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Abstract—We present a nonlinear unmixing approach for are estimated blindly from the data. Hence, the ICA approach
extracting the ballistocardiogram from EEG recorded in an  can only unmix to the extent that the mixture model is valid
MR scanner during simultaneous acquisition of fMRI. First, an combination with the independence assumption. For finea
overcomplete basis is identified in the EEG based on a custom L . .
multi-path EEG electrode cap. Next, the overcomplete basis is unmixing, the rank of the EEG and BCG matrices are r'equwed
used to infer non-Kirchhoffian latent variables which are not t0 add up to (and not exceed) the data rank. But since the
consistent with a conservative electric field. Neural activity is EEG is in itself of full rank, such a rank constraint produces
strictly Kirchhoffian while the BCG artifact is not, and the  deficient ‘source’ matrices. In fact, in order to avoid defiay
representation can hence be used to remove the artifacts froniné of the cleaned source matrix, one should extract more ssurce

data in a way that does not attenuate the neural signals neededrfo than th b f th btaini let
optimal single-trial classification performance. We compare our an the number of Sensors thus obtaining an overcomplete

method to more standard methods for BCG removal, namely ICA epresentation. To remove the BCG, it turns out that we do
and OBS, by looking at single-trial classification performance for not have to learn the overcomplete basis as was generally

an auditory oddball experiment. We show that our overcomplete suggested in [8]; instead we show that the artifact removal
representation method for removing BCG artifacts results in - r5pjem can be tackled in two steps: 1) Spatial information
better single-trial classification performance compared to the from a bipolar EEG electrode configuration, made possible
conventional approaches, indicating that the derived neural _ ! i
activity in this representation retains the complex information DYy use of a custom EEG cap, results in an overcomplete basis
in the trial-to-trial variability. which isknown The latent variables of the mixture are inferred
by maximizing the posterior assuming a Laplace prior for
the non-Kirchhoffian embedding and a uniform prior on the
HE ballistocardiographic (BCG) artifact is a very strongirchhoffian part. Such nonlinear source inference allows u
contaminant of EEG that is acquired simultaneousks extract a latent variable matrix which has more rows and
with fMRI. This artifact is believed to arise via electro-higher rank than the original data matrix. 2) We show how
magnetic induction from heart beat related movement @fmporal information can be incorporated by solving an ICA
the head/electrodes and also from flow related phenomeastablem in the latent variable matrix. In this way, the atif
when a subject is situated inside the extremely strongcstatomponents are subtracted to produce the underlying EEG. To
magnetic field of an MRI scanner, see e.g. [1]. Several mathagetermine the quality of the resultant EEG signals we compar
have been proposed for removing BCG artifacts from EEGur new method to other artifact removal methods, namely
These include averaging [2], independent component a@salysfomax ICA and OBS, by considering EEG data collected
(ICA) [3], adaptive filtering [4] and PCA ‘optimal basis skts simultaneously with fMRI for an auditory oddball task. Ugin
(OBS) [5]. These methods can provide cleaner looking EE§ignal detection theory, we compute the area under the curve
with reduced power at the BCG frequencies, however, {AUC) of the receiver operating characteristic for singlet
our hands, they reduce single-trial EEG classificationguerf EEG classification of target vs. standard trials for eacthef t
mance when compared to not removing BCG at all. That igifferent BCG removal methods, and can thus determine which
these methods attenuate or distort that part of the underlyimethod minimally distorts the underlying neural signal.
neural signal informative for single-trial classificatiomhis
finding may be specific to situations where the number of I
trials is extremely limited. However, for such cases, gngl
trial classification methods are appealing because they &reSimultaneous EEG and fMRI acquisition
supervised and multivariate (e.g. can integrate spafjadigd  We recorded simultaneous EEG/fMRI for 12 subjects per-
are hence applicable to recordings with very low SNR [6forming an auditory oddball task. A sequence of short tones
[7]. Template or regression based BCG removal approachesre played, and subjects were asked to stay alert and press
assume that the BCG artifact is reproducible, and thatzaputton when they heard the ‘target’ tone, which was a
reference electrocardiogram (ECG) recording is availddld  pure tone with a higher pitch (500 Hz) than the ‘standard’
approaches, on the other hand, are appealing because theyogle (350 Hz). Pitch and timing parameters were meant to
not rely on an ECG regressor signal, and they do not assum@tch previous auditory oddball fMRI-only experimentse se
that the artifact is exactly reproducible. However, for I@®% [9]. Each subject was presented 50 target and 200 standard
artifact is extracted by linear unmixing using matricestthaones. Stimulus intensity was set to 85 dB as measured at
. . . . the headphones. Tones were presented for 200 ms with an
Manuscript received April 24, 2008; revised June 26, 2008s Work was . . . . o
supported by the National Institutes of Health (NIH) undea@ EB004730. inter-stimulus interval (ISI) chosen from a uniform dibtrtion
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fMRI data were collected on a 1.5T scanner (Philips Medicabltages at each electrode are due to a current flowing throug
Systems, Bothell, WA). Functional EPI data were acquireal resistance, as is the case for true EEG voltages — we can
using 15 slices of 64 x 64 voxels with in-plane resolution dplit any differential measurement in two patis = e, + n,
3.125mm and slice thickness of 8mm. Repetition time (TRyheree, is a voltage that sums to zero over closed loops
was 3000ms with an echo time (TE) of 50ms. EEG waas is necessary for resistively generated voltages gnis
collected simultaneously using a custom-built MR-contgati everything else. Hence, both the true EEG and the multi-
system consisting of a cap which is an array of 36 custopath consistent (Kirchhoffian) part of BCG artifact assigms
Ag/AQCl electrodes (BioMed Products LLC, HI, USA) and 43, but, as the loops cover different areas and are perturbed
custom differential amplifiers [10]. Each electrode hakagit in slightly different ways, the remaining part of the inddce

2 or 3 leads to produce a hard-wired bipolar montage. &ignal will not be multi-path consistent and will thus be
this way, leads from neighboring electrodes can be twistedsigned ta,. Note the fundamental property of Kirchhoffian
together to minimize inductive noise thereby reducing gmaid loops is that no matter which route we choose between
induced artifacts which are an additional source of noise the two electrodes of channel, adding the piecewise-

the EEG [2]. For safety, non-magnetic IDlsurface mount contributions along that route will always adds up to exactl
resistors (IMS, Inc., Portsmouth, RI) connect the eledroéd,, i.e. £e, £... £ ... £ ¢, = e, where the sum can be
and lead under the electrode epoxy to reduce induced curréaken over any path that connects the electrodes of channel
The lead-pairs then connect to separate differential dimi p, and the individual +' can be either+ or — depending on
and the 36-electrode cap thus forms a chain of 43 bipoldyre amplifier polarities in that loop relative to the amplifie
electrode pairs around the scalp, see Fig. 1(a). The EPGlarity of ¢,. Also note that this property does not hold for
(and concurrent ECG) was acquired at 1000Hz sampling rdke n-contributions. Using this property, we can now build
on an ADC driven by a field programmable array (FPGA4 linear system involving the known 43 measurements}

card (National Instruments, Austin, TX). To enable removaind the unknown 86 latent variablés,, n,} by considering

of gradient artifacts, this sampling was synchronized t® tlall possible routes on the wiring diagram leading from the
MR scanner clock, by a transistor-transistor logic (TTL)ggu electrodes of channel without adding the same measurement
at the start of each TR. A software-based 0.5Hz high-pasgce
filter was used to remove DC drift. Gradient artifacts were
then removed by aligning data for each bipolar channel to
the start of each TR and subtracting the mean across TRs. A Tug£...tuy=eptng k... Emy (1)
ten-point (10ms) median filter was then applied to eliminate

the minimal remaining RF artifacts. Software-based 60Hz

and 120Hz (harmonic) notch filters were applied to remowehere the pattern of's and—'s for theu-terms is the same as
line noise artifacts. The high-pass and notch filters west fifor the n-terms. These equations all include one singterm,
designed as second-order Butterworth filters (4Hz stogtbanamely e,,, while adding different combinations of-terms.

for the notch filters), then applied twice (forward in timeThe resulting set of equations can be formulated as a matrix
then backward in time) to be zero-phase to prevent delgyf zeros, ones, and minus ones), denotedMby, so that in
distortions. After recording the EEG/fMRI data, the sulgec matrix notation

would exit the scanner and perform the experiment again—

Up = €p + Ny

this time recording the EEG only. Such ‘outside scanner M,u=[1, M,] ﬁﬂ )
recordings were made for 10 of the subjects (Subject 1 and
Subject 6 excluded). where u is a 43-dimensional vector of all the differential

amplifier measurementsy the corresponding vector af-
terms, andl, a column vector of implicit length filled with
Our custom EEG cap, with its hard-wired bipolar montagenes. The matri®M,, can be determined by exhaustive search
of multi-lead electrodes, forms multiple chains of bipolaknowing the electrode wiring diagram. For instance, given t
electrode pairs (see Fig. 1la) so that each electrode candimgram in Fig. 1(a), there are 70 different routes between
reached by multiple pathways. In this section we show that tirontal electrodes FP1 and FP2. Fig. 1(b) shows some of
multi-path cap provides the necessary redundancy foribgild the rows of Mgpy.pp2 The joint linear system involving all
an overcomplete representation by using the multiple patmeasurements and latent variables is found by consolglatin
between any two electrodes. Ligt denote the (signed) voltage(2) for all channel, however it cannot be inverted since the
measured by a differential amplifier at an arbitrary point imank is lower than the number of latent variables. With our
time; herep is the channel and hence also defines whigtarticular cap, the rank turns out to be 51. Hence, the pnoble
two electrodes are involved in the measurement. Assume tbétinferring the latent variables becomes that of maxingzin
we have more than two electrodes available, and that evéing posterior under an appropriate prior distribution. The
electrode is involved in at least two differential pairs.eThLaplace distribution has been suggested as a genericaifylus
‘bipolar’ configuration of our cap is shown in the electrodgrior in overcomplete representations, and the infereraoe c
wiring diagram in Fig. 1(a) where the lines between eleasodbe carried out by a linear program which minimizes the 1-
represent their connection to a differential amplifier wviessted norm of the latent variables [8]. However, it is clear that
lead pairs. Using the concept of Kirchhoffian loops — thahinimizing the 1-norm of{ &, i} will not uniquely determine

B. An overcomplete method for BCG removal



the balance between, andn,,. In particular, there is the trivial of Oxford Centre for Functional MRI of the Brain (FMRIB)
solution (é,n) = (0,u) from which we learn nothing about [5], [14]. The method uses information from an ECG channel
the Kirchhoffian embedding. In fact, by our initial definitiof to subtract a template based BCG artifact estimate. We used
e, we seek a solution which is as far from this trivial solutiothe default settings of the plug-in for our comparisons.

as possible. This can be achieved by minimizjmg|, without 5 c|assification using BDCA

regard to the norm aé. We solve this problem in the electrode . — L
As mentioned, we have found a significant reduction in

domain, L.e. single-trial classification performance when BCG removal
Vv = argmin ||n|j; = argmin |ju — Av|; (3) methods are applied, relative to classification on the data
. without BCG removal regardless of our choices of classifi-
wherev repres_e_nts eIectrer poten_tlals, a@depreseqts the cation methods. We present here the results from the Bilinea
electrode-amplifier connections. This problem is equivele  pigeriminant Component Analysis method of [7]. The data
inferring {e,n} assuming a Laplace prior am (i.e. a sparse i fist epoched from 200ms before to 1000ms after each
assumption for the non-Kirchhoffian activity) and a uniformg et or standard event. The classifier integrates eacthepo
prior on e. We solve (3) using [11] and finally l&¢ = AV gha4ia)ly and temporally using a number of bilinear ‘cléiesi
andn = u — Av. This solution has the desired property,,nonent projections. For simplicity we set the number of
that, in the event thau is strictly Kirchhoffian, the data qassifier components to one and we use temporally short in-
will remain unaltered if becomes zero). Now, since and o ration, spanning the latencies[200ms 500ms following
n are distinguished by their Kirchhoffian-to-non-Kirchhefii - (i 1ys onset. The classifier hyper-parameters (for smoot
content ratio, the non-Kirchhoffian BCG activity il can be oo regularization) are tuned on the raw data from a single
used to remove BCG activity from. To do so we use ICA g et (Subject 1) using five-fold cross validation, anasth
in the latent space ofe, i}. To be directly comparable to thehyper-parameters are used for training the classifier iotaér
ICA method of [3] we perform the ICA step on temporallysiy ations. The classifier is then trained on individualjeots
concatenated epochs, and for the specific purpose of removifyis, the hyper-parameters fixed), five times each leavirig 20
BCG artifacts, we inspect the component time courses \igUalt the gata out for cross validation, and performances are
and remove all components which are dominated by BCGeasyred and reported using ‘area under the ROC curve,

act?vity. This leads to a varying numbers of Com_po"‘e”Fe. the AUC is based on validation data that was not used
which are then removed from the data by subtracting frogg, training.

u its contributions toé + n. Since the inference is carried

out with a temporal i.i.d. assumption the components are _ ) N
smoothed (lowpass filtered at 15Hz) before subtractions Thi TO assess our method, we compared single-trial classifi-
smoothing/filtering is done by projecting each epoch tempgation performance for three different BCG removal tech-
rally onto a filtering basis, setting the transition freqmemo  niques (including ours) and for data with no BCG removed
15Hz by using a 36 dimensional Discrete Prolate Spheroidé@W data). To avoid comparing across differences in the
Sequence basis known from multitapered spectral analy* leaming we extracted 43 components as would be the
[12]. This choice of transition frequency is simply based of@se Wwith the method of [3]. The number of components
visual inspection and suggests that5 harmonics, having a that were subtracted for each of the 12 subjects were re-
fundamental frequency of 1Hz, will reproduce a realistic@®C SPectively(6,7,6,0,1,2,3,7,9,6,10,4). These numbers were

waveform. Note that this transition frequency is not adjdst determined before computing any AUC values and kept fixed
in cross-validation. for the entire following analysis. Table-l summarizes the

classification performance results for the data acquiredsac

C. Other methods for BCG removal the 12 subjects. Our new method results in the best average

1) BCG removal using ICA on the raw data&fhe ICA single-trial classification performance across the dififeBCG
method of [3] first extracts epochs of raw data, then comethods. Thep value shown in the table is the result of
catenates them temporally and performs an ICA decompm-paired, two-sided, signed rank test (Wilcoxon test); the
sition. Here we use Infomax ICA as it is implemented imull hypothesis is that the performance is identical to tifat
the EEGLAB toolbox [13]. The components are inspectedlassifying the raw data. The result indicated that the aeur
visually, and components with strong BCG contents areyeasdctivity had not been attenuated or distorted by our method,
identified. If too many ‘BCG components’ are subtractedut had been so with the other methogs<{0.05). Some EEG
then eventually the neural signal will also be attenuatedpochs for the raw data and for the new method are shown
and therefore we use the method as conservatively as pos+ig. 2. Looking at the raw versus the cleaned EEG we
sible and subtract onlyhe strongestBCG component’ from see that the cleaned data had visibly reduced BCG artifacts.
the ICA decomposition (strongest in terms of power). Thieig. 3 shows the Event-Related Potentials (ERP) for theetarg

Ill. EXPERIMENTAL RESULTS

resulting cleaned data matrix thus has ratik (43 minus condition — i.e. the average target-epoch across all stshjec
one). Subtracting more components results in worse singléie inside-scanner ERPs are shown in blue and red, where
trial classification. blue represents the raw data and red represents the cleaned

2) BCG removal using OBS on the raw datéor compar- data. The outside-scanner ERPs are shown in green. It is clea
ison with an ECG-based, and easily available method, we ubat the peak structure of the “cleaned” inside the scanner
the FMRIB plug-in for EEGLAB, provided by the University ERPs resemble those of the outside the scanner ERPs much



more than does the “raw” inside the scanner ERPs. Hence,
removing the BCG artifact is necessary for reliable estanat

TABLE |
CROSS VALIDATED AUC FOR DIFFERENTBCG REMOVAL METHODS.

and by using our new method, the BCG removal can be doré%G s s s E)—Sglbje;tsg o 10 1 Dhacl o
without degrading the single-trial classification perfamme. remova Vg P
New method .90 .91 .81 .85 .91 .96 .86 .93 .85 .88 .80 8888 .557
IV. DISCUSSION/ SUMMARY Do nothing| .89 .90 .80 .85 .92 .96 .79 .93 .85 .90 .76 8987 =1
. . . ICA| .89 .89 .78 .86 .92 .96 .80 .92 .85 .88 .73 |88.86 .034
The multi-path based nonlinear unmixing method we have OBS| .89 .91 .75 .75 .87 .86 .77 .87 .87 .89 .77 |8884 .034
described here is a novel method for extracting BCG arsfact |

in EEG acquired in an MR scanner. The approach is partiCrounging the numbers to two decimals.

ularly attractive in that the attenuation of the neural aigs
minimized since all activity that is consistent with a chizugg
electric field is unperturbed. Other methods, particuléntyse
relying on general subspace projections, have the proble
that, even though BCG is substantially reduced, the neur
signal has significant power in the identified BCG subspac
and thus removal of that subspace reduces the neural sigr
This is particularly problematic if one is trying to perform
single-trial analysis on the EEG, where every fraction oBa d
counts. While our method requires a new type of multi-patl
EEG cap that oversamples the electrode space, the sighificary) Electrode wiring diagram.
improvement in discrimination we see with our method over

other BCG removal methods may indicate that in the case IQ(S. 1L
single-trial analysis the use of such novel hardware istyreat pipolar
beneficial.

P8
PO4 4 s
02

N

P03
PO7 |
o1

—
oz

REFERENCES

[1] S. Debener, K. Mullinger, R. Niazy, and R. Bowtell, “Pexties of the

(b) 70 ways to estimate

The average AUC ang values, in the right columns, were

computed before

00000000
0000000
+

00000 00 O+ GACODO
0000000 0O+ GACODO

T4
6500

20000000000

4
20000000000

Pttt
5665850

© 0008 Ot 0 OH 00000
O 2000

@000
@000
@000

900 g+ @ o+ 0000

+

R s i

0 5

1018

20

25

a0

electric

field potential FP1-FP2.

(a) EEG cap electrode wiring diagram showing the goméition
electrode pairs. Each electrode is connected thipteuleads. A
line between two electrodes indicates a connection viatéditead pair to a
differential amplifier. Thus, each electrode is involved inasi@ing more
than one voltage difference. (b) Matrix representation e 70 different
routes between electrodes FP1 and FP2. Symbol ‘+' repreaentselement,

(2]

ballistocardiogram artefact as revealed by EEG recordinds5, 3 and
7 T static magnetic field strengthifit J PsychophysiolJul 2007.
R. I. Goldman, J. M. Stern, J. J. Engel, and M. S. Cohen, tAdng

symbol ‘0’ represents a 1. The first row represents the shortest route which is
simply the measuremenkp1 epyitself. The differential amplifier is connected
with the + terminal on FP1, so the matrix element+sl. The second row

simultaneous EEG and functional MRICIin Neurophysiol. vol. 111,
no. 11, pp. 1974-80, Nov 2000.

G. Srivastava, S. Crottaz-Herbette, K. M. Lau, G. H. Ggvand
V. Menon, “ICA-based procedures for removing ballistocagidam
artifacts from EEG data acquired in the MRI scann@guroimage
vol. 24, no. 1, pp. 50-60, 2005.

G. Bonmassar, P. Purdon, |. P. Jaaskelainen, K. Chiapp&oM, and
B. J. Brown, E. N., “Motion and ballistocardiogram artifagmoval
for interleaved recording of EEG and EPs during MRMeuroimage
vol. 16, no. 4, pp. 1127-41, Aug 2002.

R. K. Niazy, C. F. Beckmann, G. D. lannetti, J. Brady, andV5 Smith,
“Removal of FMRI environment artifacts from EEG data usingiropd
basis sets,Neuroimagevol. 28, no. 3, pp. 720-37, Nov 2005.

L. Parra, C. Alvino, A. Tang, B. Pearlmutter, N. Yeung, Asi®an,
and P. Sajda, “Linear spatial integration for single-trifdtection in
encephalographyNeuroimagevol. 17, no. 1, pp. 223-230, 2002.
M. Dyrholm, C. Christophoros, and L. C. Parra, “Bilineasctiminant
component analysisJournal of Machine Learning Researcol. 8, pp.
1097-1111, May 2007.

M. S. Lewicki and T. J. Sejnowski, “Learning overcomple&presenta-
tions,” Neural Computationvol. 12, no. 2, pp. 337-365, 2000.

D. Friedman, R. Goldman, Y. Stern, and T. Brown, “The braiotient-
ing response: An event-related functional magnetic resmmamaging
investigation,”"Hum Brain Mapp May 2008.

P. Sajda, R. Goldman, M. Philiastides, A. Gerson, and fbwB, “A
system for single-trial analysis of simultaneously acqliEeEG and
fMRI,” IEEE EMBS Conference on Neural Engineefi2§07.

(3]
(4]

(5]

0250800750 0 250500750 0 250500750 0 250500750 0 250500750

(6]

(a) Raw data
[7] Fig. 2.
[8l
[l

visibly reduced.

Fz
OMM‘“NQ

[20]

ERP (V)

ERP (V)

represents the path going through electrodes AF3-F3—-FCIFE2-F4-AF4.
The signs are set according to the differential amplifier fyla

0250500750 0 250500750 0 250500750 0 250500750 0 250500750

(b) Cleaned data

>
=
N

=)

Cz

Epochs for the first five target or standard eventsh edmowing
200ms before to 1000ms after the event, for channels 1-10 amensfor
Subject 11 in two cases (same scale): (a) The raw data with B@faca
One can clearly see the BCG artifact ‘bumps’ in the signal. T cleaned
data using our new method to remove BCG artifact. The BCG attifare

[11] N. N. Abdelmalek, “Algorithm 551: A Fortran subroutinerfthe L1 ® rime (sse) | ® Time (s

1

0 0.5 1
Time (sec)

[ 05
Time (sec)

1

solution of overdetermined systems of linear equatioA§M Transac- -
tions on Mathematical Softwareol. 6, no. 2, pp. 228-230, 1980.

D. J. Thomson, “Spectrum estimation and harmonic anglysteoc. OW/\A‘W
IEEE, vol. 70, no. 9, pp. 1055-1096, 1982.

A. Delorme and S. Makeig, “EEGLAB: an open source toolfmxanal- 0 el
ysis of single-trial EEG dynamicsJournal of Neuroscience Methqgds

vol. 134, pp. 9-21, 2004.

G. lannetti, R. Niazy, R. Wise, P. Jezzard, J. Brook, lambreanu,
W. Vennart, P. Matthews, and |. Tracey, “Simultaneous reiograbf
laser-evoked brain potentials and continuous, high-fiefetfional mag-
netic resonance imaging in human${éuroimage vol. 28, no. 3, pp.
708-719, 2005.

[12]

ERP (V)

-10

(23]

05
Time (sec)
(a) Inside MR scanner
[14]

in green.

1

0 05 1
Time (sec)

Oz

0.5 1
Time (sec)

(b) Outside MR scanner

Fig. 3. ERPs at four different electrodes referenced to eftenhastoid. The
ERP for the raw data is shown in blue, the ERP for the clean&lidahown
in red, and the ERP for 10 subjects recorded outside the Mihscas shown



