
IDENTIFICATION OF VISUALLY EVOKED BRAIN ACTIVITY AND CARDIAC ARTIFACT
COMPONENTS THROUGH TIME-DELAYED DECORRELATION

T.H. Sander, G. Wübbeler, L. Trahms
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ABSTRACT

Applying the time-delayeddecorrelation(TDD) algo-
rithm to raw datafromavisualstimulationmagnetoencephalo-
graphic(MEG) experimentwe investigatethe viability of
classificationof componentsinto artifactor stimulusrelated
components.TheTDD componentsassociatedwith thecar-
diacartifactshow astrikingsimilaritywith aPrincipalCom-
ponentAnalysis(PCA)of theaveragedcardiacartifact.This
couldbedueto a violation of theTDD assumptionsby the
cardiacartifact. Two TDD componentshave time series
peakingconsistentlyat the time expectedfor the primary
responsedueto thevisual stimulation,but their field maps
aredifferentfrom theearliestsignalin theaverageresponse.
An identificationof TDD componentswith physiological
sourcesneedsfurtherinvestigation.

1. INTRODUCTION

A commonwayof performingandanalysingpsycho-physio-
logicalMEGorEEGexperimentsconsistsof acquiringmany
epochsof supposedlysimilar brainactivity andthencalcu-
lating the averageof the recordedsignalswith respectto
thestimulusor anothertime point associatedwith thestim-
ulus [1]. Largely unknown is the relationbetweenthe av-
erageactivity andthe evokedactivity in the singleepochs,
e.g. variationsof latency or sourcelocationbetweenindi-
vidual epochsseempossible. Usually sucheffectscannot
be studieddue to the noisein the raw data. Independent
ComponentAnalysis(ICA) hasbeensuggestedasatool for
theseparationof evokedactivity from thebackgroundnoise
to obtainevokedsingletrial signals[2, 3, 4] or to suppress
artifacts[3, 5, 6, 7, 8, 9].

Applying thetime-delayeddecorrelation(TDD) ICA al-
gorithm [10, 11, 12] to a continuousstreamof raw MEG
dataundervisual stimulation,we show that TDD compo-
�
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Fig. 1. Maps from a VEF averagedover 160 identical
epochsare shown, which cover the earliestactivity asso-
ciatedwith thevisual stimulus. A first peakis observedat
140msandit is consideredtheprimaryresponseof the in-
ferotemporalvisualcortex.

nentsmay have time seriesstrongly correlatedto the vi-
sualstimulus,while having clearly differentfield distribu-
tions comparedto the field mapsof the earliestresponse
in the averagedvisually evokedfield (VEF). A removal of
clearly identifiablecomponentsdue to the cardiacartifact
(CA) givespromisingsingleepochraw datapossiblysuit-
ablefor a modeldrivenanalysisusinge.g.a dipolemodel.

2. VISUALLY EVOKED FIELDS

In twelvevolunteersthevisuallyevokedMEG responsewas
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
facesarrangedin a delayed-matching-to-sample-paradigm
with 0, 1, or 2 interveningitemswereshown to thesubjects.
The presentationtime for faceswas500 ms followedby a
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uniformly gray imagepresentedfor 1100ms leadingto an
inter-stimulus-interval of 1.6 s. A pauseof 2.7 s was in-
sertedbetweenthe individual delayed-matching-to-sample
sequences.

In this paperwe presentdatafrom a singlesubjectcho-
senfrom thegroupof twelve for its high signalamplitudes
in theVEF, whichreach400fT at140msin onechannel.In
Fig. 1 four mapsfrom theVEF calculatedover160sample-
facepresentationsareshown.

Thesemapscover the first peakin the VEF associated
with theprimaryresponseof theinferotemporalvisualcor-
tex andwedenotethemapsin thefollwing asM120,M140,
etc. The observed monopolarfield patternis fairly stable
over60 msshowing only a slight shift of thepeakposition.
For displaypurposesa baselinevectordefinedastheaver-
ageof theVEF from -200to 0 mswassubtractedin Figs.1
and4, but not for any of thecalculations.Dueto bandpass
filtering of theraw datathebaselinevectorwasalmostneg-
ligible.

3. TEMPORAL DECORRELATION

In the ICA model for stationarysourcesit is assumedthat
the recordeddataarea linear superpositionof � functions
of theform
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disregardingan
indeterminancy in scaleandordering.For theinterpretation
it is helpful to normalizeeachcolumn
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L2-norm and then to calculatethe RMS amplitudeof the
resultingtime series% �)�
	�� .

Testingfor statisticalindependencecanbedoneby cal-
culatingthe time-laggedcross-correlation* � � �
+,� between������	��

and
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. Undertheassumptionof non-zeroauto
correlations,statisticalindependencemeansdecorrelation
for all time-lags
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Thisequationis thebasisof theTDD algorithm[10, 11,
12], which requiresthecalculationof several time-delayed
covariancematrices8 � � �
+�9�����: � �.;� �
	 � � �.;� �
	 � -<+=9>� , where

�?;� �
	�� denotesdataresultingafterawhiteningof theoriginal
signalusingPCA.Thesematricesaresimultaneouslydiag-
onalizedand the resultingrotation matrix combinedwith
the invertedwhitening matrix yields the demixing matrix
W
¯
� �

. For morethantwo matricesthis diagonalizationcan
be achieved only approximately. The TDD algorithm re-
lies on spectraldifferences[11, 14], which area reasonable
assumptionfor theCA andtheevokedactivity in ourexper-
iment. Applicationsandvariantsof theTDD algorithmcan
befoundin [6, 8, 9, 15, 16, 17, 18, 19].

4. SELECTED TDD COMPONENTS

For the TDD calculationwe used180000raw datapoints
from eachof 49 sensorchannelssampledat 500Hz. Prior
to the TDD calculationthe raw datawere digitally band-
passfiltered between0.4 and40 Hz to eliminatehigh and
low frequency noise. The numberof time delayedcovari-
ancematriceswas500 with a time lag of 20 ms between
succesive matrices. This correspondsto a maximumtime
shift of 10 s, which waschosento cover the 9 s maximum
lengthof a delayed-matching-to-samplesequence.In [14]
it wasshown that the time delayoperationcorrespondsto
filtering with a sinusoidalcombfilter with thecombfinger
distancedecreasingwith increasingtime delay. This means
thatusinglargertimeshiftscanresolvesmallerspectraldif-
ferences.To obtaintheresultshown in Fig. 2 it wasnecces-
saryto usea maximumtime shift of 10 s. This hintsat the
neccessityto isolatesmallspectraldifferencesin ourdata.

In Fig. 2 selectedcomponentsof the TDD calculation
areshown. The componentvector is visualizedasa field
map and a 16 s secondsectionof the full time seriesof
360 s andthe spectrumof this sectionis given. The com-
ponentsCA1andCA2areattributedto theCA dueto their
timeseriesandtherespectivespectra.Thetimeseriesshow
a periodic peakat intervals of 0.67 s and the spectraare
dominatedby thecorrespondingheartfrequency andits har-
monics(i*1.5 Hz, i = 1,2,...).Thespectraof CA1andCA2
areratherdifferentasthespectrumof CA2 is dominatedby
theharmonicsof theheartfrequency, whereasthespectrum
of CA1shows a peakat theheartfrequency andits 1sthar-
monic. The CA componentswill be discussedfurther in
section6.

Thearrows above the time seriesof componentsVEF1
and VEF2 in Fig. 2 are positionedat 140 ms after a vi-
sual stimulus. ComponentVEF2 shows always peaksat
this time, the peaksare lesssystematicin the time series
of VEF1. The spectraof both componentsshow peaksat
0.6Hz in agreementwith theinter-stimulus-intervalof 1.6s.
Higher frequenciesare strongerin the spectrumof VEF2
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Fig. 2. Four selectedcomponentsof the TDD calculation.
The mapof the componentvector (left), a part of the full
time series(top) andthespectrumof thepartial time series
(bottom) areshown respectively. The arrows indicatethe
M140 timepoints,i.e. a visual stimuluswasgiven 140 ms
beforean arrow. Note that the visual stimulationwasnot
strictly periodic. The componentsCA1 and CA2 are at-
tributedto the heartbeat(CA) andVEF1andVEF2 to the
visually evokedfield.

Fig. 3. Consecutive evoked epochsin the time seriesof
VEF2 displayedasa gray scaleplot. The zeroof the time
scaleis the start of the imagepresentation.A stablere-
sponseto thestimuluscanbeseenat 150ms.

comparedto VEF1. This is in agreementwith the sharper
peaksin the time seriesof VEF2 and the stronglow fre-
quency activity in thetime seriesof VEF1 in Fig. 2. Dueto
thetimeseriesandthespectracomponentsVEF1andVEF2
areattributedto thevisuallyevokedfield. Thisattribution is
supportedby Fig. 3, whereslicesof thetimeseriesof VEF2
alignedat the onsetof imagepresentationhave beendis-
playedin agrayscaleplot. In mostof theepochsananswer
to the stimulusis observed at 150 ms. This suggeststhat
eachsinglevisualstimulusleadsto a fairly stableresponse
of theinferotemporalvisualcortex.

5. DEMIXING OF VEF USING TDD BASE

AssumingthatcomponentsVEF1andVEF2areindeedre-
latedto thevisualstimulusthey shouldexplain a largepro-
portion of the averagedsignal, i.e. the VEF. To test this
the VEF wasdemixed usingW

¯
� �

, for the threestrongest
TDD componentsandtheresultingtimeseriesareshown in
Fig. 4. Thesecomponentsarethestrongestin theVEF too,
e.g. at 160mscomponentsVEF1andVEF2explain 80 %
of thesignalstrengthwith respectto theL2-norm.

The time seriesof VEF1 and VEF2 are closeto zero
up to 50 ms after the visual stimulus,which wasgiven at
0 s. The time seriesof CA1 is clearly non-zeroin this in-
terval. At 100msthetime seriesof VEF2showsa negative
peakfollowedby astrongpositivepeakat140ms,which is
earlierthanthe positive peakin the time seriesof VEF1at
160ms.Bothcomponentsareclearlyrelatedto theVEF.

Thetime seriesof componentCA1reachesa maximum
at 150 ms suggestingthat it is associatedwith the VEF as
well. This could meanthat the TDD separationis incom-
plete,i.e. leakagebetweenVEF andcardiacarticfactcom-
ponentsoccurs,or that the VEF containsremnantsof the
CA despitethe averagingprocedure.Possiblyboth mech-
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Fig. 4. Selectedtime seriesfrom thedemixingof theVEF
using the TDD base. The time seriesof VEF1 andVEF2
peakat 140 ms, the time of the primary responseto the
visual stimulus in the inferotemporalcortex (cf. Fig. 1).
ComponentCA1 hasa weaker responseat this time. Its
time seriesshows weakactivity evenbeforestimulusonset
in contrastto VEF1andVEF2.

anismscontribute. Neverthelessthe weaknon-zerosignal
observed beforestimulusonsetin the time seriesof CA1
canonly beexplainedasremnantsof theCA in theVEF.

Consideringthatthetimeseriesof VEF2peaksat140ms
afterstimulusonsetin Fig. 2 andthat it representspartially
the earliestsignal in the VEF ascanbe seenin Fig. 4, the
map of VEF2 could be interpretedas the field patternof
thecorticalsourcegeneratingtheprimaryresponseto visual
stimuli. But themapof VEF2is evidentlydifferentfrom the
M140mapin Fig. 1 ascanbequantifiedby theangle

@ � � � ��A>B'B'C ��� �D<EGFGH�I�J �DKEGFGH,J=L �MON7P�QRI,J �MON=P�Q�J ���
(4)

The resultingangleof 27S andthe otheranglesin Table1
shouldbe seenin relation to the angleof 9S betweenthe
M140- and the M160-vectors. It becomesclear that nei-
ther VEF2 nor VEF1 canbe associatedwith the M140 or
the M160. Only the sum aVEF2+ bVEF1, where T andU

areamplitudevaluestaken from Fig. 4, is a fairly good
descriptionof theevokedsignalbetween140and180ms.

6. PCA OF AVERAGE CARDIAC ARTIFACT

Insteadof calculatingthestimulustriggeredaverage,i.e. the
VEF, it is possibleto calculatethecardiacR-peaktriggered
average,i.e. anaveragecardiacartifact (aCA). It givesthe
averagefield evolutionmeasuredin theMEG systemdueto
thecurrentdistribution in theheartmuscleduringtheheart
beat.For acomparisonwith theTDD componentswecalcu-
latedthePCA of theaCA field evolution in the time range
from 200 ms beforeto 400 ms after the R-peak. The first

Table 1. TheanglesbetweenTDD componentvectorsfrom
Fig. 2 andtheVEF at four differenttimesfrom Fig. 1. The
values T and

U
for the linear combinationare taken from

Fig. 4.

VEF1 VEF2 aVEF1 + bVEF2
M120 22 34 20
M140 25 27 16
M160 18 28 10
M180 12 44 13

Fig. 5. Thefirst two PCA componentsof the averageCA.
They aresimilar to theTDD componentsCA1andCA2.

two PCA componentvectorsareshown in Fig. 5. Compo-
nentPCA1peaksat the R-peakpositionandPCA2peaks
slightly earlierandcanbeassociatedwith theQ-peakof the
QRS-complex.

A similarity betweenthe mapsof PCA1andthe TDD
componentCA1 is immediatelyobviousandthe angle @ � �
(as definedabove) betweenCA1 and PCA1 is only 4.5S .
ComponentsCA2 and PCA2 appearto be similar as well
showing anarcedgradientin thelower left partof themap,
althoughtheir angleis 46S . After subtractionof a suitable
offset an angleof lessthan 25S resultsbetweenCA2 and
PCA2. Using fewer time-delayedcovariancematricesin
theTDD calculationa componentsimilar to CA2 is found,
which hasanangleof 20S with PCA2. This meansthat the
TDD-algorithmappliedto raw dataandthePCA appliedto
theaCAgivea similar resultwith respectto theCA.

For the interpretationof theTDD componentsthesim-
ilarity betweenthe TDD- andthe PCA-baseis very useful
asit validatesa posteriorithe associationof CA1andCA2
with theCA.
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Fig. 6. Sequenceof raw databefore(a)andafterremoval (b) of theTDD componentsCA1andCA2. Beforetheremoval the
signalin magneticchannelM44 shows clearly theR-peakof theCA andthevertical lines indicatethepositionof eachmap
relative to theR-peak.Thesuppressionof theCA componentsstronglymodifiesthesignalbetween170and190ms.

7. CA SUPPRESSION IN RAW MEG DATA

To obtainraw datasuitablefor a model-drivenanalysisof
single-trialactivity weexemplify thesuppressionof theCA
in raw databy omissionof CA1 and CA2 from the TDD
base.Thesuppressionis donemathematicallyby demixing
thedatausingW

¯
�#�

andthenrecombiningthedatausinga
mixing matrix W

¯

V
with appropriatecolumnssetto zero.

Thissuppressionof CA1andCA2is shown in Fig. 6 for
a shortsequenceof raw datastarting140msaftera visual
stimulus.This particularsequencewaschosenfor its prox-
imity to an R-peakof the cardiaccycle. At the top of the
figurethesinglesensorchannelM44 is shown, which con-
tainsastrongCA contributionandwhichwasusedto detect
theR-peaktime instantfor thecalculationof theaCA.The
verticallinesindicatethetimepointsof eachmapbelow. Af-
ter removal of CA1andCA2 theR-peakis not visible any-
more in M44 (not shown). In Fig. 6a) a monopolarmap
similar to Fig. 1 canbe seenup to 160 ms. Between170
and190ms the mapsareclearly influencedby the R-peak
of the CA. In the lower left part of the mapat 170 ms in
Fig. 6a) thearcedfield patternof CA2canbeseenandthe
gradientat 190msis reminiscentof CA1. In Fig. 6b) those
two componentshavebeensuppressedandbetween170and
190msmonopolarmapshave beenrecovered.Comparing
Fig. 6a),b)with Fig. 1 shows qualitatively that thesuppres-
sion of CA1 and CA2 yields raw datamuch more similar
to the averagesignal. The CA is importantfor mostother
evokedepochsaswell dueto thelongerdurationof P- and
T-wavecomparedto theR-peak.

Alternatively to the omissionof CA componentsfrom
the TDD basea regressionmethodbasedon the aCA [20]
canbeusedto improvesignalquality. Theomissionof TDD

componentshasthe advantagethat it can be incorporated
into a subsequentmodel driven analysis. It is only nec-
cessaryto apply the lineardemixing-mixingprocessto the
chosenmodelbeforethe model parametersareestimated,
e.g. transformtheoreticaldipole fields using the operator
W
¯

V
W
¯
� �

. Notethatbeforeapplyinga specificsourcemodel
to raw dataanappropriatebaselinemodelis needed.

8. CONCLUSION

Applying the TDD algorithmto raw MEG datafrom a vi-
sualstimulationexperimentwe have identifiedtwo compo-
nentssystematicallypeakingat 140msaftera visualstim-
ulus is given. A demixingof theVEF usingtheTDD base
calculatedfrom unaverageddatashows that thesecompo-
nentsareanessentialpartof theaveragedprimaryresponse
to visual stimuli, but the field mapsof theseTDD com-
ponentsare different from the mapsof the averagedpri-
mary response.This meansthat either the VEF field pat-
ternsor the TDD componentsor both area simplification
of thephysiologicalactivity generatingthemeasuredfield.
Two other TDD componentsare attributed to the CA. A
PCA decompositionof the aCA shows that the strongest
PCA componentis almostidentical to the strongestTDD-
CA component.This similarity cannotbe explainedat the
moment. It might be conjecturedthat it is a consequence
of the time dependentand spatially extendedcurrentdis-
tribution in theheartproducingsignalsin theMEG, which
violate the stationarityassumptionof TDD. A theoretical
analysisof ICA algorithmswith respectto non-stationary
signalsseemspromisingas experimentalMEG datacon-
tainpossiblynon-stationarysourcessuchastheCA andthe
spontaneous@ -wavesof thebrain.
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[7] R. Vigário,J.Särel̈a,V. Jousm̈aki, M. Hämäläinen,and
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