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On the Variability of Manual Spike Sorting

FrankWood *, Michael J. Black, Membey IEEE, CarlosVarmgas-Irwin, Matthewv Fellows, JohnP. Donoghue

Abstract— The analysis of action potentials, or “spikes] is central to
systemsneurosciencereseach. Spikes are typically identied from 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
showved 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, neural prosthesisglectrodearray de-
coding, motor cortex.

. INTRODUCTION

A commonassumptionin systemsneurosciencés that the brain
encodesnformationin the ring rate of neurons(i.e. the numberof
actionpotentialsor “spikes; overatemporalintenal). Consequently
nding the spiking actiity in eletrophysiologicakecordingsof the
brainis seenasa rst stepin the decodingof neuralactiity. This
often requiresmakingassumptionsboutthe consisteny, shapeand
individuality of spike waveforms.Analysisof recordingsequiresrst
detectingwaveformsthoughtto be action potentials,distinguishing
waveformsof true spikesfrom thosethat areactuallynoiseandthen,
in the casewherethe actiity of multiple cellsis recordedby a single
electrode classifyingwhich cell, or unit, producedwhich waveform.
The post-detectionprocessis referredto as spike “sorting” and
producesa numberof “spike trains” correspondingo 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-automaticclassi cation methodswhile, for on-line
decoding simple thresholdingand templatematchingtechniquesare
emplgyed. In both casesthe quality of the resulting spike trainsis
dependenton researchejudgmentand experience.The variability
of humanspike sorting performancehas beenpreviously noted for
recordingsfrom tetrodesand single electrodeq2]. Here we studied
this variability for motorcortical data recordedusing chronically-
implantedmicro-electrodearrayswhich are increasinglybeing used
for neuralprostheticapplications.

Neural prosthesespose special problemswith respectto spike
sorting. Thesedevices decodethe actwity of neuronsand use this
information to generatecontrol signalsfor the manipulationof the
external world. A variety of recording technologiesare emplo/ed
in neural prosthetic applicationsand, 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
implantableprosthesesxploit hundredsof electrodesvhich produce
large volumes of datathat must be sortedin real-time to achiere
continuousneural device control. Regardlessof the recordingtech-
nology theseimplanteddevices are currently x ed in position and
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high-quality prostheticcontrol requiresthat as much information as
possiblebe recoreredfrom eachelectrode Eachelectrodemay have
mixedsignalscomingfrom multiple neuronstherecordedvaveforms
may vary markedly in their signalto noiseratio, and this signal to
noiseratio may vary over time. Thesefactsmale the taskof manual
or automaticsorting challenging.

In all casesspike sortinginvolvescorvertingtheraw electrophysi-
ologicaldatainto a representationf the neuralspiking processThis
involves ve inter-relatedtasks:

1) Waveformsof potentialspikes mustbe detectedand recorded.

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 spikes on thosechannelamustbe attributedto the
neuronthat generatedt.

5) A timestampmustbe assignedo mark the occurrenceof each
spike.

Although detectionis itself a potentiallylarge sourceof error, we did
notaddresst in this study While variousdetectionrmethodsexist [8],
this study usedsimple thresholding.

Therearealsoavariety of automatedpike sortingmethodq1], [2],
[4], [9]-[14] , yet mostoff-line researchin systemaeurosciencéas
usedspike trains that were manually (or semi-automaticallysorted
with the aid of various commercialproducts.On-line applications
require automaticsorting but often this involves a manualstageof
analysisto establishthresholdsor model waveform shapes.

Spike trains often form the basisfor both the analysisof neural
encodingand the developmentof decodingalgorithms.A variety of
decodingmethodshave beenproposedor neuralprostheticapplica-
tions [5]-[7], [15] and mary of thesemethodsexploit a rate codein
which the discretespike train datais convertedto a rate function by
binning or averagingover sometemporalwindow. Misclassi cation
of spikes at the sorting stage can corrupt the resulting rate code
in a variety of ways with unknavn consequencedor decoding
performance Similarly, decodingmethodsbasedon point processes
[16], [17] exploit the spike trains directly along with a temporal
model of the spiking processesThe fundamentalassumptionsof
thesemethodsregarding the statisticsof the spiking processmay
alsobe violated by sorting mistales.

Beyond the problem of decodingfor prosthesesthe analysisof
spike trainsand precisespike timing in neuralcodingoftenrelieson
hand-sortediata. An understandingf the variability amongsorters
andthe absoluteerror ratesin the resultingspike trainsis critical for
understandingind evaluatingmodelsof neuralcoding. Towardsthat
end we studiedthe performanceof expert humanspike sorterson
naturaland syntheticdatasets.

Signi cant variability amonghumansortershas previously been
shavn for recordingsfrom tetrodesand single electrodeq2], where
error rateswere computedby comparingsortedextra-cellularrecord-
ings to intra-cellular “ground truth” For neural prostheticapplica-
tions, simultaneousntra-cellularrecordingsare typically not practi-
cal. In particular chronicallyimplantedmicro-electrodearrays(such
as the Utah intracortical array [18] usedin the recordingsfor the
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experiment)effectively prohibit both individual electrodeplacement
and simultaneousntra-cellularrecording.ln addition,in single-unit
recording,electrodesare moved to achieve well isolatedsignalsand

this is not possiblewith currentarray technology The use of such
array’s for prostheticapplicationsis increasingas the technology
maturesand, consequentlyunderstandinghe nature of the signals
from such devices is important for the developmentof automated
spike sorting algorithms. In lieu of intra-cellular recordings, we

constructedh setof syntheticchanneldor which we knew the ground
truth. Thesesynthetic channelswere constructedfrom a statistical
model of the true datamakingthem similar enoughto real channels
thatit wasdif cult for humansubjectsto distinguishthemfrom real

data.

Both the real and synthetic channelswere manually sorted by
ve subjectswith commonly used commercialsoftware [19]. The
subjectausedvarioustechniquesuchasprincipalcomponentnalysis
(PCA) and manualclustercutting [1]. We found large discrepancies
in both the numberof units identi ed and the spikes assignedto
eachby differentsubjectsThe magnitudeof thesediscrepanciesvas
statistically similar for the real and syntheticdata. We calculateda
falsepositive (FP) rate of 23% anda falsenegative (FN) rate of 30%
for the syntheticdata and postulatethat theseratesare similar for
realdata.Theresultssuggesthatneuralprostheticcontrol algorithms
could bene t from the developmentof new statisticaltechniquedor
automatedspike sorting that accountfor the inherentambiguity of

the spiking processn the measuredvaveforms.

Il. METHODS

To quantitatvely assesghe subjectve variability of sortedspike
trains, we asled ve expert subjectsto sort a set of waveforms
recordedfrom the arm areaof primary motor cortex in two different
monkeys. Using this data we computedthe subjectve variability
of the spike trains producedby different people.With real data of
this type however, thereis no principled way to establish“ground
truth” and consequentlyno way to quantitatvely measurethe error
in humansorting performanceTo addresshis, we generateca set
of syntheticchannelsand asled the samesubjectsto sortthem. The
synthetic channelswere designedto be indistinguishablefrom the
real andallowed us to establishquantitatve error rateswith realistic
waveforms.Details of the methodsare describedbelow.

A. Recoding

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

The BTL arrays consistedof 100 platinized tip silicon probes
(200-500kOhmsat 1 kHz; [20]), arrangedin a squaregrid (4mm
x 4mm, electrodeseparatior400micronson-center).The electrodes
were 1 mm in length, correspondingn MI to recordingsnearthe
layerll/V boundaryAll proceduresverein accordancavith Brown
University Institutional Animal Care and Use Committee-appneed
protocolsandthe Guidefor the CareandUse of LaboratoryAnimals
(NIH publicationno. 85-23, revised 1985). Signalswere ampli ed
andsamplecdat 40 kHz/channelsinga commerciakecordingsystem
[19]. All eventsthat crosseda manuallysetthresholdwere digitized
(12-bit voltageresolution)and storedon disk. Waveformsand their
correspondingtimestamps(relative to the start of the recording
session)were sa/ed for eachelectrodeon the array

The recordingsetupwas similar 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 simultaneousecordingof hand kinematicsand neural
actiity allows the study of motor cortical encodingof hand motion
[21] andthe training of decodingmethodg[7], [22], [23]

B. Real Data Selection

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

To selectthosechannelswe rst asled a single expert sorterto
sortall 192 channelsThis expertis one of the authorsof this paper
From this large set of channelswe manually selecteda 20 channel
subsetrepresentate of the whole.

C. SyntheticData Geneation

We also constructeds syntheticchannelssuch as the one shawvn
in Fig. 1(c) for which we knew the groundtruth. Unlike the natural
datawhich could containmultiple unitson a singlechannelall of the
syntheticchannelsveregeneratedhaving a singleunit for simplicity.
The syntheticchannelscontainedboth the activity of this single unit
andof a realistic noiseprocess.

The syntheticsingle unit activity wasdravn from a Gaussiargen-
eratve model. To constructsuchgeneratre modelsfor the synthetic
channelswe randomly chose5 out of the 20 natural channels.For
eachchannelwe selectedone of the sortedunits identi ed by the
expert (Fig. 1(a)) and collectedthe N waveforms correspondingo
the spikes of that unit into a matrix We = [~1;:::;%N] where
¢ indicatesthe channeland the waveform is representedy o=

the datacorrespondingo eachwaveform. In our casen = 40, but
in othercaseghis might vary accordingto the recordingequipment

and setup.
For eachchannelwe computedthe meanwaveform
~c = i X\l !J
N i=1
andthe covariance
Qc= (We  ~c)(We “C)TI

This meanandcovariancede ne amulti-dimensionalGaussiarmodel
of the unit's waveforms.

To generatesyntheticwaveformswe repeatedlysampledrom this
distribution in the following manner Let

LLT =

be the Cholesly factorizationof the covariancematrix whereL is
a lower triangular matrix [24], and let ~ = [ o;::: n]" where
il i n are zero mean and identically distributed normal
randomvariables(i.e. i N (0;1)). Thennotice that the expected
valueof L~ is
E[L~]= LE[~]= 0

andthe varianceof L~ is

Var[L~]= E[L~~TLT]= LE[~~"LT = LLT = @

So multiplying the Cholesly factorizationof the covariancematrix

by a setof suchvectorsf~ g
Lc "]

+ ~c

N (~c;Qc)

producesa set of synthetic waveforms with the samedistribution
as the training set (Fig. 1(a)). This can be usedto generatean
arbitrary numberof waveformsby generatingnev randomvectors
~. To ensurethat there were no visible high frequeng artifactsin
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Fig. 1. Generatiornof syntheticchannelsi(a): Syntheticwaveformssampledirom a trained Gaussiarmodel, 1(b): noise sampledfrom otherchannelsand

1(c): noiseand syntheticspikes combined
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Fig. 2. Interspile intenal histograms,one for a syntheticchannel(solid)
andthe otherfor the real channel(dashed)rom which it wastrained.

the synthetic waveforms, each one was low-pass Itered using an
empirically determinedGaussiarkernel.

It is commonto usea plot of the inter-spike intenals (ISI) when
performingspike sorting; violations of the absoluterefractoryperiod
indicate misclassi cation.Consequentlywe assignedimestampgo
the syntheticwaveformsby sequentiallydraving inter-spike intenals
from an exact, empirically calculated distribution ratherthan tting
and sampling from a canonical distribution such as the Poisson
or exponential. Figure 2 shavs the ISI histogramfor a synthetic
channeland the ISI histogramfor the real channelfrom which it
was generated.

Eachof the 5 syntheticchannelsalsoincludednoise.We generated
noise by drawing waveforms randomly from every channelexcept
the one usedto train the generatie model (Fig 1(b)). This process
excluded the waveforms that had beenclassi ed as spikes in the
initial sortingof the 20 channels.

Finally, for realism,the syntheticchannelshadto exhibit the same
recordingartifactsthe real channelsexhibited. Waveformswere cap-
turedwhenthey passedhrougha voltagethreshold,and,in the real
channelsall the capturedwaveformswere aligned on the threshold
crossing.To replicatethis easilyobsered artifactwe alignedboththe
syntheticallygeneratedvaveformsandthe samplednoisewaveforms
using an appropriatethresholdthat producedchannelsthat visually
matchedthe real channels.

D. HumanSorting Procedue

The ve subjectswere graduatestudents,researchassistantspr
postdoctoralresearcherérom the samelaboratory;they had signif-

icant experiencein sorting neural recordings.Some of 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
software provides userswith varioustools to sortall the waveforms
of a particularrecordingone channelat a time. This is most often
achieved by manualcluster selectionand re nementin a graphical
display constructedby projectingthe waveformsonto their rst two
principal components(see[1] for a review of relatedtechniques).
The subjectsweregiven asmuchtime asthey likedto sortthe data.

I11. RESULTS

a) Realismof SyntheticData.: Prior to sorting, subjectsat-
tempted to identify the synthetic channels.The 20 real and 5
syntheticchannelsvere permutedrandomly before presentatiorand
the subjectswere explicitly told thattherewere5 syntheticchannels
to be found. The subjectswere allowed to use ary software tool
at their disposaland were given unlimited time to come to their
conclusionsThe expectednumberof syntheticchannelsthat would
be correctly identi ed by picking 5 channelsuniformly at random
follows the hypegeometricdistribution andis 1 0:82 (mean
std.).Our subjectscorrectlyidenti ed 1:3  1:53 which is betterthan
chancebut well below correctlyidentifying all ve. In fact, none of
the subjectscorrectlyidenti ed all the syntheticchannels.

While the Gaussiargeneratie model~ N (= Q) for a neuron
spike shapedistribution is a simpli cation, on averagethe expert
sortersdid not differentiate synthetic channelsfrom real channels
at ratesmuch better than chance.This gives some con dence that
guantitatve error ratesfor the syntheticdatamay be indicative of the
error ratesfor real data.

b) Performanceon Real Data.: Figure 3 illustratesthe subjec-
tive variability we obsered with real data. The gure shaws the
classi cationresultsfor two subjectyD andE), wherefor simplicity
only a subsetof the waveforms from one of the real channelsin
the dataseis shavn. The greenwaveformsindicatesomeagreement
betweensubjectson the presenceof a waveform with a particular
shapeThe subjectsdisagreehawvever on the numberof units present
with subjectE hypothesizingwo additionalunits in the data. These
resultsaretypical of what we obsered throughoutthe study

Figure 3 provides anotherview of the samedatasetHere a two-
secondsggmentof the datais viewed as a spike train. Eachvertical
line correspondsto a spike while the color correspondsto the
classi cationin Figure 3. Black lines correspondo waveformsthat
weretreatedasnoise.Note the level of disagreemeni theclassi ed
spike trains.Evenfor the greenspikeswhich have similar waveforms,
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Fig. 3. Classi cationof the samewaveformsby two differentsubjectson a real datasetLeft: Waveforms.SubjectD (top) classi ed the dataas containinga

single unit while subjectE (bottom)found threeunits. While only a smallfaction of the actualwaveformsare shavn hereto simplify the gure, the subjects
hadaccesgo the full setof waveforms.Right: Two-secondsegmentfrom the channelgleft) shavn asspike trains. Vertical barsindicatedetectedvaveforms
andthe color correspondso the classi cation by the subjects(left). Bar heightindicatesthe maximal amplitudeof the correspondingvaveform.
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Fig. 5. Mean std. dev. false positve (FP) and false negative (FN) error
ratesover all syntheticchannelsper subject.FP's occurredwhen a subject
inappropriatelycounted noise waveforms as having come from the single
generatingunit FN's occurredwhen a 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 interspile intervals or synchronousring.

Table | shawvs the numberof units and numberof spikes detected
by eachof the subjectsThe subjectsagreedon the numberof unitsin
the real channelonly 25% of the time, and mostof theseconsensus
channelseither containedno neuralactiity or were extremely well
isolated.The numberof units detectedvaried by roughly a factor of
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 mary as subjectB. Even when the subjectsagreedon the
numberof unitsin a given channel,quite oftenthey disagreedabout
hov mary spikes eachgenerated.

¢) Performanceon SyntheticData.: For eachsyntheticchannel
therewas only one true unit present.Despitethis all subjectsover
segmentedthesechannelsas shavn in Figure 4.

Figure5 shavs how the subjectperformedon the taskof segment-
ing the spikes from the noise. On averagethe subjectshad overall
23% FP and 30% FN error ratesfor the synthetic channels.The
dataillustratedin Figure5 also suggestghat the subjectsemplo/ed
individual sorting strateies; this phenomenonwvas also obsered by
Harrisetal. [2]. Despitelarge variability, it seemshat subjectsA,B,
and D useda sorting stratgy that consistentlyworked to minimize
false positives while subjectsC and E choseone that worked to
minimize falsenegatives.It alsosuggestshatit might not be possible
to overcomethe trade-of betweenFP's and FN's using the sorting
tools emplg/ed. This might be due to inherentsimilarities between
spike shape®r betweerspike andnoisewaveforms.It is alsopossible
thatthe tools our subjectsemplo/ed restrictedthemfrom beingable
de niti vely sgmentand classifythe actiities of individual neurons;
for example,the software only allows usersto view 2D projections
onto the principal componentgcf. [2]).

Anecdotally oneof the individualswho sened asa subjectin this
studywasthe samepersonwho sened asthe expert who sortedthe
training channelsThis personsortedthe samechannelswice, once
to provide thetrainingdataandthenoncea monthlaterasa subjectin
this study This individual determinedhattherealchannelsontained
12% more neuronsthe secondtime around(25! 28) yet classi ed
8% fewer of the waveforms as neural activity (108073! 99160
spikes). Although this demonstratethe kind of subjectve 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 |

TOTALS FOR EACH SUBJECT, ALL REAL CHANNELS COMBINED. SPIKE
COUNTSINCLUDEALL IDENTIFIED SPIKES; UNIT COUNTSINCLUDEALL
NEURONS EACH SUBJECT FOUND.

data. While the reportedsubject-to-subjectvariability for synthetic
datawould remainunafected,the FN and FP rateswe reportedfor
syntheticdatacould vary dependingon the way the training channels
wereinitially sortedby our expert.

1V. 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 obsered thatexperthumanspike
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 numberof units
presentin the data. To quantify this variability we developed a
realistic syntheticdatasetwherethe “ground truth” was knowvn. On
average,subjectsidenti ed noise as signal 25% of the time while
they treatedthe signalasnoise30% of the time. Moreover, the data
suggestshat researcheintent playsa largerole 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 usedin the work of Serruyaet al.
[7] for the real-time control of cursormotion. All detectedactivity
on a channelwas binnedevery 70msanda linear lter wasusedto
modelthe relationshipbetweerthis actiity andhandposition.Since
expertssortersoften detectmore than one unit per channel treating
this binneddataassingleunit ring “rates” couldintroducedecoding
errorsas eachchannelmostlikely containsmultiple units.

It is interestingto note that Serruyaet al. achiezed good neural
control (from 42 channels)without precise on-line spike sorting.
This suggestshat coarseelectricalactivity (thatmay combineunits)
may be sufcient for neural control applications.Recentwork in
decodingfrom local eld potentialsalso suggestghat this might be
the case[3], [25]-[27]. In general however, sucha situationviolates
the underlyingassumption®f mostdecodingmethodsFor example,
in populationvectormethodd6], [28], [29], the combinationof units
with differentdirectionaltuning propertieswill resultin a*“ ctitious”
cell whosetuning propertiesnay be very differentfrom thetrue cells.
Similar issuesmay exist for otherdecodingmethods.

A numberof issuesemepefor researcton neuralcoding. Theories
of neural coding that are basedon hand-sortedspikes must be
evaluatedwith respecto thevariability of the spike data.In particular
encodingmodelsthatrely on precisespike timing, or synchrorl, may
beaffectedby the biasof the sorter For example,a conserative sorter
(suchassubjectD), with alow falsepositive rate,could miss-classify
enoughtrue spikes to remove ary evidence of excesssynchroy.
Alternatively, asorterwith a high-falsepositive ratecouldaddenough
extraneouseventsto obscurepropertiesof the true ring. The actual
effect of this on encodingmodelsdeseres further study

There are two possible solutions. The rst would be to build
models and test theoriesusing datasetssorted by multiple people.
Variability in the performanceof the encodingor decodingmethod
could then be reported.Given the time consumingnature of spike
sorting this approachmay be infeasible.An alternatve is to emplgy
anautomatedpike sortingalgorithm.In this case gncoding/decoding
performancecould be evaluatedwith respectto a particular sorter
with known properties.If the sorting processwere consistentthen
obsered variability acrosstraining setsor methodscould be more
easily evaluated.

A numberof issuesremain open. This was a fairly small study
with all subjectscomingfrom the samelaboratory Given that mary
groupsusethe samesortingsoftware,we positthatsimilar variability
would be seenacrosslaboratoriesput 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
human sorterson the data presentechere suggeststhat it may be
dif cult to establishthe accurag 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 one of the main technicalcontritutions of this paper
which is the generatie waveform model. The syntheticwaveforms
were shavn to be similar to real dataas judged by humanexperts
and this suggestshat such syntheticdata setsmay be of value for
evaluatingautomatedsorting algorithms.

V. CONCLUSIONS

We shaved the variability of humanspike sorterson waveforms
recordedwith a micro-electrodearray We also developeda prob-
abilistic model of waveforms that was usedto synthesizerealistic
datasetsHumanperformanceon both real and syntheticdatavaried
widely and suggestghat the intent, or “style,” of the experimenter
in uencesthe resultingspike trains. The resultssuggesthe needfor
bothnew waysof evaluatingtheoriesof encodingandalsoalgorithms
for decodingthat take into accountspike train variability. The results
also point to the needfor automatedspike-sorting algorithmsthat
provide consisteng acrossexperiments.
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