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Abstract

Theanalysisof actionpotentialsor “spikes; is centralto systemseuroscienceesearch.
Spikes are typically identi ed from raw waveformsmanuallyfor off-line analysisor auto-
matically by human-con guredalgorithmsfor on-line applications.The variability of manual
spike “sorting” is studiedandits implicationsfor neuralprosthesediscussedWaveformswere
recordedusinga micro-electroderrayandwereusedto constructa statisticallysimilar syn-
theticdatasetResultsshavedwide variability in the numberof neuronsaandspikesdetectedn
realdata. Additionally, averageerrorratesof 23%falsepositve and30%falseneggative were
foundfor syntheticdata.
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1 Intr oduction

A commonassumptionn systemsheurosciences thatthe brainencodesnformationin the ring
rateof neurongi.e. thenumberof actionpotentialsor “spikes, overatemporalinterval). Conse-
guently nding the spikingactwity in eletrophysiologicatecordingsof the brainis seenasa rst
stepin the decodingof neuralactity. This oftenrequiresmakingassumptionsiboutthe consis-
teng/, shapeandindividuality of spike waveforms.Analysisof recordinggequiresrst detecting
waveformsthoughtto beactionpotentialsdistinguishingvaveformsof true spikesfrom thosethat
areactuallynoiseandthen,in the casewherethe actiity of multiple cellsis recordedby a single
electrodeclassifyingwhich cell, or unit, producedwvhich waveform. The post-detectiomprocess
is referredto asspike “sorting” andproduces numberof “spike trains” correspondingo thetem-
poral sequencef action potentials(seeLewicki [13] for a review). For off-line analysis,these
spike trainsaretypically obtainedusingmanual,or semi-automaticglassi cationmethodswhile,
for on-linedecodingsimplethresholdingandtemplatematchingtechniquesreemployed. In both
casesthequality of theresultingspike trainsis dependenbn researchgudgmentandexperience.
Thevariability of humanspike sortingperformancéiasbeenpreviously notedfor recordingsrom
tetrodesandsingleelectrode$7]. Herewe studiedthis variability for motorcorticaldatarecorded
using chronically-implantednicro-electrodearrayswhich areincreasinglybeingusedfor neural
prostheticapplications.

Neuralprostheseposespecialproblemswith respecto spike sorting. Thesedevicesdecode
theactvity of neuronsandusethis informationto generateontrol signalsfor the manipulationof
the externalworld. A variety of recordingtechnologiesare employedin neuralprostheticappli-
cationsand, morewidely, for the studyof neuralcoding. Tetrodeq19, 20], microwires[27,28],
andmicro-arrayq21] have all beenexploitedto derive controlsignals.Currentimplantablepros-
thesesexploit hundredsof electrodeswhich producelarge volumesof datathat mustbe sorted
in real-timeto achiere continuousneuraldevice control. Regardlessof the recordingtechnology
thesemplanteddevicesarecurrently x edin positionandhigh-qualityprosthetiacontrolrequires
thatasmuchinformationaspossiblebe recoreredfrom eachelectrode.Eachelectrodemay have
mixedsignalscomingfrom multiple neuronstherecordedvaveformsmayvary markedly in their
signalto noiseratio, andthis signalto noiseratio may vary over time. Thesefactsmake the task
of manualor automaticsortingchallenging.

In all casesspike sortinginvolvescorverting the raw electrophysiologicatlatainto a repre-
sentatiorof the neuralspikingprocessThisinvolves ve interrelatedtasks:

1. Waveformsof potentialspikesmustbe detectedcandrecorded.

2. Thewaveformsfrom eachelectrodgchannel)mustbe sortedinto a setthoughtto be actual
“spikes” anda setthoughtto be “noise’”

3. The numberof generatingneurons(units) mustbe determinedfor every channel,sincea
givenchannemight containthe actvity of zeroor morecells.

4. Eachof thespikesonthosechannelsnustbeattributedto the neuronthatgeneratedt.

5. A timestampmustbe assignedo markthe occurrencef eachspike.
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Althoughdetectionis itself a potentiallylarge sourceof error, we did not addresst in this study
While variousdetectiormethodsexist [11], this studyusedsimplethresholding.

Therearealsoa variety of automatedpike sortingmethodq3,7,8,12,13,16,20,24,26] , yet
mostoff-line researchn systemseuroscienchasusedspike trainsthatweremanually(or semi-
automatically)sortedwith the aid of variouscommercialproducts. On-line applicationsrequire
automaticsortingbut oftenthisinvolvesamanualstageof analysigo establisithresholdor model
waveformshapes.

Spike trainsoftenform the basisfor boththe analysisof neuralencodingandthe development
of decodingalgorithms.A variety of decodingmethodshave beenproposedor neuralprosthetic
applicationd21,22,27,28] andmary of thesemethodsexploit a rate codein which the discrete
spiketrain datais corvertedto aratefunctionby binningor averagingover sometemporaklwindow.
Misclassi cationof spikesat the sortingstagecan corruptthe resultingrate codein a variety of
wayswith unknovn consequencdsr decodingperformance Similarly, decodingmethodshased
on point processe$l, 10] exploit the spike trains directly along with a temporalmodel of the
spiking processesThe fundamentabhssumption®f thesemethodsregardingthe statisticsof the
spikingprocessnayalsobeviolatedby sortingmistales.

Beyondthe problemof decodingfor prostheseghe analysisof spike trainsandprecisespike
timing in neuralcodingoftenreliesonhand-sortediata.An understandingf thevariability among
sortersandthe absoluteerror ratesin the resultingspike trainsis critical for understandingnd
evaluatingmodelsof neuralcoding. Towardsthatendwe studiedthe performancef experthuman
spike sorterson naturalandsyntheticdatasets.

Signi cant variability amonghumansortershaspreviously beenshownn for recordingsfrom
tetrodesandsingle electrodeq7], whereerror rateswere computedby comparingsortedextra-
cellularrecordinggo intra-cellular‘groundtruth”” For neuralprosthetiapplicationssimultaneous
intra-cellularrecordingsare typically not practical. In particular chronically implantedmicro-
electrodearrayg(suchastheUtahintracorticalarray[14] usedn therecordingdor theexperiment)
effectively prohibitbothindividual electrodeplacementandsimultaneousntra-cellularrecording.
In addition,in single-unitrecording electrodesremovedto achieve well isolatedsignalsandthis
is not possiblewith currentarraytechnology The useof sucharray’s for prostheticapplications
is increasingasthe technologymaturesand,consequentlyunderstandinghe natureof the signals
from suchdevicesis importantfor the developmentof automatedspike sorting algorithms. In
lieu of intra-cellularrecordingswe constructech setof syntheticchanneldor which we knew the
groundtruth. Thesesyntheticchannelsvere constructedrom a statisticalmodelof thetrue data
makingthemsimilar enoughto realchannelghatit wasdif cult for humansubjectdo distinguish
themfrom realdata.

Both the real and syntheticchannelswere manuallysortedby ve subjectswith commonly
usedcommercialoftware[9]. The subjectusedvarioustechniquesuchasprincipalcomponent
analysis(PCA) andmanualclustercutting[13]. We foundlarge discrepancies boththe number
of unitsidenti ed andthe spikesassignedo eachby differentsubjects.The magnitudeof these
discrepanciewasstatisticallysimilar for therealandsyntheticdata.We calculatedafalsepositive
(FP) rate of 23% anda falsenegative (FN) rate of 30% for the syntheticdataand postulatethat
theseratesaresimilar for real data. The resultssuggesthat neuralprostheticcontrol algorithms
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Figure1: Generationof syntheticchannels:1(a): Syntheticwaveformssampledfrom a trained
Gaussiammodel, 1(b): noisesampledirom otherchannelsand 1(c): noiseand syntheticspikes
combined

couldbene t from the developmentof new statisticaltechniquegor automatedpike sortingthat
accountfor theinherentambiguityof the spiking processn the measureavaveforms.

2 Methods

To quantitatvely assesshe subjectve variability of sortedspike trains,we asked ve expertsub-
jectsto sorta setof waveformsrecordedrom the armareaof primary motor cortex in two differ-
entmonkeys. Usingthis datawe computedhe subjectve variability of the spike trainsproduced
by differentpeople. With real dataof this type however, thereis no principledway to establish
“groundtruth” andconsequentlyo way to quantitatvely measurghe errorin humansortingper
formance.To addresghis, we generated setof syntheticchannelsandasked the samesubjects
to sortthem. The syntheticchannelsvere designedo be indistinguishabldrom the real andal-
lowedusto establishquantitatve error rateswith realisticwaveforms. Detailsof the methodsare
describedelow.



2.1 Recording

In two monkeys, following tasktraining, Bionic Technologied LC (BTL) 100-electrodesilicon
arrays[14] wereimplantedin thearmareaof primary motorcortex (Ml).

TheBTL arraysconsistedf 100platinizedtip silicon probeq200-500kOhmsat 1 kHz; [17]),
arrangedn a squaregrid (4mm x 4mm, electrodeseparatio00micronson-center). The elec-
trodeswere 1 mm in length, correspondingn Ml to recordingsnearthe layer IlI/V boundary
All proceduresvere in accordancevith Brown University Institutional Animal Care and Use
Committee-appneed protocolsandthe Guidefor the CareandUseof LaboratoryAnimals (NIH
publicationno. 85-23,revised1985). Signalswereampli ed andsamplecat40kHz/channelsing
acommerciakecordingsysten]9]. All eventsthatcrossedca manuallysetthresholdweredigitized
(12-bit voltageresolution)and storedon disk. Waveformsand their correspondingimestamps
(relative to the startof therecordingsessionveresavedfor eachelectrodeonthearray

Therecordingsetupwassimilar to thatusedin [21] for theon-line neuralcontrolof 2D cursor
motion. In this neuralprosthetidask,the animalsweretrainedto move a two-joint manipulandum
ona2D planeto controlthe motionof afeedbackcursoron acomputerscreen.The simultaneous
recordingof handkinematicsand neuralactuity allows the study of motor cortical encodingof
handmotion[18] andthetraining of decodingmethodq4,21,29]

2.2 RealData Selection

The arraysin the two animalsproducedl192 channelsof data. To simplify the sorting taskwe
selecteda 20 channebkubsefrom thefull dataset.

To selectthosechannelswe rst asked a single expert sorterto sortall 192 channels.This
expertis oneof the authorsof this paper Fromthis large setof channelsve manuallyselecteda
20 channekubsetepresentatie of thewhole.

2.3 Synthetic Data Generation

We alsoconstructed syntheticchannelsuchastheoneshavnin Fig. 1(c)for whichweknew the
groundtruth. Unlike the naturaldatawhich could containmultiple unitson asinglechannelall of
the syntheticchannelsveregeneratedhaving a singleunit for simplicity. The syntheticchannels
containedoththeactiity of this singleunit andof a realisticnoiseprocess.

The syntheticsingle unit actvity was dravn from a Gaussiangeneratre model. To con-
struct such generatre modelsfor the syntheticchannelswe randomly chose5 out of the 20
natural channels. For eachchannelwe selectedone of the sortedunits identi ed by the ex-
pert (Fig. 1(a)) and collectedthe N waveformscorrespondingo the spikes of that unit into a
matrix W, = [*1;:::;+N] wherec indicatesthe channeland the waveform is representedy
Ko= [t 1T 2 RY, wheren is the numberof time samplesin the datacorrespondingo
eachwaveform. In our casen = 40, butin othercaseghis mightvary accordingto the recording
equipmentndsetup.



For eachchannelwe computedhe meanwaveform

~ = 1 X i
N i=1
andthecovariance
Qc= (We  ~o)(We “'C)T:
This meanandcovariancede ne a multi-dimensionalGaussiaimodelof theunit's waveforms.
To generatesyntheticwaveformswe repeatedlysampledrom this distributionin thefollowing
mannerLet

LLT=0Q

be the Cholesly factorizationof the covariancematrix wherelL is a lower triangularmatrix [25],
andlet~ = [ ¢o;::: o]" where ;1 i n are zeromeanand identically distributed normal
randomvariableqi.e. ; N(O; 1)). Thennoticethatthe expectedvalueof L~ is

E[L~]=LE[~-]=0
andthevarianceof L~ is
Var[L~] = E[L~~"LT]= LE[~~"T]LT = LLT = Q:
Somultiplying the Cholesly factorizationof the covariancematrix by a setof suchvectorsf ~ g
Ley +~  N(~¢;Qc)

producesa setof syntheticwaveformswith the samedistribution asthe training set(Fig. 1(a)).
This canbe usedto generateanarbitrarynumberof waveformsby generatinghewv randomvectors
~. To ensuregthattherewereno visible high frequeng artifactsin the syntheticwaveforms,each
onewaslow-passltered usinganempiricallydeterminedsaussiarkernel.

It is commonto usea plot of the inter-spike intervals (ISI) when performingspike sorting;
violationsof the absoluterefractoryperiodindicatemisclassi cation. Consequentlywe assigned
timestampso the synthetiovaveformsby sequentiallydraving inter-spike intervalsfrom anexact,
empirically calculateddistribution ratherthan tting andsamplingfrom a canonicaldistribution
suchasthe Poissoror exponential.Figure2 shavs the ISI histogramfor a syntheticchanneland
thelSI histogramfor therealchannefrom which it wasgenerated.

Eachof the 5 syntheticchannelsalsoincludednoise. We generatedoiseby draving wave-
formsrandomlyfrom every channelexceptthe oneusedto train the generatre model(Fig 1(b)).
This processxcludedthe waveformsthathadbeenclassi ed asspikesin theinitial sortingof the
20channels.

Finally, for realism,the syntheticchannelshadto exhibit the samerecordingartifactsthe real
channelsexhibited. Waveformswere capturedwhen they passedhrougha voltagethreshold,
and,in the real channelsall the capturedwaveformswere alignedon the thresholdcrossing. To
replicatethis easilyobsered artifact we alignedboth the syntheticallygeneratedvaveformsand
the sampledhoisewaveformsusingan appropriatehresholdthat producedchannelghatvisually
matchedherealchannels.
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Figure2: Interspile intenal histogramspnefor a syntheticchannel(solid) andthe otherfor the
realchanneldashedfrom which it wastrained.

2.4 Human Sorting Procedure

The ve subjectsveregraduatestudentsresearclassistantspr postdoctoratesearchergom the
samdaboratory;they hadsigni cant experiencan sortingneuralrecordings Someof theauthors
of this paperwerealsosubjectdan this study The subjectssortedthe 25 channelausingPlexon's

of ine spike sorter[9], labelingunitsandwaveformsasthey would for their own research.This

software providesuserswith varioustoolsto sortall the waveformsof a particularrecordingone
channelat a time. This is mostoften achiezed by manualclusterselectionandre nementin a
graphicaldisplay constructedy projectingthe waveformsonto their rst two principal compo-
nents(see[13] for areview of relatedtechniques)The subjectaveregivenasmuchtime asthey

likedto sortthedata.

3 Results

Realismof Synthetic Data. Prior to sorting,subjectsattemptedo identify the syntheticchan-
nels. The 20 real and5 syntheticchannelsvere permutedrandomlybeforepresentatiorandthe
subjectswereexplicitly told thattherewere5 syntheticchanneldo be found. The subjectsvere
allowedto useary softwaretool at their disposalandwere given unlimitedtime to cometo their
conclusions. The expectednumberof syntheticchannelsthat would be correctly identi ed by
picking 5 channelsuniformly at randomfollows the hypegeometricdistributionandis 1 0:82
(mean std.).Oursubjectscorrectlyidenti ed 1:3  1:53whichis betterthanchancebut well be-
low correctlyidentifyingall ve. In fact,noneof the subjectscorrectlyidenti ed all the synthetic
channels.

While the Gaussiargeneratte model*~ N (= Q) for a neuronspike shapedistribution is
a simpli cation, on averagethe expert sortersdid not differentiatesyntheticchannelsdrom real
channelsat ratesmuchbetterthanchance This givessomecon dencethatquantitatve errorrates
for the syntheticdatamaybeindicative of the errorratesfor realdata.
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Figure3: Classi cationof the samewaveformsby two differentsubjectson a real dataset.Left:
Waveforms.SubjectD (top) classi edthe dataascontainingasingleunit while subjectE (bottom)
foundthreeunits. While only a smallfactionof the actualwaveformsareshaovn hereto simplify
the gure, thesubjectshadaccesgo thefull setof waveforms.Right: Two-secondsementfrom
the channelgleft) shovn asspike trains. Vertical barsindicatedetectedvaveformsandthe color
correspond#o theclassi cationby thesubjectqleft). Bar heightindicateshe maximalamplitude
of the correspondingvaveform.
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Figure4: Mean std.dev. of the numberof unitsidenti ed by all subjectgersyntheticchannel.
Syntheticchanneldhadonly onesyntheticunit which we indicatedby the blackhorizontalline.
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Figure5: Mean std.dev. falsepositive (FP)andfalsenegative (FN) errorratesoverall synthetic
channelger subject. FP's occurredwhena subjectinappropriatelycountednoisewaveformsas
havzing comefrom the singlegeneratingunit FN's occurredwhena subjectmiss-classi eda true
spike asnoise.

Performanceon Real Data. Figure3 illustratesthe subjectve variability we obsenedwith real
data. The gure shaws the classi cation resultsfor two subjects(D andE), wherefor simplic-
ity only a subsetof the waveformsfrom one of the real channelsn the datasets shovn. The
greenwaveformsindicatesomeagreemenbetweersubjectson the presencef a waveformwith
a particularshape. The subjectsdisagreenowever on the numberof units presentwith subject
E hypothesizingwo additionalunitsin the data. Theseresultsaretypical of what we obsened
throughouthe study

Figure3 providesanotherview of the samedatasetHerea two-secondsegmentof the datais
viewedasaspiketrain. Eachverticalline correspondso a spike while thecolor correspondso the
classi cationin Figure3. Blacklinescorrespondo waveformsthatweretreatedasnoise.Notethe
level of disagreemenin the classi ed spike trains. Evenfor the greenspikeswhich have similar
waveforms, the two subjectsincludedvery differentnumbersof spikes. We posit that differing
views suchasthis mightleadto quitedifferentmodelsof encodingn termsof interspile intervals
or synchronousring.

Table1 shovs the numberof unitsandnumberof spikesdetectedy eachof the subjects.The
subjectsagreedon the numberof units in the real channelsonly 25% of the time, and most of
theseconsensushannelsithercontainecho neuralactvity or wereextremelywell isolated.The
numberof unitsdetectedrariedby roughlyafactorof two (from alow of 18to a high of 35)while
the total numberof spikesvariedeven more,with subjectE nding approximatelyfour timesas
mary assubjectB. Evenwhenthe subjectsagreedbn thenumberof unitsin agivenchannelguite
oftenthey disagreedbouthow mary spikeseachgenerated.

Performanceon SyntheticData. Foreachsyntheticchannetherewasonly onetrueunit present.
Despitethis all subjectover sggmentedhesechannelsasshownn in Figure4.

Figure5 shavshow thesubjectperformedonthetaskof segmentingthespikesfrom thenoise.
Onaveragethesubjectdradoverall23%FPand30%FN errorratesfor thesyntheticchannelsThe



Subject A B C D E
Spikes 99160 50796 150917 77194 202351
Units 28 32 27 18 35

Table1: Totalsfor eachsubject,all real channelscombined. Spike countsincludeall identi ed
spikes;unit countsincludeall neuronsachsubjectfound.

dataillustratedin Figure5 alsosuggestshatthe subjectsemployed individual sorting strateyies;
this phenomenonvasalsoobsened by Harris et al. [7]. Despitelarge variability, it seemghat
subjectsA,B, andD useda sorting strate)y that consistentlyworked to minimize falsepositives
while subjectsC andE choseonethat worked to minimize falsenegatives. It alsosuggestghat
it might not be possibleto overcomethe trade-of betweenFP's andFN's usingthe sortingtools
employed. This might be dueto inherentsimilaritiesbetweenspike shapesr betweerspike and
noisewaveforms. It is also possiblethat the tools our subjectsemployed restrictedthem from
beingablede niti vely segmentandclassifythe actwities of individual neuronsfor example,the
softwareonly allows usergto view 2D projectionsontothe principalcomponentscf. [7]).

Anecdotally oneof theindividualswho senedasa subjectin this studywasthe sameperson
who sened asthe expertwho sortedthe training channels.This personsortedthe samechannels
twice, onceto provide thetrainingdataandthenoncea monthlaterasa subjectin this study This
individual determinedhatthereal channelsontainedl2% moreneuronghe secondime around
(25! 28)yetclassi ed 8% fewer of the waveformsasneuralactiity (108073! 99160spikes).
Althoughthis demonstratethe kind of subjectve variability we found, it alsoaffectsthe analysis
of ourresultsfor syntheticdata.While thereportedsubject-to-subjeatariability for syntheticdata
would remainunafected,the FN andFPrateswe reportedor syntheticdatacouldvary depending
ontheway thetrainingchannelsvereinitially sortedby our expert.

4 Discussion

Micro-electrodearraysare an importantrecordingtechnologyfor neuralprostheticapplications.
Additionally, recordingsfrom theseand other relatedrecordingdevices are usedto modeland
understanaheuralcoding. Oftentheseanalysesely uponmanually(or semi-automatically$orted
spike trainsandonly rarely is the uncertaintyof the underlyingdatareported. We obsenred that
expert humanspike sortershad widely varying performanceon both real and syntheticneural
datasetsOnrealdata,subjectdifferednot only in whatconstituteda spike versusnoisebut even
in the numberof units presentin the data. To quantify this variability we developeda realistic
syntheticdatasetwherethe “ground truth” wasknown. On average,subjectsidenti ed noiseas
signal25% of the time while they treatedthe signalasnoise30% of thetime. Moreover, the data
suggestshatresearcheintentplaysalargerole in theinterpretatiorof recordeddata.

For on-line prostheticapplications,careful, manual,spike sorting is not possible. Current
techniquedor on-line detectionarefairly crudeandalsoinvolve humanjudgment. For example,
experimenterdeterminedhresholdsareusedto selectwaveformswith particularproperties.This
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approachwasusedin the work of Serruyaet al. [21] for the real-timecontrol of cursormaotion.
All detectedactivity onachannewasbinnedevery 70msandalinear lter wasusedto modelthe
relationshipbetweerthis actvity andhandposition. Sinceexpertssortersoften detectmorethan
oneunit perchanneltreatingthis binneddataassingleunit ring “rates” couldintroducedecoding
errorsaseachchannemostlik ely containsmultiple units.

It is interestingto notethat Serruyaet al. achieved good neuralcontrol (from 42 channels)
without preciseon-line spike sorting. This suggestshat coarseelectricalactwity (thatmaycom-
bine units) may be sufcient for neuralcontrolapplications.Recentwork in decodingfrom local
eld potentialsalsosuggestshatthis mightbethe casg2,15,19,23]. In generalhowever, sucha
situationviolatesthe underlyingassumptionsf mostdecodingmethods For example,in popula-
tion vectormethodd5, 6,27], the combinationof unitswith differentdirectionaltuningproperties
will resultin a“ ctitious” cell whosetuning propertiesnay be very differentfrom the true cells.
Similarissuesnayexist for otherdecodingmethods.

A numberof issuesemege for researcton neuralcoding. Theoriesof neuralcodingthatare
basedon hand-sortedspikes must be evaluatedwith respectto the variability of the spike data.
In particular encodingmodelsthat rely on precisespike timing, or synchroly, may be affected
by the biasof the sorter For example,a conserative sorter(suchassubjectD), with alow false
positive rate,could miss-classifyenoughtrue spikesto remaove ary evidenceof excesssynchroly.
Alternatively, asorterwith ahigh-falsepositiveratecouldaddenoughextraneougventsto obscure
propertieof thetrue ring. Theactualeffect of this on encodingmodelsdeseresfurtherstudy

Therearetwo possiblesolutions. The rst would be to build modelsandtesttheoriesusing
datasetsortedby multiple people. Variability in the performanceof the encodingor decoding
methodcould thenbe reported. Given the time consumingnatureof spike sortingthis approach
may beinfeasible.An alternatve is to employ anautomatedpike sortingalgorithm. In this case,
encoding/decodingerformanceould be evaluatedwith respecto a particularsorterwith known
properties.If the sortingprocessvere consistentthenobsened variability acrosgraining setsor
methodscouldbe moreeasilyevaluated.

A numberof issuegemainopen. This wasa fairly smallstudywith all subjectscomingfrom
the samelaboratory Giventhatmary groupsusethe samesortingsoftware,we positthatsimilar
variability would be seenacrosdaboratoriesput this remaingto betested.

Thiswork suggestsheimportanceof good,widely available,automatedpike sortingmethods.
Thedevelopmeniof suchtoolsrequiresdataset$or evaluationandcomparisonThevariability of
humansorterson thedatapresentedheresuggestshatit maybedif cult to establisitheaccurag
of automatedechniquesndin futurework we planto comparéhumanperformancevith avariety
of automatednethods(cf. [7] for sucha comparisonn the caseof tetrodesandintra-cellularly
recordedgroundtruth). For this analysiswe canexploit oneof the maintechnicalcontributionsof
this paperwhich is the generatre waveform model. The syntheticwaveformswere shavn to be
similarto realdataasjudgedby humanexpertsandthis suggestshatsuchsyntheticdatasetsmay
be of valuefor evaluatingautomatedortingalgorithms.
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5

Conclusions

We shavedthe variability of humanspike sorterson waveformsrecordedwith a micro-electrode
array We alsodevelopeda probabilisticmodelof waveformsthatwasusedto synthesizeealistic
datasetsHumanperformanceon both realandsyntheticdatavariedwidely andsuggestshatthe
intent,or “style,” of the experimentelin uencestheresultingspike trains. Theresultssuggesthe
needfor both new waysof evaluatingtheoriesof encodingandalsoalgorithmsfor decodingthat
take into accountspike train variability. The resultsalsopoint to the needfor automatedspike-
sortingalgorithmsthatprovide consisteng acrossxperiments.
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