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Abstract. Objective. Brain-computersinterface (BCI) technology enables people to
use direct measures of brain activity for ecommunication and control. The National
Center for Adaptive Neurotechnologies (NCAN) and Helen Hayes Hospital are studying
long-term independent homeruse of P300-based BCIs by people with amyotrophic
lateral sclerosis (ALS). This BCLyuse takes place without technical oversight, and
users can encounter substantial variation in their day-to-day BCI performance. The
purpose of this study is toridentify and evaluate features in the electroencephalogram
(EEG) that correlate with suegessful BCI performance during home use with the goal
of improving BEI fQ{ people with neuromuscular disorders. Approach. Nine people
with ALS uséd a P300-based BCI at home over several months for communication
and computer, control.| Sessions from a routine calibration task were categorized
as successful (>70%)dor unsuccessful (<70%) BCI performance. The correlation of
temporal and spectral EEG features with BCI performance was then evaluated. Main
results. BCI performance was positively correlated with an increase in alpha-band (8-
14 Hz) activity at locations POS8, P3, Pz, and P4; and beta-band (15-30 Hz) activity
at_occipital locations. In addition, performance was significantly positively correlated
with a pesitive deflection in EEG amplitude around 220 ms at frontal mid-line locations
(i.e., Fzfand Cz). BCI performance was negatively correlated with delta-band (1-3 Hz)
activity recorded from occipital locations. Significance. These results highlight the
variability found in the EEG and describe EEG features that correlate with successful
BCI performance during day-to-day use of a P300-based BCI by people with ALS.
These results should inform studies focused on improved BCI reliability for people
with neuromuscular disorders.

Keywords: Brain-Computer Interface (BCI), P300 Speller, Longitudinal Electroen-
cephalogram (EEG), Amyotrophic Lateral Sclerosis (ALS)
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1. Introduction

The National Center for Adaptive Neurotechnologies (NCAN) and Helen'Hayes Hospital
support long-term home use of BCI-24/7, a P300-based brain-computer, interface
(BCI), by people with amyotrophic lateral sclerosis (ALS). Once a,candidate,with
ALS demonstrates proficiency, the device is installed in their homes and used for
basic communication (e.g., typing messages for caregivers, e-mail} internet browsing)
on a regular basis over months and years [1, 2]. While autonemous use of the BCI
is not monitored, calibration data are routinely collected, transferred, and inspected
offline to ascertain system and classifier reliability. Despite,periods of successful use,
these calibration data indicate home users can experience substantial variations in BCI
performance within and across days [3, 1, 4]. Such performance variations can be
frustrating to the user and limit the overall practicality of the system. To date, analyses
have failed to adequately characterize the variationsin BCI peérformance not accounted
for by BCI system failure including signal quality=[d, 6}.. While day-to-day variability
can be attributed to inherently non-stationary mature of.€lectroencephalogram (EEG),
these variations represent more profound non-stationarities in pathological neural signals
relative to the normal signals [3, 7, 8]. “These variations are also not well correlated
with system reliability issues, e.g., high impedanee. Within past several years, studies
reported pathological changes beyondsthe primary motor areas in patients with ALS
[9, 10, 11]. Considering the inherent associations of EEG responses utilized for the
operation of this BCI, these ¢ognitive factors may have an effect on BCI performance
during practical use [12].

To date, no study has addressed the neural correlates of day-to-day BCI
performance variations in peo;&e with ALS. The purpose of this study is to identify
and evaluate EEG featurgs that significantly correlate with performance on the routine
calibration task associatedyavith independent home use of the BCI-24/7. Data were
collected from nine users with moderate to severe ALS while they operated the BCI
independently for up'te, 10 months. Conventional EEG features including spectral band
power and event-related potential peak amplitudes were examined to draw inferences
to known functienal.correlates like cognitive processing [13] and drowsiness [14]. While
a few longitudinal BCT studies have been conducted with people with ALS in a home
environment [14 2, 15], most have been carried out either in a laboratory environment or
under expert supervision [16, 17]. BCI researchers have not yet established whether BCT
technology can be of practical value to those in need [18]. The data set examined here
represents BEG recordings made during long-term, and self-directed BCI use. Thus,
these data should provide insight into BCI in practice.

Improved understanding of the mechanisms of successful P300-based BCI use should
lead to better methods and more reliable BCI use for people with ALS whose vision is
not compromised [19, 20, 21, 22]. These insights can lead to methods that help identify
suitable candidates for long-term P300-based BCI operation, or inform users about their
BCI readiness on a given day. Such information may save significant time, effort, and
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User 1 2 3 4 5 6 7 8 9

BCI Use (months) | 2.5 5 2.5 2.5 5 2 10 9 5
ful /Total

;‘I‘KSSS ul/Total | oo 1197 | 4s/65 | 45/52 | 39/51 | 34749 | 19/29 | 29760 | 49/33%28/86

Performance 0-100 | 10-100 | 30-100 | 0-100 | 30-100 | 30-100 | 0-100 | 0-100%| 0-100

Range (%)

Table 1. Information on BCI use. Successful runs are defined as runs having an
accuracy >70%. The performance range is the accuracy range over all runs.

~

frustration for users and caregivers; and may thereby impreve BCLperformance and
increase satisfaction.

2. Materials and Methods

2.1. BCI-24/7 System
L

The BCI-24/7 home system relies on the P300 Speller Application of BCI2000 software
[23], associated hardware and an eight-chanmel eleetrode cap. Its application package
comprises the Diagnostics, a system set-up, program for the System Assistant (SA),
and a Main Menu for the BCI Users. The Diagnostics checks hardware and software
connections, assists with cap selectionrand placement, visualizes electrode impedances
during gel application, and displays the digitized EEG signals. The Main Menu includes
applications for communication (e:g., WordPad, e-mail with word-prediction, print and
speech outputs), entertainment (e.g.;van Internet RSS reader and You-Tube), and a
copy-spelling calibration task (see [2] for more details). BCI-24/7 is designed to be
managed by the SA, i.e4 a caregiver or family member, after training. The SA is
trained to place the cap, start the system for the BCI User, and perform minor trouble
shooting. When the BCI Useris finished using the BCI, she or he selects the icon to
end the session andsthe SA exits the software and removes the cap.

2.2. Users

The nine users’ with "ALS were referred for BCI evaluation by the Center for
Rehabilitation Technology (CRT) at Helen Hayes Hospital or were self-referred. The
users were studied in their homes for a period of 2 to 10 months while operating the BCI-
24/7 system independently [1, 2]. Table 1 shows demographic and related information
forfall users. Users’ ALS revised Functional Rating Scale (ALS-FRS-R) scores ranged
between 0 /and 32 (median=12, std=12.83) on a 48-pt scale [24], where 48 represents
normal function and 0 represents complete loss of function. All studies were approved
by the Institutional Review Boards of New York State Department of Health and Helen
Hayes Hospital; and all BCI users provided informed consent or assent for the study.
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2.3. Data Acquisition

EEG data were recorded with eight tin electrodes mounted in an elastic cap (Electro-
Cap International) placed at locations Fz, Cz, P3, Pz, P4, PO7, POS8, @z, [8]. The
EEG was amplified using a g.USBAmp amplifier (g.tec Medical Technologies), digitized
at 256 Hz, band-pass filtered at 0.5-30 Hz, and notch filtered at 58-62Hz. All recording
channels were referenced to the right mastoid and grounded to the left mastoid.»All data
acquisition, real-time signal processing, and feedback processes were controlled using a
modified version of BCI2000 [23]. ~

The trained SA inspected signal quality using two, dymamic displays in the
Diagnostics: a color-coded tool for impedance levels (<40 k€2 ageeptable) and a display
of the digitized EEG signals. All signals were inspectedtby the SArfor environmental,
mechanical, and physiological artifacts [18]. Intractable,artifacts resulted in a call to
Wadsworth Center for technical support.

While data quality depended on environmental eonditions in the home and the
trained SA, the BCI-24/7 settings favored stable EEG wecordings (bandpass filtered
from 0.5 Hz to 30 Hz with a 58-62 Hz notch filter),f.e., low and high frequency artifacts
such as from movements and line noise, were largely absent. Impedances measures
of 40 k) were set as the acceptable upper, limit. Thus, electrode impedances up to
40 k() were included in the presemt,analysis. To verify that BCI performance was
not implicitly linked to the impedanee values in this data set, a two-sample t-test
was performed on the individual electrode impedances from unsuccessful and successful
runs for each subject. No statistically-significant higher impedance was found for the
unsuccessful runs compared tothe sugeessful runs for any subject [25]. Additionally, the
data discussed here were visually inspected for record quality. Records with significant
artifacts were excluded from the analysis.

2.4. Task and Procedure

Users operated the BClindependently in their own homes over a series of months. They
completed a brief copy-spelling/calibration task on a daily or weekly basis [1, 2|. Each
instance of this taskris.known as a run. The average number runs for all users is 61
runs (range 29-127 runs)yas listed in Table I. For each run, the user was seated upright
in a comfertable reclining bed, chair, or their own wheelchair at a comfortable viewing
distance (i.e., 90 cm) from the monitor. The user viewed an 8 x 9 matrix containing
alphanumeric characters and symbols that flashed using the checkerboard paradigm
(CBP) [26].

Users were asked to attend to a predetermined sequence of target characters and
silently“eount the number of times each target character flashed. The number of
preseribed characters varied between 10 to 20 for each run. Each character in turn
was shown in parentheses at the end of the word as it became the target. After 4 sec,
the character in parentheses began to flash in groups of 4, 5 or 6 characters with no
two items in a group adjacent to each other (i.e., the checkerboard (CB) format [26]).
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A group flashed every 125 ms (8-Hz flash rate), and the number of flashes varied across
users for each selection. After each flash sequence, the EEG data was classified through
a stepwise linear discriminant analysis (SWLDA) using no fewer than 70 selections
(980 target flashes) collected during at least two evaluation sessions as detailed in [8]:
Through a combination of forward and backward stepwise regressionyprocedure; the
most statistically significant predictor variables (p<0.1) were selected and, the least
significant variables (p>0.15) were removed. This procedure was repeatéd until the
maximum number of features (i.e., 11 in this study) was reacheds’or until no additional
terms satisfied the entry/removal criteria. Character-selection rate [2@ was optimized
at system installation and the calibration coefficients were tésted against the new copy-
spelling data at approximately weekly intervals. In our study, omnline feedback of the
character selected by the classifer was provided directly below the prescribed character.

2.5. Data Processing

The online performance of each run was determined based on the number of correctly
selected characters divided by the total number of/characters in that run. The spectral
and temporal features for each run were computed asidescribed below.

2.5.1. EEG Power Spectra The power spectrum for each run was calculated using the
256-point Welch’s method with a window length of 1 second and 0.5 second overlap,
resulting in 1 Hz frequency bins. The average power in five frequency bands was then
computed using traditional bands: delta (1-3 Hz), theta (4-7 Hz), alpha (8-14 Hz),
low-beta (15-18 Hz) and highfbeta (19-30 Hz). The spectral feature space resulted in
a matrix of N x 40 (5 spectral features x 8 channels), where N is the total number of
runs for each user. To visuialize spectra across users, the power of each user’s spectrum
was normalized to a maximum value of 1 by dividing the power at each frequency bin
by the maximum power value'@eross the user’s spectrum.

2.5.2. ERP Components ' The target responses were extracted 0-750 ms post-stimulus.
The mean of each response was removed and all responses from each run were averaged,
resulting in/193/temporal amplitude features for each channel and run per user.
To investigate/the correlations between characteristic ERP components and online
performance, N100 and N200 amplitude components were defined as the minimum peaks
between 80-170 ms and 220-350 ms respectively, while the P200 and P300 amplitude
componentsiwere defined as the maximum peaks between 190-275 ms and 276-500 ms
periods, respectively. The late negative component from 500-700 ms was also evaluated
to cover-thie majority of the response window. This resulted in a temporal feature matrix
of N x 40 (5 temporal components x 8 channels) for each user. For visualization of the
average ERPs across users, the amplitude of each user’s ERP was normalized to have
a maximum value of 1 by dividing the amplitude at each time point by the maximum
absolute value of the user’'s ERP.
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2.5.3.  Correlations and Statistical Analysis Pearson’s correlation coefficients were
computed between the online accuracy and each feature (temporal and spectral) across
all runs for each user. In order to represent the significant positively and negatively
correlated features across users, the correlations corresponding to p>0,05 (Benferroni
corrected by the number of channels which results in 0.05/8=0.0063) 4vere set to’ zero
as not significant, and the significant positive and negative correlations were set to 1
and -1, respectively. It was observed that the respective polarities of the significant
correlations were consistent across users for all features; thusgthere,is no ambiguity
when averaging the thresholded correlations across users. This avera\ge indicates the
proportion of users for which each feature was significant at'a,given eléctrode location.
Because of the imbalance in the number of successful and unsuceessful runs, as well as
the total number of runs for each user, a bootstrapping procedure was used to test for
significant differences in the feature values between/suceessful ‘and unsuccessful runs.
For each subject, 7 unsuccessful runs and 19 sucgessful runs (corresponding to the
minimum and maximum number of unsuccessful and successful runs across subjects,
respectfully) were randomly sampled. For each feature, the means of the two groups
were computed across subjects and the difference of the group means was computed.
This process was repeated 1000 times to create a distribution. The difference in means
was determined to be statistically significant if‘@enfidence interval does not contain
zero, where the confidence interval wastset.at alpha = 0.05 (Bonferroni corrected by
number of channels). As a more categorieal evaluation of performance, runs with actual
online accuracies >70% were labeled as suceessful and all other runs were labeled as
unsuccessful [5, 27].

3. Results N

3.1. Performance Variations

Figure 1 presents performance,variations across different days of six representative users.
The y-axis reflects the elassification accuracy and the x-axis shows the number of days
after the initial ' BCI session. The vertical bars for a single day indicate the range of
performance/variation over all copy-spelling runs for a single day, from minimum to
maximum performance. The red dashed line indicates the linear performance trend.
The linear performance trends are relatively flat with some users exhibiting positive
and negative slopes, respectively. Notably, some days exhibit substantial performance
variations, while other days show little or no variation. An ANOVA analysis indicated
that withiniand across day variability was user specific (p<0.05). Furthermore, daily
range of performance differences could also vary drastically from day to day.

3.2. Performance Correlations with Frequency Bands

Figure 2 shows topographies of the thresholded correlation values (i.e., £1) averaged
across users. The color scale represents the average thresholded significant correlations
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27 Figure 1. Performance variations for six representative users. The y-axis presents
528) classification accuracy (as % correct), and the x-axis presents the number of days after
30 the initial session. Each ¢onmected data point indicates the mean accuracy for one day.
31 The vertical bars reflect the:minimum and maximum performance for that day. Data
32 were not available for the days without vertical bars. The red dashed line indicates
33 the linear performamnee trend over time.
34
35
36 between online accuracy and the respective spectral power across all the subjects. The
37 correlations corresponding to p> 0:05 (with Bonferroni correction) were set to zero as
gg not significant, and the significant positive and negative correlations were set to 1 and
40 -1, respectively. The‘averageswas then computed across all the users. Eight of nine
41 users had significant,positive correlations between the alpha band and performance at
jé channel POS8, with an average significant correlation coefficient of 0.46. Over half of the
44 users also showed significant alpha-band correlation with performance at channels P3,
45 Pz, P4 and Oz, with average significant correlation coefficients of 0.39, 0.41, 0.41 and
2? 0.46, respectively
48 Delta-band activity was negatively correlated with performance over channels Pz,
49 P08, and Oz in over half of the users with average significant correlation coefficients of
?1) -0.42720.46p.and -0.47, respectively. Over half of the users showed significant positive
52 correlations in the low-beta band at P4 and P08, and in the high-beta band at POS.
53
54 . .
zs 3.3. Performance Correlations with Temporal ERP Components
g? Figure 3 shows the thresholded correlation between performance and the 5 temporal
58 ERP components. Over half of the users had a significant positive correlation between
59 P200 maximum peak amplitude over channels Fz and Cz with average significant
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Figure 2. Average topographies of significant thresholded correlations between online
accuracy and spectral power. The correlations correspending to p > 0.05 (with
Bonferroni correction) were set to zero as not significanty and the significant positive
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Figure 3. Average topographies of significant thresholded correlations between online
accuracy and NlOO,\NQOO, and 500-700 ms minimum peak amplitude and P200 and
P300 maximum peak amplitude. The correlations corresponding to p > 0.05 (with
Bonferroni, corréction)/were set to zero as not significant, and the significant positive
and negative correlations were set to 1 and -1, respectively.
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3.4. Waveformssand. Spectra for Successful and Unsuccessful Runs

Figure 4 shows the normalized spectral power amplitude averaged over all users for each
channel. /The solid bars indicate the statistically significant differences for each frequency
band, as determiined by the bootstrapping procedure described in the methods. Delta-
band-pewer. is significantly greater for unsuccessful runs compared to the successful runs
for all chaunnels except Fz. In contrast, alpha- and low beta-band power is significantly
lower for the unsuccessful runs relative to successful runs for all channels, and high beta-
band power for all channels except Fz and Pz. No significant differences were observed
in thetheta band.

Figure 5 shows the normalized target ERPs for successful and unsuccessful runs
averaged across users. The solid bars indicate the statistically significant differences
for each ERP component, as determined by the boostrapping procedure. These results
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show a distinct positive peak around 220 ms in most channels (median=220.66, std=7.84
at Fz and median=223.63, std=6.79 at Cz), with higher amplitude in succegsful runs
compared to unsuccessful runs. This P200 difference is statistically significant for.all
channels except PO7 and POS8. The N200 difference is statistically significant at Fz,
Cz, P3, P4, and Oz. There is a difference in the negative peak around50 ms on most
channels, although this late 500-700 ms component is only significant at P4 It should
be noted that conventional ERP response windows were implemented to ¢ompute the
features and statistics, which may be adjusted to better capture the peak latencies
observed these unique responses. =

successful runs
==== unsuccessful runs

P3

PO7

Normalized Power (dB)

Frequency (Hz)

Figure 4. The normalized power spectra for successful (blue) versus unsuccessful
(red) runs averaged over all subjects. The solid gray bars indicate the statistically
significant features (p < 0.05, with Bonferroni correction).

4. Discussion

P300-based BCI home users with ALS can exhibit substantial performance variations
within and across sessions. Increased alpha-band power and decreased delta-band
power generally reflect improved performance. Specifically, alpha-band activity showed
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Figure 5. The normalized target ERPs for successful (blue) versus unsuccessful (red)
runs averaged over albsubjects. The solid gray bars indicate the statistically significant
features (p < 0.054 with\Bonferroni correction).

significant positive correlation, at POS8 for 89% of the users and at P3, Pz, P4 for over
50% of the users/ Over 50% of the users also showed significant negative correlations
between delta band activity and performance over Oz, Pz, and PO8. Successful runs
were also significantly positively correlated with ERP amplitude activity around 220 ms
over several ‘channels.

Within pastuseveral years, characterizing neural markers of ALS have led to
investigations into cognitive issues which indicate that neural degeneration not only
results” in »motor dysfunctions but also leads to cognitive impairments including
attentional deficits [28, 29, 30]. Such deficiency occurs in as many as 50% of the affected
individuals and negatively affects BCI performance [31, 32]. Thus, to facilitate the BCI
use for all type of patients, cognitive signatures need to be incorporated into BCI system
design.” Our current analyses of spectral and ERP activity help elucidate cognitive neural
functions during a focused attention task in ALS patients. These analyses, in tandem
with other studies, may also encourage developments that improve performance during
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real-time BCI use or offline adaptations that account for cognitive status of the user.
These include advanced signal processing and classification algorithms, improved spatial
approaches, neuromodulation techniques to enhance user’s cognitive ‘functionalities,
analysis approaches based on single-trial dynamics, and changes to user-interface and
task parameters.

Performance variations may also reflect changes in motivation; implying that
assessment of users motivation and methods to motivate users could improve
performance [16, 33]. One of the limitations of this study™is that we did not
parametrically assess users’ motivation. Since home use is not manda&my7 presumably
our participants wanted to use the system at the time they“did. However, future home
studies could incorporate brief surveys providing vital information that might explain
some of the observed activity. Our analyses could support this important future research
direction, and could even be of value without them. The obtained key features correlated
with BCI performance (i.e., alpha, delta, and P200 amplitude) ¢ould potentially be used
in a model to screen for readiness prior to BCI segsions. Hewever, further work is needed
to develop and test the such a model in a real-world settiﬁg. While this study did not
focus on evoked power, non-phase lockednevoked \power in low frequency components
(i.e., theta) is a potential extension of theipresent work. In another study, we showed
non-phase locked theta increase and phase locked,theta decrease are associated with
unsuccessful runs in ALS patients performing aP300-BCI task [34]. While phase-locked
theta power decrease can be attributed $0.ERP amplitude decrease in unsuccessful runs,
a theta increase can be associated with the realization of uncertainty, response conflict,
the need for behavioral changeyornadaptation [35]. Another limitation of our study
is a lack of dedicated resting-state recordings. Previous studies have shown that EEG
features recorded during the'resting state [36, 37] as well as those recorded during the
task associated with cognitive funetions (i.e., attention and working memory) [12] can
be critical to the BE€Lperformance. Thus, future studies might benefit from including
both spontaneous and task-induced responses.

The literature nowsprovides several reports of independent use of an EEG-based
P300 BCI system indicating that there is stable performance over time. Sellers et al.
(2010) reported a median accuracy of 83% during independent use of an EEG-based
P300 system forfone!BCLuser over 2.5 years [1]. In a similar fashion, Wolpaw et al.
(2018) reperted an average accuracy of 73% (std=11%) from 14 users [2]. The data
used in/our analyses reflect unsupervised BCI use by people with ALS. There were no
requirements beyond the collection of routine calibration data to confirm optimization.
Our finding of variations within and across days likely reflects a granularity that these
studies did mot address. Future studies that include additional requirements during BCI
independent use will no doubt provide insight into both user and device.

Ingeneral, BCI performance prediction for both within and across sessions, can
help users decide whether to start, continue, postpone, or end a BCI usage session.
Users might wear more convenient EEG sensors that could monitor key features
and predict when communication is most or least feasible. Also, since each BCI
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session requires early calibration and testing, key features could be extracted and
analyzed quickly to assess whether the upcoming communication session i§ poor or
not. In addition to predicting ideal performance sessions, results could also impreve
classification performance. Conventional classification approaches could ‘improve “if
they better incorporated phasic data and unique waveforms across different sessions
and adapted themselves based on patients’ demands considering their characteristics
and disease progression [38]. Thus, future work must be done o examine how the
EEG features and BCI performance vary with patients’ features: Thesincerporation of
such information into state-of-the-art BCI models can open new avénues for the future
advancement of BCls for a practical communication and cémtrol. While the methods
and materials in this study are easily transferable to other real-world BCI research and
usage activities, the key features presented here might be adapted to other modalities
20, 39, 40, 41, 42] and be analyzed along with daga from other sensor mechanisms
21, 22].

As noted above, the approach used here relied onwvisual stimuli. This may raise two
concerns: (1) BCIs based on vision are not practical for pati%nts without adequate vision;
and (2) The visual-based methods here might not transfer well to other modalities. The
first concern is not without merit, and i isragreed that non-visual BCIs should be
explored further. However, the data in this studywere collected in real-world settings
with patients, who could use the‘visualmmodality. Therefore, BCIs based on visual
stimuli are useful for some patients, although not all of them. The second concern is
not supported by recent literature. Many groups have shown that BCIs based on tactile
and/or auditory stimuli can providé.communication for patients without vision [39, 41].
These BCIs rely heavily on methods used in visual BCIs. The approaches described
here might be adapted to prediet,and improve BCI performance with persons who use
non-visual BCIs for extended periods, including the emerging group of persons with
disorders of consciousness who require a BCI for basic communication and control.

Overall, this study, explored correlations between BCI performance and post-
processed power spectra, and ERP components. The results could lead to improved
long-term BCI zeliability: through the development of new methods to identify user-
specific optimal " BCl, parameters, predict and adapt to performance variations, and
better understand brain function in persons with ALS.
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