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ABSTRACT

Applying the time-delayeddecorrelation(TDD) algo-
rithmto raw datafrom avisualstimulationmagnetoencephalo-
graphic(MEG) experimentwe investigatethe viability of
classificatiorof componentinto artifactor stimulusrelated
componentsTheTDD componentassociatetvith thecar
diacartifactshow astriking similarity with aPrincipalCom-
ponentAnalysis(PCA) of theaveragedardiacartifact. This
could be dueto aviolation of the TDD assumptiongy the
cardiacartifact. Two TDD componentshave time series
peakingconsistentlyat the time expectedfor the primary
responsalueto the visual stimulation,but their field maps
aredifferentfrom theearliestsignalin theaverageesponse.
An identificationof TDD componentswith physiological
sourceieeddurtherinvestigation.

1. INTRODUCTION
A commornway of performingandanalysingosycho-physio-
logical MEG or EEGexperimentsonsistof acquiringmary
epochsof supposedisimilar brain activity andthencalcu-
lating the averageof the recordedsignalswith respectto
the stimulusor anothettime point associatedvith the stim-
ulus[1]. Largely unknown is the relationbetweenthe av-
erageactiity andthe evoked actuvity in the singleepochs,
e.g. variationsof lateng or sourcelocation betweenindi-
vidual epochsseempossible. Usually sucheffects cannot
be studieddue to the noisein the raw data. Independent
Componenfnalysis(ICA) hasbeensuggestedsatool for
theseparatiorof evokedactiity from thebackgroundoise
to obtainevoked singletrial signals[2, 3, 4] or to suppress
artifacts[3, 5, 6, 7, 8, 9].

Applying thetime-delayediecorrelatio(TDD) ICA al-
gorithm[10, 11, 12] to a continuousstreamof raw MEG
dataundervisual stimulation,we showv that TDD compo-
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Fig. 1. Maps from a VEF averagedover 160 identical
epochsare shavn, which cover the earliestactiity asso-
ciatedwith the visual stimulus. A first peakis obsened at
140 msandit is consideredhe primary responsef thein-
ferotemporalisual cortex.

nentsmay have time seriesstrongly correlatedto the vi-
sual stimulus,while having clearly differentfield distribu-
tions comparedto the field mapsof the earliestresponse
in the averagedvisually evokedfield (VEF). A removal of
clearly identifiable componentglueto the cardiacartifact
(CA) givespromisingsingleepochraw datapossiblysuit-
ablefor amodeldrivenanalysisusinge.g.adipole model.

2. VISUALLY EVOKED FIELDS

In twelvevolunteerghevisually evokedMEG responsevas
recordedusing 49 axial gradiometerchannelsof a planar
multichannelSQUID system[13] positionedwith its cen-
tral sensorover T6 (definedin the 10-20 EEG electrode
placementsystem). A sequenceof grey tone imagesof

facesarrangedn a delayed-matching-to-sampfeamdigm

with 0, 1, or 2 interveningitemswereshawvn to thesubjects.
The presentatiortime for faceswas 500 ms followed by a



uniformly grayimagepresentedor 1100ms leadingto an
inter-stimulus-interal of 1.6 s. A pauseof 2.7 s wasin-
sertedbetweenthe individual delayed-matching-to-sample
sequences.

In this paperwe presentatafrom a singlesubjectcho-
senfrom the groupof twelve for its high signalamplitudes
in theVEF, whichreach400fT at140msin onechannelln
Fig. 1 four mapsfrom the VEF calculatedbver 160sample-
facepresentationareshown.

Thesemapscover the first peakin the VEF associated
with the primary responsef the inferotemporavisual cor-
tex andwe denotehemapsin thefollwing asmM120,M140,
etc. The obsened monopolarfield patternis fairly stable
over 60 msshawing only a slight shift of the peakposition.
For display purposesa baselinevectordefinedasthe aver-
ageof the VEF from -200to 0 mswassubtractedn Figs.1
and4, but notfor any of the calculations.Dueto bandpass
filtering of theraw datathe baselinevectorwasalmostneg-
ligible.

3. TEMPORAL DECORRELATION

In the ICA modelfor stationarysourcest is assumedhat
the recordeddataare a linear superpositiorof n functions
of theform f;(t) = s;(t)d;, wheres;(t) is atime dependent
amplitudefunction statisticallyindependentrom all others
anda; is atime independentield patternin them channel
sensorsystem.For our MEG systemthis patternis usually
visualizedas a magneticfield map of the B_-component.
Combiningthe s;(¢) into 3(¢) andthed; into A, the vector
of thetime tracese,; (t) measuredn the sensorchannelds
givenby

#(t) = A3(t). )

Thefunctionss;(t) andthe associatednhapsad; aregen-
erally unknavn. ICA algorithmsconstructa demixingma-
trix W~" fulfilling for thecasen < m

WE(t) = at), 2

wherethew;(t) areidenticalto thes;(t) disregardingan
indeterminang in scaleandordering.For theinterpretation
it is helpful to normalizeeachcolumnw; of W usingthe
L2-norm andthento calculatethe RMS amplitudeof the
resultingtime seriesu; (t).

Testingfor statisticalindependenceanbe doneby cal-
culatingthe time-laggedcross-correlatiorf; (1) between
si(t) ands;(t + 7). Undertheassumptiorof non-zercauto
correlations,statisticalindependenceneansdecorrelation
for all time-lagsr, i.e.

< 8i(t)s;j(t + 1) >= K;;(1)di;. 3)
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This equationis thebasisof the TDD algorithm[10, 11,
12], which requiresthe calculatioan se/elral time-delayed
covariancematricesCi; (1) = 3_; z;(ti)z;(ti +7x), where
:cj (t) denoteslataresultingafterawhiteningof theoriginal
signalusingPCA. Thesematricesaresimultaneouslyiag-
onalizedand the resulting rotation matrix combinedwith
the invertedwhitening matrix yields the demixing matrix
W~!. For morethantwo matricesthis diagonalizatiorcan
be achieved only approximately The TDD algorithmre-
lies on spectraldifferenceg11, 14], which areareasonable
assumptiorior the CA andthe evokedactivity in our exper
iment. Applicationsandvariantsof the TDD algorithmcan
befoundin [6, 8,9, 15, 16,17, 18, 19].

4. SELECTED TDD COMPONENTS

For the TDD calculationwe used180000raw datapoints
from eachof 49 sensorchannelssampledat 500 Hz. Prior
to the TDD calculationthe raw datawere digitally band-
passfiltered between0.4 and 40 Hz to eliminatehigh and
low frequeng noise. The numberof time delayedcovari-
ancematriceswas 500 with a time lag of 20 ms between
succesie matrices. This correspond$o a maximumtime
shift of 10 s, which waschoserto cover the 9 s maximum
length of a delayed-matching-to-sampéequenceln [14]
it was showvn thatthe time delay operationcorrespondso
filtering with a sinusoidalcombfilter with the combfinger
distancedecreasingvith increasingime delay This means
thatusinglargertime shiftscanresole smallerspectradif-
ferencesTo obtaintheresultshonvnin Fig. 2 it wasnecces-
saryto usea maximumtime shift of 10 s. This hintsat the
neccessityo isolatesmallspectradifferencesn our data.

In Fig. 2 selectedcomponentf the TDD calculation
areshavn. The componentvectoris visualizedas a field
map and a 16 s secondsectionof the full time seriesof
360 s andthe spectrumof this sectionis given. The com-
ponentsCAlandCA2areattributedto the CA dueto their
time seriesandtherespectie spectraThetime seriesshav
a periodic peakat intervals of 0.67 s and the spectraare
dominatedvy thecorrespondindpeartfrequeng andits har
monics(i*1.5 Hz,i =1,2,...). The spectraof CAlandCA2
areratherdifferentasthe spectrumof CA2is dominatedoy
theharmonicof theheartfrequeny, whereaghe spectrum
of CAlshows a peakatthe heartfrequeng andits 1sthar
monic. The CA componentswill be discussedurther in
section6.

The arrons above the time seriesof componentd/EF1
and VEF2 in Fig. 2 are positionedat 140 ms after a vi-
sual stimulus. ComponentVEF2 shows always peaksat
this time, the peaksare lesssystematidn the time series
of VEFL The spectraof both componentshon peaksat
0.6Hzin agreementvith theinter-stimulus-interal of 1.6s.
Higher frequenciesare strongerin the spectrumof VEF2
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Fig. 2. Four selecteccomponent®f the TDD calculation.
The map of the componentvector (left), a part of the full
time series(top) andthe spectrunof the partialtime series
(bottom) are shavn respectiely. The arrows indicatethe
M140 timepoints,i.e. a visual stimuluswasgiven 140 ms
beforean arron. Note that the visual stimulationwas not
strictly periodic. The componentsCA1 and CA2 are at-
tributedto the heartbeat(CA) andVEF1andVEF2to the
visually evokedfield.
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Fig. 3. Consecutie evoked epochsin the time seriesof
VEF2displayedasa gray scaleplot. The zeroof thetime
scaleis the start of the image presentation. A stablere-
sponsdo the stimuluscanbeseenat 150ms.

comparedo VEF1 Thisis in agreementith the sharper
peaksin the time seriesof VEF2 andthe stronglow fre-
gueny activity in thetime seriesof VEF1in Fig. 2. Dueto
thetime seriesandthespectracomponent¥ EF1andVEF2
areattributedto thevisually evokedfield. Thisattributionis
supportedy Fig. 3, whereslicesof thetime seriesof VEF2
alignedat the onsetof image presentatiorhave beendis-
playedin agrayscaleplot. In mostof theepochsananswer
to the stimulusis obsened at 150 ms. This suggestghat
eachsinglevisual stimulusleadsto a fairly stableresponse
of theinferotemporaVisual cortex.

5. DEMIXING OF VEF USING TDD BASE

Assumingthatcomponent$/EF1 andVEF2 areindeedre-
latedto the visual stimulusthey shouldexplain alarge pro-
portion of the averagedsignal,i.e. the VEF. To testthis
the VEF was demixed using W ™!, for the threestrongest
TDD componentandtheresultingtime seriesareshavn in
Fig. 4. Thesecomponentarethe strongestn the VEF too,
e.g. at 160 ms components/EF1 andVEF2 explain 80 %
of the signalstrengthwith respecto the L2-norm.

The time seriesof VEF1 and VEF2 are closeto zero
up to 50 ms after the visual stimulus, which was given at
0 s. Thetime seriesof CAlis clearly non-zeroin this in-
tenal. At 100msthetime seriesof VEF2 showvs a negative
peakfollowedby astrongpositive peakat 140ms,whichis
earlierthanthe positive peakin the time seriesof VEF1 at
160ms. Both componentareclearlyrelatedto the VEF.

Thetime seriesof componentCAlreaches maximum
at 150 ms suggestinghatit is associatedvith the VEF as
well. This could meanthatthe TDD separatioris incom-
plete,i.e. leakagebetweenvEF andcardiacarticfactcom-
ponentsoccurs,or that the VEF containsremnantsof the
CA despitethe averagingprocedure.Possiblyboth mech-
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Fig. 4. Selectedime seriesfrom the demixingof the VEF

usingthe TDD base. The time seriesof VEF1 and VEF2
peakat 140 ms, the time of the primary responseo the
visual stimulusin the inferotemporalcortex (cf. Fig. 1).

ComponentCA1 hasa wealer responseat this time. Its

time seriesshavs weakactiity evenbeforestimulusonset
in contrasto VEFlandVEF2

anismscontribute. Neverthelesghe weak non-zerosignal
obsenred before stimulusonsetin the time seriesof CA1
canonly be explainedasremnantof the CA in the VEF.
Consideringhatthetime serieof VEF2peaksat140ms
afterstimulusonsetin Fig. 2 andthatit representpartially
the earliestsignalin the VEF ascanbe seenin Fig. 4, the
map of VEF2 could be interpretedas the field patternof
thecorticalsourcegeneratingheprimaryrespons¢o visual
stimuli. Butthemapof VEF2is evidently differentfrom the
M140mapin Fig. 1 ascanbe quantifiedby theangle

ai; = arccos(VEF2/|VEF2| «+ M140/|M140|). (4)

The resultingangleof 27° andthe otheranglesin Table 1
shouldbe seenin relationto the angleof 9° betweenthe
M140- and the M160-vectors. It becomesclear that nei-
ther VEF2 nor VEF1 canbe associatedvith the M140 or
the M160. Only the sumaVEF2+ bVEF1 whereq and
b areamplitudevaluestaken from Fig. 4, is a fairly good
descriptionof the evokedsignalbetweenl40and180ms.

6. PCA OF AVERAGE CARDIAC ARTIFACT

Insteaddf calculatinghestimulustriggeredaveragej.e. the
VEF, it is possibleto calculatethe cardiacR-peaktriggered
average,.e. anaveragecardiacartifact (aCA). It givesthe
averagefield evolution measuredn the MEG systemdueto
the currentdistribution in the heartmuscleduringthe heart
beat.For acomparisorwith theTDD componentsve calcu-
latedthe PCA of the aCA field evolution in the time range
from 200 ms beforeto 400 ms after the R-peak. The first
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Table 1. TheanglesbetweenT DD componentectorsfrom
Fig. 2 andthe VEF at four differenttimesfrom Fig. 1. The
valuesa and b for the linear combinationare taken from
Fig. 4.

VEF1 | VEF2 | aVEF1 + bVEF2
ML20 22 34 20
ML40 25 27 16
ML60 18 28 10
ML80 12 44 13
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Fig. 5. Thefirst two PCA component®f the averageCA.
They aresimilarto the TDD component€AlandCA2

two PCA componenvectorsareshavn in Fig. 5. Compo-
nent PCA1 peaksat the R-peakpositionand PCA2 peaks
slightly earlierandcanbeassociateavith the Q-peakof the
QRS-comple.

A similarity betweenthe mapsof PCAlandthe TDD
componeniCA1lis immediatelyobvious andthe anglea;
(as definedabove) betweenCA1 and PCA1lis only 4.5°.
ComponentCA2 and PCA2 appearto be similar aswell
shaving anarcedgradientin thelower left partof the map,
althoughtheir angleis 46°. After subtractionof a suitable
offset an angle of lessthan 25° resultsbetweenCA2 and
PCA2 Using fewer time-delayedcovariancematricesin
the TDD calculationa componensimilar to CA2is found,
which hasanangleof 20° with PCA2 This meanghatthe
TDD-algorithmappliedto raw dataandthe PCA appliedto
theaCA give a similar resultwith respecto the CA.

For the interpretatiorof the TDD componentshe sim-
ilarity betweenthe TDD- andthe PCA-basds very useful
asit validatesa posteriorithe associatiorof CA1andCA2
with the CA.
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Fig. 6. Sequencef raw databefore(a) andafterremoval (b) of the TDD component€AlandCA2 Beforetheremoval the
signalin magneticchanneM44 shaws clearly the R-peakof the CA andtheverticallinesindicatethe positionof eachmap
relative to the R-peak.Thesuppressionf the CA componentstronglymodifiesthe signalbetweernl70and190ms.

7. CA SUPPRESSION IN RAW MEG DATA

To obtainraw datasuitablefor a model-driven analysisof
single-trialactivity we exemplify the suppressionf the CA
in raw databy omissionof CA1 and CA2 from the TDD
base.The suppressioiis donemathematicalljby demixing
the datausingW " andthenrecombiningthe datausinga
mixing matrix \W' with appropriatecolumnssetto zero.

This suppressiolf CAlandCA2is shovnin Fig. 6 for
a shortsequencef raw datastarting140 ms aftera visual
stimulus. This particularsequencavaschoserfor its prox-
imity to an R-peakof the cardiaccycle. At the top of the
figurethe singlesensorchannelM44 is shovn, which con-
tainsastrongCA contritution andwhichwasusedto detect
the R-peaktime instantfor the calculationof theaCA. The
verticallinesindicatethetimepointsof eachmapbelow. Af-
terremoval of CA1and CA2the R-peakis not visible arny-
morein M44 (not showvn). In Fig. 6a) a monopolarmap
similar to Fig. 1 canbe seenup to 160 ms. Betweenl70
and 190 msthe mapsare clearly influencedby the R-peak
of the CA. In the lower left part of the mapat 170 msin
Fig. 6a) the arcedfield patternof CA2 canbe seenandthe
gradientat 190msis reminiscenof CAL In Fig. 6b) those
two componentdiave beensuppressedndbetweerl70and
190 ms monopolamapshave beenrecovered. Comparing
Fig. 6a),b)with Fig. 1 showvs qualitatively thatthe suppres-
sion of CA1 and CA2 yields raw datamuch more similar
to the averagesignal. The CA is importantfor mostother
evoked epochsaswell dueto thelongerdurationof P- and
T-wave comparedo the R-peak.

Alternatively to the omissionof CA componentgrom
the TDD basea regressiormethodbasedon the aCA [20]
canbeusedto improvesignalquality. Theomissionof TDD
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componenthasthe advantagethat it can be incorporated
into a subsequentodel driven analysis. It is only nec-
cessaryto apply the linear demixing-mixingprocesdgo the
chosenmodel beforethe model parametersre estimated,
e.g. transformtheoreticaldipole fields using the operator
W'W 1. Notethatbeforeapplyinga specificsourcemodel
to raw dataanappropriatébaselinemodelis needed.

8. CONCLUSION

Applying the TDD algorithmto raw MEG datafrom a vi-
sualstimulationexperimentwe have identifiedtwo compo-
nentssystematicallypeakingat 140 ms after a visual stim-
ulusis given. A demixingof the VEF usingthe TDD base
calculatedfrom unaverageddatashaws that thesecompo-
nentsareanessentiapartof theaveragedorimaryresponse
to visual stimuli, but the field mapsof theseTDD com-
ponentsare differentfrom the mapsof the averagedpri-
mary response.This meansthat eitherthe VEF field pat-
ternsor the TDD componentr both are a simplification
of the physiologicalactiity generatinghe measuredield.
Two other TDD componentsare attributed to the CA. A
PCA decompositionof the aCA shaws that the strongest
PCA componenis almostidenticalto the stronges{TDD-
CA component.This similarity cannotbe explainedat the
moment. It might be conjecturedthatit is a consequence
of the time dependenand spatially extendedcurrentdis-
tribution in the heartproducingsignalsin the MEG, which
violate the stationarityassumptiorof TDD. A theoretical
analysisof ICA algorithmswith respectto non-stationary
signalsseemspromising as experimentalMEG datacon-
tain possiblynon-stationangourcesuchasthe CA andthe
spontaneoug-wavesof thebrain.
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