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On the Variability of ManualSpike Sorting
FrankWood *, Michael J. Black, Member, IEEE, CarlosVargas-Irwin,Matthew Fellows, JohnP. Donoghue

Abstract— The analysis of action potentials, or “spik es,” is central to
systemsneuroscienceresearch. Spikes are typically identi�ed fr om raw
waveforms manually for off-line analysis or automatically by human-
con�gur ed algorithms for on-line applications. The variability of manual
spike “sorting” is studied and its implications for neural prostheses
discussed.Waveforms were recorded using a micro-electrode array and
were used to construct a statistically similar synthetic dataset. Results
showed wide variability in the number of neurons and spikes detected
in real data. Additionally , average error rates of 23% false positive and
30% false negative were found for synthetic data.

Index Terms: Spike sorting, neuralprosthesis,electrodearray, de-
coding,motor cortex.

I . INTRODUCTION

A commonassumptionin systemsneuroscienceis that the brain
encodesinformation in the �ring rateof neurons(i.e. the numberof
actionpotentials,or “spikes,” over a temporalinterval). Consequently,
�nding the spiking activity in eletrophysiologicalrecordingsof the
brain is seenas a �rst step in the decodingof neuralactivity. This
often requiresmakingassumptionsaboutthe consistency, shape,and
individuality of spike waveforms.Analysisof recordingsrequires�rst
detectingwaveforms thought to be action potentials,distinguishing
waveformsof truespikesfrom thosethatareactuallynoiseandthen,
in thecasewheretheactivity of multiple cells is recordedby a single
electrode,classifyingwhich cell, or unit, producedwhich waveform.
The post-detectionprocessis referred to as spike “sorting” and
producesa numberof “spike trains” correspondingto the temporal
sequenceof action potentials(see Lewicki [1] for a review). For
off-line analysis, these spike trains are typically obtained using
manual,or semi-automatic,classi�cation methodswhile, for on-line
decoding,simplethresholdingandtemplatematchingtechniquesare
employed. In both cases,the quality of the resultingspike trains is
dependenton researcherjudgment and experience.The variability
of humanspike sorting performancehasbeenpreviously noted for
recordingsfrom tetrodesand single electrodes[2]. Here we studied
this variability for motor-cortical data recordedusing chronically-
implantedmicro-electrodearrayswhich are increasinglybeing used
for neuralprostheticapplications.

Neural prosthesespose special problems with respectto spike
sorting. Thesedevices decodethe activity of neuronsand use this
information to generatecontrol signalsfor the manipulationof the
external world. A variety of recording technologiesare employed
in neural prostheticapplicationsand, more widely, for the study
of neuralcoding. Tetrodes[3], [4], microwires [5], [6], and micro-
arrays[7] have all beenexploited to derive control signals.Current
implantableprosthesesexploit hundredsof electrodeswhich produce
large volumesof data that must be sorted in real-time to achieve
continuousneuraldevice control. Regardlessof the recordingtech-
nology, theseimplanteddevices are currently �x ed in position and

Manuscriptreceived July 1, 2003; revised December31, 2003.This work
wassupportedin part by NIH-NINDS #NS25074,NIH-NINDS #N01-NS-2-
2345,NSF ITR #0113679.Asteriskindicatescorrespondingauthor.

F. Wood and M. J. Black are with the Departmentof ComputerScience,
Brown University, Providence,RI 02912,USA.

M. Fellows, C. Vargas-Irwin,andJ. P. Donoghuearewith the Department
of Neuroscience,Brown University, Providence,RI 02912,USA.

* correspondence:F. Wood (fwood@cs.brown.edu)

high-quality prostheticcontrol requiresthat as much information as
possiblebe recoveredfrom eachelectrode.Eachelectrodemay have
mixedsignalscomingfrom multipleneurons,therecordedwaveforms
may vary markedly in their signal to noiseratio, and this signal to
noiseratio may vary over time. Thesefactsmake the taskof manual
or automaticsortingchallenging.

In all cases,spike sortinginvolvesconverting theraw electrophysi-
ologicaldatainto a representationof theneuralspikingprocess.This
involves � ve inter-relatedtasks:

1) Waveformsof potentialspikesmustbe detectedandrecorded.
2) The waveformsfrom eachelectrode(channel)must be sorted

into a setthoughtto be actual“spikes” anda setthoughtto be
“noise.”

3) The numberof generatingneurons(units) mustbe determined
for every channel,since a given channelmight contain the
activity of zeroor morecells.

4) Eachof the spikeson thosechannelsmustbe attributedto the
neuronthat generatedit.

5) A timestampmustbe assignedto mark the occurrenceof each
spike.

Althoughdetectionis itself a potentiallylargesourceof error, we did
not addressit in this study. While variousdetectionmethodsexist [8],
this studyusedsimple thresholding.

Therearealsoavarietyof automatedspikesortingmethods[1], [2],
[4], [9]–[14] , yet mostoff-line researchin systemsneurosciencehas
usedspike trains that were manually(or semi-automatically)sorted
with the aid of various commercialproducts.On-line applications
requireautomaticsorting but often this involves a manualstageof
analysisto establishthresholdsor modelwaveform shapes.

Spike trains often form the basisfor both the analysisof neural
encodingand the developmentof decodingalgorithms.A variety of
decodingmethodshave beenproposedfor neuralprostheticapplica-
tions [5]–[7], [15] andmany of thesemethodsexploit a ratecodein
which the discretespike train datais convertedto a ratefunction by
binning or averagingover sometemporalwindow. Misclassi�cation
of spikes at the sorting stagecan corrupt the resulting rate code
in a variety of ways with unknown consequencesfor decoding
performance.Similarly, decodingmethodsbasedon point processes
[16], [17] exploit the spike trains directly along with a temporal
model of the spiking processes.The fundamentalassumptionsof
thesemethodsregarding the statisticsof the spiking processmay
alsobe violatedby sortingmistakes.

Beyond the problem of decodingfor prostheses,the analysisof
spike trainsandprecisespike timing in neuralcodingoften relieson
hand-sorteddata.An understandingof the variability amongsorters
andthe absoluteerror ratesin the resultingspike trainsis critical for
understandingandevaluatingmodelsof neuralcoding.Towardsthat
end we studiedthe performanceof expert humanspike sorterson
naturalandsyntheticdatasets.

Signi�cant variability amonghumansortershas previously been
shown for recordingsfrom tetrodesandsingleelectrodes[2], where
error rateswerecomputedby comparingsortedextra-cellularrecord-
ings to intra-cellular “ground truth.” For neural prostheticapplica-
tions, simultaneousintra-cellularrecordingsare typically not practi-
cal. In particular, chronicallyimplantedmicro-electrodearrays(such
as the Utah intracortical array [18] used in the recordingsfor the
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experiment)effectively prohibit both individual electrodeplacement
and simultaneousintra-cellularrecording.In addition, in single-unit
recording,electrodesaremoved to achieve well isolatedsignalsand
this is not possiblewith currentarray technology. The useof such
array's for prostheticapplicationsis increasingas the technology
maturesand, consequently, understandingthe natureof the signals
from such devices is important for the developmentof automated
spike sorting algorithms. In lieu of intra-cellular recordings,we
constructeda setof syntheticchannelsfor which we knew theground
truth. Thesesyntheticchannelswere constructedfrom a statistical
modelof the true datamakingthemsimilar enoughto real channels
that it wasdif�cult for humansubjectsto distinguishthemfrom real
data.

Both the real and synthetic channelswere manually sorted by
� ve subjectswith commonly used commercialsoftware [19]. The
subjectsusedvarioustechniquessuchasprincipalcomponentanalysis
(PCA) andmanualclustercutting [1]. We found large discrepancies
in both the number of units identi�ed and the spikes assignedto
eachby differentsubjects.Themagnitudeof thesediscrepancieswas
statisticallysimilar for the real and syntheticdata.We calculateda
falsepositive (FP) rateof 23%anda falsenegative (FN) rateof 30%
for the syntheticdata and postulatethat theseratesare similar for
realdata.Theresultssuggestthatneuralprostheticcontrolalgorithms
could bene�t from the developmentof new statisticaltechniquesfor
automatedspike sorting that accountfor the inherentambiguity of
the spiking processin the measuredwaveforms.

I I . METHODS

To quantitatively assessthe subjective variability of sortedspike
trains, we asked � ve expert subjectsto sort a set of waveforms
recordedfrom the arm areaof primary motor cortex in two different
monkeys. Using this data we computedthe subjective variability
of the spike trains producedby different people.With real data of
this type however, there is no principled way to establish“ground
truth” and consequentlyno way to quantitatively measurethe error
in humansorting performance.To addressthis, we generateda set
of syntheticchannelsandasked the samesubjectsto sort them.The
syntheticchannelswere designedto be indistinguishablefrom the
real andallowed us to establishquantitative error rateswith realistic
waveforms.Detailsof the methodsaredescribedbelow.

A. Recording

In two monkeys, following tasktraining,Bionic TechnologiesLLC
(BTL) 100-electrodesilicon arrays[18] were implantedin the arm
areaof primary motor cortex (MI).

The BTL arrays consistedof 100 platinized tip silicon probes
(200-500kOhms at 1 kHz; [20]), arrangedin a squaregrid (4mm
x 4mm, electrodeseparation400micronson-center).The electrodes
were 1 mm in length, correspondingin MI to recordingsnear the
layer III/V boundary. All procedureswerein accordancewith Brown
University Institutional Animal Care and Use Committee-approved
protocolsandtheGuidefor theCareandUseof LaboratoryAnimals
(NIH publication no. 85-23, revised 1985). Signalswere ampli�ed
andsampledat 40 kHz/channelusinga commercialrecordingsystem
[19]. All eventsthat crosseda manuallyset thresholdweredigitized
(12-bit voltageresolution)and storedon disk. Waveformsand their
correspondingtimestamps(relative to the start of the recording
session)weresaved for eachelectrodeon the array.

The recordingsetupwassimilar to that usedin [7] for the on-line
neural control of 2D cursor motion. In this neural prosthetictask,
the animalswere trained to move a two-joint manipulandumon a
2D planeto control the motion of a feedbackcursoron a computer

screen.The simultaneousrecordingof hand kinematicsand neural
activity allows the studyof motor cortical encodingof handmotion
[21] and the training of decodingmethods[7], [22], [23]

B. RealData Selection

The arraysin the two animalsproduced192 channelsof data.To
simplify the sorting task we selecteda 20 channelsubsetfrom the
full dataset.

To selectthosechannels,we �rst asked a single expert sorter to
sort all 192 channels.This expert is oneof the authorsof this paper.
From this large set of channelswe manuallyselecteda 20 channel
subsetrepresentative of the whole.

C. SyntheticData Generation

We also constructed5 syntheticchannelssuchas the one shown
in Fig. 1(c) for which we knew the groundtruth. Unlike the natural
datawhich couldcontainmultiple unitson a singlechannel,all of the
syntheticchannelsweregeneratedhaving a singleunit for simplicity.
The syntheticchannelscontainedboth the activity of this singleunit
andof a realisticnoiseprocess.

The syntheticsingleunit activity wasdrawn from a Gaussiangen-
erative model.To constructsuchgenerative modelsfor the synthetic
channelswe randomlychose5 out of the 20 naturalchannels.For
eachchannelwe selectedone of the sortedunits identi�ed by the
expert (Fig. 1(a)) and collectedthe N waveformscorrespondingto
the spikes of that unit into a matrix Wc = [~! 1 ; : : : ; ~! N ] where
c indicatesthe channeland the waveform is representedby ~! i =
[! i

1 ; : : : ; ! i
n ]T 2 Rn , where n is the number of time samplesin

the datacorrespondingto eachwaveform. In our casen = 40, but
in othercasesthis might vary accordingto the recordingequipment
andsetup.

For eachchannelwe computedthe meanwaveform

~� c =
1
N

NX

i =1

~! i

andthe covariance

Qc = (Wc � ~� c)(Wc � ~� c)T :

Thismeanandcovariancede�ne amulti-dimensionalGaussianmodel
of the unit's waveforms.

To generatesyntheticwaveformswe repeatedlysampledfrom this
distribution in the following manner. Let

LL T = Q

be the Cholesky factorizationof the covariancematrix whereL is
a lower triangular matrix [24], and let ~� = [� 0 ; : : : � n ]T where
� i ; 1 � i � n are zero mean and identically distributed normal
randomvariables(i.e. � i � N (0; 1)). Then notice that the expected
valueof L~� is

E [L~� ] = LE [~� ] = 0

and the varianceof L~� is

V ar [L~� ] = E [L~� ~� T L T ] = LE [~� ~� T ]L T = LL T = Q:

So multiplying the Cholesky factorizationof the covariancematrix
by a setof suchvectorsf ~� j g

L c ~� j + ~� c � N (~� c ; Qc)

producesa set of synthetic waveforms with the samedistribution
as the training set (Fig. 1(a)). This can be used to generatean
arbitrary numberof waveforms by generatingnew randomvectors
~� . To ensurethat there were no visible high frequency artifacts in
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Fig. 1. Generationof syntheticchannels:1(a): Syntheticwaveformssampledfrom a trainedGaussianmodel,1(b): noisesampledfrom otherchannels,and
1(c): noiseandsyntheticspikes combined
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Fig. 2. Interspike interval histograms,one for a syntheticchannel(solid)
andthe other for the real channel(dashed)from which it was trained.

the syntheticwaveforms, eachone was low-pass�ltered using an
empirically determinedGaussiankernel.

It is commonto usea plot of the inter-spike intervals (ISI) when
performingspike sorting;violationsof the absoluterefractoryperiod
indicatemisclassi�cation.Consequently, we assignedtimestampsto
thesyntheticwaveformsby sequentiallydrawing inter-spike intervals
from an exact, empirically calculated,distribution ratherthan �tting
and sampling from a canonical distribution such as the Poisson
or exponential.Figure 2 shows the ISI histogramfor a synthetic
channeland the ISI histogramfor the real channelfrom which it
wasgenerated.

Eachof the5 syntheticchannelsalsoincludednoise.We generated
noise by drawing waveforms randomly from every channelexcept
the one usedto train the generative model (Fig 1(b)). This process
excluded the waveforms that had been classi�ed as spikes in the
initial sortingof the 20 channels.

Finally, for realism,thesyntheticchannelshadto exhibit thesame
recordingartifactsthe real channelsexhibited.Waveformswerecap-
turedwhenthey passedthrougha voltagethreshold,and, in the real
channelsall the capturedwaveformswere alignedon the threshold
crossing.To replicatethis easilyobservedartifactwe alignedboththe
syntheticallygeneratedwaveformsandthesamplednoisewaveforms
using an appropriatethresholdthat producedchannelsthat visually
matchedthe real channels.

D. HumanSortingProcedure

The � ve subjectswere graduatestudents,researchassistants,or
postdoctoralresearchersfrom the samelaboratory;they had signif-

icant experiencein sorting neural recordings.Someof the authors
of this paperwere also subjectsin this study. The subjectssorted
the 25 channelsusing Plexon's of�ine spike sorter [19], labeling
units and waveforms as they would for their own research.This
softwareprovidesuserswith varioustools to sort all the waveforms
of a particular recordingone channelat a time. This is most often
achieved by manualclusterselectionand re�nement in a graphical
displayconstructedby projectingthe waveformsonto their �rst two
principal components(see [1] for a review of related techniques).
Thesubjectsweregiven asmuchtime asthey liked to sort the data.

I I I . RESULTS

a) Realismof SyntheticData.: Prior to sorting, subjectsat-
tempted to identify the synthetic channels.The 20 real and 5
syntheticchannelswerepermutedrandomlybeforepresentationand
the subjectswereexplicitly told that therewere5 syntheticchannels
to be found. The subjectswere allowed to use any software tool
at their disposaland were given unlimited time to come to their
conclusions.The expectednumberof syntheticchannelsthat would
be correctly identi�ed by picking 5 channelsuniformly at random
follows the hypergeometricdistribution and is 1 � 0:82 (mean �
std.).Our subjectscorrectlyidenti�ed 1:3� 1:53 which is betterthan
chancebut well below correctly identifying all � ve. In fact, noneof
the subjectscorrectly identi�ed all the syntheticchannels.

While the Gaussiangenerative model ~! � N (~�; Q) for a neuron
spike shapedistribution is a simpli�cation, on averagethe expert
sortersdid not differentiatesynthetic channelsfrom real channels
at ratesmuch better than chance.This gives somecon�dence that
quantitative error ratesfor thesyntheticdatamaybe indicative of the
error ratesfor real data.

b) Performanceon RealData.: Figure3 illustratesthe subjec-
tive variability we observed with real data. The �gure shows the
classi�cationresultsfor two subjects(D andE), wherefor simplicity
only a subsetof the waveforms from one of the real channelsin
the datasetis shown. The greenwaveformsindicatesomeagreement
betweensubjectson the presenceof a waveform with a particular
shape.Thesubjectsdisagreehowever on thenumberof unitspresent
with subjectE hypothesizingtwo additionalunits in the data.These
resultsare typical of what we observed throughoutthe study.

Figure 3 provides anotherview of the samedataset.Here a two-
secondsegmentof the datais viewed asa spike train. Eachvertical
line correspondsto a spike while the color correspondsto the
classi�cation in Figure3. Black lines correspondto waveformsthat
weretreatedasnoise.Note the level of disagreementin theclassi�ed
spike trains.Evenfor thegreenspikeswhich have similar waveforms,
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Fig. 3. Classi�cationof the samewaveformsby two differentsubjectson a realdataset.Left: Waveforms.SubjectD (top) classi�ed the dataascontaininga
singleunit while subjectE (bottom)found threeunits.While only a small factionof the actualwaveformsareshown hereto simplify the �gure, the subjects
hadaccessto the full setof waveforms.Right: Two-secondsegmentfrom the channels(left) shown asspike trains.Verticalbarsindicatedetectedwaveforms
andthe color correspondsto the classi�cation by the subjects(left). Bar height indicatesthe maximalamplitudeof the correspondingwaveform.
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Fig. 4. Mean � std. dev. of the numberof units identi�ed by all subjects
per syntheticchannel.Syntheticchannelshadonly one syntheticunit which
we indicatedby the black horizontalline.
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Fig. 5. Mean � std. dev. falsepositive (FP) and falsenegative (FN) error
ratesover all syntheticchannelsper subject.FP's occurredwhen a subject
inappropriatelycountednoise waveforms as having come from the single
generatingunit FN's occurredwhena subjectmiss-classi�eda true spike as
noise.

the two subjectsincludedvery differentnumbersof spikes.We posit
that differing views suchasthis might leadto quite differentmodels
of encodingin termsof interspike intervals or synchronous�ring.

Table I shows the numberof units andnumberof spikesdetected
by eachof thesubjects.Thesubjectsagreedon thenumberof units in
the real channelsonly 25% of the time, andmostof theseconsensus
channelseither containedno neuralactivity or were extremely well
isolated.The numberof units detectedvariedby roughly a factorof
two (from a low of 18 to a high of 35) while the total numberof
spikes varied even more,with subjectE �nding approximatelyfour
times as many as subjectB. Even when the subjectsagreedon the
numberof units in a given channel,quite often they disagreedabout
how many spikeseachgenerated.

c) Performanceon SyntheticData.: For eachsyntheticchannel
therewas only one true unit present.Despitethis all subjectsover
segmentedthesechannelsasshown in Figure4.

Figure5 shows how thesubjectsperformedon thetaskof segment-
ing the spikes from the noise.On averagethe subjectshad overall
23% FP and 30% FN error rates for the synthetic channels.The
dataillustratedin Figure5 alsosuggeststhat the subjectsemployed
individual sortingstrategies; this phenomenonwasalsoobserved by
Harris et al. [2]. Despitelarge variability, it seemsthat subjectsA,B,
and D useda sorting strategy that consistentlyworked to minimize
false positives while subjectsC and E choseone that worked to
minimizefalsenegatives.It alsosuggeststhat it might not bepossible
to overcomethe trade-off betweenFP's and FN's using the sorting
tools employed. This might be due to inherentsimilarities between
spikeshapesor betweenspikeandnoisewaveforms.It is alsopossible
that the tools our subjectsemployed restrictedthemfrom beingable
de�niti vely segmentandclassifythe activities of individual neurons;
for example,the software only allows usersto view 2D projections
onto the principal components(cf. [2]).

Anecdotally, oneof the individualswho servedasa subjectin this
studywasthe samepersonwho served asthe expert who sortedthe
training channels.This personsortedthe samechannelstwice, once
to provide thetrainingdataandthenoncea monthlaterasa subjectin
this study. This individual determinedthattherealchannelscontained
12% moreneuronsthe secondtime around(25 ! 28) yet classi�ed
8% fewer of the waveforms as neural activity (108073 ! 99160
spikes).Although this demonstratesthe kind of subjective variability
we found, it also affects the analysisof our results for synthetic
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Subject A B C D E
Spikes 99160 50796 150917 77194 202351
Units 28 32 27 18 35

TABLE I
TOTALS FOR EACH SUBJECT, ALL REAL CHANNELS COMBINED. SPIKE

COUNTS INCLUDE ALL IDENTIFIED SPIKES; UNIT COUNTS INCLUDE ALL

NEURONS EACH SUBJECT FOUND.

data.While the reportedsubject-to-subjectvariability for synthetic
datawould remainunaffected,the FN andFP rateswe reportedfor
syntheticdatacouldvary dependingon theway the trainingchannels
were initially sortedby our expert.

IV. DISCUSSION

Micro-electrodearraysare an importantrecordingtechnologyfor
neural prostheticapplications.Additionally, recordingsfrom these
andotherrelatedrecordingdevicesareusedto modelandunderstand
neural coding. Often theseanalysesrely upon manually (or semi-
automatically)sortedspike trains and only rarely is the uncertainty
of theunderlyingdatareported.We observedthatexperthumanspike
sortershad widely varying performanceon both real and synthetic
neural datasets.On real data, subjectsdiffered not only in what
constituteda spike versusnoise but even in the number of units
present in the data. To quantify this variability we developed a
realistic syntheticdatasetwherethe “ground truth” was known. On
average,subjectsidenti�ed noise as signal 25% of the time while
they treatedthe signalasnoise30% of the time. Moreover, the data
suggeststhat researcherintent playsa large role in the interpretation
of recordeddata.

For on-line prostheticapplications,careful,manual,spike sorting
is not possible.Current techniquesfor on-line detectionare fairly
crudeandalsoinvolve humanjudgment.For example,experimenter-
determinedthresholdsare usedto selectwaveformswith particular
properties.This approachwas used in the work of Serruyaet al.
[7] for the real-timecontrol of cursormotion. All detectedactivity
on a channelwasbinnedevery 70ms anda linear �lter wasusedto
modelthe relationshipbetweenthis activity andhandposition.Since
expertssortersoften detectmore thanoneunit per channel,treating
this binneddataassingleunit �ring “rates” could introducedecoding
errorsaseachchannelmost likely containsmultiple units.

It is interestingto note that Serruyaet al. achieved good neural
control (from 42 channels)without preciseon-line spike sorting.
This suggeststhat coarseelectricalactivity (thatmay combineunits)
may be suf�cient for neural control applications.Recentwork in
decodingfrom local �eld potentialsalsosuggeststhat this might be
the case[3], [25]–[27]. In general,however, sucha situationviolates
theunderlyingassumptionsof mostdecodingmethods.For example,
in populationvectormethods[6], [28], [29], thecombinationof units
with differentdirectionaltuningpropertieswill resultin a “�ctitious”
cell whosetuningpropertiesmaybeverydifferentfrom thetruecells.
Similar issuesmay exist for otherdecodingmethods.

A numberof issuesemergefor researchon neuralcoding.Theories
of neural coding that are basedon hand-sortedspikes must be
evaluatedwith respectto thevariability of thespike data.In particular,
encodingmodelsthatrely on precisespike timing, or synchrony, may
beaffectedby thebiasof thesorter. For example,aconservative sorter
(suchassubjectD), with a low falsepositive rate,couldmiss-classify
enoughtrue spikes to remove any evidence of excesssynchrony.
Alternatively, asorterwith a high-falsepositive ratecouldaddenough
extraneouseventsto obscurepropertiesof the true �ring. The actual
effect of this on encodingmodelsdeserves further study.

There are two possible solutions. The �rst would be to build
modelsand test theoriesusing datasetssortedby multiple people.
Variability in the performanceof the encodingor decodingmethod
could then be reported.Given the time consumingnatureof spike
sorting this approachmay be infeasible.An alternative is to employ
anautomatedspike sortingalgorithm.In this case,encoding/decoding
performancecould be evaluatedwith respectto a particular sorter
with known properties.If the sorting processwere consistent,then
observed variability acrosstraining setsor methodscould be more
easilyevaluated.

A numberof issuesremain open.This was a fairly small study
with all subjectscomingfrom the samelaboratory. Given that many
groupsusethesamesortingsoftware,we posit thatsimilar variability
would be seenacrosslaboratories,but this remainsto be tested.

This work suggeststhe importanceof good, widely available,
automatedspike sorting methods.The developmentof such tools
requiresdatasetsfor evaluation and comparison.The variability of
humansorterson the data presentedhere suggeststhat it may be
dif�cult to establishthe accuracy of automatedtechniquesand in
future work we plan to comparehumanperformancewith a variety
of automatedmethods(cf. [2] for sucha comparisonin the caseof
tetrodesandintra-cellularlyrecordedgroundtruth). For this analysis
we canexploit oneof the main technicalcontributionsof this paper
which is the generative waveform model. The syntheticwaveforms
were shown to be similar to real dataas judgedby humanexperts
and this suggeststhat suchsyntheticdatasetsmay be of value for
evaluatingautomatedsortingalgorithms.

V. CONCLUSIONS

We showed the variability of humanspike sorterson waveforms
recordedwith a micro-electrodearray. We also developeda prob-
abilistic model of waveforms that was usedto synthesizerealistic
datasets.Humanperformanceon both real andsyntheticdatavaried
widely and suggeststhat the intent, or “style,” of the experimenter
in�uences the resultingspike trains.The resultssuggestthe needfor
bothnew waysof evaluatingtheoriesof encodingandalsoalgorithms
for decodingthat take into accountspike train variability. The results
also point to the needfor automatedspike-sortingalgorithmsthat
provide consistency acrossexperiments.

Acknowledgments

We thankElie Bienenstockfor discussionsregardingthestatistical
evaluationof spike sortingperformance.We alsothankthereviewers
for their valuablefeedback.

REFERENCES

[1] M. S. Lewicki, “A review of methodsfor spike sorting: the detection
andclassi�cationof neuralactionpotentials,” Network, vol. 9, no. 4, pp.
R53–78,1998.

[2] K. D. Harris, D. A. Henze,J. Csicsvari, H. Hirase, and G. Buzśaki,
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