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4.2.2 Greedy Adaptive Paradigm

In this section, MC simulations will be used to evaluate the potential benefit of
using the TTI-EDG metric within the context of the greedy adaptive stimulus presentation
paradigm. It is important to note that the data used in the MC simulation in this section
was collected using the RC paradigm, however, the paradigm used in the simulation is
an adaptive paradigm. The physiological effects such as refractory effects or adjacency
distractions can result in different target and non-target data distributions between the
data used in the simulation and data collected using the proposed greedy EDG-TTI
adaptive paradigm. Therefore, the results obtained in this section are for illustrative
purposes and only aim to show the potential benefit of using the greedy TTI-EDG
adaptive paradigm.
4.2.2.1 Methods

MC simulations using data from [72] are used to compare the greedy naive EDG
adaptive (no TTT information) and greedy TTI-EDG adaptive paradigms. As with the MC
simulation discussed in 4.2.1.1, the target classifier scores are drawn such that the TTI of
the stimulus presentation in the simulation matches the TTI of the presentation in the real
dataset; this allows the simulation to account for refractory effects. Three different
algorithms are considered: the greedy naive EDG adaptive paradigm with naive Bayesian
updates; the greedy naive EDG adaptive paradigm with TTI Bayesian updates; and the

greedy TTI-EDG adaptive paradigm with TTI Bayesian updates. For simplicity, the
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algorithms will be referred to as naive EDG — naive update, naive EDG — TTI update, and
TTI EDG - TTI update.

The purpose of the naive EDG - TTI update algorithm is to provide a
baseline/control case; otherwise, if the TTI EDG — TTI update outperforms the naive EDG
- naive update, it becomes unclear if the stimulus selection, target character probability
update, or both stimulus selection and target character probability update results in the
performance improvement.

The character presentation limit is set to 9, and the OD is set to 6 for all simulations
in this section (identical to restrictions used in section 3.3.2.4). For each algorithm, three
different TTI,,;, restrictions are considered for stimulus selection: no TTly;,
restrictions, TT 1, = 3, and TTl,,;, ~ PBP. The TTI bins shown in Table 4.1 are used for
the simulations that incorporate the TTI information. The non-target and target
conditional classifier score PDFs are fit to a Gaussian PDF in order to increase the

tractability of precomputing the TTI-EDG. Stimuli are selected using a greedy search.

4.2.2.2 Results

Figure 4.5 shows the average accuracy, EST, and bit-rate for naive EDG — naive
update, naive EDG — TTI update, and TTI EDG — TTI update algorithms with no TTI,,;;,
constraints, TTl,,;, = 3, and TTI,,;, ~ PBP restrictions. Table 4.3 shows the bit-rate

results from Figure 4.7 in the form of numerical values.
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Figure 4.5 - Average (a) accuracy, (b) EST, and (c) bit-rate for naive EDG - naive update,
naive EDG - TTI update, and TTI EDG - TTI update algorithms with no TTI,,;,
constraints, TTI,,;, = 3, and TTI,,;,, ~ PBP constraints. Asterisks represent pair-wise
statistical significance. The results show statistically significant improvement in EST
and bit-rate, for all three TTI restrictions, between TTI EDG - TTI Update and Naive
EDG - TTI Update algorithms.
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Table 4.3 — Average bit-rates from the MC simulations comparing adaptive stimulus
presentations. The first column shows the type of algorithm and the first row shows
the TTI,,;,, used in the simulation. Underlined and italicized values indicate the
lowest bit-rate and bold values indicate the highest bit-rate for each TTI,,;, type.

None 3 PBP
TTLnin
Algorithm
Naive EDG - Naive Update 12.78 30.27 34.37
Naive EDG - TTI Update 21.85 30.82 34.56
TTIEDG - TTI Update 33.53 35.43 35.71

The results show statistically significant improvement in EST and bit-rate, for all
three TTI restrictions, between Naive EDG - TTI Update and Naive EDG - Naive Update
algorithms. The results also show statistically significant improvement in EST and bit-
rate, for all three TTI restrictions, between TTI EDG - TTI Update and Naive EDG - TTI
Update. There is a statistically significant increase in accuracy between the Naive EDG -
TTI Update and Naive EDG - Naive Update algorithms as well as between TTI EDG - TTI
Update and Naive EDG - TTI Update algorithms when there are no TTI,,;, restrictions,
however, there is no significant improvement in accuracy for TT1l,,;, = 3 or TTI,,;, ~ PBP
when for any of the algorithms with TTI information.

Table 4.3 indicates that incoprorating TTI information in the Bayesian update and

the EDG metric provides the highest accuracy, EST, and bit-rate improvement to the
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algorithm with no TTI,;, restriction. Consider an example participant from the dataset
used in this section whose conditional classifier score PDFs and corresponding EDG-TTI
volumes are shown in Figure 4.6. There is a significant difference between discriminability
at high TTIs (TTI bin 2 and 3) than at low TTIs (TTI bin 1) as shown in the conditional
classifier score PDFs. Therefore, it is expected that the greedy TTI-EDG adaptive
paradigm will select fewer low TTI presentations than the Naive-EDG adaptive
paradigms. Figure 4.7 shows the TTI distributions for the participant comparing TTI EDG
- TTI Update and Naive EDG - TTI Update algorithms. These TTI distributions indicate
that the Naive EDG - TTI Update almost exclusively presents TTI = 1 presentations,
however, the TTI EDG - TTI Update algorithm can account for the low discriminability at
low TTI presentation and instead chooses most presentations at TTI = 3. This reduction in
low-TTI presentations when using the greedy TTI-EDG versus the greedy naive EDG
adaptive stimulus selection paradigm likely accounts for the signficant increase in
accuracy and bit-rate and significant decrease in EST when no TT1I,,;, restrictions are set

for the adaptive stimulus selection paradigm.
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Figure 4.6 — (Left) presents the trained conditional classifier score PDFs for non-target
and target binned TTI 1, 2, and 3 presentations for a single participant. (Right) is the
corresponding TTI-EDG volume for the conditional classifier score PDFs.
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Figure 4.7 -TTI distributions for the naive EDG - TTI update (left) and TTI EDG -
TTI update (right) algorithms with no TT1I,,;,, restrictions for the participant whose
trained conditional classifier score PDFs are shown in Figure 4.6.

4.3 Discussion

In this chapter, TTI information was used to model refractory effects in the EEG

data with the goal of increasing the accuracy, decreasing the EST, and increasing the bit-
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rate of the P300 speller. First, the target character probability update was modified such
that the conditional classifier score PDFs were conditioned on the TTI of the characters
being presented. Next, the greedy EDG adaptive paradigm was modified to incorporate
the modified target character proabability update to yield the greedy TTI-EDG adaptive
paradigm.

It was shown that using TTI information in the Bayesian update equation when
using the RC paradigm can improve accuracy, EST, and bit-rate, for users of the P300
speller, as was shown in simulation (section 4.2.1.2). The MC simulations indicated that
in order to increase the accuracy of the speller when using TTI information, TTI binning
should be used to group TTIs when estimating the conditional classifier score PDF. TTI
binning is likely beneficial because the number of training examples for all individual TTIs
is limited; therefore, it may be possible to remove the need for TTI binning if more training
data is collected.

In section 4.2.2.2, it was shown that using the greedy TTI-EDG adaptive paradigm
can further improve the performance of the P300 speller compared to the naive greedy
EDG adaptive paradigm that was proposed in Chapter 3. For all TTI,;,, restrictions used
in the simulation, the greedy TTI-EDG adaptive paradigm yields a higher average bit-rate
than the naive greedy EDG adaptive paradigm. The simulations with no TTly;,
restrictions obtains the highest accuracy, EST, and bit-rate improvement when

incorporating TTI information in the form of the Bayesian update equation and the
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adaptive paradigm. This shows that modelling refractory effects in the Bayesian update
and the adaptive stimulus selection can reduce the need for TTI restrictions.

The TTL,in, ~ PBP and TT1,,;, = 3 restrictions, however, yield a higher overall bit-
rate when the TTI EDG - TTI Update was used compared to using no TTI,,;, restrictions.
This likely occurs because the greedy EDG paradigms are non-optimal; they are myopic
and do not look ahead to future stimulus presentations. For example, there may be a case
where presenting a character at ¢t + 1 will barely maximize ATDy,(F{;1), however,
presenting that character at t + 2 instead will yield a significantly higher AT Dy, (F¢,,)
than ATDg; (F/,,). In practice, it would be preferable to wait until t + 2 to present the
character, however, the TTI-EDG paradigm will instead present that character at
AT Dy (Feia)-

The results in this chapter show the potential for improvement of the speller when
TTI information is used in the Bayesian update equation as well as in the adaptive
stimulus presentation paradigm. However, it will be important to perform online
experiments prior to making concrete conclusions because of physiological phenomena
that are not explicitly accounted for in the simulation, such as adjacency distraction errors

or fatigue.
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5 Probabilistic P300 and Eye-tracker Hybrid System

In this chapter, a novel probabilistic hybrid P300 and eye-gaze system is proposed,
and the results of the hybrid system are presented. The goal of the hybrid speller is to
alleviate the individual disadvantages of both the P300 and eye-tracker spellers as well as
improve upon the performance of the individual spellers.

This chapter is outlined as follows: In section 5.1, a novel, standalone probabilistic
eye-gaze typing system for spelling using a P300 display will be introduced. In section
5.2, a probabilistic hybrid speller is introduced and both online and offline experiments
are described that evaluate the performance and robustness of the system. In section 5.3

possible avenues for future work are discussed.

5.1 Probabilistic Eye Gaze Spelling

The eye-gaze spelling algorithm that was utilized in this work is a probabilistic,
dynamic stopping algorithm based on the Bayesian dynamic stopping algorithm
proposed for processing P300 data presented in Throckmorton et al. [72] (see section 2.2.4).
Developing an eye-typing framework similar to that of the P300 speller allows for a
natural fusion of eye-gaze and P300 spellers. The flow-chart presented in Figure 5.1 below

describes the probabilistic eye-gaze spelling framework.
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Figure 5.1 — Flow chart for choosing the target character using the probabilistic speller.
The portion of the flow chart in the dashed-red rectangle denotes the processing
performed by the Tobii EyeX software. This software is propriety; thus, the exact
processing methods are unknown. As the Tobii EyeX software outputs data at a
sampling rate of 30Hz, the data is used to estimate the character likelihood given
trained character parameters. The likelihoods are then used to estimate the character
posteriors based on the eye-gaze data.

First, eye-tracker calibration is performed by the user (see Section 2.1). Next, the
training parameters are learned using training data, as will be discussed in section 5.1.1.
After the training parameters are learned, an estimate of the target character is made
during a testing phase trial. After each observation of gaze data is collected during the
testing phase, the character likelihood and posterior probabilities are computed as
discussed in section 5.1.2. Finally, when any character’s posterior probability exceeds a
predefined threshold, the character with the highest posterior probability is selected, and

the trial is concluded.
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5.1.1 Eye Gaze Training Character Parameters

After the eye-tracker has been calibrated for the user, the data likelihood
parameters must be estimated in order to compute each character’s posterior probability
during the testing phase. An assumption is made that the eye-gaze data is drawn from an
identically independently distributed (iid) multivariate Gaussian distribution centered at
the position of the target character p,,, € R%and there exists some covariance X,, € R?*2,

Therefore, the eye gaze data likelihood can be defined by:

p(Yilem = Co my Zin) = N (Ve W, Z) (5.1)

where p,,, € R? is the estimated position of the target character on the screen, X, € R**?
is the estimated eye-gaze covariance matrix for the target character. Given this distribution
of the data, p,,;, and Z,, can be estimated using training data collected in parallel to the
EEG data during the training phase of the P300 speller.

During the training task, the subject is instructed to gaze at a specific character, c,,
and the likelihood parameters p,, and Z,, are estimated by finding the mean and
covariance of the eye-gaze data. In an optimal training scenario, both p,,, and X, can be
estimated for each character on the grid. However, this amount of training would be
prohibitively time consuming. Thus, rather than measure p,,, and X, as a function of each
individual character, p,, and X, are instead estimated from the eye gaze data that was

collected during the EEG classifier training process. For the variance, a simplifying
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assumption is made that the covariance of all of the characters in the grid is identical and
equal to Z. X is assumed to be a diagonal matrix parameterized by o7, the variance in the

vertical axis, and ¢/, the variance in the horizontal axis:

5= [03 0] (5.2)

To estimate ¢2 and o7, the variance in both the horizontal and vertical axis is
estimated for all target characters that have training data, and the maximum variance in
the horizontal and vertical directions are set to ¢ and of respectively. The max operator
was selected to avoid underestimating the variance in the signal model because
underestimating the variances can dramatically degrade the performance of the speller,
as will be demonstrated in the offline simulations presented in section 5.2.4.

Since the characters are evenly spaced on the grid for the horizontal and vertical
direction of the speller matrix, a least squares linear regression (LSLR) approach was used
to learn p,, for all characters, c,,. Let the training labels W € R™3 where T is the total
number of training examples (i.e., observations) collected in the training task. Each row
of Wr is termed W¥; and is set to [1,row — 1, col — 1], where the first term is the bias term,
row is the row, and col is the column of the target character at presentation t. For example,
in the 9x8 matrix speller grid, the upper-left-most character takes on the index [1, 0, 0] and

the bottom right-most character takes on the label [1, 8, 7].
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The first step of the LSLR algorithm is to learn the weights W,,, € R3*? using the
training gaze Y € R™?2 and its corresponding training labels Wr. The weights are learned

using the normal equation below [108]:

Weye = (W' W) 10, 'Yy (5.3)

Once the weights are learned, u,, is learned for all characters by using the label associated

with character c¢,, using the following:

P = ¥YmWeye (5:4)

where ¥, is the label associated with character c,,.

Examples of the training gazes ¥ from one training session for a single participant
are plotted overlaying the speller matrix shown in Figure 5.2. The colors/character
combination corresponds to the character that the participant was instructed to focus on.
Most of the gazes overlap the target character, but there do exist gazes that are far away
from the target character. For example, there are gazes at ‘O’ and ‘X’ when attention
should have been on ‘H’, and gazes at 2" and ‘S’ when attention should have been on ‘U’".

After collecting training data, W, and u,, are estimated for all of the characters,
even those that had no corresponding observations in training; an example of an estimate

of u,, for all characters for one participant are shown in Figure 5.3. Some pu,,, especially
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those far away from characters that were used as target characters in training, are far away
from the characters themselves. Since only words are spelled during testing for this
experiment, the bias in the characters at the bottom of the screen (e.g. ‘Ctrl’,’Caps’, etc.)
will not affect the accuracy of the system, since those characters are never spelled. If it is
expected that all characters on the grid will be used during testing, it is important to collect

training data for characters throughout the grid (e.g, ‘Caps’, “Esc’, “Sleep’, ‘Bs’, etc.).
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Figure 5.2 — Illustration of the grid used for the spelling experiments, along with an
example of the training gazes, Y measured for a single participant plotted on a speller
matrix. The color and character combination corresponds to the character that the
participant was instructed to focus on. There are 168 eye-gaze data points for each
character being trained on, and there are 18 characters being trained on. In all, there are
3024 data points that are gathered during the training phase.
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Figure 5.3 - Trained character position means, pu,,, for all characters for a single
participant, are plotted in this figure as red asterisks. Some pu,,, especially characters’
means are far away from the characters. This bias occurs because training data is limited

to characters.

5.1.2 Eye Gaze Posterior Update

After the parameters of the likelihood are estimated with the training data, the

posterior probability for every character can be learned using Bayes rule:

(e = eolVo i 5y) = 2Felom = Corbim Ep )P (Cm = C.) (5.5)
" e LipWele = comy, Z)p(c; = ¢

The likelihood in the numerator in equation (5.5) can then be decomposed further towards

developing an update equation such that the posterior probability can be updated after

every presentation, t. Given that each observation is i.i.d.:
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p(Yilem = o W, Zi) = D(Yilem = € My Z0) DY e—1lCrn = Coy i, Z) (5.6)

X p(Ytlcm =Cy um'zm) p(cm =Cy um'zmlyt—l)

The expression in equation (5.6) that is proportional to the likelihood of equation
(56.5) can then be substituted for the likelihood and re-normalized resulting in the
following update equation:

pcm = clY ¢, m, Zm) (5.7)

_ P(Ytlem = co i, ) P(Cm = Coo M, Z|Y e )0 (€ = €,)
YiLip(ele = comi, 2) ple = o my, 2ilY—)p(c; = ¢.)

Using this posterior probability update equation enables the system to learn the
probability that character c,, is the target character after presentation t in the testing

phase.

5.2 Eye Gaze and EEG Fusion

In sections 2.2 and 5.1, probabilistic P300 and eye-gaze spellers were discussed
individually, respectively. Eye-gaze spellers are used because of their high accuracy and
speed. P300 spellers are used in cases where eye-gaze is unreliable as is the case for some
people with ALS ([9], [14]-[17]). To alleviate the disadvantages of the individual spellers,
a probabilistic framework that uses data from the EEG-based P300 speller as well as the
eye-tracker is developed; the hybrid speller will be introduced and described in this

section.
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In section 5.2.1, the algorithm used to fuse the probabilistic eye-gaze typing system
and the P300 speller will be discussed. Sections 5.2.2, 5.2.3, and 5.2.4 will discuss the
details of the experiment performed to evaluate the performance of the hybrid speller.
Sections 5.2.3.1 and 5.2.4.1 will show the results of the experiments, and section 5.2.5 will

discuss the significance of the results obtained in the experiments.

5.2.1 Eye Gaze and EEG Fusion Algorithm

The posterior probability (i.e., target probability) for each character, c,, can be

learned using Bayes rule where:

p(Ztl Ytlcm = Cy, q)m,t)p(cm = C*) (58)
M p(ze Yielei = ., @ )p(ci = c.)

z.,Yy, ‘Dm,t) =

p(cm =G

where @, = {u, Z,, Fi} is the set of eye-gaze parameters for character m and flash
group at t and @, = {Wy, X, Fi} is the vector of the set of eye-gaze parameters for
character m and all flash groups up to t. Similar to the derivation of the posterior
probability update equation for the probabilistic eye-gaze speller in section 5.1, the joint

likelihood can be rewritten as:

p(ztr Yt|Cm =Cy q)m,t) = P(Ztr Yt|Cm = C*’cbm,t)p(zt—lﬂyt—l'Cm =Cy d)m,t—l) (5.9)

S p(zt' Yt|Cm =Cy ‘bm,t)P(Cm =Ci|Ze1, Yo, q)m,t—l)
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replacing the likelihood in (5.8) with (5.9) and normalizing yields:

P(2e, Ye|em = € @t )0 (m = €u|Ze1, Yioq, Proe_1) (5.10)
i p(Zt: Yt|Ci =Cy ‘bi,t)P(Ci = Cu|Ze-1, Yo, d’i,t—1)

z,Y,, q’m,t) =

p(em = c.

As can be seen in the update equation (5.10), the a-priori probability is the
posterior probability learned from the previous presentation. A uniform distribution was
assumed for the a-priori probability for the first presentation in a trial, but a language
model can be used [e.g. 69] to initialize the a-priori probability.

An assumption is made that there is complete independence between both EEG
and eye-gaze likelihood. This assumption is not completely accurate given that the P300
speller performs better when the participant is looking directly at the character being
spelled [109]. However, this assumption greatly simplifies the problem formulation and
will therefore be assumed to be true for this work. Given this assumption, the posterior

probability after every presentation can be learned using equation (5.11) below:

p(cm = G2, Yy, q)m,t) (5.11)

_ p(Zt|Cm =Cy (Dm,t)p(yt|cm =Cy CI)m,t)P(Cm = C|Ze-1, Yioq, d’m,t—l)
Z?L p(zt|ci = C*:q)i,t)p(yt|cm = C*'cbi,t)P(Ci =Ci|Zt—1, Y1, ¢i,t—1)
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5.2.2 Experimental Methods

For the online experiment, sixteen able-bodied participants were recruited from
Duke University. One participant was unable to complete the experiment. Incorrect
training data was used to train the online classifier for another participant; thus, only
offline simulation results for which training could be corrected are presented for this
participant. For the remaining fourteen participants, both online and offline results are
presented. All data was collected in a sound-proof booth at Duke University. The
participants gave informed consent, and the study was approved by the Duke IRB.

Both EEG and eye-gaze data were collected while the participant was using the
P300 speller, including experiments that only used the EEG data for decision-making; this
eye-gaze data was used in the offline experiments discussed in section 5.2.4. Characters
were presented using the checkerboard (CB) paradigm [25]. Adjacent characters were
presented using different colors as color has been shown to improve speller performance
[110].
5.2.2.1 Data Collection

EEG and eye-gaze data were collected in parallel during both training and testing
phases of the experiment. EEG data were collected in 800ms windows after each
presentation, and the eye gaze position at the end of each window was recorded.

Therefore, the number of eye-gaze data points is equivalent to the number of
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presentations, and each 800ms EEG sample has a single corresponding eye-gaze data
point.

One session of data collection was completed for each participant, and each session
included one training and four online testing tasks. Three words were spelled during the
training task, and this data was used to train the P300 classifier, and five words were
spelled during each of the four online testing tasks. The words being spelled by the
participants were randomly chosen from a subset of English words from the English
Lexicon Project [104]. The subset consists of 400 six-character words with the highest
frequency of occurred in written communication as measured by the HAL corpus
frequency [111]. The algorithms used for processing the data from the four testing tasks
are described in detail in section 5.2.3. The order of the online testing tasks were
randomized to avoid biases that may arise because of the temporal non-stationarity
typically found in EEG data [103]. During training, 144 presentations of data collected
were collected for each character. For testing, the dynamic stopping data collection

algorithm was used with the maximum number of presentations set to 144.

5.2.3 Experiment 1: Online Test of the System

This experiment was performed to assess the performance of the hybrid speller.
After training data was collected and the EEG classifier score and eye-gaze data likelihood
parameters were learned, all participants completed four online testing spelling tasks. An

EEG-alone (P300 speller) task was run as a baseline, and the three additional tasks used
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the same classifier with different ¥ estimates. In the first task, ¥ was estimated from
training data as described previously. However, the estimated covariance, X, was
expected to be very low (<0.01) according to the technical information provided with the
Tobii Inc. eye-tracker [54] due to the subject pool consisting of participants without
disabilities. This has the potential to decrease the robustness of the hybrid system since
the low variance of the eye tracker data would result in the system placing extremely high
confidence in the eye gaze data relative to the EEG data. A foreseeable issue that can arise
with using a small estimated variance is a bias between the estimated and actual character
means (i.e. the location of the character on the screen). One way to potentially alleviate
this problem is by artificially increasing the variance being used by the algorithm, giving

more weight to the EEG data. Robustness as a function of the variance was investigated

1.0 0 ] in the final two tasks; these two conditions were

by setting X to [0(')1 0(.)1] and [ 0 10

termed medium and high variance.

5.2.3.1 Experiment 1 Results

In obtaining the online results, it was hypothesized that the hybrid system (EEG
and eye-gaze) would outperform the EEG-alone (P300 speller) system. Figure 5.4 shows
the accuracy, Figure 5.4(a), average number of stimulus presentations, Figure 5.4(b), and
bit-rate, Figure 5.4(c), for the four different online testing tasks performed by participants
who completed the experiment. Participant numbers are listed on the x-axis. An incorrect

set of classifier scores (the BCI2000 default classifier scores) were inadvertently used
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during online spelling for participant 1, therefore those results are not presented.

Participants were sorted in ascending order based on their EEG accuracy.
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Figure 5.4 — A plot of the spelling accuracy, average number of stimulus presentations,
and bit-rate for the 4 different online testing tasks performed by the participants. The
participants are sorted by EEG-alone accuracy in ascending order.

The results in Figure 5.4 indicate that the bit rate of the fusion algorithm under all
of the variance conditions tends to be higher than that for the EEG-alone algorithm. In all

cases except for participant 5, there is a variance condition that achieves a higher accuracy
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than the EEG-alone algorithm. In addition, the average number of stimulus presentations
is highest for the EEG-alone algorithm across all participants. The fusion algorithm,
particularly with the estimated variance for the eye gaze, performs poorly in terms of
accuracy for participants 2, 4,6, 7, and 13. The estimated variance condition has the worst
bit-rate compared to all other conditions in participants 2, 7, and 13. These results show
that the fusion algorithm with estimated variance typically outperforms any other
condition, however, in some cases the estimate variance condition is not as robust as the

other conditions, leading to a lower bit rate.
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Figure 5.5 - This figure plots the difference between the EEG-alone results and the
three fusion algorithm results that are shown in Figure 5.4. Subplots (a), (b), and (c) plot
the average and standard deviation of the difference between the accuracy, average
number of stimulus presentations, and bit rate of the EEG-alone algorithm and the
fusion algorithm for all three variance conditions. The x-axis corresponds to the fusion
algorithm that is being compared to the EEG-alone algorithm, and the y-axis is the
difference between the EEG-alone algorithm and the corresponding fusion algorithm.
In addition to the average, this figure shows * 1 standard deviation across participants
in the form of error bars. The asterisks denote statistical significance (i.e., p<0.05 using
the two-sided Wilcoxon signed rank test).

Figure 5.5 aggregates the online results shown in Figure 5.4 and examines the

difference in the performance metrics between the baseline algorithm and the fusion
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algorithm. For each participant, the accuracy, average number of stimulus presentations,
and bit rate results for the EEG-alone algorithm were subtracted from the results for the
fusion algorithm under the three variance conditions. The differences were then averaged
across participants to investigate the relative performance of the fusion algorithm
compared to using EEG-alone. The results indicate that on average, the fusion algorithm
has a higher accuracy, lower average number of stimulus presentations, and higher bit
rate than the baseline algorithm across variance conditions. These results show that the
fusion algorithm does improve the performance of the speller, however, the estimate
variance condition isn’t as robust as the medium and high variance conditions as shown
by the larger error bars in the accuracy, average number of stimulus presentations, and
bit-rate differences. Using the two-sided Wilcoxon signed rank test [105], the performance
improvement for the hybrid speller was statistically significant for accuracy, average
number of stimulus presentations, and bit-rate for all variance conditions with the

exception of accuracy at the estimate variance condition.

5.2.4 Experiment 2: Offline Test of the System

In addition to the online experiments, several offline simulations were performed
to further investigate the fusion algorithm’s robustness to potential mismatches between
the training and testing eye-gaze parameters. Two types of errors were considered: a
horizontal bias and less accurate eye gaze. Horizontal bias might be considered when

there is a mismatch between the trained p,,, and u,, observed during testing. This can
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occur if the user of the system has oculomotor abnormalities that doesn’t allow them to
gaze directly at one or more of the target character (i.e., u,, cannot be represented u,, =
Wi Weye). Less accurate eye gaze, or higher variance eye gaze, would be considered if the
user has difficulty using an eye tracker (e.g., eyelid drooping, nystagmus, etc.), and Z,, is
incorrectly estimated during training. These error types were tested under the same
variance conditions as the online testing (EEG-alone, fusion with estimated variance,
medium variance, and high variance) as well as under eye-gaze alone (see 5.1.2).

The goal of the offline experiments was to observe the robustness of the EEG-
alone, eye-gaze alone, and fused systems for these two error types (bias and variance). All
of the offline simulations were performed using a MC simulation in order to decrease the
high variance that exists in the online accuracy results as described in section 2.4.2.

The data used for the offline simulation were the EEG and eye-gaze data collected
during the EEG-alone online experiment; as mentioned previously, eye-gaze was
collected in the EEG-alone online experiment even though it was unused in the online
setting. The data from the EEG-alone algorithm were used because there were more
stimulus presentations on average for the EEG-alone algorithm than any of the other
fusion algorithms. First, noise was added to the eye-gaze data depending on the
parameters of the experiment being performed (i.e., white noise or bias). For each of the
30 characters spelled during the experiment, the EEG and noisy eye-gaze data used to

spell the character was first extracted. Next, the data was sampled with replacement until
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the posterior probability of any character reached a threshold of 0.9. An underlying,
simulated, checkerboard paradigm was used to determine whether to draw a target or
non-target EEG data sample. A simulation of spelling 30 characters was performed 50
times for each simulation condition (1,500 total MC iterations).

For the bias, a horizontal shift was added to each eye gaze observation,
represented as a proportion of the total screen. For example, a bias of 0.5 indicates that
the gaze is shifted to the right, halfway across the screen. In the second simulation, zero-

. . . . . . . Onoi 0
mean Gaussian noise with an isotropic covariance matrix (i.e., Zppise = | o ]

0 Onoise

was added to the data. The gaze bias and variance was incrementally increased until the
bit-rate (a performance metric incorporating accuracy and spelling speed) of all of the
fusion algorithms were below the EEG-alone algorithm, indicating that eye-gaze data was
no longer improving the system. As the results presented Figure 5.6 and Figure 5.7
indicate, this happened at a gaze bias just prior to 0.5, or at a noise variance of

approximately o,,ise = 2.

5.2.4.1 Experiment 2 Results

Figure 5.6 provides a plot of the bit-rate of the EEG alone algorithm and the fusion
algorithm under three eye-gaze variance conditions (estimated, medium, and high
variance) as a function of the horizontal gaze bias and additional gaze noise, 62,;s.,
averaged over all fifteen participants; the participant whose data was excluded from the

online study due to inadvertently using the incorrect classifier was included in the offline
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study with the use of that participant’s correct classifier. Figure 5.6 (a) shows the bit-rate
as a function of gaze bias, and Figure 5.6 (b) shows the bit-rate as a function of 6.7,;s,. As
expected, the EEG alone algorithm results are relatively flat across bias conditions since
the algorithm is not dependent on eye gaze. Theoretically, the EEG alone algorithm results
should be completely flat, however, the simulation is not deterministic since a MC
simulation was used, resulting in some jitter in the bit-rate results. The left-most parts of
Figure 5.6 (a) and (b) correspond to bias-free simulations. Figure 5.6 (a) and (b) suggest
that the lower the assumed variance in the fusion algorithm, the quicker and steeper the
drop off in bit-rate performance as a function of both bias and ;.. This is consistent
with the expectation that low variance in the algorithm would be highly susceptible to

errors since the fusion algorithm would place a high confidence on eye gaze.
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Figure 5.6 - A plot of the bit-rate of the EEG alone algorithm and the fusion algorithm
under three eye-gaze variance conditions (estimated, medium, and high variance) as a
function of the horizontal gaze bias and additional gaze noise, 62,;,,, averaged over all
fifteen participants. (a) shows the bit-rate as a function of gaze bias, and (b) shows the
bit-rate as a function of 2 ;,,.
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Figure 5.7 provides a plot of the bit-rate of the fusion algorithm and the eye-gaze
only algorithm with all variance conditions as a function of the horizontal gaze bias and
additional gaze noise, 67,;,., averaged over all fifteen participants Figure 5.7 (a) shows
the bit-rate as a function of gaze bias, and Figure 5.7 (b) shows the bit-rate as a function
of 62, For all horizontal gaze biases and 6}, the eye-gaze alone algorithms have a
lower bitrate than their fusion counterpart. These results show that adding EEG-data
improves the bit-rate of the speller regardless of the mismatch between the u,,, and Z,, in
training and testing. Furthermore, using eye-gaze data without EEG data is not robust to
the training and testing mismatch.
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Figure 5.7 - A plot of the bit-rate of the fusion algorithm and the eye-gaze only
algorithm with all variance conditions as a function of the horizontal gaze bias and
additional gaze noise, 62,;,, averaged over all fifteen participants. (a) shows the bit-
rate as a function of gaze bias, and (b) shows the bit-rate as a function of 02 ,;,.
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5.2.5 Experiment 1 & 2 Discussion

The work in this chapter explored the possible effectiveness of developing a hybrid
P300 speller using both EEG and eye-gaze data. While the results will not transfer directly
to the target population since these subjects had near perfect eye gaze, they do provide a
mechanism by which to assess efficacy and investigate robustness issues. The fusion
algorithm was tested under three gaze-based variance conditions (estimated variance,
medium variance, and high variance) and compared to the original EEG-alone, or P300
speller, algorithm.

Online and offline simulation results showed that for non-disabled participants,
using eye-gaze in a Bayesian framework with EEG data improved accuracy, reduced the
average number of stimulus presentations required to spell a character, and improved bit-
rate over the EEG-based Bayesian framework proposed in [72]. As shown in Figure 5.5,
the improvements in the bit-rate of the fusion algorithm with all variance conditions were
statistically significant compared to the EEG-alone algorithm. In an offline study, noise
was added to the eye-gaze data to assess the robustness of the hybrid speller; the fusion
algorithm with all variance conditions except for the estimated (i.e. low) eye-gaze variance
condition remained robust and outperformed the standard EEG only and eye-gaze only
systems in terms of bit-rate.

Examining the offline results shown Figure 5.6 and Figure 5.7 further, it can be seen

that when considering the fusion algorithm, the variance conditions have a trade-off
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between performance and robustness. The conditions that perform better prior to adding
noise tend to perform worse after noise is added. For example, in Figure 5.6(c), without
any bias, the estimated-variance condition outperforms (i.e. has a higher bit-rate) all other
conditions for both the fusion and eye-gaze only algorithm. However, the estimated-
variance condition performs worse than all other conditions after some bias is added. The
high-variance condition for the fusion algorithm only performs better than the EEG-alone
algorithm prior to the addition of any bias, but performs better than the estimated- and
medium-variance fusion algorithm after some bias is added. The high-variance condition
for the fusion algorithm performs better than the EEG alone algorithm prior to the
addition of any bias, and also performs better than the estimated- and medium-variance
fusion algorithm after some bias or 6%, is added. The offline experiments show that the
variance conditions used for the speller algorithm can have a significant effect on the bit-
rate of the speller; however, the optimal method to determine the variance condition
remains unclear and is therefore something worth investigating in the future. All of the

results in this chapter were published in [112].

5.3 Future Work

While the work in this chapter proposes estimating the mean locations of the
characters on screen using a least-squares method based on the P300 speller training data,
other methods may be worth investigating. Rather than estimating the u,, parameters, a

more obvious approach would be to simply use the position of the characters on the
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screen, after the initial calibration using the Tobii software, as the estimate. For example,
if the position of character ‘A’ is known to be [0.1, 0.1], #(,4,) can be set to [0.1, 0.1]. The
advantage of utilizing the method proposed in this work is that eye gaze data can be
collected during the training phase of the basic P300 speller, so using that data to estimate
character positions (u,,) would likely improve the accuracy of the estimated character
position, particularly if the baseline Tobii calibration has errors.

The disadvantage in using the method proposed in this work is that characters
that are far away from characters that were spelled during training can have an
inaccurate u,,. The issue can be observed in Figure 5.3, where the characters at the bottom
of the screen appear to have a character mean far from what was expected after the eye-
tracker calibration. This can be an issue if the characters spelled during testing are far
away from those during training; in the experiments performed in this work, the bottom
half of the grid was unused, so it is unlikely that the results were affected. In the future, it
is recommended that characters that encompass all sections of the grid are spelled during
training.

The work in this chapter assumed that X, is identical for all characters. It is,
however, known that the precision of the eye-tracker decreases as the participant looks
away from the center of the screen, a phenomenon that can be seen in Figure 5.2.
Characters ‘H’, ‘I’, and ‘P’ appear to have higher variance in the horizontal direction than

characters ‘L’, ‘U’, and ’S’. Ideally, Z,,, can be learned independently for all characters and
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determined based on the characters” position on the screen. One such method that can be
used to learn p,, and X,, jointly is the Gaussian process regression (GPR) [113]. GPRis a
probabilistic, non-linear regression model, that jointly learns regression weights, as well
as the variance in those weights. In the case of eye-gaze data, the GPR model can estimate
MUy and X, directly when training data is available and estimate u,, and X,, based on
nearby character data for characters without eye-gaze training data. This enables
estimating a X,, that varies by character. Furthermore, it may be beneficial to examine the
use of distributions other than the Gaussian distribution (e.g., student’s t or Laplacian) for

the eye-gaze likelihood for a character.
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6 Conclusion

There were two major contributions made in this thesis towards improving the
P300 speller communication device. First, a novel data-driven adaptive stimulus selection
paradigm, based on maximizing the EDG metric, was developed. The novel adaptive
stimulus selection paradigm was then further improved upon by incorporating a model
of refractory effects that exist in the EEG data (see section 2.3.1). Second, an algorithm for
a hybrid P300 and eye-gaze speller was developed to potentially improve the
communication rate of an individual EEG- or eye-gaze-based speller. The potential
benefits of the adaptive stimulus selection paradigm and hybrid speller were explored
using both online and offline analyses.

The first contribution of this thesis was to improve the accuracy and decrease the
spelling time required for a P300 speller BCI by using an adaptive stimulus presentation
paradigm that aims to maximize the amount of information gained after every stimulus
presentation. A novel adaptive stimulus presentation framework was designed that
greedily selected characters that maximized the EDG metric. In designing the greedy EDG
adaptive paradigm, physiological phenomena and system constraints were considered by
enforcing various restrictions on the flash groups that can be selected for a stimulus
presentation. Offline simulations showed that even with the restrictions set on the greedy
EDG adaptive paradigm, it has the potential to yield higher accuracy, and fewer

presentations than a CB or RB random stimulus presentation paradigm. Online results
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demonstrated a decrease in spelling time and increase in bit-rate when using the greedy
EDG adaptive paradigm versus the CB random paradigm. However, the accuracy of the
speller suffered when using the greedy EDG adaptive paradigm compared to the CB
paradigm.

In addition to exploring the adaptive paradigm, improvements were made to the
P300 speller BCI by modeling refractory effects in the target character estimation
algorithm. Simulations showed that using TTI information in the target character
probability update for the RC paradigm can improve accuracy, EST, and bit-rate
significantly. The MC simulations showed that in order to increase the accuracy of the
speller when using TTI information, TTI binning should be used to group TTIs when
estimating the conditional classifier score PDFs.

An improvement to the greedy EDG adaptive paradigm was also investigated,
such that the EDG metric explicitely modelled refractory effects; this paradigm was
termed greedy TTI-EDG adaptive paradigm. In offline MC simulations, there were
significant improvements in accuracy and EST that were observed in the greedy TTI-EDG
adpative paradigm in comparison to the naive EDG adaptive paradigm when no TT/,;,,
restrictions were set. This result indicates that it may not be entirely necessary to set ad-
hoc TTIy;, restrictions if refractory effects are modelled in the Bayesian update equation

and EDG.
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The second contribution of this thesis was the development of an algorithm for a
hybrid speller that uses eye-gaze and EEG data for character selection. Online simulation
results showed that for non-disabled participants, using eye-gaze in a Bayesian
framework with EEG data improved accuracy, reduced the average number of flashes
required to spell a character, and improved bit-rate over the EEG alone Bayesian
framework proposed in Throckmorton et al. [72]. In offline simulations, noise was added
to the eye-gaze data to assess the robustness of the hybrid speller; and the fusion
algorithm with all variance conditions except for the estimated, i.e. low, eye-gaze variance
condition remained robust and outperformed the standard EEG alone and eye-gaze alone
systems in terms of bit-rate. It was shown that when considering the fusion algorithm, the
variance conditions exhibit a trade-off between performance and robustness.

There are many promising avenues for continuing the work presented in this
thesis. First, the training methods used for the greedy EDG adaptive paradigm can be
improved in an online setting to ensure that the training and testing data distributions are
similar when using an adaptive paradigm. A large scale online data collection can then be
performed to compare the greedy EDG adaptive paradigm with the improved training
methods and a random paradigm. An online data collection can also be performed for the
TTI-EDG adaptive paradigm to analyze the potential performance improvement gained

by incorporating refractory effects in the stimulus selection paradigm.
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Future work can also be pursued in order to investigate the greedy EDG adaptive
paradigm that incorporates the eye-gaze data in a hybrid eye-gaze and P300 speller. The
adaptive stimulus selection can then be used to select the flash group that maximizes the
hybrid EEG and eye-gaze EDG. It will be important to consider the computational
complexity of the hybrid EDG calculation as a triple integral will be required for each
proposed flash group as the EEG classifier scores and both dimensions of the eye-gaze

data need to be marginalized.
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Appendix A — Expected Discrimination Gain and
Mutual Information

In section 3.2 it was noted that the expression for expected discrimination gain
given conditionally independent observations as defined in Kolba [100], is equivalent to
the conditional mutual information [99]. The proof for this equivalency will be shown in
this appendix. For simplicity, this proof will be shown using the P300 speller framework
and notation.

As described in section 3.2, the expected discrimination gain for presentation t + 1

can be written as follows:

p(em = ¢lzes1,Zt)
= p(cm = ¢lze41, Z )log( p(Zt411Z:)dz
J ; m t+1 4t p(cm — C*lzt) t+1 14t t+1

where the notation is identical to the notation used in the document (see sections 2.2.4 and

3.2). Bayes rule states that the expression inside the logarithm can be rewritten as follows:

plem = clzei1, Ze) <p(zt+1lcm =, Z)p(ey = C*|Zt)) _ ( P(Zes1) Cm = €\ Z,) > (A.2)
pcm = c.lZ) pem = clZ)p(Ze41lZe) pem = clZ)p(ze411Z0)

Replacing the logarithm in (A.1) with (A.2) yields the following:
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ADg (t+ 1) (A.3)

P(Zt41, Cm = ClZt)
= p(Cm = CilZiy1, Z1) (2141 1 Z:)10 ( dz
f; L VTN ATIC ) A

Which can be further simplified using the chain rule:

ADKL(t + 1) = f ZP(ZHl:Cm = C*lzt) 10g<

Zt+1 Ty

P(Zt11, Cm = C.lZy) > i (A.4)
p(cm = c|Z)p(Ze11Ze) .

It can be seen that (A.4) is equivalent to the mutual information [99] between random

variables z;,, and c, given Z; as shown in (A.5) below:

I(Zt-+1; C*|Zt) = ADKL(t + 1) (AS)

P(Zts1, Em = ClZp)
= (Ze41,Cm = ClZ) 1o < dz
fzr+1;p e 0108 p(em = clZ)p(2e411Ze) t
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