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Abstract

Wedescribean algorithm for suppressionof stimulation artif actsin extracellular
micro-electrodearray (MEA) recordings.A model of the artifa ct basedon locally

fitted cubic polynomials is subtracted fr om the recording, yielding a flat baseline
amenableto spike detectionby voltage thr esholding. The algorithm, SAL PA, reduces

the period after stimulation during which action potentialscannotbedetectedby an
order of magnitude,to lessthan 2 ms. Our implementation is fast enoughto process

60-channel data sampledat 25kHz in real-time on an inexpensivedesktopPC. It

performs well on a wide rangeof artifa ct shapeswithout re-tuning any parameters,
becauseit accountsfor amplifier saturation explicitly and usesa statistic to verify

successfulartifact suppressionimmediately after the amplifiers becomeoperational.
Wedemonstratethe algorithm’s effectivenesson recordingsfr om densemonolayer

cultur esof cortical neuronsobtained fr om rat embryos.SAL PA opensup a
previously inaccessiblewindow for studying transient neural oscillationsand

preciselytimed dynamicsin short-latencyresponsesto electric stimulation.

Keywords

Artifact suppression,micro-electrodearray, stimulation, real-time,

local regression,multi-electrodearray, MEA, spikes.

Intr oduction

Micro-electrodearrays(MEAs) (Thomaset al. 1972; Gross1979; Pine1980) andrelated

technologiessuchastetrode probes(Grayetal. 1995), siliconprobes(Bai andWise2001)

andmulti-wire probes(Nicolelisetal. 1998) offer greatpromiseto record actionpotentials

extracellularly from a large number of cells simultaneously (Meisteret al. 1994; Potter

2001), in cell culture,in sliceor in vivo (Braginetal. 2000). In addition, electricalstimula-

tion throughsucharrayshasbeenreportedin awidevarietyof preparations,suchasmurine

spinalcord (Grosset al. 1993), rat cortex (Jimboet al. 1999), cat sciaticnerve (Branner

andNormann 2000) andrabbit retina(Grumet et al. 2000). Simultaneously stimulating

andrecording throughasingleMEA is attractivefor thestudyof input-output relationships

(NovakandWheeler1988; DeAngeliset al. 1998), but posestechnical difficultiesbecause
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thestimuli employedareoftenfour or fiveordersof magnitudegreaterthanextracellularly

recordedactionpotentials (‘spikes’). Thesemaybeaslow as10 � V (shown below), while

stimuli aretypicallyontheorder of avolt (Pancrazioetal.1998; Jimboetal.1999), causing

substantialstimulationartifactsthatcorrupt thedataor saturatetherecordingelectronics.

Several factorscontributeto theseartifacts(Grumet1999). Thestimulusinducespickup

on otherelectrodechannels by a combination of capacitive crosstalkbetweenleadsand

conduction through the tissueor recording medium, saturatingthe amplificationsystem.

Thenon-linearbehavior of saturatedamplifiers,together with thepropertiesof thefilters

usedfor noisereduction,make this artifact lastmuchlongerthanthestimulusthatcaused

it, sometimesupto 100ms(Maedaet al. 1995), evenonchannelsnotusedfor stimulation.

In somecasesthis problem can be reduced by physically separatingthe recording site

from the stimulationsite (Grumet et al. 2000), or circumventedby usingnon-electronic

meansfor eitherstimulationor recording, suchas photo-uncaged glutamate(Wangand

Augustine1995),opticalrecording (Obaidetal. 1996; Maheretal. 1999) or muscletwitch

response(BrannerandNormann2000). In all othercases,careful designof theelectronics

is requiredto minimizepickupof stimulationartifacts.

Onewould like to stop large artifactsfrom entering the recording systemin the first

place.To do so,JimboandKawana(1992) recordeddifferentially betweenpairsof elec-

trodesspacedat 10 � m, while stimulatingbetweena similar, distantpair of electrodes.

Sample-and-hold circuitry hasalsobeenusedto prevent amplifiersaturation(Novak and

Wheeler1988; Jimbo et al. 1998; Grumet1999), but with mixed results. Jimbo et al.

(1999) wereableto record5 msafterstimulation, evenfrom thestimulatedelectrode, but

theimplementationdetailsarenotdescribed. In contrast,Grumet (1999) reports little or no

reduction of artifactswith a sample-and-holdapproach.Presentlycommercially available

electrophysiology equipmentfor electrodearraysdoesnotemploy this strategy.

Whenartifactscannotbe entirely preventedin hardware, various forms of digital fil-

tering canbe usedto reduce them. For example, if artifactsare the sameacrosstrials,

templatesubtractioncanbe employed: JimboandKawana(1992) estimatedartifactsin

stimulusresponsesby scalingtheartifactrecordedunder sub-thresholdconditions.Unfor-

tunately, dueto hysteresisat the electrode interfaceor in the electronics,artifact shapes

often do vary betweentrials. Alternatively, Okajimaet al. (1995) manually subtracteda

linearbaselinefrom recordingsof muscleactionpotentials. This is too laborintensive for

multi-channelrecordings,andcertainlycannotbeappliedin realtime asthedatacomein.

As a last resort,blanking (digitally settingthesignalto zero)canbeusedto eradicateany

artifacts(O’Keeffe et al. 2001). Any actionpotentialsoccurring within thedurationof the

artifactarelost, so if oneis interestedin theearlypartof stimulusresponse,this is not an

option. Our solution,which works in realtime, is SALPA, analgorithm for Subtraction of

Artif actsby LocalPolynomial Approximation.Weshow thatits performanceis superior to

somepossiblealternatives: two simplehighpassfilters andonelinearphasefilter (seee.g.

Jackson1996).
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Methods

Cell culture and MEA preparation

Denseculturesof dissociatedratcorticalcellsweregrown onMEA dishesandmaintained

for several months. Culturemethods have beendetailedelsewhere(PotterandDeMarse

2001). Verybriefly, cortex from E18Wistarratswasdissectedundersterileconditionsand

dissociatedusingpapain. MEA dishesfrom MultiChannel Systems(Reutlingen, Germany,

http://www.multichannelsystems.com)with sixty 10 � m diameterelectrodesarrangedin a

rectangulararraywith 200 � m interelectrodespacingwerecoatedwith polyethylene imine

(PEI) and laminin. A 15 � l droplet of neurobasalmediumcontaining 50,000 cells was

appliedto the electrode area,and the dishesweresealedwith FEP Teflon
�
R lids (Potter

andDeMarse2001). After 30 minutes,1 ml of medium wasadded, andthe disheswere

transferred to an incubator (35 � C, 5� CO� , 9� O� and65� humidity). After oneday,

andthereafterevery four days,themediumwasreplacedentirelyby themediumadapted

from Jimboet al. (1999). Electricalactivity of thesecultureswas recorded through the

MEA, amplifiedandsampledwith 12 bits resolution at 25 kHz (MultiChannel Systems).

Oneelectrodewasusedfor stimulation,while all theothers wereusedfor recording. The

datapresented below wereobtained by stimulatingfive-month-old culturesthrough one

electrodewith singlebiphasicvoltagepulsesof ���	�
� mV, lasting400 � sperphase,positive

phasefirst.

Artifact suppression

SALPA worksby locally fitting (HastieandLoader 1993) a functionto therecordedtrace

thathasenoughdegrees of freedomto accurately model theartifact,but notenough to rep-

resentindividual actionpotentials.By subtractingthis fitted function from therecording,

theartifact-freesignalremains, andactionpotentials canbedetectedby settinga voltage

threshold. We observedconsiderablevariability in artifactshapesbetweenelectrode chan-

nels,andeven on individual channelsbetweentrials of thesamestimulus. Thereforewe

chosenot to makeassumptionsabout regularities in artifactshapes,andinsteadfit indepen-

dentfunctionsto eachindividualartifact.

For every timepoint �� in therecording from a givenelectrode,a third degreepolyno-

mial is fitted to a segment of �
����� samplescenteredaround ��� . Thesegment half-length� is experimentallytunedfor optimalperformance, asdiscussedbelow (seeResults). The

fittedvalueat thecentralpoint �� is subtractedfrom theraw recordingat thatpoint to yield

a cleanedsignal.Therestof thefitted curve is discarded; to estimatethecleanedsignalat� � ��� , a new polynomial is fitted to thedatain thesegmentof ������� samplescentered

around � � ��� .
Thefitting processis different for thefirst � pointsof theraw data,startingwhenthe

stimulus-inducedsaturationof theelectronicsends(‘depegging’; saturationof theelectron-
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Figure1: Illustrationof thefitting methodusedby SALPA. Thefirst fit afterdepegging thathasac-

ceptabledeviation (seetext) is usedto model ����� samples(bottom-mostcurve). There-

after, eachfitted polynomial is usedto modelonesampleonly (otherdashedcurves).The

thin solid curve is theraw recording.For visualclarity, only onein tenfits is shown, and

they have beenvertically displaced.The thick solid curve is the resultingmodelof the

artifact.Circlesmarkthecentersof eachfit. Thedottedvertical linesindicatewhich parts

of thefitted polynomialsareusedfor modelingtheartifact.

ics is determinedby thedigital signalhaving its minimum or maximum possiblevalue).A

polynomialis fittedto thedatacenteredonthe ����� �"! -thpointafterdepegging,andthearti-

factupto thecenterof thatwindow is estimatedusingthatsinglethird-degreepolynomial,

asillustratedin figure1.

Theraw electrodesignalis representedasasequenceof sampledvoltages,# $ , where�
is theordinal numberof thesample.(Wesampleat25kHz, sotheunit of � is 40 � s in real

time.) We decomposethis raw signalinto anestimatedartifact % $ anda cleanedsignal & $
by assumingthat in thevicinity of somecentralpoint �'� , we canapproximatetheartifact

by a cubicpolynomialexpressedin termsof thedistance�(�*)+�,�-! from thecentralpoint. :
%0/ $
132$ 4�5 / $ 1 26 � 5 / $ 1 27 �8��)9� � !:� 5 / $ 1 2� �(�;)9� � ! � � 5 / $ 1 2< �(�;)9� � ! <
=

Thefit parameters5?> arefoundby minimizing thefunction

@ � / $ 1 2 4 $	13ACBD$�EC$ 1-F B
G #H$�)I%J/ $
1K2$ L �

with respectto thoseparameters.Wethenestimatethecorrectedvoltageat thecentralpointM
Thenotation N O PRQTS 13U will beusedthroughoutto represent thequantity N O P evaluatedfor thefit centeredaroundVXW .
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� � as: &�$ 1�Y #H$ 1 )9% / $ 1 2$�EC$ 1�4 #Z$ 1 ) 5 / $ 1 26 =
Next, we obtaina new fit centeredaround � � ��� to estimate&
$ 1 A 7 4 #Z$ 1 A 7 ) 5 / $ 1 A 7 26 ,

andsoon.

Fitting a new polynomial for every singledatapoint might seemto becomputationally

very expensive, but it is not, becausethe fit parameterscanbe calculatedrecursively, as

follows. Let usintroducetheshorthands

[ >�4 $ 1 A:BD$�EC$ 1\F B �(�;)]�:�\! >_^ for ` 4 � =a=b= � ^
and c / $ 1 2> 4 $
1dACBD$�EC$
1 F B �(�;)9� � ! > #H$ ^ for ` 4 � =a=a=fehg
andthe(4 i 4)-matrix j with entriesj >\kl4 [ > A k , (for ` ^-m 4 � =b=a=Ke ). Theparametervalues

thatminimize @ � canthenbewrittenas

5 / $ 1 2> 4 <D k E 6 j F 7>nk
c / $ 1 2k ^ for ` 4 � =a=b=Ke ^

which canbecomputedcheaply oncethe

c / $ 1 2k areknown, sincetheentriesof j F 7 are

constantsdependingonlyon � . Thecomplexity is furtherreducedbecause
[ > is identically

zerofor oddvaluesof ` .
A recursionrelationfor

c / $ 1 2> is obtainedby straightforward algebraic manipulation

of theexpressionsfor

c / $
13A 7 2> and

c / $
1d2> :c / $ 1 A 7 2> 4 >D k E 6 �d)J�o!
> F k `qpm pr��`�) m !np

c / $ 1 2k �s� > #Z$ 1 ACB�A 7 )t�d)'��)u�o! > #Z$ 1\F B =
It is theexistenceof thisclosed-form expressionthatmakesthemethod viablefor real-time

operation.

As notedabove, at thebeginning of therecording, just aftera channel depegs,we are

forcedto usea fit basedon a window centered� samplesaheadin time. Sucha non-

centralwindow is likely to givea lessaccuratefit to theartifact,soit is importantto assess

thequalityof thefit before trustingit. Thisassessmentcanbebasedonthedeviation:

v / $ 1 2 4 / $
1 F B 28A /Rw F 7 2D$
EC$
1 F B
G #Z$�)9%0/ $ 1 2$ L ^

wherethe width of the estimator, x , canbe chosento be somefixed fraction of � , e.g.x 4 �uyz�b� . For good fits,
v / $ 1 2 is normally distributedwith zeromean,andvariance{ �| 4~} � x { �� , where{ �� is thevarianceof therecording, and } is acorrectionfactorlarger

thanunity if the noisein the recording is not white. For our equipment, } ����� . We
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advance � � until
v / $ 1 2 attainsan acceptably small (seebelow) absolutevaluerelative to{ | , beforedeclaringtheartifactsuccessfullysuppressed.

The following resultswereobtainedwith � 4�� � (corresponding to 3 ms at 25 kHz

samplingrate), x 4 � andby rejectingfits after depegging until
v � no longerexceedse � i � i { �� . Spikeswereidentifiedby thresholding atfivetimesRMSnoise,andvalidated

basedon a test of their waveform shape:spikes were rejectedif therewere any peaks

of eitherpolarity larger than90� of the main peakwithin � 1 ms (P. P. Mitra, personal

communication).

OurC++ implementationof SALPA is capableof processing60 channelsof MEA data

at 25 kHz in real-time on an AMD Athlon 1.33GHz processor, usingjust 75� of CPU

time. Thisallows online spikedetectionentirelyin softwareonaninexpensivePCsystem.

TheC++ source codeis availableuponrequest.

Analysis

To assessthequalityof thealgorithm, wecomparedits outputontypicalartifact-corrupted

datawith theoutputof threealternativefilters: athreepoleButterworthhigh-passfilter with

400Hz cutoff (BW-H), subtractionof theoutput of a threepoleButterworth low-passfilter

with 600Hz cutoff (BW-L), anda 39 polelinearphasehigh-passfilter with 500Hz cutoff,

designedusingcosineexpansion(LPC) (Jackson1996). Theorderof this filter waschosen

suchthatwe couldcomputeit in real-time usinga simpleC++ program. TheButterworth

filters werechosenbecausethey area computationallyinexpensivesimplealternative.

Two performancemeasureswereused: Lost time, the latency after depegging of the

electronics at which the artifact is successfullysuppressed,andPNRloss, the reduction

of the ratio of actionpotential peakamplitudeto noise(PNR) induced by the filter. Lost

timewasdeterminedby computing5 mswidebox-caraveragesof thesignal,andrejecting

datauntil thebox-caraverageno longerexceededtheRMSnoise.PNRlosswasmeasured

relative to raw datafilteredthrough a singlepolehigh-passfilter at 150Hz, which,before

developing SALPA, we usedroutinely to cleanthedataof DC drift andany low frequency

local field potentials for thepurposeof spikedetectionin recordingsof spontaneousactiv-

ity. In general,artifactsuppressionfilters will reducetheratio of spike amplitude to RMS

noise,becausethereis substantialspectraloverlapbetweenartifactsandspikewaveforms.

Results

Ratcorticalcultureswerestimulatedwith 600mV biphasicpulses.Large dish-wide arti-

factswereobservedin theresultingrecordings.Figure2 shows how SALPA andtheother

filters act on thesestimulationartifactsandon actionpotentialwaveforms. Aside from

reducing spike amplitudes,filters may distort spike waveforms in more subtleways,ex-

emplifiedby thepositive ‘ghost’ phasesinduced by BW-L andBW-H. Thesemayhamper



Wagenaar& Potter, Stimulusartifact suppression 8

−80

−40

0

40 SALPA

−80

−40

0

40 BW−L
V

ol
ta

ge
 (µ

V
)

−80

−40

0

40 BW−H

0 5 10

−80

−40

0

40 LPC

Time (ms)

−10

0

10 SALPA

−10

0

10 BW−L

V
ol

ta
ge

 (µ
V

)

−10

0

10 BW−H

35 40

−10

0

10 LPC

Time (ms)

Figure2: An exampleof an artifact in electroderecordings with the outputof variousfilters (left)

andtheeffecton spike waveforms(right). Noticethedifferencein scalesbetweenleft and

right: the artifact in the raw datais an orderof magnitude larger than the spikes. Thin

curvesareraw data;thick curvesarefilter output.Fromtop to bottom:SALPA, subtraction

of low-passButterworth (BW-L), high-passButterworth (BW-H), and39 pole linearphase

filter (LPC). Notice SALPA ’s blankingof the outputduring saturationof the electronics.

The Butterworth filters inducesignificantphasedistortionwhile leaving muchmorelost

time thanSALPA. Even the linearphasefilter leavessomeechoof theartifact. Thespike

waveformsshown are from the samerecordingas the artifacts,but at longer latency to

allow directcomparisonwith non-corruptedraw data.

subsequentspikesorting,andmayevenleadto spuriousdetectionof non-existentupgoing

actionpotentials.Fortunately, SALPA— beinga linearphasefilter (except in theinitial �
samplesafterdepegging)— is freeof suchphasedistortions.

All filters usedin this comparisonhave parametersthat canbe tunedto tradeoff lost

time againstPNR reduction. For SALPA, this is the segment half-width � ; for the other

filters thecut-off frequency playsthis role. Figure3 presentsthetrade-off for SALPA. The

optimal choiceof � depends on the kind of experiment oneis doing. The performance

of SALPA at � 4�� � (3 ms) is comparedwith theotherfilters at thefrequenciesspecified

above in figure4.

Onefeature of SALPA that gives it an edgeover the alternatives, is that it explicitly

recognizessaturationof recordingelectronics,outputting zeroswheneverthedigital values
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Figure3: Lost time (left, solid; resultsareshown for 4 dishesseparately)andPNRreduction(right,

dashed) canbetradedoff by varying SALPA’s filter length,measuredherein milliseconds.

Notethattheleft-handaxisincreasesdownwards,so‘up’ means‘better’ for bothaxes.Ar-

tifactsizesanddurationvary by almostanorderof magnitudebetweendishes,depending

onelectrodeimpedances(nominally300k � at1 kHz). Thisis reflectedin SALPA losttime,

shown herefor four differentdishes.PNRdropsdramaticallywhenthefilter half-width �
approachesthedurationof actionpotentials.Theoptimalchoiceof � mustdepend on the

application,andon the PNR in the raw recordings.The resultsin the restof this article

wereobtainedwith filter half-lengthsof 3 ms. PNRchangeis measuredrelative to single

polehigh-passfiltering at 150Hz (seetext). Thesampleperiod, � sample, was40 � s.

of therecording areat theextreme endsof their range,andthatit incorporatesastatisticto

testgoodnessof fit for theearliesttimepoints, asdetailedin Methods. As a result,SALPA

performswell ona widerange of artifactsizesandshapes(figure 5).

The ultimate test for an artifact suppressoris whetherit allows reliabledetection of

spikes at short latencies. Figure6 shows detectable spikes on two electrodes in differ-

entMEA dishescontaining mature cultures,usingSALPA, usingonly a 150Hz high-pass

filter, andusingeachof the otherfilters mentionedabove. SALPA revealsa structureof

oscillationsandvery preciselytimedspikesin theearlyresponsethatwould otherwisego

undetected.

Discussion

We have presentedan algorithm for stimulusartifact suppressionthat canbe appliedto

sixty channel electroderecordingsin real time on inexpensive PChardware. SALPA does

notcausephasedistortionof spikewaveformsunlikesimplehigh-passfilters,andit is less



Wagenaar& Potter, Stimulusartifact suppression 10

Figure4: Comparisonof variousfilter methods.PNR changeis measuredrelative to a singlepole

high-passfilter at 150 Hz (seetext). Notice that the reference150 Hz filter alsoreduced

spike amplitudesby a small fraction, so relative PNR gain resultedin somecases.Re-

strictedSALPA is SALPA without the third degreeterm. Lost time doesnot include the

durationof amplifierandADC saturation(1.04 � 0.02ms). Chartedvaluesaremeanand

standarddeviation of thedatacollectedfrom 55 electrodes.

computationally intensive thanstraightforward implementationof a generic linear phase

filter of equivalent length. Perhapsmore importantly, the algorithm covers the first few

milliseconds of theartifactnaturally, becauseit takesamplifiersaturationinto account ex-

plicitly. Otherfilters tendto suffer from ringing asaresultof thesharptransientat thetime

of amplifierdepegging.

In thebulk of thedata,local regressionof theform usedin SALPA is just aspecialcase

of linearphasefiltering. SALPA effectively functionsasahighpassfilter with -3 dB cut-off

frequency � 6 4 � = �	���ny�� , i.e. � 6 4 �
�
� Hz for � 4�� � andsamplingfrequency ��� 4� � kHz. This is sufficient, sincea spectrogram of the stimulationartifactswould reveal

thathigh frequency power is mostlyconcentratedin thefirst few milliseconds— beyond

that, the tail of theartifact is reasonably well spectrallyseparatedfrom spike waveforms.

Simplefilters would have to find a difficult compromisebetweenpreventingringing from

the initial sharptransientof artifacts,andpreserving signalshape.SALPA surmountsthis

problembynotusingany samplesfromthesharptransientin its estimateof theshapeof the

tail, through theuseof asymmetricfitting windows shortlyafterdepegging(asillustrated

in Figure1).

Onecouldattemptto improvetheperformanceof thealgorithmby increasing theorder

of thepolynomialsused.Thecomputationalexpenseof thealgorithmwouldincrease,more

dramatically thanonemight expect,becausethehigherpowersof �8�J)u���\! in theequations

wouldmakerepresentationof thesenumbersas32bit integersimpossible.Themaineffect
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Figure5: For widely differentartifactwaveforms(shown in insets),SALPA yields usableoutput as

early as2 ms post stimulus(lessthan1 ms after depegging). Faint tracesare raw data

with two differentverticaloffsetsaddedto show details.Bold is SALPA output.Noticethe

spikesriding ontheslopeof theartifactswhichcannotbedetectedby thresholdingtheraw

data.

of increasingpolynomial orderis anincreaseof cut-off frequency, which canbeachieved

moreeconomically by decreasing� . In any event, it remainsdesirable to useoddorder,

becausethis givesthefit at thebeginning of thetraceonemoredegreeof freedom thanin

thebulk, further improving the responseto sharptransientswithout compromisingsignal

shapes.

With current commercially availablehardware, SALPA is lesswell suitedfor record-

ings from the stimulatedelectrode, becausesaturationon that channel lastsbeyond the

duration of the earlyphaseof the response. Improvementsin hardware,for example us-

ing sample-and-hold basedartifact reduction, might bring the stimulatedchannel within

SALPA ’s domain.

SALPA opensupanew window onvery shortlatency multi-neuronalresponsesto elec-

trical stimulation. Theearlypost-stimulus neural dynamics comprise oscillationsandac-

tion potentials timedwith a precisionnot observedbefore. We arecurrently usingSALPA

to investigatethenatureof theseresponsecomponentsandtheir role in stimulus-induced

plasticity. The precisely timed responsescanbe usedto drive ‘behaviors’ in a neurally-

controlled animat(DeMarseet al. 2001).
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actionpotentialsdetectedusingthe reference150 Hz high passfilter (‘raw’) andeachof

the filters tested.Eachrastercontainsresultsfrom 500 consecutive trials, with eachdot

representingoneactionpotential. Stimulationwason electrodes280 and450 � m away

from therecordingsite.Grey barsrepresentthetimeandduration(0.8ms)of thestimulus.

Spikes weredetectedby thresholdingat five times RMS noise,and validatedbasedon

their waveform shape(seetext). Notice that the lost time wasestimatedindependently

for eachindividual trial. This explainsthelimited reliability with which, e.g.,thespike at

5 � 0.5msin thebottompanel is detectedby BW-H. Electrodeswerechosento illustrate

a varietyof shortlatency responsetypes.
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