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It is generally assumed that the signal-to-noise ratio amatnmaftion content of neural
data acquired noninvasively via magnetoencephalography (MEG) otp sca
electroencephalography (EEG) are insufficient to extractildétanformation about
natural, multi-joint movements of the upper limb. If valid, this assionmould severely
limit the practical usage of noninvasive signals in brain-computer ingefB(CI) systems
aimed at continuous complex control of arm-like prostheses for moveimeaired
persons. Fortunately this dissertation research casts doubt on rdm@tyef this
assumption by extracting continuous hand kinematics from MEG sigolidsted during
a 2D center-out drawing task (Bradberry et al. 2098urolmage 47:1691-700) and
from EEG signals collected during a 3D center-out reachsig(Bradberry et al. 2010,
Journal of Neuroscien¢e0:3432-7). In both studies, multiple regression was performed
to find a matrix that mapped past and current neural data fronptawdensors to current
hand kinematic data (velocity). A novel method was subsequently edewisat
incorporated the weights of the mapping matrix and the standardizedekmution
electromagnetic tomography (SLORETA) software to revieal the brain sources that

encoded hand kinematics in the MEG and EEG studies were corrabdmatenore

traditional studies that required averaging across trials anddggcts. Encouraged by the



favorable results of these off-line decoding studies, a BClmysi@s developed for on-
line decoding of covert movement intentions that provided users withimesalvisual
feedback of the decoder output. Users were asked to use only theintthtmgnove a
cursor to acquire one of four targets on a computer screen. Wiyhoaoel training
session, subjects were able to accomplish this task. The promesags of this
dissertation research significantly advance the state-ofrth@anoninvasive BCI

systems.
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Chapter 1. Decoding center-out hand velocity from NEG

signals during visuomotor adaptation

The material contained in this chapter is published as Bdberry TJ, Rong F,
Contreras-Vidal JL (2009) Decoding center-out hand velocity fromMEG signals
during visuomotor adaptation. Neurolmage 47:1691-1700. Supplemental material
in the journal publication has been incorporated into the man text of this

dissertation chapter.

Abstract

During reaching or drawing, the primate cortex carries inftiomabout the current and
upcoming position of the hand. Researchers have decoded hand position, veldcity, a
acceleration during center-out reaching or drawing tasks fieumal recordings acquired
invasively at the microscale and mesoscale levels. Here epertr that we can
continuously decode information about hand velocity at the macroscadé flem
magnetoencephalography (MEG) data acquired from the scalp daringnter-out
drawing task with an imposed hand-cursor rotation. The grand meaB)(correlation
coefficients (CCs) between measured and decoded velocity profiles were 0.48, 0.40, 0.38,
and 0.28 for the horizontal dimension of movement and 0.32, 0.49, 0.56, and 0.23 for the
vertical dimension of movement where the order of the CCs indigatesxposure,
early-exposure, late-exposure, and post-exposure to the hand-cursoon.roiy

projecting the sensor contributions to decoding onto whole-head scalp weaps)nd



that a macroscale sensorimotor network carries information abtauledenand velocity

and that contributions from sensors over central and parietal seap enange due to
adaptation to the rotated environment. Moreover, a 3-D linear agimof distributed
current sources using standardized low-resolution brain electrontagastography
(SLORETA) permitted a more detailed investigation into the carthetwork that
encodes for hand velocity in each of the adaptation phases. Bengfipledations of
these findings include a noninvasive methodology to examine the neurglates of
behavior on a macroscale with high temporal resolution and the potentmbvide
continuous, complex control of a noninvasive neuromotor prosthesis for movement-

impaired individuals.

Introduction

In the last several decades, great strides have been madeafing how the primate
cortex may encode the current and upcoming position of the hand in spawg dur
reaching or drawing (Scott 2008). In addition to contributing to the bofly
neuroscientific knowledge, these discoveries have begun to bengfimalact society.
Greater elucidation of the neural code for hand movement has ssraedmpetus to the
development of brain-controlled prostheses for the movement-impaired popuRrior

to the advent of brain-controlled prostheses, several seminal diesoléd a foundation
with arguably the most momentous discovery being that of a populaticor wecte for
the direction of hand movement in three-dimensions (Georgopoulos et al. 1&8&rK
et al. 1988). At the beginning of this century, researchers launbleefietd of brain-

controlled neuromotor prostheses with the application of the population eégboithm



as well as other methods to extract control signals relatedrtd movement from neural
data (Schwartz et al. 2001). Researchers have demonstratedlitiyet@lgiecode hand
kinematics at the microscale from neuronal signals acquirgtd wicrowires or
microelectrode arrays seated into small patches of sensorioostmal tissue and to use
this information to drive a cursor or robotic arm (Wessberg.e2G00; Serruya et al.
2002; Taylor et al. 2002; Hochberg et al. 2006; Santhanam et al. 2006; oretal
2008; Velliste et al. 2008; Mulliken et al. 2008). Other intracranialiss have analyzed
neural data at the mesoscale with coarser spatial resolutiondrrtspatial extent from
local field potential (LFP) recordings. For example, hand movemesattdin and two-
dimensional trajectories have been decoded from LFPs (Mehralg2003; Mehring et
al. 2004; Leuthardt et al. 2004; Rickert et al. 2005; Scherbergera&i0b; Schalk et al.

2007; Pistohl et al. 2008; Sanchez et al. 2008).

In the late 1990s, pioneering work on the macroscale began to reddpepotentials
acquired noninvasively to hand movement (Kelso et al. 1998; O'Suilleabladir1899).
Some recent noninvasive studies have demonstrated the presence afoacaba
network that carries the neural code for detailed hand movement. Famceshand
movement direction has been decoded from electroencephalograp8y &8 MEG
data (Hammon et al. 2008; Waldert et al. 2008), and hand position and velocity have been
decoded from MEG data collected during continuous joystick and tlhckbaements
(Georgopoulos et al. 2005; Jerbi et al. 2007). However, with the exceptitamahon et
al., these noninvasive studies have constrained subjects to small &ndemvrist

movements as opposed to multijoint drawing or reaching movements, Alest



importantly, the tasks employed for noninvasive decoding of hand position lmeitye

have not incorporated discrete center-out movements.

To examine our hypothesis that hand kinematicsnatural, multijoint, center-out
movements are decodable from noninvasive neural signals, we ainoedtiouously
decode hand velocity from MEG data collected during a two-diimealsdrawing task.
Currently only invasive studies have continuously decoded hand velocity diisorgte
center-out movements. Since MEG coupled with our decoding methodatasilithe
ability to examine sensor involvement on a macroscale with highaeal resolution, we
also sought to create snapshots of sensor importance in a networtkgowveltiple brain
regions across time during adaptation to a hand-cursor rotation. Furthermarmesgeo
examine the importance of estimated current sources in the natgiock SLORETA to
determine whether they corroborated non-decoding visuomotor adaptatibessthat
employed other imaging modalities like EEG (Contreras-Vidat Kerick 2004),
positron emission tomography (PET) (Inoue et al. 2000; Ghilardi 2080; Krakauer et
al. 2004), and functional magnetic resonance imaging (fMRI) @@myet al. 2005;

Seidler et al. 2006).

Materials and methods
Experimental procedure and data collection
The Institutional Review Board of the University of MarylandCallege Park approved

the following experimental procedure. After giving informed consiere healthy, right-



handed subjects drew center-out lines with an optic pen on a glassppaiiened in
front of them while they lay supine with their heads in an ME®rkog dewar located
inside a magnetically shielded room in the Kanazawa Instafit€echnology (KIT)-
Maryland MEG laboratory at the University of Maryland (Fig. 1.18ushions were
positioned in the dewar and under the right elbow to minimize moverhdrg bead and
upper limb respectively. The distance between the glass pan@aahdsubject's head
was adjusted for comfort (approximately 35 cm from nose tip taceh&er of the panel).
A black curtain occluded the subjects’ vision of their hands while vieedback was
provided on a screen located in front of them that displayed thegposftthe pen tip as
a cursor. Subjects were instructed to position the pen tip in le@ ¢0& cm diameter)
located in the middle of the screen, wait for one of four circtgeta (0.5 cm diameter) to
appear in the corner of the screen at 45, 135, 225, or 315°, wait for teettachange
color, and then draw a straight line to the target as fast afbf@srIhe inter-trial delay
was randomized between 2 and 2.5s. Working space dimensions were a 10 x 10 cm
virtual square. After 40 trials (pre-exposure), the cursor wateth@)° counterclockwise
(exposure). The exposure phase consisted of 240 trials with theegpdgure phase
composed of the first 40 trials and the late-exposure phase compdbedadt 40 trials.
After the exposure phase, the original orientation of the curseregtored, and 20 more
trials were collected and labeled as the post-exposure phasenuntiger of trials
analyzed in the pre-exposure phase was reduced from 40 to 36 becabskatieral
performance during several initial trials of some subjecés woor due to lack of
familiarization with the task. To maintain consistency, the numbéra$ analyzed in

the early- and late-exposure phases was also reduced from 40 to 36.
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Fig. 1.1.Center-out drawing experimental setup and kinematics. (A) Irfitsteand

second panels, a subject is shown lying with his head inside the risiteé@ling dewar
and drawing with an optic pen on a sheet of glass. A black cur@ghtascclude vision
of the upper limbs is additionally shown in the second panel. The third ijastates

the subject's view of the computer screen where visual feedbaittie gfen position
(cursor), center location (home), and peripheral targets was yadplgB) The

superimposed pen (black) and cursor (gray) paths for one represensatdject
confirmed the occurrence of adaptation. Dissociation between thdgea) @nd cursor
(eye) movements due to hand-cursor rotation was evident. (C) TdreateD of the IDE
calculated across subjects for each phase of the task further confirmeatiadapt

A video camera sampled the movement of the pen tip at 60 Hz, and hdaaleMEG

data were acquired from 157 channels at a sampling rate of 1 kHz. The ME®G ggste
coaxial type first-order gradiometers with a magnetiafielsolution of 4 ft/H¥* or 0.8

(ft/cm)/HZ*? in the white noise region. On-line, electronic circuits band-pagsatch-

filtered the MEG data from 1-100 Hz and 60 Hz respectively.



Adaptation confirmation

To quantitatively confirm the occurrence of adaptation, the meaaliditectional error

(IDE) was calculated across subjects for each phase of theAtagctor from the center
location of the screen (home) to the position of the pen at 80 mdreftpen completely
left the center circle determined the initial direction of plenned movement trajectory.
The IDE was calculated as the angular difference betwesnvdator and a vector
extending from the home location to the target. Four sep&tatts were performed
between the IDE in pre-exposure and zero, IDE in pre-exposureaalydexposure, IDE

in pre-exposure and late-exposure, and IDE in pre-exposure and post-exposure.

Signal pre-processing

Data from each MEG sensor were first standardized according to Eq. (1.1):

S, [t] S S for alin from 1 toN (1.1
sD,

where S|[t] and s[t] are respectively the standardized and measured magnétic fie
strength of senson at timet, ¥.and P, are the mean and standard deviatiors,of
respectively, andN is the number of sensors. The kinematic data were resamptad fr
60 Hz to 1 kHz by using a polyphase filter with a factor’af For computational
efficiency, the MEG and kinematic data were then decimated L kHz to 100 Hz by
applying a low-pass anti-aliasing filter with a cutoff freqag of 40 Hz and then
downsampling. The best decoding results were obtained when both tke avié&

kinematic data were subsequently filtered with a zero-phasethtorder, low-pass



Butterworth filter with a cutoff frequency of 15 Hz. The data éach phase of the task

were pre-processed separately.

Decoding model

In the subsequent analyses, we only considered hand velocity based on our previous work
that revealed better decoding of hand velocity than hand position from $if@ls
(Bradberry et al. 2008). To continuously decode hand velocity from th@ Bignhals, a

linear decoding model was used (Fig. 1.2) (Georgopoulos et al. 2005):

N L

X[t] X[t 1] bnkxsn[t k] (12)
nlk 0
N L

Y[t] Y[t 1] bnkySn[t k] (13)
nlk 0

wherex[t] andy[t] are the horizontal and vertical position of the pen at time sampl
respectivelyN is the number of MEG sensotsjs the number of time lag§,[t K] is
the magnetic field strength measured at MEG semsdrtime lagk, and theb variables
are coefficients obtained through multiple regression. By vatjieagiumber of lags and
sensors independently in a step-wise fashion, the optimal number of{Uag20,
corresponding to 200 ms) and the best sendbrs§2; from central and posterior scalp
regions) were determined experimentally. The data for eachepbfthe task were

decoded separately.



MEG Sensor 1
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X Velocity Reconstruction from MEG Data at 100 ms (shown above) Y Velocity Reconstruction from MEG Data at t-100 ms (shown above)

X Velocity Reconstruction from MEG Data from t-0 to t-200 ms Y Velocity Reconstruction from MEG Data from t-0 to t-200 ms

Fig. 1.2.Didactic model of the linear decoding method. The top raster ploticsriiae
series of 62 MEG sensors extracted 100 ms prior to the currenttyesacnple of
interest. Through multiple linear regression, sensor weights egmputed separately for
x andy velocity that transformed the top raster plot to the lowerled right raster plots.
The transformed time series of the sensors were then sumongqutotiuce the
reconstructed velocity profiles (gray) that overlay the meastgktity profiles (black).
The upper velocity profiles are associated with the MEG dadavrs in the example
(100 ms prior to the current velocity sample of interest) and therlowes with MEG

data from O to 200 ms prior to the current velocity sample of interest.



Assessment of decoding accuracy

M-fold cross-validation was used to assess the decoding accurabys procedure, the
data were divided intm parts (each with approximately 12 s of continuous data, or four
trials), m 1 parts were used for training, and the remaining part was usmetdsting.
The procedure was considered complete when each of tbenbinations of training and
testing data were exhausted, and the mean CC between measiirddcaded hand
velocity was computed across folds. Prior to computing the CC, tleenkiiic signals
were smoothed with a fourth-order, low-pass Butterworth filter with afduémuency of

0.6 Hz. Cross-validation was executed with= 9 for all phases of the task except for
post-exposure whema = 5. For Fig. 1.3B, standardized velocity profiles were computed

with Eq. (1.1) withs, replaced by a velocity profile.

Sensor sensitivity curves

A curve depicting the relationship between decoding accuracy and the moinsle@sors
was computed for theandy dimensions of hand velocity for each subject for each phase
of the task. A similar method to examine this relationship has bsed to analyze
neuronal recordings (Sanchez et al. 2004). First, for each subgeeagh phase of the

task, each sensor was assigned a rank according to Eq. (1.4):

1 L M 5 5
b b for alln from 1 toN 1.4
M (L 1) Com 1 mnkx mnky ( )

n

whereR, is the rank of sensar andM is the number of folds of the cross-validation
procedure. Second, the decoding model was iteratively executed wytlthenhighest-

ranked sensor, the four highest-ranked sensors, the seven highest-rardaed, sc.



until all sensors were used. For each phase of the task, the rB&aroftthe CCs
computed across subjects was plotted against the number of semsalig, €ach plot
was fitted to a double-exponential curve, and the coefficient ofrdietation, R, was

calculated as a measure of the goodness of fit.

Scalp maps of sensor contributions

To graphically assess the relative contributions of scalpmegio the reconstruction of
hand velocity, the across-subject means of ih@rom Egs. (1.2) and (1.3)) vector
magnitude were projected onto a time series ( 200 to 0 ms innmarts of 10 ms) of
scalp maps for each phase of the task. These spatial renderisgssof contributions
were produced by the topoplot function of EEGLAB version 6.01b, an open-source
MATLAB toolbox for electrophysiological data processing (Deloramel Makeig 2004,
http://sccn.ucsd.edu/eeglabl/), that performs biharmonic spline integootdtthe sensor
values before plotting them (Sandwell 1987). To examine which timeneagsthe most
important for decoding, for each scalp map, the percentage of nembiam contribution

for a phase of the task was computed as

" [
nix niy
%I, 1006 —"- for alli from O toL (1.5)
2 2
bnky

bnkx
kOon1l

where % is the percentage of reconstruction contribution for a scalp map at time lag



Comparison of scalp maps across adaptation

Right-tailed, paired-tests determined statistically significaptg 0.05) changes in sensor
contributions between phases of the task. Three contrasts betweealthenaps were
computed for increases from baseline (pre-exposure): early-expespre-exposure,
late-exposure — pre-exposure, and post-exposure — pre-exposure; andritrestscwere
computed for decreases from baseline: pre-exposure — early-expoiexposure —
late-exposure, and pre-exposure — post-exposure. The ressitaneés were converted to
z scores and then rendered onto scalp maps with the topoplot function ofABEGL
(Delorme and Makeig 2004) with increases and decreases repcesetit hot and cool

colors respectively.

Cortical source localization

To better estimate the cortical sources of hand velocity encadiegch phase of the
task, we used standardized low-resolution brain electromagnetic raphyg
(SLORETA) software version 20081104 (Pascual-Marqui 2002,
http://www.uzh.ch/keyinst/loreta.htm). SLORETA computes instantane®s,linear,
distributed and discrete solutions for the MEG/EEG inverse problenghwdompare
well with respect to linear inverse algorithms like minimum na@wotution, weighted
minimum norm solution, and weighted resolution optimization (Pascueitv2002).
These solutions are computed within a three-shell spherical head timadeses a lead
field computed with a boundary element method applied to the MNI52 template (Fuchs et
al. 2002). The head model includes scalp, skull, and brain compartméetsrdin

compartment is restricted to the cortical matter of a head Insmdeegistered to the



Talairach brain atlas (Talairach and Tournoux 1988). This compartmeoties 6239
voxels at 5 mm resolution with each voxel containing a current dipplesenting the
integrated activity within the corresponding spatial vicinity. $aasor coordinates of the
MEG helmet that were entered into SLORETA had been previoudgurned in the KIT-

Maryland MEG laboratory.

To identify sources that were sensitive to velocity encodingfowed the sources that
best correlated with the most meaningful sensors from the decauhgsia using the
following method. Pre-processed MEG signals from all 157 channels for each sugject
each phase of the task were fed to SLORETA to estimatentusources. These MEG
signals had been pre-processed in the same manner as for decoalnoigrdszed,
downsampled, and low-pass filtered. From the scalp map with theshigéeentage of
reconstruction contribution ( 100 ms), the fifteen sensor weights posgetig highest
values were selected. The CCs were then computed between tredidgua series from
the fifteen sensors with the 6239 time series from the sLORE6Itions and averaged
across subjects. Each CC was multiplied by the magnitude atgnession weighb
(from Eqgs. (1.2) and (1.3)) vector of the sensor in the correlation analysiseddun ithat
fifteen sensors were chosen for the correlation analysisbeeasuse of the observation
that the sensor sensitivity curves began to plateau around fittesars (Fig. 1.4). Next
the highest 5% of the CCs (weighted jywere set to the value one, and the rest of the
CCs were set to zero. Finally these binary-thresholded CCspiatted onto an axial

slice of the brainZ= 55 mm) from the Colin27 volume (Holmes et al. 1998), the MRI



template that best illustrated our regions of interest. All tedaroordinates of regions of

interest are in Talairach space.

Ancillary analysis: decoding from artifact-cleaned MEG data

Unintended contributions of eye movements to the decoding of hand movimeent
potential confound in all MEG, EEG, and ECoG studies, including our stdydid not
experimentally control eye movements; however, we performed allagn@nalysis.
The following procedure was separately performed on data frompFese of the task.
The continuous kinematic and MEG data for a phase of the task plgrmt® discrete
single trials of center-out drawing. Ocular, muscular, and aaalitifacts were removed
by using independent component analysis (ICA) to extract indepetmiapbnents (ICs)
and then comparing the ICs to templates of known artifacts Her purpose of
categorization and subsequent removal of the artifacts (Rong anei@srtidal 2006).
The MEG data were downsampled to 60 Hz to match the samplingfrétte kinematic
data and then standardized (Eqg. (1.1)). The same central and postdpacarsas were
used in the decoding modél € 62), and no time lags = 0) were used because of the
discontinuities due to concatenation. Cross-validation with half ofidke as testing and
the other half as training was performed for 500 runs with tiglestrials shuffled and
concatenated before each run. The mean and SD of the CCs for the 500erans

calculated for each subject during each phase of the task.



Results

Hand kinematics confirmed adaptation

During early-exposure to the cursor rotation, we observed curved handdpatis the

subjects’ effort to counteract the imposed rotation (Fig. 1.1BhdHaaths became
straighter in late-exposure as subjects adapted to the novebrememt. In post-
exposure, after-effects, which consisted of hand paths curved in the epgiosation

from those in early-exposure, indicated that adaptation had occureedlsd/confirmed
the occurrence of adaptation quantitatively by computing the melaratiboss subjects
for each phase of the task and comparing it between phases (Fig. Th&dDE was not
significantly different from zero in pre-exposure (two-taitedst; p = 0.34). The IDE

increased in early-exposure relative to pre-exposure, decreakdd-axposure relative
to early-exposure, and increased again in post-exposure relative-expgosure (one-

tailed, paired-tests,p < 0.001).

MEG signals contained decodable hand velocity information

We employed a linear decoding model (Egs. (1.2) and (1.3)) to reconbiuurizontal

(x) and vertical ) velocity components of hand movement from the activity of the MEG
sensors (Fig. 1.2). The mean CCxafelocity decreased during each consecutive phase of
the adaptation task (Fig. 1.3A). Interestingly the mean C¢ @ locity increased until
post-exposure at which point it drastically decreased. In tefrmglividual subjects, the
mean CCs ranged from 0.23 to 0.56 (Table 1.1), and examples of smoothed,
reconstructed hand velocity profiles matched the measuredityefwofiles well (Fig.

1.3B).



A B X Velocity for Late-Exposure Y Velocity for Late-Exposure

fed <

~ «©

2 2
o _ AN o o 2\ P
| n 0 / n 0 N7 /
08 Il X Velocity O -2 ~ &2 I

0. — .
c Y Velocity © ©
Q @ e}
‘O T g 2 Y, g
¥ 06 T n 0P~ ANy n
[0 . M o -2 Q
o s} 3]
('C) 04 ’ 8 8 ,

o o
o — n 0Py N \1/\
= 2
©
[0
=
o
&

0.53 CC
0.70 CC

o
o N

Pre Early Late Post
Phase of Exposure

054 CC
075 CC

Subject5 Subject4 Subject3 Subject2 Subject 1

cc
cc

Time (s) Time (s)

Fig. 1.3.Decoding accuracy for hand velocity. (A) The across-subjeanmesD of the
CCs between measured and decoded hand velocity profiles is plgpeetety forx
(horizontal, black) andy (vertical, white) velocity for each phase of the task. (B)
Examples of smoothed and standardized measured (black) and decod¢dhéachy
velocity profiles for late-exposure exhibited high decodingueszy. The left and right
columns contairx andy velocity profiles respectively. Each row contains data for a
single subject, and the CC between the measured and decoded velstid i the left

of each plot.



Table 1.1.Mean and SD (in parentheses) of CCs for each subject daahgphase of

the visuomotor adaptation task.

Pre Early Late Post

XVel Y Vel XVel Y Vel X Vel Y Vel X Vel Y Vel

0.64 047 0.44 0.62 0.53 0.73 0.10 -0.02

Subject 1 (0.09) (0.16) (0.11) (0.13) (0.13) (0.12) (0.21) (0.13)
Subiect 2 045 029 056 045 040 052 010 037
J (0.16) (0.14) (0.10) (0.11) (0.18) (0.21) (0.07) (0.13)
Subiect 3 048 023 046 053 049 063 042 026
) (0.14) (0.21) (0.16) (0.18) (0.12) (0.24) (0.16) (0.14)
Sublect 4 060 033 021 023 021 044 055 046
J (0.08) (0.22) (0.20) (0.11) (0.18) (0.15) (0.07) (0.13)
Subect 5 017 026 026 058 024 047 017 0.2
J (0.21) (0.30) (0.13) (0.14) (0.15) (0.22) (0.32) (0.13)
048 032 040 049 038 056 028 023

Grand Mean

(0.15) (0.08) (0.12) (0.13) (0.12) (0.10) (0.17) (0.17)




Number of sensors and decoding accuracy were exponentially related

The linear decoding model produced one weight per sensor per timibdagfore, the
importance of the contribution of a sensor to the decoding procagsaaticular time lag
could be considered the vector magnitude of its regression weigihgt aime lag. We
ranked the sensors and reran the decoding procedure with the mosainhpensor, the
four most important sensors, the seven most important sensors, etall weatilsors were
used. These sensor sensitivity curves of mean CC vs. the numleasofssfit a double-
exponential function well ¢ = 0.95-1.00) (Fig. 1.4). For all phases of the task, the

curves peaked then plateaued, or nearly plateaued, near 15 sensors.
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Fig. 1.4.Decoding accuracy vs. number of sensors. The top and bottom rowscontai
plots of mean (black) £ SD (gray) of the CCs across subjsctdhe number of sensors
for x andy velocity respectively. Columns organize the plots by phase ofatieR?
values between the mean CC curve and a fitted double-exponentiahcemisplayed at

the bottom of each plot.

A macroscale sensorimotor network encoded hand velocity

To graphically assess the relative contributions of scalp reg¢gotige reconstruction of
hand velocity, we projected the across-subject means of the vedjnitudas of the
sensor weights onto a time series ( 200 to 0 ms in increments ofs)®f scalp maps
for each phase of the adaptation task. The scalp maps for eadh gth#se task
resembled each other, so only those for pre-exposure are showf.pAY. A network
of sensors over central and posterior scalp areas contributed to debaduh velocity
with a salient member of the network over the contralatecdbimarea. Although the
scalp maps of the different phases appeared similar upon visspéction, we
investigated the presence of statistically significant increaskdecreases in early-, late-
, and post-exposure relative to baseline (pre-exposure). We observece rotil
differences between phases of the task in scalp areas over atexdiopremotor and
posterior parietal cortices in particular (Fig. 1.5B). To betttimate the cortical sources
that gave rise to the scalp maps at 100 ms (the highest pegeeafareconstruction
contribution), we correlated the fifteen best sensors with the sowsegmated by
SLORETA. After weighting the CCs by the vector magnitudethefsensor weights, the

top 5% were binary-thresholded and plotted on an axial slice (Fig). 1rb@ll phases of



the task, the contralateral precentral gyrus (PrG) and posicggttess (PoG) and the
ipsilateral superior parietal lobule (SPL) and precuneus (PCofeddor hand velocity.
The contralateral inferior parietal lobule (IPL) and ipsildtereedial frontal gyrus,
containing the supplementary motor area (SMA), additionally encamtdubhd velocity
in all phases except pre-exposure. Finally the lateral prencotbex of the bilateral
middle frontal gyrus (MFG) and ipsilateral superior frontal gy&KEG) were involved in

hand velocity encoding only in early- and post-exposure.

Ancillary analysis: similar decoding resulted from artifact-cleaned MEG data
Regarding the ancillary analysis of artifact-cleaned ME@,dalthough there was a
notable drop in decoding accuracy fovelocity in pre- and post-exposure, there was no
statistically significant difference in the resultant me&s©f the subjects for any phase

of the task (two-tailed, pairgetest;p > 0.05) (Table 1.2).
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Fig. 1.5.Sensorimotor networks associated with hand velocity during visuomotor
adaptation. (A) The mean vector magnitudes of the sensor weightstlfi®rinear
decoding model revealed the importance of neural regions when intetchaad
projected onto a time series ( 200 to 0 ms in increments of 10 ms)akp maps for the
pre-exposure phase (other phases were similar). Light and dark iegogsent high and
low contributors respectively. The highest sensor weighting oME& signals led the
velocity output by 100 ms, so the display of scalp maps are ceraeyedd 100 ms.

The percentage of reconstruction contributioT)%s displayed above each scalp map.
Due to space limitations, only seven of the twenty-one scalp arapshown. (B) The
rows respectively contain thescores of differences between early- and pre-exposure,
late- and pre-exposure, and post- and pre-exposure. Increased (+) ssmbekbd )
contributions of sensors are mapped to hot and cool colors respectivelyrthéC
estimated cortical sources involved in hand velocity encoding duringasie were
represented on an axial slice from an MRI template §5). The sources and their
Talairach coordinatex(y, 32 were the PrG ( 41, 11, 55), PoG ( 45, 17, 55), SPL
(30, 46, 55), PCu (3, 61, 55), IPL ( 41, 41, 55), SMA (5, 2, 55), MFG (19, 18,

55and 24, 20, 55), and SFG (19, 12, 55).



Table 1.2.Mean and SD (in parentheses) of the CCs for each subject during each phase

of the visuomotor adaptation task for the decoding procedure with artifact-cleaned MEG

data.
Pre Early Late Post

XVel Y Vel XVel Y Vel X Vel Y Vel X Vel Y Vel
Subiect 1 0.44 0.46 0.52 0.37 0.46 0.66 0.44 0.09
) (0.09) (0.10) (0.07) (0.09) (0.12) (0.08) (0.14) (0.16)
Subiect 2 0.21 -0.17 0.18 0.13 0.37 0.31 0.02 0.13
) (0.09) (0.10) (0.11) (0.09) (0.07) (0.09) (0.16) (0.18)
Subiect 3 0.42 0.05 0.75 0.54 0.66 0.63 0.63 0.15
) (0.08) (0.13) (0.05) (0.06) (0.07) (0.05) (0.10) (0.20)
Subiect 4 0.70 0.04 0.41 0.24 0.47 0.54 0.44 -0.02
J (0.05) (0.15) (0.09) (0.10) (0.08) (0.06) (0.12) (0.16)
Subiect 5 0.55 0.26 0.32 0.36 0.38 0.48 0.20 0.20
) (0.10) (0.17) (0.09) (0.11) (0.15) (0.13) (0.20) (0.22)
0.46 0.13 0.44 0.33 0.47 0.52 0.35 0.11

Grand Mean

(0.16) (0.21) (0.19) (0.14) (0.10) (0.12) (0.21) (0.07)




Discussion

Our results demonstrate that we can continuously decode information about hang velocit
from natural, multijoint, center-out movements from MEG signal¢ect@d during a
drawing task that requires visuomotor adaptation to a hand-cwtron. With the
systematic addition of sensors to the decoding model, the decodinga@ccur
exponentially increases before reaching a plateau. Additionally, arostale
sensorimotor network composed of central and posterior scalp remmoondes for hand
velocity in all phases of adaptation, and the differences in ME@sor importance
between phases capture the evolution of cortical involvement duriagtagicdn.
Furthermore, localization of cortical sources permits a moraleeétinvestigation into

the cortical regions that encode for hand velocity in different adaptation phases.

Hand velocity information is represented on multiple spatial scales

Researchers have firmly established the existence of a poputade for hand position

and velocity at the microscale level via neuronal recordingsrffépoulos et al. 1986;
Kettner et al. 1988; van Hemmen and Schwartz 2008). Recently, some
electrocorticography (ECoG) studies demonstrated that a populedide for these
kinematic parameters also exists on a mesoscale (Schadlke803d; Pistohl et al. 2008;
Sanchez et al. 2008). The most striking result of our study is S&tsmrimotor network

on a larger spatial scale encodes hand kinematics during naturajpintuttenter-out
movements, and, furthermore, does so during adaptation to a screerhamdootation.

In sensor space, this network spans central and posterior sensoEadaMEG sensor



reflects the contributions of millions of neurons, but yet, we candsitliode information

about hand velocity.

Further regarding spatial scale, we asked whether a densglingpiof the scalp space
could improve decoding accuracy. Since the curves of mean CC vs. thernoimbe
sensors reveal there to be an optimal, or near optimal, number ofsskssothan 62 for

all phases of the task (Fig. 1.4), we conclude that the additio& sensors would not
substantially improve the decoding accuracy. The decreased meamdemozliracy and
increased SD of the CCs during post-exposure is likely due to #iveg) small amount

of data collected and analyzed during this phase of the task. Tradl avereased mean
decoding accuracy of velocity during adaptation was potentially due to the fact that
during exposure, the 60-degree rotation had a greater affect on hanchenbwe they
direction than thex direction, and thus may have recruited more neural resources to

handle they direction (Contreras-Vidal and Kerick 2004).

Several interesting pieces of evidence serve to validatatdrpietation of our decoding
results. First, the greatest sensor contributions across tgeetzur at 100 ms prior to
the current kinematic sample under reconstruction for all phagée thsk (Fig. 1.5A).
Given that prior research has established approximately 100 maraf data in the past
to be important for planning the current movement (Mehring et al. Z284inski et al.
2003), this finding is not unexpected. In our previous report leading up tcttldy
(Bradberry et al. 2008), we discovered that hand velocity wasr bdgteoded than

position (post-publication analysis: two-tailed, paitgdst;p < 0.0001). This is another



confirmatory finding, given that the motor cortex represents vglbatter than position
as has been demonstrated, in particular, by studies aimed at dedwmoEmgatic

parameters for neuroprosthetic control (Schwartz et al. 2001). Fudhe the salient
region of high activation over the left motor area is expesiede subjects drew with

their right hands.

Regional comparison to non-decoding studies of visuomotor adaptation

In sensor space, across adaptation we find significant contributiohantdb velocity
decoding over the mediolateral premotor and posterior parietalaealp with respect to
pre-exposure (Fig. 1.5B). Previous studies demonstrated that th&lpaneé premotor
cortices are involved in a visuomotor network for reaching (Wis#. €t997; Burnod et

al. 1999), and an EEG study of visuomotor adaptation reported fronto-pahdta
(Contreras-Vidal and Kerick 2004). To speak more specifically aboutdatieal areas
involved with visuomotor adaptation and encoding of hand kinematics, we rpedor
source localization (Fig. 1.5C). Multiple similarities existween the cortical regions
found in our study and those of fMRI and PET studies of visuomotor aidaptaéhe left
PrG, PoG, and IPL have been shown to be involved during visuomotor adaptation to a
rotation of visual feedback by a fMRI studies by Graydon e280%) and Seidler et al.
(2006). In PET studies, the right SPL has been observed to inaneastvation during
visuomotor adaptation tasks by Inoue et al. (2000), Ghilardi et al. (2000), and Krakauer
al. (2004). Inoue et al., Krakauer et al., and Seidler et al. haveeaksaled an increase in

activation of SMA/preSMA during visuomotor adaptation. Finally the M&l SFG



(lateral premotor cortex) have been shown to be active in visuoaxaptation by Inoue

et al. and Seidler et al.

Regional comparison to other decoding studies

Regarding decoding of hand kinematics, the common involvement acri&ssofathe
PrG, PoG, SPL, and PCu implies that these areas form thefaroteand velocity
encoding in familiar and unfamiliar environments while the SMAerk premotor
cortex, and IPL encode for hand velocity only during adaptation. Decodirarad
kinematics has been reported for PrG and PoG at a micro&mdegopoulos et al. 1986;
Moran and Schwartz 1999; Wessberg et al. 2000; Serruya et al. 2002artz et al.
2004), mesoscale (Schalk et al. 2007, Pistohl et al. 2008; Sanchez260&), and
macroscale (Jerbi et al. 2007). This decoding role has also bedreddorthe SPL at the
microscale (Averbeck et al. 2005; Averbeck et al. 2009; Mulliken .eP@0D8) and
macroscale (Jerbi et al. 2007). The SMA/preSMA, lateral prenoatrtex, and IPL have
also been observed to encode movement kinematics (Moran and Schwartz 1999;
Schwartz et al. 2004; Jerbi et al. 2007; Tankus et al. 2009). OrhHystigferent note, a
PET study that examined the control of movement velocity, discdvhesinvolvement
of left PrG, left PoG, right SPL, and mediolateral premotor goff@irner et al. 1998).
To our knowledge, we are the first to report that the PCus@ayle in the encoding of

detailed hand kinematics.



Could eye movements have inadvertently aided hand velocity decoding?
Unintended contributions of eye movements to the decoding of hand moviment
potential confound in all MEG, EEG, and ECoG studies, including our st\dydo not
experimentally control eye movements; however, our ancillarysisalwhich removes
ocular activity with an ICA-based method, demonstrates that oculaements do not

significantly affect decoding (Table 1.2).

Potential application to neuromotor prosthetic control

Most studies involving noninvasive BCI systems have focused on 1)assfdation of
mental tasks to form a low bandwidth communication channel (Pfultesckeal. 2006;
Mellinger et al. 2007) or 2) continuous control of a cursor by subjebts through
relatively lengthy biofeedback training, learn to modulate the pawesne or more
frequency bands of neural signals to control one or more dimensiocnssof movement
(Wolpaw and McFarland 2004; McFarland et al. 2008). The lack of focus analidgc
detailed kinematics of natural hand movements could be partly due tnfivended
presumption that this information cannot be decoded from noninvasivessigeatded
from the scalp (Lebedev and Nicolelis 2006). Despite this presumptierg exist
several important exceptions to the lack of noninvasive studies aimeéveloping
decoding methods for controlling neuromotor prostheses. One study has decoded
continuous joystick coordinates from MEG signals acquired duringnzamis pentagon
drawing in the absence of visual feedback of movement (Georgopetudds2005), and
another study has decoded information regarding hand tangentialtydlom MEG

signals acquired during trackball movements in two dimensionki @egal. 2007). Our



study primarily differs from the two aforementioned studies ihweadecode continuous
hand velocity frommultijoint movements during eenter-outdrawing task that requires
adaptation to a novescreen-cursor rotation The center-out nature of our task is
meaningful because it allows comparison to invasive decoding studliegdiromotor
prostheses and emphasizes a desired function of the first gemerfathese devices. In
terms of the visuomotor adaptation component, further investigation mayl@rogight
into how the brain adapts to a tool such as a neuromotor prosthesiddl.etbal. 2005),
and, hence, potentially advance the understanding of how to achiegeneffto-
adaptation of the brain and decoding model. On a final comparative reotanweach
iteration of our decoding model with a relatively small set ahimng data composed of
16 (post-exposure) to 32 (pre-, early-, and late-exposure) trials. shimll amount of
training data is meaningful because it may translate to aasuiastreduction in the time

required for a patient to gain mastery over the control of a neuromotor prosthesis.

What remains to be elucidated is whether the decoding method presethedreport
will also be applicable to EEG, which is better suited than MBGah ambulatory
prosthetic system. In terms of EEG-based decoding of movememh@i@rs, several
recent studies have decoded the direction of hand movement (Hamnabn26€08;
Waldert et al. 2008), but, to our knowledge, researchers have yepda successful
decoding of continuous hand position or velocity from EEG (a comprehemrsivehsn
peer-reviewed journals did not produce any studies). In the futureyibvapply our
decoding method to EEG signals to examine the application of this agiiavmodality

to continuous, complex control of a neuromotor prosthesis.



Chapter 2: Reconstructing three-dimensional hand meements

from noninvasive electroencephalographic signals

The material contained in this chapter is published as Bdberry TJ, Gentili RJ,
Contreras-Vidal JL (2010) Reconstructing three-dimensional hananovements from
noninvasive electroencephalographic signals. J Neurosci 30:3432-3437.
Supplemental material in the journal publication has beenncorporated into the

main text of this dissertation chapter.

Abstract

It is generally thought that the signal-to-noise ratio,#wedwidth, and the information
content of neural data acquireid noninvasive scalp electroencephalography (EEG) are
insufficientto extract detailed information about natural, multijoint movemehtthe
upper limb. Here, we challenge this assumption by continuodsbtpding three-
dimensional (3D) hand velocity from neural datguired from the scalp with 55-channel
EEG during a 3D center-otgaching task. To preserve ecological validity, five subjects
self-initiated reaches and self-selected targets. Eye newsmere controlled so they
would not confound the interpretatiohthe results. With only 34 sensors, the correlation
betweemmeasured and reconstructed velocity profiles compared reasavelbly that
reported by studies that decoded hand kinemdtiosr neural activity acquired
intracranially. We subsequentxamined the individual contributions of EEG sensors to

decodingto find substantial involvement of scalp areas over the sensorimartiex



contralateral to the reaching hand. Using standardif®ad-resolution brain
electromagnetic tomography (sLORETA), wvidentified distributed current density
sources related to hanglocity in the contralateral precentral gyrus, postceglyals,
and inferior parietal lobule. Furthermore, we discovetteat movement variability
negatively correlated with decodingccuracy, a finding to consider during the
development of brain—computerterface systems. Overall, the ability to continuously
decode8D hand velocity from EEG during natural, center-out reachatds promise for
the furtherance of noninvasive neuromotprostheses for movement-impaired

individuals.

Introduction

In the last decade, research into the neural coding of movéaaegenerated enthusiasm
for its potential to restore functi@a movement-impaired individuals. The field of brain—
computerinterface (BCI) systems deals with interpreting the necwdeand generating
commands to control an assistive device. To ¢hid, researchers have extracted hand
trajectories or velocityprofiles from neuronal signals acquired with electrodes seated
directly into cortical tissue and, in some cases, used Hiesmatics to command a
robotic arm in real time (Wessbergatt 2000; Serruya et al. 2002; Taylor et al. 2002;
Hochberget al. 2006; Kim et al. 2006; Mulliken et al. 2008; Truccsatlal. 2008; Velliste

et al. 2008). Investigators have aksdracted hand kinematics from intracranial local
field potentialsobtained through less invasive electrocorticography (Sakta#. 2007,

Pistohl et al. 2008; Sanchez et al. 2008).



In contrast to decoding studies that acquired intracranial nectraity, little work has
been done to continuously decode natumalltijoint hand kinematics from neural signals
acquired noninvasivelyOnly a few studies report continuous decoding of two-
dimensional(2D) hand and tool kinematics from magnetoencephalography (MEG)
(Georgopoulos et al. 2005; Jerbi et al. 2007; Bradberaf. 2008, 2009a). Although
MEG demonstrates a proof of conceptjs immobile and therefore unsuitable for
practical BCI systemdlowever, electroencephalography (EEG) is suitable for pedctic
BCI systems, but, with the exception of our preliminary sti@igdberry et al. 2009b),
researchers have not demonstratedtinuous decoding of hand kinematics from EEG.
Instead, mosSEEG studies have discretely classified the direction/spe2D dand/wrist
movements or different motor imagery tasksaaingle-trial basis (Mellinger et al. 2007;
Hammon et al2008; Waldert et al. 2008; Gu et al. 2009), or they have demons2iated
continuous control of a cursor through biofeedback traifWglpaw and McFarland
2004). The lack of attention to reconstructimematics of natural hand movements from
EEG could be becausmme researchers consider training subjects to modulate EEG
activity, independent of reconstructing hand kinematicssufiice for 2D control
(Wolpaw and McFarland 2004). The lamkattention could also be due to the assumption
that EEG signalkack sufficient signal-to-noise ratio, bandwidth, and informatiomtent

to decode hand kinematics (Lebedev and Nicolelis 2006).

To examine our hypothesis that kinematics of natural hand movesrentdecodable
from EEG signals and, hence, may serve as sigmnals for controlling neuromotor

prostheses, we aimed to continuowstyract hand velocity from signals collected during



a three-dimensioné&BD) center-out reaching task. To assure a realistic task, subgrets
not cued: they chose which target to acquire and whanititte movement. Since EEG
coupled with our decoding methéatilitated the investigation of sensor contributions to
decodingwith high temporal resolution, we examined the location of safiensors
across time lags. Using standardized low-resolubi@in electromagnetic tomography
(SLORETA) (Pascual-Marqu002), we further estimated the sources most involved in
encodinghand velocity. Moreover, we investigated the relationship betwleeading

accuracy and movement variability.

Materials and methods

Experimental procedure

The Institutional Review Board of the University of MarylandCallege Park approved
the experimental procedure. After giving informed consent, five lheatight-handed
subjects sat upright in a chair and executed self-initiated reeutereaches to self-
selected push button targets near eye-level (Fig. 2.1). Wadtedrsubjects to attempt to
make uniformly distributed random selections of the eight targét®wt counting. The
elbow of the reaching arm was unsupported, and the non-reachinglaxedri the lap.
Subjects took approximately 4 s to reach to the peripheral targehamddturn to the
center target. To mitigate the influence of eye movements on taedien, subjects
were instructed to fixate an LED on the center target througthtat collection and to
only blink when their hand was resting at the center target. Toeetiiminimization of
eye movements, a researcher monitored the subjects’ eyes datiangptlection, and the

correlation between electro-ocular activity and hand kinematas analyzed off-line



(see section on eye movement analysis). For each subject, thenexpaoncluded after
each target was acquired at least ten times. While the edgmovements were familiar

to the subjects, none of the subjects had previous experience with the task.
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7 § _.ki m— __V-l
—— ——— ﬁ\\ g ‘l{
/ X ) L -

A\/"-\"""‘\ & -//
-

Fig. 2.1. Experimental setup and finger paths. The reaching apparasi®ws in the

middle along with the Cartesian coordinate system we employeddiBtance from the
center position to each of the targets was approximately 22 ciem Nweger paths for
center-to-target (black) and target-to-center (gray) movesmemhibited movement

variability among subjects.



Data collection

A 64-sensor Electro-Cap was placed on the head according ¢xtdraled International
10-20 system with ear-linked reference and used to collect 58 chahies5 activity.
Continuous EEG signals were sampled at 1000 Hz and amplified 506 tvimea
Synamps | acquisition system and Neuroscan v.4.2 software. AdditiohalfEEG
signals were band-pass filtered from 0.5 to 100 Hz and notclefilir 60 Hz. Electro-
ocular activity was measured with a bipolar sensor montage withorse attached
superior and inferior to the orbital fossa of the right eye fatioz eye movements and
to the external canthi for horizontal eye movements. Hand positiorsavmagled at 100
Hz using an Optotrak motion sensing system (Northern Digital, tima) tracked an
infrared LED secured to the fingertip with double-sided adhdspe. Event markers of
push button presses and releases were sent from the apparatusingpnkee push
buttons to the Neuroscan and Optotrak systems for off-line synchiionizd EEG and

kinematic data.

Signal pre-processing

For computational efficiency and to match the sampling rate okitresnatic data, the
EEG data were decimated from 1 kHz to 100 Hz by applying apkmss- anti-aliasing
filter with a cutoff frequency of 40 Hz and then downsampling gcéor of 10. A zero-
phase, fourth-order, low-pass Butterworth filter with a cute§érency of 1 Hz was then
applied to the kinematic and EEG data. The cutoff frequency wagsmiledel
experimentally with influence by previous noninvasive and ECoG stuthas

demonstrated the importance of low frequencies for noninvasive decddiry €t al.



2007; Schalk et al. 2007; Waldert et al. 2008; Bradberry et al. 2008, 20094) tie

temporal difference of the EEG data was computed (ket, v,t V,t 1 wherev,t
and v, t are respectively the backward-differenced and pre-differenc&l age of

sensor n at time t). In order to examine relative sensor comrisuin the scalp map
analysis described in a section below, data from each EEG seaserstandardized
according to Eq. (2.1):

valtl

Vi

S,[t] for alln from 1 toN (2.1)

wheres,t andv,t are respectively the standardized and differenced vaitagensor

nattimet, , and , arethe mean and standard deviatiowofespectively, and is

the number of sensors.

Decoding method

To continuously decode hand velocity from the EEG signals, a liremrdchg model
was employed similar to that described by Georgopoulos et al. (BOMEG signals.
In general, the model finds a linear combination of past andrrises series data from
multiple EEG sensors that reconstructs the current kinersatnple of a dimension of

hand velocity. In equation form:

N L

X[t] X[t 1] ay bnkxsn[t k] (22)

nlk 0

N L

y[t] y[t 1] ay bnkysn[t k] (23)

nlk O



N L

Z[t] Z[t 1] a, bnkzsn[t k] (24)

nlk O
where xt Xt 1], yt it 1], and zt 4t 1] are the horizontal, vertical, and depth
velocities of the hand at time samplespectivelyN is the number of EEG sensoks(=

10) is the number of time lags, t k is the standardized difference in voltage measured

at EEG senson at time lagk, and thea andb variables are weights obtained through
multiple linear regression. The number of lags10, corresponding to 100 ms) was
chosen based on a previous study that reconstructed hand kinematiceframsignals
acquired with MEG (Bradberry et al. 2009a). The three most frestadors (FP1, FPZ,
and FP2 of the International 10-20 system) were excluded from thgsiantl further
mitigate the influence of any eye movements on reconstructiamtingsin anN of 55

Sensors.

For each subject, the collected continuous data contained approximataigl®0An
8x8-fold cross-validation procedure was employed to assess thdimg@ccuracy. In
this procedure, the entire continuous data were divided into 8 parts, Wpeetssed for
training, and the remaining part was used for testing. The veldaity and EEG data
were synchronized, so thatnf samples of velocity were to be reconstructed then the
alignedm samples of EEG data from a single sensor were used alond.@vitgged
versions of thesen EEG samples for a total af(10 + 1) samples per sensor (plus one for
the offseta). Based on the sampling rate of 100 Hz and collection duration of
approximately 5 minutes per subjent,was about 3750 samples per training fold and

26,250 samples per testing fold. The cross-validation procedure was cedsidmplete



when each of the 8 combinations of training and testing data werestetiaand the
mean Pearson correlation coefficientljetween measured and reconstructed kinematics
was computed across folds. Prior to computinthe kinematic signals were smoothed
with a zero-phase, fourth-order, low-pass Butterworth filteh&itcutoff frequency of 1

Hz.

Sensor sensitivity curves
Curves depicting the relationship between decoding accuracy andrtitger of sensors
used in the decoding method were plotted forthg andz dimensions of hand velocity.

First, for each subject, each of the 55 sensors was assigned a rank according to

L

1
T \/bnkxz buy’ bue.  forallnfrom 1 toN (2.5)

k 0

Ry

whereR, is the rank of sensaer, and theb variables are the best regression weights. This
ranking procedure is similar to the one described by Sanchalz €004). Next, the
decoding method with cross-validation as described above and ranking meth®d w
iteratively executed using backward elimination with a decrensésq of three (52
highest-ranked sensors, 49 highest-ranked sensors, 46 highest-rankes, €03. The
mean and standard error of the mean (SEM) wdlues computed across subjects were

plotted against the number of sensors.

Scalp maps of sensor contributions
To graphically assess the relative contributions of scalp red¢otige reconstruction of

hand velocity, the across-subject mean of the magnitude of thb bestors (from Egs.



(2.2) — (2.4)) was projected onto a time series (-100-0 ms in increraedd ms) of
scalp maps. These spatial renderings of sensor contributions pnetaced by the
topoplot function of EEGLAB, an open-source MATLAB toolbox for
electrophysiological data processing (Delorme and Makeig 2004;
http://sccn.ucsd.edu/eeglabl/), that performs biharmonic spline integootdtthe sensor
values before plotting them (Sandwell 1987). To examine which timeneagsthe most
important for decoding, for each scalp map, the percentage of

reconstruction contribution was defined as

N

\/bnix2 bniy2 bniz2
%T, 100% —"1% for alli from O toL (2.6)

N L
2 2 2
\/bnkx bnky bnkz
nlk O

where % is the percentage of reconstruction contribution for a scalp map at time lag

Source estimation with SLORETA

To better estimate the sources of hand velocity encoding, we wsathistized low-
resolution brain electromagnetic tomography (SLORETA) so@twaersion 20081104
(Pascual-Marqui 2002; http://www.uzh.ch/keyinst/loreta.htm). Preprat&ds€ signals
from all 55 channels for each subject were fed to SLORETAtima&® current sources.
These EEG signals had been pre-processed in the same manfar decoding:
standardized, downsampled, and low-pass filtered. Fivsiues were computed between
the squared time series of each of the 55 sensors with the 623%eiiee from the
SLORETA solution and then averaged across subjects. Second, theumaxiwas

assigned to each voxel after being multiplied by the regressahtb (from Egs. (2.2)



—(2.4)) of its associated sensor. The regression weights had beed puolin the
regression solution at time lag 60 ms, which had the highesteptage of
reconstruction contribution. Third, for visualization purposes, the highesofb%e
voxels ¢ values weighted bp) were set to the value one, and the rest ofr thalues
were set to zero. Finally these binary-thresholdgdlues were plotted onto axial slices
of the brain from the Colin27 volume (Holmes et al. 1998), the magnetonance
imaging (MRI) template that best illustrated our regions mdkerest. All reported

coordinates of regions of interest are in Montreal Neurological Ins{iiiNI) space.

Movement variability

For each subject, three measures of movement variability wengutedn the coefficient
of variation (CV) for movement time (MT), the CV for movememigth (ML), and the
kurtosis of movement. MT and ML were computed on a trial basis wiialalefined as
the release of a pushbutton to the press of a pushbutton (centeetodartarget-to-
center). The mean and SD of the measures were then computed, &lvlaes divided

by the mean to produce the CV. Kurtosis was defined as

E(h  p)*

4
h

k 3 2.7)

wherek is the kurtosisk() is the expected value operatbiis the hand velocity, and,
and |, are respectively the mean and SD of the hand velocity. Simglle of velocity

profiles for x, y, and z dimensions were resampled to normalize for length and then
concatenated before computing kurtosis. The relationship between emveaniability

and decoding accuracy was examined by computbejween the quantities. The sample



sizes were smalln( = 5) for decoding accuracy and each measure of movement
variability, so 10,000 values were bootstrapped for each comparison, and the median
and confidence intervals of the resultant non-Gaussian distributiorscaleulated using

the bias-corrected and accelerated {Bfrcentile method (Efron and Tibshirani 1998).

Eye movement analysis

When reconstructing a behavioral variable from neural activitg, inportant to ensure
the minimization of co-occurring, correlated behavioral variabligst may
simultaneously influence neural activity. To this end for our regctask, in addition to
instructing subjects to fixate a center LED, we needed to iroonfthat
electrooculographic (EOG) activity only minimally correlatedhamhand velocity. We
computedr values between EOG velocity and hand velocity across 10 timg-E3
ms) with both signals low-pass filtered at 1 Hz as in tise cd hand kinematic decoding

from EEG.

Results

Our EEG decoding method reconstructed 3D hand-velocity prodésonably well. We
guantified the decoding accuracy by computthg mean of Pearsonis between
measured and reconstructed hamdbcity across cross-validation folds. Fgprand z
velocities,the decoding accuracy peaked at 0.38 and 0.32, respectwtlypnly 34
sensors (Fig. 2.2A,B). Fox velocity with 34 sensorghe decoding accuracy of 0.19
remained relatively unaffectdny the number of sensors. Thus, we used 34 sensors for

subsequerdinalyses. In addition to quantitatively analyzing decoding accwisnally



comparing reconstructed and measured velocity prafda8rmed their similarities (Fig.
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Fig. 2.2. EEG decoding accuracy of hand velocity. (A) The mean (blackEM (gray)

of ther values across subjects £ 5) vs. the number of sensors exhibited a peak at 34
sensors. (B) With 34 sensors, we computed the mean £ SEM rofdhges across cross-
validation folds ( = 8) for each subject for (black),y (gray), andz (white) velocities.

(C) Reconstructed (black) and measured (gray) velocity profdesnonstrated
similarities. Exemplar velocity profiles from the subjectshwthe best (Subject 1, top

row) and worst (Subject 5, bottom row) decoding accuracies are shown.



Scalp maps depicted the contributions of the 34 sensorsetsvark of frontal, central,
and parietal regions (Fig. 2.3A)Vithin this network, sensor CP3 made the greatest
contribution.nterestingly, CP3 lies roughly above the primary sensorincotbex that is
contralateral to the reaching hand. Concertimg lags, EEG data from 60 ms in the past
supplied the mosinformation with 16.0% of the total contribution. At 60 nvge
localized the EEG sources to confirm that the primary semstwr cortex (precentral
gyrus and postcentral gyrus) was indeethaor contributor along with the inferior

parietal lobule (IPL§Fig. 2.3B).

A 5.2% 6.9% 16.0% 9.1% 10.1% 5.0%

009000

5.6% 10.7% 15.6% 8.5% 7.3%

L 1 . 1 1 1 L L 1 J
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|
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Fig. 2.3. Scalp and current sources that encoded hand velocity. (A) Mearb) scalp
maps of the best 34 sensors revealed a network of frontal, centdalpaaietal

involvement along with a large individual contribution from sensor CP3. lagdtdark
colors represent high and low contributors, respectively. Eaclp soab with its
percentage contribution is displayed above its associated 10 m&agmeevealing the
16.0% maximal contribution of EEG data at 60 ms in the past. (B) &idaaV localized
sources (yellow) from 60 ms in the past onto MRI structuralgesato reveal the
involvement of the precentral gyrus£ —30,y = —30,z = 52), postcentral gyrus € —35,

y =-30,2=47), and IPLX = -35,y = -36,z2= 42).



Additionally, we compared the relationship between decodaugiracy, shown in Fig.
2.2B, and movement variability. To quantthovement variability, we computed the CV
for MT and ML (Fig. 2.4A) and the kurtosis of the velocity profi{€gy. 2.4B). Thenigh
kurtosis values indicated outlier-prone, super-Gausdistnbutions (kurtosis, >0). We
found that movement variabilitpegatively correlated with decoding accuracy (Fig.
2.4C). Fig. 2.1 aids in visually depicting this relationship by showhagsubject 1, with

the best decoding accuracy, performed straigbtahes.
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Fig. 2.4. Relationship between movement variability and decoding accurAgylHe

CVs for MT (black) and ML (white) ranged across subjects. TB¢ kurtosis of the
velocity profiles also varied across subjects. (C) All movememiability measures
demonstrated high negative correlations with the decoding accuraeym sn Fig. 2.2B.

Rectangles demarcate the confidence intervals for the laguistlr values, with each



rectangle possessing a horizontal line at the median. The enodédntervals are 70, 90,

and 70%, respectively, for MT, ML, and kurtosis.

We computedr values between EOG velocity and hand velocity across time dags t

confirm that they only minimally correlated (Fig. 2.5).

o
N
)

. —— X Velocity
,,,,,,,,, Y Velocity

Z Velocity

e
«»
o
o
«a

o
-
o
-

©
=)
&
T
o
=)
o
T

Correlation Coefficient (r) >
Correlation Coefficient (r) W

-80 -60 -40 -20 0
ms ms

=
o
(=]
®
o
[
o
'
&
o
\S]
o
o
o
[=]
=]

Fig. 2.5. Cross-correlation between EOG velocity and hand velocity. We cechput
values between EOG velocity and hand velocity across 10 tgsgH{A00 ms) with both
signals low-pass filtered at 1 Hz. The across-subject mrearbjr values exhibited low
correlation of vertical (A) and horizontal (B) EOG velocitiegshwt (solid), y (dashed),

andz (dotted) dimensions of hand velocity.

Discussion

In the last decade, researchers have pushed the boundamemin¥asive neural
decoding in the interest of developing BSistems for the movement impaired. To
further stretch the limitsye continuously reconstructed 3D hand velocity of natural,
multijoint, center-out movements from only 34 channels of EEG data. A sensorimotor

network composed of frontal, central, and parietal scalp regonsded for hand



velocity, with the strongest contributioneming from cortical regions of the precentral
gyrus, postcentragyrus, and IPL at 60 ms in the past. Furthermore, the intersubject
variability in movement may explain the intersubject variahititgecoding accuracy due

to their negative correlation.

The sensor sensitivity curves fprandz velocities peak a#0.35 for 34 sensors before
they begin decreasing. A common occurrenc@achine learning is that, as the number
of input featuredncreases, prediction increases up to a point, then predictagn
decrease due to overfitting the model to the training edtech is likely the case here
(Alpaydin 2004). The curve for velocity remains nearly flat0.20 after an initial rapid
increasgFig. 2.2A). We made the common assumption that the brain enmgplogad-
centered Cartesian coordinate system. However, the posskiktg that the brain could
represent a different coordinatgstem (e.g., joint space or multiple interacting frames of
reference) or desired muscular activity (Gourtzelidis e2@D1; Wu and Hatsopoulos
2006, 2007). The dimensions of alternate representation could correlate better with
and z velocities thanx velocity, potentially explaining the uniquenesdsthe sensitivity
curve forx velocity. Nonetheless, in futustudies when subjects are asked to use motor
imagery to contro& cursor or virtual arm in 3D via our decoder, we expect teeiral
activity to adapt to overcome an initial imperfect chateepresentation framework, as

Ganguly and Carmena (2009) obserivedn invasive BCI experiment.

To our knowledge, apart from our preliminary study (Bradbetrgl. 2009b), studies on

continuously decoding hand kinematicsm EEG do not exist. Therefore, we cannot



directly compareour results to the literature. However, two studies report off-line,
continuous reconstruction of 3D hand kinematics from intracrar@atonal activity
(Wessberg et al. 2000; Kim et al. 200&)d several studies report off-line, continuous
reconstructiorof 2D hand and tool kinematics from MEG (Georgopoulos e2G05;

Jerbi et al. 2007; Bradberry et al. 2008, 2009afh®MEG investigations, Bradberry et

al. (2008, 2009a) exclusivegmploys a center-out movement paradigm, deefacto
standardfor comparison among decoding studies with BCI implicatidigese other
studies report slightly highervalues (Table 2.1jut uniquely our study involves more
ambitious experimentasettings, such as more reaching targets, greater extent of

multijoint movements, self-initiated movements, and self-selected targets.

Strengthening the validity of our decoding results, scalp raapsestimated current
sources indicate involvement of the contralaterahary sensorimotor region and the
IPL. Other studies confiritinat the primary sensorimotor cortex encodes hand kinematics
at a microscale (Georgopoulos et al. 1986; Moran and Sch®@0% Wessberg et al.
2000; Serruya et al. 2002; Schwaetal. 2004; Kim et al. 2006), mesoscale (Schalk et al.
2007; Pistohl et al. 2008; Sanchez et al. 2008), and macr@isetde et al. 1998; Jerbi et

al. 2007). Several MEG studie=port that the IPL also encodes hand kinematics (Jerbi et
al. 2007; Bradberry et al. 2009a). Regardless of scale, decoditigpds like the one we
report here rely on a subsecond histofyneural data to reconstruct hand kinematics
(Serruya et aR002, Sanchez et al. 2008; Bradberry et al. 2009a). Our abfcac00 ms

lag aligns with this convention as well as the ratiottadé these lags consist of planning

activity of the brain associatedith the current kinematic sample of the hand.



Furthermoreacross lags the sensor contributions initially increase, geék ms, and
then decrease, possibly revealing a temporal tucuimge for our task. Since only low-
frequency components of tBEG signals seem to carry information about hand velocity,
slow cortical potentials emerge as the best candidates for a ngsiaphical

interpretation of these findings (Birbaumer et al. 1990).

Table 2.1.Comparison to most relevant off-line decoding studies of hand kinematics

Neural average

Subjects Reaching / Drawing Task ~ Cued? r r r
) Data g g X y z "

Wessberg et al. monkeys single  3D;table 1 of4foodtray Yes 0.50* 0.45* 0.65* 0.53

2000 (n=2) units positions mouth

Kim et al. 2006  monkey single  3D; table 1 of4 foodtray Yes _ _ _ 0_42_
(n=1) units positions mouth table

Bradberry et al. humans MEG  2D; center of DT 1 of 4 Yes 048 0.3 - 0.40

2009a (n=5) peripheral targets of DT

center of DT

Present study humans EEG 3D; center PB 1 of 8 No 0.19 0.38 0.32 0.29

(n=5) peripheral PBs center PB

DT: drawing tablet, PB: push button

= Since Wessberg et al. (2000) provide the evolution @fer time, and the duration of
our task is approximately 5 minutes; we used their repaoygted, andr, values at 5
minutes into their task.

" For the Kim et al. (2006) study, we computed the average bettegnreportedr
during movement andduring rest for their best decoding method.

* For the Bradberry et al. (2009a) studyandry were taken from only the pre-exposure

phase (no novel visuomotor transformation imposed).



An important topic in BCI research involves how decoding methodg adapt or
facilitate user adaptation to novel environmenpts cognitive states. To evaluate
adaptation, the user of a B§jistem must receive feedback (e.g., visual or kinesthetic) of
imagined movements while manipulating a brain-controlled dewigeal time. In the
future, it will be essential to provideibjects with real-time feedback to investigate their
ability to adapt their EEG activity to a fixed decoder (i.e., tesaliigy of our decoder to
generalize). To improve performanitas expected that subjects will "modify" regression
weightsby modulating their EEG activity. Decoder generalization teaently been
demonstrated and analyzed in monkeys by Gangnty Carmena (2009). Regarding
humans, researchers have not thoroughbtyzed generalization; regardless, comparably
impressive 2[zontrol has been demonstrated by sensorimotor rhythms déoweEEG
(Wolpaw and McFarland 2004) and single neurons (Hochéterd. 2006). Given this
evidence, we expect our decoding metfutsdEEG to permit 3D brain control by humans

in real time.

Regarding the negative correlation between movement variabilitglecoding accuracy,
we offer two potential explanationgor the more technical explanation, increased
movement variabilityould degrade decoding accuracy due to less similar paiE G
kinematic exemplars. Conversely, less movement variabgisylts in more similar
exemplars for training. A more neuralated explanation is that subjects differ in their
ability to perform the task without practice; hence, the strengtha pfiori neural
representations of the required movements diffieese differing strengths could directly

relate to the accuraaeyith which the representations can be extracted. Indeed, a previous



study confirms that motor learning produces more accurate poedici movement
direction from an ensemble of neuronal activityprimary motor cortex (Cohen and
Nicolelis 2004). This findings important to consider as real-time BCI systems based on

ourdecoder are investigated in the future.

In conclusion, despite the common assumption that EEG sadmalst possess decodable
information about detailed, complérand movements, we demonstrate otherwise. The
locations of thenost important sensors to decoding are interpretable indfghevious
studies and corroborate our claims. In the hgare, the question should be addressed of
how well subjectan adapt to our decoder of 3D kinematics when feedback of the

decoder output is provided.
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Chapter 3: A noninvasive brain-computer interface gstem
with efficient decoder calibration based on obserson of

cursor movement

Abstract

Most current noninvasive brain-computer interface (BCI) syssmed at cursor control
are based on neural signals acquired with electroencephalogEpGy. (A limitation of
these current BCI systems is the lengthy training timeek&do months) required by
users to achieve satisfactory multidimensional control. To addnesdirhitation, we
investigated a novel approach for continuously decoding imagined movenoentSEG
signals in a BCI experiment involving five subjects that performebree-phase task:
calibration, practice, and target acquisition. During the calibrapibase, subjects
imagined moving their right arm/finger to track a cursor that moved in two diorensn
a computer screen (10 min). A decoding initialization procedurethes executed to
find the decoder parameters that best mapped 34 EEG signals to dldsmizental and
vertical cursor velocities (=10 min) (Bradberry et al. 2@10leurosci30). Through
subsequent investigation of the cortical sources that encoded for observed cursty;, veloci
a large neural network that comprised brain regions considered afpdn® human
mirror neuron system (MNS) was engaged. During the practiasephafter an initial
manual adjustment of cursor speed to comfortable values by invesdigatlO min),
subjects used the calibrated decoder to move the cursor withthiogights in two

dimensions as desired without task constraints for 10 min. Duringuthet tacquisition



phase, subjects used their thoughts to move the cursor to a targedppesred
pseudorandomly at the top, bottom, left, or right side of the comput@&nsdfesubjects
did not acquire the target within 15s, the trial was aborted, andvaanget appeared.
Four 10-minute runs of target acquisition were performed. The mesdangard error
(SE) of the target hit rate was 73 £ 4% across subjectsuasd A snapshot of cortical
sources that maximally encoded for cursor velocity duringtdnget acquisition phase
primarily differed from that of the calibration phase by revepnla more widespread
involvement of the primary sensorimotor cortex and decreased invaiveofethe
putative MNS. Our results suggest that the reported approach toumrgly decoding
imagined movements from EEG signals substantially reducesinggatime for
noninvasive BCI systems and allows for unigue insights into the alréigions involved
in encoding imagined and observed movements under different task acusstrai
Moreover, our decoding method serves as a novel tool for studyintpveédopment and
plasticity of neural representations underlying action observatidraetion production at

the macroscale afforded by EEG.

Introduction

Brain-computer interface (BCIl) systems may potentially provitgvement-impaired
persons with the ability to interact with their environment usingy ¢dméir thoughts to
control assistive devices such as communication programs and stfarlaarms.

Currently the most promising BCI systems rely on neuralassgacquired noninvasively

with electroencephalography (EEG) (Wolpaw and McFarland 200#)vasively with



microelectrode arrays seated into cortical tissue (Hochbergal. 2006) or

electrocorticography (ECoG) (Schalk et al. 2008).

Noninvasive EEG-based BCI systems for 2D cursor control requlvgects to learn to
modulate sensorimotor rhythms to move a cursor to acquire taf@aipaw and
McFarland 2004). These types of studies based on sensorimotor shghuired weeks
to months of training before satisfactory levels of performameeattained. Relative to
EEG signals, the increased signal-to-noise ratio and bandwidtivadively acquired
neural data are commonly thought to be factors that reduceathmg¢ time required by
users of invasive BCI systems (Schalk et al. 2008). In addition, stodlieetraplegic
humans with implanted microelectrode arrays have exclusively dématmas2D control
of a cursor through imagined natural movement (Hochberg et al. 2006etkam2008).
This decoding of imaginedatural movemenis also a likely factor in reduced training

time.

However, recently several off-line decoding studies demonstthéedeconstruction of
cursor and hand kinematics from noninvasive magnetoencephalography i@ GEG
(Bradberry et al. 2009a, 2010). The noise and bandwidth limitations of thevasively
acquired signals did not impede decoding kinematiagsatadral movementThis finding
infers that a BCI system based on the decoding method reported enstinoses may
require little training time. In this study, we sought to investighe use of the decoding
method reported in those studies in an EEG-based BCI system dusingle session

lasting less than two hours that required only a brief (10 minpratibn phase.



Moreover, we hypothesized that if the neural representation of \isoxament during
observation could be decoded, this information could be harnessed focdméiol of a
computer cursor as previously demonstrated by invasive studies (Hgpattbal 2006;
Kim et al. 2008). Thus, we examined the involvement of neural regioesdading
cursor velocity during observation of computer-controlled cursor moveamehtiuring

tasks requiring a brain-controlled cursor to acquire targets in 2D space.

Materials and methods

Experimental tasks

The Institutional Review Board of the University of MarylandCallege Park approved

the experimental procedure. After giving informed consent, five lheatight-handed
subjects performed a three-phase task: calibration, practiceamed acquisition. In all
phases, their EEG signals were acquired while they sat upnghtchair with hands
resting in their laps at arm’s length away from a compuatenitor that displayed a
workspace of dimensions 30 x 30 cm and a cursor of diameter 1.5 cm (0.20% of
workspace) (Fig. 3.1). Subjects were instructed to remain stilfedax their muscles to

reduce the introduction of artifacts into the EEG recordings.
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Fig. 3.1. Diagram of data processing flow for EEG-based BCIl experimaitien the
switches are in positionA, the system is in observation/calibration mode. In
observation/calibration mode, a subject observes a replay of a pb@css cursor
movements on a computer screen while data from N (34) EEG semearsntinuously
acquired by an EEG system that amplifies and band-pass fitterdata fronfrg; (0.01)

to Fg2 (30) Hz before storing them. Afterwards, the EEG data and olosewesor
velocity are used to compute the decoder weights. When the switehespositionB,
the system is in practice or target acquisition mode. In peastade, after the EEG data
are stored, they are continuously temporally differenced, low{fpesed atF 1 (1) Hz,
laggedL (11) times (a lag of 0 also occurs), decoded for cursor velbgitiie calibrated
decoder from the preceding calibration phase, low-pass filganh atF , (1) Hz, and

gain adjusted before being displayed on the computer monitor as f@sdakhck to the



subject. The practice mode differs from the target acquisition modbeat, during
practice, the gains preceding the cursor display are manufllgted by investigators
(difference not depicted in diagram), and no targets are presehe screen (unlike the
screen in the diagram that shows a target on the rightlargett acquisition mode,
subjects attempt to move the cursor to targets that appear pselaioha at the left,

right, top, or bottom of the screen.

Calibration

During the 10-minute calibration phase, subjects were instructetatine moving their
right arm/finger to track a computer-controlled cursor that movedendimensions on
the computer screen. The movements of the computer-controlled cursogevesrated
by replaying a pilot subject’s brain-controlled cursor movemfata one of his practice
runs (this pilot subject did not participate as one of the five sishja this study).

Histograms of the horizontal and vertical positions and velocitieth@fcomputer-

controlled movements indicated approximately uniform coverage of thkspace and
biological motion respectively (Fig. 3.2). The decoding procedure degdribe section

below was subsequently executed (~10 min of computation time)iltoatalthe decoder
so that it best mapped the EEG signals to observed horizontal anchlveursor

velocities. During pilot testing, we discovered that asking subgectisually fixate the
center of the workspace while simultaneously tracking the cuadded attentional
demands that burdened the subjects and likely compromised the decbdisfpre, we

told subjects they were free to move their eyes but to alwaystam eye contact and

spatial attention with the moving cursor.
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Fig. 3.2. Histograms of observed cursor kinematics during the calibrai@se. (A)
Histograms of horizontal (left) and vertical (right) positiomslicated approximately
uniform coverage of the workspace. (B) Histograms of horizoiedl) and vertical
(right) positions inferred movements with bell-shaped velocity leoffalthough these
are more super-Gaussian than typical point-to-point movementsatindiof biological
motion. The velocity histograms actual peak near 5000 but were truiscetieel shape of

the base could be viewed.

Practice

During the practice phase, the subjects used the calibrated dexattempt to move the
cursor with their thoughts in two dimensions as desired (withoutc@sstraints). They
were instructed to figure out for themselves how to best contrauts®r by exploring

the workspace. They were also informed as to where the taoggions would be in the



target acquisition phase that would follow. Again, they were freendoe their eyes.
During the initial portion of the practice phase, horizontal and vergaams were
independently adjusted by the investigators to balance cursor spied e velocity of
the brain-controlled cursor was comfortable to the subjects. Altergains were
manually adjusted (~10 min), subjects practiced moving the cursihouwv task

constraints for 10 minutes.

Target acquisition

During the target acquisition phase, subjects were instructed to use their shiouglolve
the cursor in two dimensions to reach a peripheral target (1.3% ofpagsthat would
appear pseudorandomly at the top, bottom, left, or right side of the eamsprten (Fig.
3.1). They were informed that if they did not did not acquire the tangiein 15 s, a new
target would appear, and the trial was considered a failure. Feumil@e runs of target

acquisition were performed with a 1-minute rest interval between runs.

Data acquisition

A 64-sensor Electro-Cap was placed on the head according ¢xtdraled International
10-20 system with ear-linked reference and used to collect 58 chafiiiss activity.
Continuous EEG signals were sampled at 100 Hz and amplified 1000 Vimes
Synamps | acquisition system and Neuroscan v4.3 software. Additioha&l\EEG
signals were band-pass filtered from 0.01 to 30 Hz. ElectroocHfaG] activity was
measured with a bipolar sensor montage with sensors attached sapénoferior to the

orbital fossa of the right eye for vertical eye movements arttiéd external canthi for



horizontal eye movements. The EEG signals were continuously sehé tBGI12000
software system for online processing and storage (Schalk let 2@04,
http://bci2000.org). BCI2000 was responsible for moving the cursor based on our
decoder function, which we integrated into the open source softwstensyBCI2000
was also responsible for storing cursor movement data as wedllasting markers of
workspace events such as target acquisition. ElectromyographiG)(EMnals were
amplified and collected at 2000 Hz from two bipolar surface eleetrader the flexor
carpi radialis and extensor digitorum muscles of the right foreasing an Aurion

ZeroWire system (10-1000 Hz bandwidth, constant electrode gain of 1000).

Decoding method

The decoding method employed in this study has been previously deswilgd only
briefly be described here (Bradberry et al. 2010). First, a Haarder, low-pass
Butterworth filter with a cutoff frequency of 1 Hz was appliedhe kinematic and EEG
data. Next, the first-order temporal difference of the EEG daa computed. To

continuously decode cursor velocity from the EEG signals, a lineadaey model was

employed:
N L

X[t] X[t 1] ay bﬂkXS"l[t k] (31)
nlk 0
N L

vit] vt 1 a, BrShlt K] (3.2)
nlk O

wherext Xt 1] andyt yjt 1] are the horizontal and vertical velocities of the cursor

at time samplée respectivelyN is the number of EEG sensoks(= 11) is the number of



time lags,S,t k is the difference in voltage measured at EEG semsdrtime lagk,

and thea andb variables are weights obtained through multiple linear regressidg. O
the most important sensod € 34) for velocity reconstruction found in Bradberry et al.

(2010) were used for decoding.

For the calibration phase, a 10x10-fold cross-validation procedure mplbyed to
assess the reconstruction accuracy of observed cursor velootyEEEG signals. In this
procedure, the entire continuous data were divided into 10 parts, 9 eaetused for
training, and the remaining part was used for testing. The-cadsstion procedure was
considered complete when each of the 10 combinations of training angd tietia were
exhausted, and the mean Pearson correlation coeffigigrbefween measured and
reconstructed kinematics was computed across folds. Prior to computiregkinematic
signals were smoothed with a fourth-order, low-pass Buttemwidter with a cutoff
frequency of 1 Hz. For the ensuing practice and target acquipitiases, the regression
weights @ andb variables) for the cross-validation fold with the highestere used for

online decoding.

Scalp maps of sensor contributions

To graphically assess the relative contributions of scalp reg¢gotige reconstruction of
cursor velocity, the decoding procedure described in the section aboveumvam
standardized EEG signals, and the across-subject mean of theudeagpfitthe besb
vectors (from Egs. (3.2) and (3.3)) was projected onto a time d4eti#8-0 ms in

increments of 10 ms) of scalp maps. These spatial renderingsnebr contributions



were produced by the topoplot function of EEGLAB, an open-source MéSTioolbox

for electrophysiological data processing (Delorme and Makeig 2004;
http://sccn.ucsd.edu/eeglabl/), that performs biharmonic spline integootdtthe sensor
values before plotting them (Sandwell 1987). To examine which timeneagsthe most
important for decoding, for each scalp map, the percentage of nemias contribution

was defined as

N

Jood by? by

niy niz
%T, 100% NMLJ = 2 2 (3.3)
bnkx bnky bnkz

nlk 0

for all i from O toL, where % is the percentage of reconstruction contribution for a

scalp map at time laig

Source estimation with SLORETA

To better estimate the sources of cursor velocity encodingysee standardized low-
resolution brain electromagnetic tomography (SLORETA) so&twaersion 20081104
(Pascual-Marqui 2002; http://www.uzh.ch/keyinst/loreta.htm). Preprate@ew/-pass
filtered and differenced) EEG signals from all 34 channeleémh subject were fed to
SLORETA to estimate current sources. Finstyalues were computed between the
squared time series of each of the 34 sensors with the 6239 timas em the
SLORETA solution and then averaged across subjects. Second, the ntlean wdlues
multiplied by the regression weights (from Egs. (3.1) and (3.2)) of their associated
sensors were assigned to each voxel. The regression weightedraguiled from the

regression solution at the time lag with maximurf,%hich had the highest percentage



of reconstruction contribution. Third, for visualization purposes, the uppetilguair
voxels ¢ values weighted bly) was set to the value one, and the rest of tredues were
set to zero. Finally these binary-thresholde@lues were plotted onto a surface model of

the brain.

Eye and muscle activity analysis

To assess the contribution of eye activity to decoding, the decqulowgdure was
executed off-line with channels of vertical and horizontal EOgvigcincluded with the
34 channels of EEG activity. The percent contribution of these legenels was then
assessed by dividing the absolute value of their regression wéighte sum of the
absolute value of all the regression weights. To assess whethsslemactivity
inadvertently aided cursor control, we cross correlated EMBats from flexor and
extensor muscles of the right forearm with xrendy components of cursor velocity over
200 positive and negative lags (-2s to 2s in increments of 10ms). tBritve cross
correlation, the EMG signals were decimated 20 times giiglyiag a 40 Hz low-pass
antialiasing filter, rectified by taking the absolute value, [mags filtered with a fourth-

order, low-pass Butterworth filter at 1 Hz, and first-order differenced.

Results

Calibration
During the calibration phase, subjects tracked the movement of putemtontrolled
cursor, and we subsequently calibrated the decoder based on the destr aed EEG

signals. We quantified the accuracy of each subject’s calibrated déxgodemputinghe



mean of Pearsontsbetween measured and reconstructed cwedorities across cross-
validation folds (Fig. 3.3). Across subjects, the decoding accuracigsandy velocities
were correlatedr(= 0.67) even though the decoding accuracy Xovelocity was
consistently higher than that fgrvelocity. The across-subject meamalues forx andy
velocities were 0.68 and 0.50 respectively, indicating high decoding agcima

observed cursor movement.
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Fig. 3.3. EEG decoding accuracy of observed cursor velocity during thieratadn
phase. We computed the mean * standard error (SE) of the decoding acuratie=s)
across cross-validation folds € 10) for each subject for (black) andy (white) cursor

velocities.

Scalp maps of sensor contributions to the reconstruction of observed owgements
in the calibration phase depicted the contributions astaork of frontal, central, and
parietal regions (Fig. 3.4\Vithin this network, sensors over the frontocentral (F1, FCZ)

and primary sensorimotor cortices (CP1-CP4) made the greatgsbution. Concerning



time lags, EEG data from 50 ms in the past supplied theinfoshation with 12.4% of
the total contribution. In source space at 50 ms in the past, thenpedagyrus (PrG),
postcentral gyrus (PoG), lateral premotor (LPM) cortex, suptmporal sulcus (STS),
and dorsal and ventral portions of lateral prefrontal cortex Jui#*&/ed a large role in

the encoding of observed cursor velocity (Fig. 3.5).

Fig. 3.4. Scalp sensor contributions to the reconstruction of observed cursor welocit
during the calibration phase. Mean< 5) scalp maps of the sensors revealed a network
of frontal, central, and parietal involvement. In particular, F1Z, and CP1-CP4 made
the largest contribution. Light and dark colors represent high and lowilzdats,
respectively. Each scalp map with its percentage contributiahsayed above its
associated 10 ms time lag, revealing the 12.4% maximal contmbotiEEG data at 50

ms in the past.



Fig. 3.5.Sources that maximally encoded observed cursor velocity duringlibeation
phase. We overlaid localized sources (yellow) from 50 ms in theopesa model of the
brain in different orientations to reveal the involvement of the PrG (1), PoG (2), 8RM (

STS (4), and dorsal and ventral LPC (5).

Target acquisition

During the target acquisition phase, subjects controlled the curdotheir EEG signals
to hit targets that appeared one at a time pseudorandomly aftthed, right, or bottom
of the workspace. The length-normalized cursor paths confirmed thecwilgbility to

move from the center to the target (Fig 3.6).



Fig. 3.6.Mean brain-controlled cursor paths. Each colored path is the méam lehgth-
normalized trials for a single direction (left, top, right, or bolt@oross all trials of all
runs for a subject. Trials in which subjects did not acquire tigettarithin 15 s were not

included in the analysis. The workspace dimensions were 30 x 30 cm.

For each target of each subject, the target hit rate andmeoxdime (MT) across runs
are given in Table 3.1. The overall means + SE of the hit rate dngdeévke 73 + 4% and

8.18 £ 0.18 s.

To examine whether subjects adapted across runs of the targetitemyyphase, the
target hit rate for all targets taken together was fittesbsac runs with a double
exponential curve for each subject (Fig. 3.7). The hit rate of g¢alffeand 4 worsened
initially and then began to improve. Only subjects 3 and 5 demonstragety glesitive

adaptation.



Table 3.1.Mean (SE) of the hit rate and MT for each target of each subject acro¢a runs

= 4)
Left Top Right Bottom Mean
Hit Hit Hit Hit Hit
MT MT MT MT MT
% % % % %
94 7.30 66 8.80 98 7.43 55 10.7 78 8.56
Subject 1
(2) (0.60) (8) (057) (2) (0.49)  (9) (0.68)  (11)  (0.80)
83 8.97 96 7.70 85 7.68 85 7.12 87 7.87
Subject 2
(5) (0.49 (4) (0.49 (2) (0.55) (4) (0.40) 3) (0.39)
84 7.51 45 11.8 100 5.50 67 8.89 74 8.44
Subject 3
(9) (053) (4 (0.93) (0) (0.37)  (9) (0.58)  (12)  (1.33)
71 6.86 33 9.49 65 9.87 21 8.59 47 8.70
Subject 4
(7) (0.67) (7)) (1.42) (8 (0.79) (4) (1.39) (12)  (0.67)
57 10.0 100 5.58 60 9.06 100 4.59 79 7.32
Subject 5
(14) (0.69) (0) (0.26) (18) (0.70)  (O) (0.18)  (12) (1.32)
78 8.13 68 8.69 81 7.91 65 7.98 73 8.18
Mean

(6) (0.60) (13) (1.03) (8) (0.75) (14)  (1.02) (4)  (0.18)




Fig. 3.7. Changes in target hit rate across runs. Each bar represengsgiehit rate
across targets. A double exponential curve was fitted to the tatgates across runs for
each subject (red). The coefficient of determinatiof) @ the fit is displayed within

each subplot. Subjects 3 and 5 most clearly demonstrated positive adaptation across runs

Scalp maps of sensor contributions to the brain-controlled cursor yelgmié generated
from the mean of each subject’s best run in the target acquiptiase. They depicted
the contributions as having shifted to be more focused within cengiahse(Fig. 3.8).

As in the calibration phase, EEG data from 50 ms in the past edpffle most

information with 12.1% of the total contribution. In source space at 50hrtisei past,



compared to the calibration phase, a large shift occurred froman(feointo-central) to
posterior (centro-posterior) neural regions. More specificaltgre was much less
involvement of the LPC, the PrG and PoG exhibited an even more widésprea

involvement, and the inferior parietal lobule (IPL) made a large contribution3Rig

Fig. 3.8. Scalp sensor contributions to the brain-controlled cursor velocitygllhie
target acquisition phase. Mean € 5) scalp maps of the sensors weights from the
subjects’ best runs revealed a network that had shifted to involve ceatral regions
than the network of the calibration phase. Light and dark colors reptagénand low
contributors, respectively. Each scalp map with its percentagelditn is displayed
above its associated 10 ms time lag, revealing the 12.1% maximdbatah of EEG

data at 50 ms in the past.



Fig. 3.9. Sources that maximally encoded brain-controlled cursor velakiting the
target acquisition phase. We overlaid localized sources (yellmw) 50 ms in the past
onto a model of the brain in different orientations to reveal a sutstaavolvement of
PrG (1) and PoG (2) and some involvement of LPM (3). As in thbrasibn phase, the
STS (4) was involved. In contrast to the calibration phase, the LPQla¥ed a minor

role, and the IPL (6) played a major role.

Contributions of eyes and muscles

A concern in BCI studies is that eye or muscle movements ordgroinate EEG signals
thereby inadvertently aiding the control of a device/environment that should be leontrol
by thought-generated neural signals alone. In the pilot testing for our stedgund that

asking subjects to visually fixate the center of the workspacée veiinultaneously



tracking the cursor added attentional demands that burdened the sualneclikely

compromised the decoding; therefore, we did not constrain eye movemewesvédl, we

executed the off-line decoding procedure with channels of vedrhlhorizontal EOG
activity included, and assessed the percent contribution of thesehagyaets (Table
3.2.). The percent contributions were low for the calibration and tacoggiisition phases
except for a very high percent contribution (94.9%)xteelocity reconstruction for
Subject 4 during target acquisition. Interestingly, this subjectth@adowest decoding
accuracy of all participants, suggesting that eye movementsptidr decoding. To
assess whether muscle activity aided cursor control, we covsslated EMG signals
from flexor and extensor muscles of the right forearm withxtlaady components of

cursor velocity to find that all correlations were low (Table 3.3.).



Table 3.2.Percent contribution of EOG activity to cursor velocity reconstruction

Target
Calibration acquisition

(best run)

Subject1 030 158 0.00  0.01

Subject2 000 001 020 018

Subject 3  1.99 9.60 154 047

Subject4  0.00 0.01 94.9 0.04

Subject5 034 065 006  0.03




Table 3.3.Mean (SD) of maximum absolutevalues from cross correlation of forearm

flexor and extensor EMG activity withandy components of cursor velocity

Target acquisition

Calibration
(best run)
X Y X Y
Flexor 0.05(0.04) 0.05(0.04) 0.04(0.02) 0.07 (0.03)

Extensor  0.03(0.02) 0.04 (0.01) 0.07 (0.08) 0.05 (0.04)

Discussion

In this study, we report the first EEG-based BCIl systhiat £mploys continuous
decoding of imagined continuous hand movements. Furthermore, we erepthasithe
system requires only a single session of decoder calibration arettspbactice (~40
min) before subjects can operate it. The off-line decoding resiulkee calibration phase
that used observation of biologically plausible cursor movement wghermthan those
of invasive BCI studies and may imply, as discussed below, the invehteof a
widespread MNS in humans. Also discussed below is the fact thae iontline target
acquisition phase, subjects controlled a cursor with their EEG Isigalane with
accuracies comparable to other noninvasive and invasive BCI studies at 2D cursor

control.



Calibration

BCI systems are ultimately intended for movement impairedoper therefore, it is
important that the decoder calibration and/or subject training guoes not require overt
movement. For this reason, we used a decoder calibration procedula somihat
described by Hochberg et al. (2006) that requires only observatidmolafgically
plausible cursor movement. This type of training for BCI syst@nesumably engages
the MNS, which predicts and interprets one’s own actions and thensaif others
(Tkach et al. 2008). In fact, neuronal activity acquired from intrazartnicroelectrode
arrays implanted in the dorsal premotor cortex (PMd) and the aaea of the PrG
(primary motor cortex, M1), common sites for BCl-related studighjbits qualities of
mirror neurons during observation of cursor movements (Cisek and kKa3¥04;

Wahnoun et al. 2006; Tkach et al. 2007).

Current electrophysiological correlates of the putative humas Mis acquired through
EEG, are based on modulation of the mu rhythm (8-13 Hz), which exsilpfgession
during action observation and action performance (Perry and Bentin 2009¢ EBE&
correlates at the scalp level have been reported to be simitanse revealed by neural
hemodynamics acquired with functional magnetic imaging (fMfRerry and Bentin
2009). However, for examining, in spatial detail, the widespreadonik$wof cortical
regions that may compose the human MNS, arguably fMRI is condibgrenany to be
the best tool. Since our examination of cortical sources that enaimsived cursor
velocity revealed some regions commonly held to comprise the canboiwain MNS

(ventral LPM, STS, and LPC (lacoboni and Dapretto 2006)) and regionste@iyo



containing mirror neurons related to the task (PMd, M1) (Cisek Kaddska 2004;
Wahnoun et al. 2006; Tkach et al. 2007), our method may provide detailed tearmgbra
spatial temporal information about the internal representations af ddmgerved and
executed actions, which is not provided by the study of mu rhythmndgsaor
hemodynamics alone. Therefore, our approach may be suitable dog fovestigation
into the development and plasticity of the hypothesized MNS in hunhatesestingly,
that our subjects’ mean decoding accuracy was double that ofssthidieacquired neural
signals with intracranial microelectrode arrays (Kim let2808; Truccolo et al. 2008)
could be attributed to capturing more information for reconstructiorecyrding neural
signals from an MNS network instead of only mirror neurons in M1. Qethod also
provides further evidence that the MNS is involved during observedram@vement by
indicating the presence of planning activity that peaks an$ the past, excluding the
decoding of passive viewing as an explanation and suggesting predistcoding

informed by forward models (Miall 2003).

Target acquisition

Our study is the first noninvasive EEG-based BCI study to engmatinuous decoding
of imagined natural movement. Previous work in EEG-based BCI sydtentursor

control required subjects to learn to modulate sensorimotor rhythm®ve the cursor
akin to neuro/biofeedback training. These studies based on sensorimgiomsh
required weeks to months of training before levels of performance wWeemed
sufficient for reporting (Wolpaw and McFarland 2004). We believe dbethat we used

a decoder based on imagined/observed natural movement reduced theg trai



requirements of our study to only a single brief practicei@e$s20 min), a significant

advancement. Table 3.4 compares our study to Wolpaw and McFarland (2004).

An ECoG study based on sensorimotor rhythms for 2D cursor conttdiataobjectives

similar to ours also observed that several subjects clearpteatiaver a short period of
time (Schalk et al. 2008). Although this ECoG study reduced tratimmeg compared to
Wolpaw and McFarland (2004), some drawbacks included that pre-trainiegvias still

taken for the initial selection of control features and foning subjects to first move the
cursor in one dimension at a time. We were able to bypassttheg@e-training steps.
Another drawback of the ECoG study was that all five subjeets agert movement for
initial selection of features, and two subjects used overt movehrewnighout the study.

Table 3.4 compares our study to Schalk et al. (2008).

The results of our target acquisition phase compare favorably to ithdséraplegic
humans that were implanted with intracortical arrays in theaea of M1 (Hochberg et
al. 2006; Kim et al. 2008) even though the performance results of shagies (Table

3.4) were only computed on data collected weeks to months after training began.



Table 3.4.Comparison to most relevant human BCI studies of 2D cursor control

Number Target size
Neural Timeout Movement Target
of as % of
data (s) time (s) hit%
subjects workspace
Wolpaw and
4 EEG 4.9 10 1.9 92
McFarland 2004
Hochberg et al. single
1 NA 7 2.5 85
2006 units
Kim et al. 2008 single
2 1.7 7 3.1 75
units
Schalk et al.
5 ECoG 7 16.8 2.4 63
2008
Present study 5 EEG 1.3 15 8.2 73

Besides differences in training time, our study differs framdforementioned studies in

its reporting of cortical sources involved in encoding cursor contra. Mbst notable

differences between the regions that encoded for observed cursatyvalwt brain-

controlled cursor velocity were with the PrG, PoG, IPL, and LPCreTlas a more

widespread contribution from the PrG, PoG, and IPL during brain conthathveould

simply reflect the increased involvement of imagined motor execution (Milkdr 2010)

especially since these regions have previously been shown toghgeel in encoding

cursor kinematics (Jerbi et al. 2007; Bradberry et al. 2009a). diteilution from the

LPC was largely attenuated during brain-controlled cursor movemenggesting a



transition out of the imitative learning environment of cursor obsemwdgWogt et al.

2007).

In the near future, it will be important for patients with inmpdiupper limb movement to
test our noninvasive BCIl system since they are the target papufati this assistive
technology. Since our results indicate that calibration of our decodemaial subject
practice require a short amount of time in a single sessioexpext to avoid burdening
patients with a lengthy training. Employing our method will alsermit future
investigations into the putative human MNS, potentially providing @urthsights into

training protocols for BCI systems.
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Appendix A: Demographics and Institutional Review Bard

(IRB) approval

A.1. Demographics
The subjects of all studies were right-handed mbhéts/een the ages of 18
and 45 recruited from the students and facultyhefWniversity of Maryland

at College Park.



A.2. IRB approval of human subjects research

A.2.1. MEG study of Chapter 1

IRB approval letter



IRB-stamped consent form






A.2.2. EEG studies of Chapters 2 and 3

IRB approval letter






IRB-stamped consent form
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