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Abstract

Theanalysisof actionpotentials,or “spikes,” is centralto systemsneuroscienceresearch.
Spikes are typically identi�ed from raw waveformsmanuallyfor off-line analysisor auto-
maticallyby human-con�guredalgorithmsfor on-lineapplications.Thevariability of manual
spike“sorting” is studiedandits implicationsfor neuralprosthesesdiscussed.Waveformswere
recordedusinga micro-electrodearrayandwereusedto constructa statisticallysimilar syn-
theticdataset.Resultsshowedwidevariability in thenumberof neuronsandspikesdetectedin
realdata.Additionally, averageerrorratesof 23%falsepositive and30%falsenegative were
foundfor syntheticdata.
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1 Intr oduction

A commonassumptionin systemsneuroscienceis thatthebrainencodesinformationin the�ring
rateof neurons(i.e. thenumberof actionpotentials,or “spikes,” overa temporalinterval). Conse-
quently, �nding thespikingactivity in eletrophysiologicalrecordingsof thebrainis seenasa �rst
stepin thedecodingof neuralactivity. This oftenrequiresmakingassumptionsabouttheconsis-
tency, shape,andindividuality of spikewaveforms.Analysisof recordingsrequires�rst detecting
waveformsthoughtto beactionpotentials,distinguishingwaveformsof truespikesfrom thosethat
areactuallynoiseandthen,in thecasewheretheactivity of multiple cells is recordedby a single
electrode,classifyingwhich cell, or unit, producedwhich waveform. Thepost-detectionprocess
is referredto asspike“sorting” andproducesanumberof “spike trains”correspondingto thetem-
poral sequenceof actionpotentials(seeLewicki [13] for a review). For off-line analysis,these
spike trainsaretypically obtainedusingmanual,or semi-automatic,classi�cationmethodswhile,
for on-linedecoding,simplethresholdingandtemplatematchingtechniquesareemployed.In both
cases,thequalityof theresultingspiketrainsis dependentonresearcherjudgmentandexperience.
Thevariability of humanspikesortingperformancehasbeenpreviouslynotedfor recordingsfrom
tetrodesandsingleelectrodes[7]. Herewestudiedthisvariability for motor-corticaldatarecorded
usingchronically-implantedmicro-electrodearrayswhich areincreasinglybeingusedfor neural
prostheticapplications.

Neuralprosthesesposespecialproblemswith respectto spike sorting. Thesedevicesdecode
theactivity of neuronsandusethis informationto generatecontrolsignalsfor themanipulationof
the externalworld. A varietyof recordingtechnologiesareemployed in neuralprostheticappli-
cationsand,morewidely, for thestudyof neuralcoding. Tetrodes[19,20], microwires [27,28],
andmicro-arrays[21] have all beenexploitedto derivecontrolsignals.Currentimplantablepros-
thesesexploit hundredsof electrodeswhich producelarge volumesof datathat must be sorted
in real-timeto achieve continuousneuraldevice control. Regardlessof therecordingtechnology,
theseimplanteddevicesarecurrently�x edin positionandhigh-qualityprostheticcontrolrequires
thatasmuchinformationaspossibleberecoveredfrom eachelectrode.Eachelectrodemayhave
mixedsignalscomingfrom multipleneurons,therecordedwaveformsmayvarymarkedly in their
signalto noiseratio, andthis signalto noiseratio mayvary over time. Thesefactsmake the task
of manualor automaticsortingchallenging.

In all cases,spike sortinginvolvesconverting the raw electrophysiologicaldatainto a repre-
sentationof theneuralspikingprocess.This involves� ve inter-relatedtasks:

1. Waveformsof potentialspikesmustbedetectedandrecorded.

2. Thewaveformsfrom eachelectrode(channel)mustbesortedinto a setthoughtto beactual
“spikes”andasetthoughtto be“noise.”

3. The numberof generatingneurons(units) must be determinedfor every channel,sincea
givenchannelmightcontaintheactivity of zeroor morecells.

4. Eachof thespikeson thosechannelsmustbeattributedto theneuronthatgeneratedit.

5. A timestampmustbeassignedto marktheoccurrenceof eachspike.
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Althoughdetectionis itself a potentiallylargesourceof error, we did not addressit in this study.
While variousdetectionmethodsexist [11], this studyusedsimplethresholding.

Therearealsoa varietyof automatedspike sortingmethods[3,7,8,12,13,16,20,24,26] , yet
mostoff-line researchin systemsneurosciencehasusedspike trainsthatweremanually(or semi-
automatically)sortedwith the aid of variouscommercialproducts.On-line applicationsrequire
automaticsortingbut oftenthis involvesamanualstageof analysisto establishthresholdsor model
waveformshapes.

Spike trainsoftenform thebasisfor boththeanalysisof neuralencodingandthedevelopment
of decodingalgorithms.A varietyof decodingmethodshave beenproposedfor neuralprosthetic
applications[21,22,27,28] andmany of thesemethodsexploit a ratecodein which thediscrete
spiketraindatais convertedto aratefunctionby binningor averagingoversometemporalwindow.
Misclassi�cationof spikesat the sortingstagecancorruptthe resultingratecodein a variety of
wayswith unknown consequencesfor decodingperformance.Similarly, decodingmethodsbased
on point processes[1, 10] exploit the spike trains directly along with a temporalmodel of the
spikingprocesses.The fundamentalassumptionsof thesemethodsregardingthestatisticsof the
spikingprocessmayalsobeviolatedby sortingmistakes.

Beyondtheproblemof decodingfor prostheses,theanalysisof spike trainsandprecisespike
timing in neuralcodingoftenreliesonhand-sorteddata.An understandingof thevariabilityamong
sortersandthe absoluteerror ratesin the resultingspike trains is critical for understandingand
evaluatingmodelsof neuralcoding.Towardsthatendwestudiedtheperformanceof experthuman
spikesortersonnaturalandsyntheticdatasets.

Signi�cant variability amonghumansortershaspreviously beenshown for recordingsfrom
tetrodesandsingleelectrodes[7], whereerror rateswerecomputedby comparingsortedextra-
cellularrecordingsto intra-cellular“groundtruth.” Forneuralprostheticapplications,simultaneous
intra-cellularrecordingsare typically not practical. In particular, chronically implantedmicro-
electrodearrays(suchastheUtahintracorticalarray[14] usedin therecordingsfor theexperiment)
effectively prohibitbothindividualelectrodeplacementandsimultaneousintra-cellularrecording.
In addition,in single-unitrecording,electrodesaremovedto achievewell isolatedsignalsandthis
is not possiblewith currentarraytechnology. Theuseof sucharray's for prostheticapplications
is increasingasthetechnologymaturesand,consequently, understandingthenatureof thesignals
from suchdevices is importantfor the developmentof automatedspike sorting algorithms. In
lieu of intra-cellularrecordings,we constructedasetof syntheticchannelsfor which weknew the
groundtruth. Thesesyntheticchannelswereconstructedfrom a statisticalmodelof thetruedata
makingthemsimilarenoughto realchannelsthatit wasdif�cult for humansubjectsto distinguish
themfrom realdata.

Both the real andsyntheticchannelsweremanuallysortedby � ve subjectswith commonly
usedcommercialsoftware[9]. Thesubjectsusedvarioustechniquessuchasprincipalcomponent
analysis(PCA) andmanualclustercutting[13]. We foundlargediscrepanciesin boththenumber
of units identi�ed andthe spikesassignedto eachby differentsubjects.The magnitudeof these
discrepancieswasstatisticallysimilar for therealandsyntheticdata.Wecalculatedafalsepositive
(FP) rateof 23% anda falsenegative (FN) rateof 30% for the syntheticdataandpostulatethat
theseratesaresimilar for real data. The resultssuggestthatneuralprostheticcontrol algorithms
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(a) Syntheticspikes

0 100 200 300 400 500 600 700 800 900 1000
m sec.

(b) Syntheticnoise

0 100 200 300 400 500 600 700 800 900 1000
m sec.

(c) Syntheticchannel

Figure1: Generationof syntheticchannels:1(a): Syntheticwaveformssampledfrom a trained
Gaussianmodel,1(b): noisesampledfrom otherchannels,and1(c): noiseandsyntheticspikes
combined

couldbene�t from thedevelopmentof new statisticaltechniquesfor automatedspike sortingthat
accountfor theinherentambiguityof thespikingprocessin themeasuredwaveforms.

2 Methods

To quantitatively assessthesubjective variability of sortedspike trains,we asked� ve expertsub-
jectsto sorta setof waveformsrecordedfrom thearmareaof primarymotorcortex in two differ-
entmonkeys. Usingthis datawe computedthesubjective variability of thespike trainsproduced
by differentpeople. With real dataof this type however, thereis no principledway to establish
“groundtruth” andconsequentlyno way to quantitatively measuretheerrorin humansortingper-
formance.To addressthis, we generateda setof syntheticchannelsandaskedthesamesubjects
to sort them. Thesyntheticchannelsweredesignedto be indistinguishablefrom the realandal-
lowedusto establishquantitativeerrorrateswith realisticwaveforms.Detailsof themethodsare
describedbelow.
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2.1 Recording

In two monkeys, following tasktraining, Bionic TechnologiesLLC (BTL) 100-electrodesilicon
arrays[14] wereimplantedin thearmareaof primarymotorcortex (MI).

TheBTL arraysconsistedof 100platinizedtip siliconprobes(200-500kOhmsat1 kHz; [17]),
arrangedin a squaregrid (4mm x 4mm, electrodeseparation400micronson-center).The elec-
trodeswere 1 mm in length, correspondingin MI to recordingsnearthe layer III/V boundary.
All procedureswere in accordancewith Brown University Institutional Animal Careand Use
Committee-approvedprotocolsandtheGuidefor theCareandUseof LaboratoryAnimals (NIH
publicationno. 85-23,revised1985).Signalswereampli�ed andsampledat40kHz/channelusing
acommercialrecordingsystem[9]. All eventsthatcrossedamanuallysetthresholdweredigitized
(12-bit voltageresolution)andstoredon disk. Waveformsand their correspondingtimestamps
(relative to thestartof therecordingsession)weresavedfor eachelectrodeon thearray.

Therecordingsetupwassimilar to thatusedin [21] for theon-lineneuralcontrolof 2D cursor
motion. In thisneuralprosthetictask,theanimalsweretrainedto movea two-joint manipulandum
on a 2D planeto controlthemotionof a feedbackcursoron acomputerscreen.Thesimultaneous
recordingof handkinematicsandneuralactivity allows the studyof motor cortical encodingof
handmotion[18] andthetrainingof decodingmethods[4,21,29]

2.2 RealData Selection

The arraysin the two animalsproduced192 channelsof data. To simplify the sorting taskwe
selecteda20channelsubsetfrom thefull dataset.

To selectthosechannels,we �rst asked a singleexpert sorterto sort all 192 channels.This
expert is oneof theauthorsof this paper. Fromthis largesetof channelswe manuallyselecteda
20 channelsubsetrepresentativeof thewhole.

2.3 SyntheticData Generation

Wealsoconstructed5 syntheticchannelssuchastheoneshown in Fig.1(c) for whichweknew the
groundtruth. Unlikethenaturaldatawhichcouldcontainmultipleunitsonasinglechannel,all of
thesyntheticchannelsweregeneratedhaving a singleunit for simplicity. Thesyntheticchannels
containedboththeactivity of this singleunit andof a realisticnoiseprocess.

The syntheticsingle unit activity was drawn from a Gaussiangenerative model. To con-
struct such generative 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 waveformscorrespondingto the spikes of that unit into a
matrix Wc = [~! 1; : : : ; ~! N ] wherec indicatesthe channeland the waveform is representedby
~! i = [! i

1; : : : ; ! i
n ]T 2 Rn , wheren is the numberof time samplesin the datacorrespondingto

eachwaveform. In our casen = 40, but in othercasesthis might vary accordingto therecording
equipmentandsetup.
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For eachchannelwecomputedthemeanwaveform

~� c =
1
N

NX

i =1

~! i

andthecovariance
Qc = (Wc � ~� c)(Wc � ~� c)T :

Thismeanandcovariancede�ne amulti-dimensionalGaussianmodelof theunit'swaveforms.
To generatesyntheticwaveformswerepeatedlysampledfrom thisdistributionin thefollowing

manner. Let
LL T = Q

betheCholesky factorizationof thecovariancematrix whereL is a lower triangularmatrix [25],
and let ~� = [� 0; : : : � n ]T where� i ; 1 � i � n arezeromeanandidentically distributednormal
randomvariables(i.e. � i � N (0; 1)). Thennoticethattheexpectedvalueof L~� is

E[L~� ] = LE [~� ] = 0

andthevarianceof L~� is

Var[L~� ] = E[L~� ~� T LT ] = LE [~� ~� T ]LT = LL T = Q:

Somultiplying theCholesky factorizationof thecovariancematrixby a setof suchvectorsf ~� j g

L c ~� j + ~� c � N (~� c; Qc)

producesa setof syntheticwaveformswith the samedistribution asthe training set (Fig. 1(a)).
Thiscanbeusedto generateanarbitrarynumberof waveformsby generatingnew randomvectors
~� . To ensurethat therewereno visible high frequency artifactsin thesyntheticwaveforms,each
onewaslow-pass�ltered usinganempiricallydeterminedGaussiankernel.

It is commonto usea plot of the inter-spike intervals (ISI) whenperformingspike sorting;
violationsof theabsoluterefractoryperiodindicatemisclassi�cation.Consequently, we assigned
timestampsto thesyntheticwaveformsby sequentiallydrawing inter-spikeintervalsfrom anexact,
empiricallycalculated,distribution ratherthan�tting andsamplingfrom a canonicaldistribution
suchasthePoissonor exponential.Figure2 shows theISI histogramfor a syntheticchanneland
theISI histogramfor therealchannelfrom which it wasgenerated.

Eachof the 5 syntheticchannelsalsoincludednoise. We generatednoiseby drawing wave-
formsrandomlyfrom every channelexcepttheoneusedto train thegenerative model(Fig 1(b)).
This processexcludedthewaveformsthathadbeenclassi�edasspikesin theinitial sortingof the
20 channels.

Finally, for realism,thesyntheticchannelshadto exhibit thesamerecordingartifactsthereal
channelsexhibited. Waveformswere capturedwhen they passedthrougha voltagethreshold,
and,in the real channelsall the capturedwaveformswerealignedon the thresholdcrossing.To
replicatethis easilyobservedartifactwe alignedboth thesyntheticallygeneratedwaveformsand
thesamplednoisewaveformsusinganappropriatethresholdthatproducedchannelsthatvisually
matchedtherealchannels.
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Figure2: Interspike interval histograms,onefor a syntheticchannel(solid) andtheotherfor the
realchannel(dashed)from which it wastrained.

2.4 Human Sorting Procedure

The� ve subjectsweregraduatestudents,researchassistants,or postdoctoralresearchersfrom the
samelaboratory;they hadsigni�cant experiencein sortingneuralrecordings.Someof theauthors
of this paperwerealsosubjectsin this study. Thesubjectssortedthe25 channelsusingPlexon's
of�ine spike sorter[9], labelingunitsandwaveformsasthey would for their own research.This
softwareprovidesuserswith varioustools to sortall thewaveformsof a particularrecordingone
channelat a time. This is mostoften achieved by manualclusterselectionandre�nement in a
graphicaldisplayconstructedby projectingthe waveformsonto their �rst two principal compo-
nents(see[13] for a review of relatedtechniques).Thesubjectsweregivenasmuchtime asthey
likedto sortthedata.

3 Results

Realismof Synthetic Data. Prior to sorting,subjectsattemptedto identify thesyntheticchan-
nels. The 20 real and5 syntheticchannelswerepermutedrandomlybeforepresentationandthe
subjectswereexplicitly told that therewere5 syntheticchannelsto be found. Thesubjectswere
allowedto useany softwaretool at their disposalandweregivenunlimitedtime to cometo their
conclusions. The expectednumberof syntheticchannelsthat would be correctly identi�ed by
picking 5 channelsuniformly at randomfollows the hypergeometricdistribution andis 1 � 0:82
(mean� std.).Oursubjectscorrectlyidenti�ed 1:3� 1:53which is betterthanchancebut well be-
low correctlyidentifying all � ve. In fact,noneof thesubjectscorrectlyidenti�ed all thesynthetic
channels.

While the Gaussiangenerative model~! � N (~�; Q) for a neuronspike shapedistribution is
a simpli�cation, on averagethe expert sortersdid not differentiatesyntheticchannelsfrom real
channelsat ratesmuchbetterthanchance.Thisgivessomecon�dencethatquantitativeerrorrates
for thesyntheticdatamaybeindicativeof theerrorratesfor realdata.
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Figure3: Classi�cationof thesamewaveformsby two differentsubjectson a realdataset.Left:
Waveforms.SubjectD (top)classi�edthedataascontainingasingleunit while subjectE (bottom)
foundthreeunits. While only a small factionof theactualwaveformsareshown hereto simplify
the�gure, thesubjectshadaccessto thefull setof waveforms.Right: Two-secondsegmentfrom
thechannels(left) shown asspike trains. Verticalbarsindicatedetectedwaveformsandthecolor
correspondsto theclassi�cationby thesubjects(left). Barheightindicatesthemaximalamplitude
of thecorrespondingwaveform.
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Figure4: Mean� std.dev. of thenumberof unitsidenti�ed by all subjectspersyntheticchannel.
Syntheticchannelshadonly onesyntheticunit whichwe indicatedby theblackhorizontalline.
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Figure5: Mean� std.dev. falsepositive(FP)andfalsenegative(FN) errorratesoverall synthetic
channelsper subject.FP's occurredwhena subjectinappropriatelycountednoisewaveformsas
having comefrom thesinglegeneratingunit FN's occurredwhena subjectmiss-classi�eda true
spikeasnoise.

Performanceon Real Data. Figure3 illustratesthesubjectivevariability weobservedwith real
data. The �gure shows the classi�cation resultsfor two subjects(D andE), wherefor simplic-
ity only a subsetof the waveformsfrom oneof the real channelsin the datasetis shown. The
greenwaveformsindicatesomeagreementbetweensubjectson thepresenceof a waveformwith
a particularshape. The subjectsdisagreehowever on the numberof units presentwith subject
E hypothesizingtwo additionalunits in the data. Theseresultsaretypical of what we observed
throughoutthestudy.

Figure3 providesanotherview of thesamedataset.Herea two-secondsegmentof thedatais
viewedasaspiketrain. Eachverticalline correspondsto aspikewhile thecolorcorrespondsto the
classi�cationin Figure3. Blacklinescorrespondto waveformsthatweretreatedasnoise.Notethe
level of disagreementin theclassi�ed spike trains. Evenfor thegreenspikeswhich have similar
waveforms,the two subjectsincludedvery differentnumbersof spikes. We posit that differing
viewssuchasthismight leadto quitedifferentmodelsof encodingin termsof interspike intervals
or synchronous�ring.

Table1 showsthenumberof unitsandnumberof spikesdetectedby eachof thesubjects.The
subjectsagreedon the numberof units in the real channelsonly 25% of the time, andmostof
theseconsensuschannelseithercontainedno neuralactivity or wereextremelywell isolated.The
numberof unitsdetectedvariedby roughlyafactorof two (from a low of 18 to ahighof 35)while
the total numberof spikesvariedevenmore,with subjectE �nding approximatelyfour timesas
many assubjectB. Evenwhenthesubjectsagreedonthenumberof unitsin agivenchannel,quite
oftenthey disagreedabouthow many spikeseachgenerated.

PerformanceonSyntheticData. Foreachsyntheticchanneltherewasonlyonetrueunitpresent.
Despitethisall subjectsoversegmentedthesechannelsasshown in Figure4.

Figure5 showshow thesubjectsperformedonthetaskof segmentingthespikesfrom thenoise.
Onaveragethesubjectshadoverall23%FPand30%FN errorratesfor thesyntheticchannels.The
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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 neuronseachsubjectfound.

dataillustratedin Figure5 alsosuggeststhat thesubjectsemployed individual sortingstrategies;
this phenomenonwasalsoobserved by Harris et al. [7]. Despitelarge variability, it seemsthat
subjectsA,B, andD useda sortingstrategy that consistentlyworked to minimize falsepositives
while subjectsC andE choseonethat worked to minimize falsenegatives. It alsosuggeststhat
it might not bepossibleto overcomethe trade-off betweenFP's andFN's usingthesortingtools
employed. This might bedueto inherentsimilaritiesbetweenspike shapesor betweenspike and
noisewaveforms. It is also possiblethat the tools our subjectsemployed restrictedthemfrom
beingablede�niti vely segmentandclassifytheactivities of individual neurons;for example,the
softwareonly allowsusersto view 2D projectionsontotheprincipalcomponents(cf. [7]).

Anecdotally, oneof theindividualswho servedasa subjectin this studywasthesameperson
who servedastheexpertwho sortedthetrainingchannels.This personsortedthesamechannels
twice,onceto provide thetrainingdataandthenonceamonthlaterasasubjectin this study. This
individualdeterminedthattherealchannelscontained12%moreneuronsthesecondtime around
(25 ! 28) yet classi�ed8% fewer of thewaveformsasneuralactivity (108073! 99160spikes).
Althoughthis demonstratesthekind of subjectivevariability we found,it alsoaffectstheanalysis
of ourresultsfor syntheticdata.While thereportedsubject-to-subjectvariability for syntheticdata
wouldremainunaffected,theFN andFPrateswereportedfor syntheticdatacouldvarydepending
on theway thetrainingchannelswereinitially sortedby ourexpert.

4 Discussion

Micro-electrodearraysarean importantrecordingtechnologyfor neuralprostheticapplications.
Additionally, recordingsfrom theseand other relatedrecordingdevices are usedto model and
understandneuralcoding.Oftentheseanalysesrely uponmanually(or semi-automatically)sorted
spike trainsandonly rarely is the uncertaintyof the underlyingdatareported.We observed that
expert humanspike sortershad widely varying performanceon both real and syntheticneural
datasets.On realdata,subjectsdifferednot only in whatconstituteda spikeversusnoisebut 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 thetime while they treatedthesignalasnoise30%of thetime. Moreover, thedata
suggeststhatresearcherintentplaysa largerole in theinterpretationof recordeddata.

For on-line prostheticapplications,careful, manual,spike sorting is not possible. Current
techniquesfor on-linedetectionarefairly crudeandalsoinvolve humanjudgment.For example,
experimenter-determinedthresholdsareusedto selectwaveformswith particularproperties.This
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approachwasusedin the work of Serruyaet al. [21] for the real-timecontrol of cursormotion.
All detectedactivity ona channelwasbinnedevery70msanda linear�lter wasusedto modelthe
relationshipbetweenthis activity andhandposition. Sinceexpertssortersoftendetectmorethan
oneunit perchannel,treatingthisbinneddataassingleunit �ring “rates”couldintroducedecoding
errorsaseachchannelmostlikely containsmultipleunits.

It is interestingto notethat Serruyaet al. achieved goodneuralcontrol (from 42 channels)
without preciseon-linespike sorting. This suggeststhatcoarseelectricalactivity (thatmaycom-
bineunits)maybesuf�cient for neuralcontrolapplications.Recentwork in decodingfrom local
�eld potentialsalsosuggeststhatthismight bethecase[2,15,19,23]. In general,however, sucha
situationviolatestheunderlyingassumptionsof mostdecodingmethods.For example,in popula-
tion vectormethods[5,6,27], thecombinationof unitswith differentdirectionaltuningproperties
will resultin a “�ctitious” cell whosetuningpropertiesmaybevery differentfrom thetruecells.
Similar issuesmayexist for otherdecodingmethods.

A numberof issuesemergefor researchon neuralcoding. Theoriesof neuralcodingthatare
basedon hand-sortedspikesmustbe evaluatedwith respectto the variability of the spike data.
In particular, encodingmodelsthat rely on precisespike timing, or synchrony, may be affected
by thebiasof thesorter. For example,a conservative sorter(suchassubjectD), with a low false
positiverate,couldmiss-classifyenoughtruespikesto removeany evidenceof excesssynchrony.
Alternatively, asorterwith ahigh-falsepositiveratecouldaddenoughextraneouseventstoobscure
propertiesof thetrue�ring. Theactualeffectof thisonencodingmodelsdeservesfurtherstudy.

Therearetwo possiblesolutions. The �rst would be to build modelsandtesttheoriesusing
datasetssortedby multiple people. Variability in the performanceof the encodingor decoding
methodcould thenbe reported.Given the time consumingnatureof spike sortingthis approach
maybeinfeasible.An alternative is to employ anautomatedspike sortingalgorithm.In this case,
encoding/decodingperformancecouldbeevaluatedwith respectto a particularsorterwith known
properties.If thesortingprocesswereconsistent,thenobservedvariability acrosstrainingsetsor
methodscouldbemoreeasilyevaluated.

A numberof issuesremainopen.This wasa fairly smallstudywith all subjectscomingfrom
thesamelaboratory. Giventhatmany groupsusethesamesortingsoftware,we posit thatsimilar
variability wouldbeseenacrosslaboratories,but this remainsto betested.

Thisworksuggeststheimportanceof good,widely available,automatedspikesortingmethods.
Thedevelopmentof suchtoolsrequiresdatasetsfor evaluationandcomparison.Thevariability of
humansorterson thedatapresentedheresuggeststhatit maybedif�cult to establishtheaccuracy
of automatedtechniquesandin futurework weplanto comparehumanperformancewith avariety
of automatedmethods(cf. [7] for sucha comparisonin the caseof tetrodesandintra-cellularly
recordedgroundtruth). For thisanalysiswecanexploit oneof themaintechnicalcontributionsof
this paperwhich is thegenerative waveformmodel. Thesyntheticwaveformswereshown to be
similar to realdataasjudgedby humanexpertsandthissuggeststhatsuchsyntheticdatasetsmay
beof valuefor evaluatingautomatedsortingalgorithms.
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5 Conclusions

We showedthevariability of humanspike sorterson waveformsrecordedwith a micro-electrode
array. We alsodevelopeda probabilisticmodelof waveformsthatwasusedto synthesizerealistic
datasets.Humanperformanceon bothrealandsyntheticdatavariedwidely andsuggeststhat the
intent,or “style,” of theexperimenterin�uencestheresultingspike trains.Theresultssuggestthe
needfor bothnew waysof evaluatingtheoriesof encodingandalsoalgorithmsfor decodingthat
take into accountspike train variability. The resultsalsopoint to the needfor automatedspike-
sortingalgorithmsthatprovideconsistency acrossexperiments.
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